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Advanced sensor technologies in geospatial sciences and
engineering have become more essential to (1) contributing
to geographic mapping and (2) understanding geological,
ecological, hydrological, and environmental characteristics
of Earth surfaces. Among 56 papers submitted to this spe-
cial issue, 24 original research articles, which address the
advanced sensor technologies in geospatial sciences and
engineering, have been published. The published papers
can be summarized as follows.

N.-W. Park and P. C. Kyriakidis (2019) in their paper
entitled “A Geostatistical Approach to Spatial Quality
Assessment of Coarse Spatial Resolution Remote Sensing
Products” showed a geostatistical framework for spatial
quality assessment of coarse resolution satellite-based prod-
ucts using point-level validation data and geostatistical
simulation.

F. Hu et al. (2019) in their paper entitled “Dynamic
Linear Predictive Optimization of Flexible Robot Profiling
MFA Model” proposed a flexible robot profiling Model-
Free Adaptive (MFA) model based on adaptive predictive
dynamic linear optimization. The authors claimed that the
flexible robot profiling MFA model could establish the real-
time control of airbag charging and discharging deformation
profiling of the flexible robot.

K.-Y. Oh et al. (2019) in their paper entitled “Quality
Assessment of Four DEMs Generated Using In-Track
KOMPSAT-3 Stereo Images” analyzed the quality and char-
acteristics of four digital elevation models (DEMs) generated

using in-orbit KOrea Multi-Purpose SATellite-3 (KOMP-
SAT-3) stereo images. Their result showed that the
sufficient-qualified DEM could be generated from the
KOMPSAT-3 stereo images without ground control points
(GCPs).

J. Dudak et al. (2019) in their paper entitled “Implemen-
tation of Secure Communication via the RF Module for Data
Acquisition” described the use of the VirtualWire communi-
cation protocol using radio frequency waves with a carrier
frequency of 433MHz to 900MHz. This paper focused on
the design and implementation of a secure one-way commu-
nication channel.

B. Hu et al. (2019) in their paper entitled “Time-Series
Displacement of Land Subsidence in Fuzhou Downtown,
Monitored by SBAS-InSAR Technique” monitored the land
subsidence in the Fuzhou downtown after the metro con-
struction program using multitemporal synthetic aperture
radar (SAR) interferometry (MT-InSAR). For the study, they
used 24 scenes of X-band TerraSAR-X data from July 2013 to
August 2015 and 32 scenes of C-band Sentinel-1 data from
July 2015 to February 2018. Their results showed that (i)
the maximum subsidence rate was about -12mm/yr and (ii)
eight subsidence funnels were found during the observed
period.

J. Han et al. (2019) in their paper entitled “Preliminary
Results of the Development of a Single-Frequency GNSS
RTK-Based Autonomous Driving System for a Speed
Sprayer” developed an autonomous driving system using a
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single-frequency GNSS RTK for commercialization of an
autonomous driving speed sprayer. The field test of the
developed system achieved accuracy of about 0.01m.

Y. Xie et al. (2019) in their paper entitled “A Novel
Convolutional Neural Network Architecture for SAR
Target Recognition” proposed a novel convolutional neural
network (CNN) architecture suitable for the SAR data
through improving the Inception-ResNet architecture from
the optical images. Their result showed that the proposed
architecture achieved (i) higher than 99% accuracy for
the classification of 10-class targets and (ii) higher than
96% accuracy for the classification of eight variants of
the chosen target.

H. Wu et al. (2019) in their paper entitled “Concrete
Spalling Detection for Metro Tunnel from Point Cloud Based
on Roughness Descriptor” proposed a novel method that can
automatically detect the concrete spalling damage on the
tunnel surface from 3D point clouds obtained by a mobile
laser scanning system. The proposed method has two charac-
teristics: (i) automatic concrete spalling detection for tunnel
surfaces and (ii) guidelines for choosing optimal scanning
parameters.

K.-H. Kim et al. (2019) in their paper entitled “Investiga-
tion of Coastal Environment Change Using Wave Measure-
ment Sensors and Geographical Laser Scanner” analyzed
the cause and mechanism of damage inflicted on coasts by
artificial structures through reviewing beach erosions that
have occurred on beaches on the east coast of Korea after
the large-scale construction of artificial structures.

S. Zhang et al. (2019) in their paper entitled “UAV-Based
Gigapixel Panoramic Image Acquisition Planning with Ray
Casting-Based Overlap Constraints” proposed a gigapixel
panorama acquisition planning method for multirotors. It
is based on a ray casting image overlap calculation method.

D. Qiu et al. (2019) in their paper entitled “A Deforma-
tion Prediction Approach for Supertall Building Using
Sensor Monitoring System” applied the integration of the
levenberg-marquardt (LM) and the conditional deep belief
network (CDBN) model to the deformation prediction of
the CITIC tower, the tallest building in Beijing. They verified
the prediction accuracy and stability of the proposed model
through model comparison experiments and predictive
analysis.

D.-C. Lee et al. (2019) in their paper entitled “Determina-
tion of Building Model Key Points Using Multidirectional
Shaded Relief Images Generated from Airborne LiDAR
Data” implemented the curvature scale space (CSS) algo-
rithm to determine model key points (MKPs) of the buildings
with various roof types.

S.-Y. Park et al. (2019) in their paper entitled “Segmenta-
tion of LiDAR Data Using Multilevel Cube Code” introduced
a shape descriptor method for segmenting LiDAR point
clouds using a “multilevel cube code” that is an extension of
the 2D chain code to 3D space. The cube operator segments
point clouds into roof surface patches, including superstruc-
tures, removes unnecessary objects, detects the boundaries of
buildings, and determines model key points for building
modeling. The proposed method was validated by using both
real and simulated LiDAR data.

J. Shin et al. (2019) in their paper entitled “Characteristics
of Laser Backscattering Intensity to Detect Frozen and Wet
Surfaces on Roads” investigated the signal characteristics of
laser backscattering intensity in order to detect frozen and
wet surfaces on roads.

T.-S. Bae and C.-K. Hong (2019) in their paper entitled
“Analysis of Parameter Correlations of the ECOM Solar
Radiation Pressure Model for GPS Orbit” analyzed the global
positioning system (GPS) orbit model in terms of the corre-
lation between solar radiation pressure (SRP) parameters
and the residuals of orbit estimation.

Y. Han et al. (2019) in their paper entitled “Automated
Coregistration of Multisensor Orthophotos Generated from
Unmanned Aerial Vehicle Platforms” proposed an auto-
mated coregistration approach for orthophotos generated
from very-high-resolution (VHR) images acquired from
multisensors mounted on unmanned aerial vehicle (UAV)
platforms.

X. Zhu et al. (2019) in their paper entitled “Topological
Characteristics and Vulnerability Analysis of Rural Traffic
Network” built a proper rural rating system in China,
including National Road, Provincial Road, County Road,
Rural Road, and Special Road. The authors modeled three
static networks of No-power Traffic Network Model
(NTNM), Distance Weight Traffic Network Model
(DWTNM), and Road Level Weight Traffic Network Model
(RLWTNM) to explore the vulnerability of the rural traffic
network (RTN) in Zhangwu in China.

B. Hu et al. (2019) in their paper entitled “Monitoring the
Thaw Slump-Derived Thermokarst in the Qinghai-Tibet
Plateau Using Satellite SAR Interferometry” investigated
and validated the distributions and active level of the thaw-
induced slope failures with field observations, quantifying
spatial-temporal variability in surface deformation at thaw
slumps from 2007 to 2010. The authors utilized time series
SAR interferometry (InSAR) application to map and study
thaw slumps in the Qinghai-Tibet plateau (QTP), which have
not been well investigated in previous studies.

J. Wang et al. (2019) in their paper entitled “Demonstra-
tion of Time-Series InSAR Processing in Beijing Using a
Small Stack of Gaofen-3 Differential Interferograms” investi-
gated the surface deformation of the metropolitan area in
Beijing from March 2017 to January 2018 using five
Gaofen-3 (GF-3) SAR. The study evaluates the interferomet-
ric capability of GF-3 SAR data.

H.-U. Kim and T.-S. Bae (2019) in their paper entitled
“Deep Learning-Based GNSS Network-Based Real-Time
Kinematic Improvement for Autonomous Ground Vehicle
Navigation” developed a model to estimate the position of
the vehicle without redesigning the analytical model of each
individual sensor with constraints. The authors applied the
deep learning technique to predict the position of the vehicle
based on multisensor data including GNSS. The field experi-
ment was carried out using the mobile mapping system
(MMS).

M. E. H. Chowdhury et al. (2019) in their paper entitled
“A Low-Cost Closed-Loop Solar Tracking System Based on
the Sun Position Algorithm” developed a simple, cost-
effective algorithm-based reliable two-axis tracking system
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for real-time solar position measurement on an 8-bit micro-
controller platform.

B. Hu et al. (2019) in their paper entitled “Using
Multisensor SAR Datasets to Monitor Land Subsidence in
Los Angeles from 2003 to 2017” mapped the temporal and
spatial variations of land subsidence in Los Angeles. The
authors used an improved small baseline subset (SBAS) tech-
nique and multisensor SAR datasets to analyze the causes of
deformations from October 2003 to October 2017.

J. Liu et al. (2019) in their paper entitled “Neural Network
with Confidence Kernel for Robust Vibration Frequency Pre-
diction” proposed a novel noncontact machine learning-
based system to predict directly vibration frequency with
high accuracy and good reliability by using image sequences
acquired from a single camera.

Q. Zhang et al. (2018) in their paper entitled “Precipitable
Water Vapor Retrieval and Analysis by Multiple Data
Sources: Ground-Based GNSS, Radio Occultation, Radio-
sonde, Microwave Satellite, and NWP Reanalysis Data”
presented a case of retrieved precipitable water vapor
(PWV) using microwave satellite observation.
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In this paper, a digital elevation model (DEM) was produced for Lop Nur playa produced with the data from TanDEM-X mission.
The spatial resolution is 10 m. It covers an area of 38,000 km2 for orthometric height from 785 m to 900 m above sea level, which is
composed of 42 interferometric synthetic aperture radar (InSAR) scenes. A least-square adjustment approach was used to reduce
the systematic errors in each DEM scene. The DEM produced was validated with data from other sensors including Ice, Cloud,
and land Elevation Satellite (ICESat) Geoscience Laser Altimeter System (GLAS) and aerial Structure-from-Motion (SfM) DEM.
The results show that global elevation root mean square error to GLAS is 0.57 m, and the relative height error to SfM DEM in
complicated terrain is 3 m. The excellent height reliability of TanDEM InSAR DEM in Lop region was proved in this paper. A
reliable high-resolution basic topographic dataset for researches of Lop Nur was provided.

1. Introduction

LopNur used to be the terminal lake of all rivers in the Tarim
Basin but had been desiccated since 1973 [1]. The remaining
playa is located in the northwestern China between latitude
39∘N and 41∘and longitude 89∘E and 92∘E. It is important
for studying the interaction between ancient human activities
and paleoclimate change, especially after the discovery of
Loulan city of Chinese Han Dynasty in 1901 by Hedin [2].
Meanwhile, his proposed wandering lake theory [2], which
believed the ancient Lake Lop Nur would alternate its lake
basin between depressions in this region according to eleva-
tion difference derived from erosion and accumulation [3],
had been controversial among the international Earth science
community for nearly a century [4]. The debate and other
paleo-environment researches, such as determination of the
lake boundary, discovery of paleo river channel, and building
a 3D hydrodynamic model, all require high-resolution full-
coverage topographic materials [5, 6].

Although some topographic surveys have been con-
ducted, a reliable digital elevation model (DEM) over Lop

Nur playa is still absent. The primitive leveling surveys [1]
distributed sparely in the playa with limited height accuracy.
Afterwards Differential Global Positioning System (DGPS)
measurements were completed in the desiccated lake basin
[7], while Ice, Cloud, and land Elevation Satellite (ICESat)
Geoscience Laser Altimeter System (GLAS) elevation was
estimated to be more reliable than that of DGPS in Lop Nur
playa [8]. Although the height accuracy of both reached sev-
eral decimeters, the spatial distribution of DGPS and GLAS
was confined either along existing roads due to the reaching
accessibility of vehicles or along tracks of the satellite orbits.
As the DGPS and GLAS measurements show, the Lop Nur
playa is quite flat with an elevation difference of 5 m from the
center to the edge, and a slope of only 0.2‰.The smooth ter-
rain requires an excellent relative height accuracy of DEM to
reveal its topography.GlobalDEMproducts SRTM[9, 10] and
GDEM [11, 12] both cover the Lop Nur playa, but neither the
spatial resolution nor height accuracy is appropriate to inter-
pret the fluvial landforms and the topography of lake basin.

TanDEM-X mission is designed to generate a global
DEM with unprecedented accuracy [13] as the basis for

Hindawi
Journal of Sensors
Volume 2019, Article ID 6839703, 12 pages
https://doi.org/10.1155/2019/6839703

https://orcid.org/0000-0003-1067-9064
https://orcid.org/0000-0001-7378-8394
https://orcid.org/0000-0001-7567-768X
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1155/2019/6839703


2 Journal of Sensors

various applications, such as landslide tracking [14], glacier
changing [15–17], vegetation evaluating [18, 19], lava flow
estimating [20, 21], and permafrost monitoring [22]. The
TanDEM-X mission consists of twin satellites TerraSAR-X
and TanDEM-X working on bistatic interferometry mode,
which is characterized by the illumination of a target region
on the ground by one transmitter and the simultaneous
acquisition of the backscattered signals with two receivers
[23].This simultaneous acquisition avoids possible influences
from temporal decorrelation and atmospheric disturbances
[13]. The relative height accuracy is 2 m when slope is
less than 20% [24]. Moreover, TanDEM-X acquisitions in
StripMap mode have a ground spatial resolution of 2–3
m, which is much better than past SAR sensors previously
cited, e.g., SIR-C (12.5 m), TOPSAR (10 m), ERS-1/2 (30
m), or ALOS/PALSAR (10 m). The high spatial resolution
and the bistatic mode of the TanDEM-X mission there-
fore provide unprecedented opportunities to produce high-
resolution DEM to characterize the elevation varying of Lop
Nur playa.

This study aims to (1) eliminate remaining system errors
with the least-square adjustment approach; (2) derive DEM
of Lop Nur playa with a spatial resolution of 10 m using
TanDEM-X/TerraSAR-X interferometric synthetic aperture
radar (InSAR) image pairs; (3) compare the DEM results with
ICESatGLAS footprints, aerial Structure-from-Motion (SfM)
DEM, and SRTM DEM.

2. Materials and Methods

2.1. TanDEM-X Data. 42 TanDEM-X/TerraSAR-X Coreg-
istered Single look Slant range Complex (CoSSC) [25]
image pairs from the TanDEM-X mission, which is sup-
ported by DLR TanDEM-X science coordination project of
OTHER6906 and ATI HYDR7333, are used to generate the
target DEM. Table 1 lists the characteristics of image pairs
used in this paper. They are all acquired on ascending orbit
with right looking direction, and in HH polarization. The
data are obtained during 2011 to 2015.

The preadjustment DEMs are processed in InSAR
TanDEM-X Bistatic DEM Workflow module of SARscape©
5.2.1, where Goldstein filter [26] and Delaunay Minimum
Cost Flow (MCF) [27] are assigned for noise reduction and
phase unwrapping, respectively. A detailed description of the
full processing of SAR data with SARscape© is provided by
Sahraoui et al. [28]. The licenses of SARscape© and ENVI©
are granted by Institute of Remote Sensing and Digital Earth,
CAS. As the geo-location accuracy can be assumed as at
least 10 m [29], the output resolution of geocoded DEM
could be approximatively equivalent to it. Thus, the DEM
was obtained with a ground spatial posting of 0.3 arc sec,
which, in the studied area, corresponds to 7 m in longitude
and 9 m in latitude. From this value and according to the
range/azimuth resolution of the radar images, a multilooking
factor of 4 is applied in range and in azimuth to the initial
radar images to reduce the speckle. In the interferometric
processing, elevation is only calculated for pixels that have a
coherence value larger than 0.25 to prevent aberrant values

in steep slopes where layover and shadowing effects are
present.

Although instrument and system calibrations have been
carried out to produce CoSSC [30], offsets of few meters and
tilts in range and azimuth of some decimeters still remained
[31], which means these errors should be estimated before
mosaic.

2.2. ICESat GLA14 Elevation Data. The data of ICESat mis-
sion was used as the height truth value for both adjustment
and validation. The GLAS on ICESat is a laser altimeter
system that measures the Earth surface with a footprint
of about 70 m. The footprints were successfully used as
ground control points to generate DEM [23, 32, 33] for
its reliable vertical accuracy of average 13 cm [34–37]. It
operated from 2003 to 2009. GLA14 is the global land surface
altimetry product of ICESat mission [34]. In this paper, to
remove the noise inGLA14, selection rules considering cloud,
attitude quality mark, energy saturation parameters, and the
waveform characteristic [38] were executed to screen data. In
particular, the waveform characteristic thresholds guarantee
that the terrain variation in the footprint would be less than 1
meter [37]; thus the GLAS GCPs could be adaptive to InSAR
DEM although their spatial resolutions are different.The data
ellipsoid was transformed from TOPEX/Poseidon toWGS84
[39]. The ellipsoidal height was amended to orthometric
height by geoidal undulation derived from the Earth Grav-
itational Model EGM2008 [40, 41]. 18,440 qualified GLAS
GCPs were obtained after preprocessing, where half of them
were randomly chosen as adjustment control points and the
remaining were taken as the vertical height uncertainty check
points.

2.3. Aerial SfMDEM. Aerial photogrammetry SfM [42–45] is
a burgeoning technology to obtain high-resolution DEM in a
small scale. To evaluate the local performance of the resulting
InSAR DEM, the ruined fort LK (89.667987∘E, 40.094285∘N)
[46] near Lop Nur playa is taken as a validation site. In
2018, aerial photogrammetry SfM field work was conducted
to obtain a 3D model of the ancient fort. Aerial photos were
taken by DJI Phantom 3 Pro in 30 meters above land, with
more than 80% overlay of an approximately 200 x 200m area
covering the fort ruin. Total of 456 photos were aligned to
generate DEM within spatial resolution of 2 centimeters in
PhotoScan©.Adetailed PhotoScan© workflowwas described
by Johnson et al. [47].The educational license of PhotoScan©
is granted by Agisoft.

2.4. Adjustment Approach for InSAR DEM. Since there are
systematic errors inTanDEM-XDEM,majorly resulting from
baseline estimation error, a polynomial function model [31]
was used for least square adjustment, as follows:

g (p, x, y) = 𝑎0 + 𝑎1 ⋅ 𝑥 + 𝑎3 ⋅ 𝑦 (1)

where g is the error functionmodel; x is the position along the
azimuth direction; y is the position along the ground range
direction; p: p = 𝑎0, 𝑎1, 𝑏1, unknown error parameters; 𝑎0
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Table 1: List of TanDEM-X COSSC used in this paper.

Date
Y/M/D

Item
ID

Center
Latitude [∘]

Center
Longitude [∘]

Mean
Incidence [∘]

Perpendicular
Baseline [m]

Ambiguity
Height [m]

Average
Coherence

2011/3/8 1012680 018 40.689777 90.288025 46.14 -385.569 20.743 0.86
2011/5/24 1025019 002 40.616318 89.671165 42.58 320.650 22.19 0.71
2011/5/30 1025014 018 40.176941 91.918129 42.55 316.811 22.431 0.57
2011/5/30 1025014 020 41.054401 91.724747 42.52 315.917 22.484 0.88
2011/7/7 1024959 020 40.215164 90.080551 44.47 -300.385 25.209 0.83
2011/7/7 1024959 019 39.776711 90.176781 44.48 -300.599 25.196 0.85
2011/7/7 1024959 021 40.654144 89.988625 44.46 -300.117 25.226 0.77
2011/9/6 1043725 011 40.132442 91.573662 40.37 271.978 24.306 0.68
2011/9/6 1043725 012 40.514584 91.486214 40.36 271.686 24.327 0.88
2011/9/11 1025040 020 40.860825 88.917313 38.16 -268.049 22.893 0.87
2011/9/11 1025040 019 40.527100 88.993256 38.17 -268.300 22.877 0.66
2011/9/17 1021900 001 40.682053 91.474815 40.50 -270.020 24.597 0.88
2011/9/17 1021900 002 41.011890 91.401062 40.49 -269.795 24.613 0.88
2011/10/14 1042892 008 40.574436 89.341232 40.51 271.923 24.426 0.69
2011/11/22 1041891 010 40.489090 90.843994 36.08 219.263 26.012 0.85
2011/11/22 1041891 009 40.048294 90.931931 35.98 219.318 25.907 0.84
2011/12/3 1041582 014 40.442974 90.512253 33.61 -214.507 24.335 0.89
2011/12/3 1041582 013 40.004536 90.619080 33.63 -214.489 24.347 0.90
2012/8/17 1081781 004 40.188587 89.874321 43.21 -431.237 16.853 0.73
2012/8/17 1081781 003 39.748863 89.961990 43.16 -431.962 16.797 0.83
2012/10/6 1099741 002 40.942863 90.871582 36.95 -377.503 15.589 0.91
2012/10/22 1084167 003 39.667889 89.334038 39.15 -366.022 17.333 0.77
2012/10/22 1084167 002 39.228661 89.430214 39.08 -366.702 17.257 0.89
2012/10/28 1080470 002 40.899006 90.546562 34.59 -354.063 15.282 0.92
2012/11/24 1107934 002 39.627182 89.014275 36.97 385.790 16.082 0.73
2012/11/24 1107934 001 39.187695 89.097855 36.84 385.714 16.014 0.86
2013/1/24 1104443 004 40.529350 91.163483 38.28 -268.466 22.945 0.90
2013/1/24 1104443 003 40.090889 91.266251 38.29 -268.374 22.96 0.77
2013/1/24 1104443 005 40.968224 91.063660 38.26 -268.439 22.94 0.89
2013/1/24 1104443 004 40.529350 91.163483 38.28 -268.466 22.945 0.90
2013/4/5 1130615 005 40.589912 89.461823 41.28 375.776 18.135 0.73
2013/4/5 1130615 003 39.712265 89.656067 41.30 377.634 18.054 0.85
2013/4/5 1130615 004 40.150890 89.557449 41.29 376.716 18.094 0.66
2014/1/11 1171778 002 40.201839 88.838333 19.28 -82.656 33.589 0.80
2014/1/11 1171778 003 40.640186 88.722717 19.25 -81.492 34.028 0.85
2014/1/11 1171778 001 39.783157 88.948822 19.30 -83.777 33.178 0.85
2014/2/2 1173379 001 39.854599 89.217354 21.93 -101.314 31.485 0.86
2014/2/2 1173379 002 40.244377 89.115845 21.90 -100.127 31.826 0.79
2014/2/24 1191146 002 40.561501 89.505882 24.43 -125.332 28.685 0.79
2014/2/24 1191146 001 39.897343 89.497055 24.45 -128.733 28.386 0.87
2015/9/8 1312660 002 39.961605 90.337814 31.25 -1959.970 2.437 0.78
2015/9/8 1312660 003 40.400295 90.231071 31.23 -1948.710 2.45 0.76

denotes offset; 𝑎1 denotes tilt in azimuth; 𝑎3 denotes tilt in
range.

The data process workflow was shown in Figure 1. Due to
the sparse distribution of GLA14 (Figure 2) in Lop Nur playa,

how to select the primary DEMs for adjustment is a problem.
The primary DEMs are picked up manually according to the
conditions: (a) there are at least 2 tracks of GLA14 in the DEM
scene; (b) the GLA14 GCPs distribute throughout the DEM
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Figure 1: The workflow of DEM generation.

region as X shape, V shape, or parallel lines (Figure 2). GLA14
GCPs can be the height truth value for these selected DEMs,
while the rest of DEMs depend on the tie-points extracted
from the adjusted DEMs. Only part of the GLA14 GCPs was
valid for adjustment, and the rest of them were used for
height validation. Tie-points were extracted manually from
the overlap region of adjacent adjusted DEMs. In order to
reduce the influence of geo-location bias between DEMs, tie-
points were selected on relatively flat terrain. Since the salt
crust protects the playa surface fromwind erosion, the terrain
was assumed to be stable during the TanDEM-X acquisition
period.

A block adjustment approach was applied to generate
global TanDEM-X DEM [23]. Since the number of DEM
scenes was only 42, a simplified least-square adjustment
approach was used in this paper. For the primary DEMs, the
observation equation is as follows:

��̂�𝐺𝐿𝐴14,𝐼 = 𝑔𝐼 (p̂, x, y) (2)

where I is the index of DEM; ��̂�𝐺𝐿𝐴14,𝐼 is the adjusted height
difference between GLA14 GCPs and primary DEM.

For the dependent DEMs, the observation equation
would be as follows:

��̂�𝐽,𝐾 = 𝑔𝐾 (𝑝, x, y) − 𝑔𝐽 (𝑝, x, y) (3)

where J is the index of adjusted DEM; K is the index of
dependent DEM; ��̂�𝐽,𝐾 is the adjusted height difference
between dependent DEM and adjusted DEM.

Combining with GLA14 GCPs and tie-points, the esti-
mated offsets and tilts of every DEM can be derived
successively. To decrease the residual error between adja-
cent adjusted DEMs, averaging on the overlap region was
applied in mosaic. 42 adjusted TanDEM-X DEM scenes were
mosaicked to produce the Lop Nur playa DEM.

3. Results

The coherence parameter is an indicator of the stability of the
ground targets. Generally, it is a function of geometric and
temporal decorrelation between the two acquisitions, and it
ranges from 0 (unstable) to 1 (highly stable). In the case of
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bistatic interferometry, as temporal decorrelation is reduced,
coherence is mainly dependent on the SAR hardware perfor-
mance. Average coherence of item 1025014 018 is minimum
while that of item 1080470 002 is maximum, whose coher-
ence and interferogram were illustrated in Figure 3.

The result TanDEM-X DEM is presented in Figure 4.
Although differences between adjacent DEMs were reduced
by averaging, steps in the mosaicked DEM occurred partly.
The residual error histogram (Figure 5) shows that the errors
distribute more intensively in the mean value of ∼0 than
the normal distribution. The global Root Mean Square Error
(RMSE) of the DEM is 0.57 m, which is in the range of
TanDEM-X DEM accuracy specification of 2mwhen slope is
less than 20% [13].The InSAR DEM difference to GLA14 was
projected on the tinting DEM to present the spatial features
(Figure 4). The orthometric height of the resulting Lop Nur
DEM is from 785 m above sea level (asl) to 900 m asl, which
covers an area of around 35,000 km2.

On one hand, it would be appropriate to compare the
global performance of TanDEM-X DEM and SRTM DEM in
the study region. SRTM was the previous generation global
interferometric DEM [48, 49], whose absolute height error
was estimated at several meters with a spatial resolution of
3 arc sec (∼90 m) in Eurasia [50]. In Figure 6, SRTM was
rendered with the same color ramp with Figure 4, where the
height error to GLA14 GCPs was also projected. The size
of each error point was in direct proportion to the absolute
value of its error with the same ratio of Figure 4. The error
histogram of SRTM to GLA14 GCPs was shown in Figure 7.
The mean value was 3.04 m and the RMSE was 1.74 m.

On the other hand, it is proper to validate the local
performance of TanDEM-X DEM referencing to the aerial
DEM. The aerial SfM DEM is in a spatial resolution of 2
cm with relative elevation accuracy estimated at the order of
decimeter [44]. Five points in LK (location see Figure 6) were
selected for quantitative comparisons, and the results were
summarized in Table 2. Since they are in different elevation
systems, it makes sense to compare the relative height rather
than the absolute height. The flat ground to the east of the
ruined fort is taken as the local base height (Figure 6).

4. Discussion

Favorable coherence is crucial for interferometry. Item
10804700 002 is in the north of the study area (Figure 2).The
landform is mainly mountain in the north of this image and
solid salt crust in the south. Although the terrain varies in
mountains (Figure 3(c)), the coherence is significantly high.
Coherence in some parts of the mountains is relatively low
at about 0.5 due to shadowing effects. The coherence of salt
crust is also high. Item 1025014 018 is in the east of our region
(Figure 2).The landforms are mountains and salt crust in the
north of this image just like item 10804700 002, where the
coherence is also near 1. In the north of item 1025014 018,
the landform is desert. Due to the volume scattering of sand,
the volume decorrelation effects decreased the coherence
dramatically [51]. Similar volume decorrelation effects occur
in other images, such as items 1130615 004 and 1043725 011,
which makes the average coherence being lower than the
others (see Table 1). However, in the western side of sand



6 Journal of Sensors

C
oh

er
en

ce

1080470_002

1.0

0.5

0.0

(a)

1.0

0.5

0.0

C
oh

er
en

ce

1025014_018

(b)

In
te

rfe
ro

gr
am

1080470_002



0

−

(c)

In
te

rfe
ro

gr
am

1025014_018



0

−

(d)

Figure 3: Coherence of (a) item 1080470 002, (b) item 1025014 018, and interferogram of (c) item 1080470 002 and (d) item 1025014 018.

Table 2: Relative elevation differences of the two DEMs.

Site InSAR elevation
[m]

SfM elevation
[m]

InSAR relative
elevation [m]

SfM relative
elevation [m] Error [m]

Reference Zero
Height 793.6 791.739 0 0 \

NEWall 800 799.177 6.4 7.438 -1.038
SWWall 799.8 800.775 6.2 9.036 -2.836
SE Wall 797.4 795.837 3.8 4.098 -0.298
Northern Depression 793.6 790.307 0 -1.432 1.432
Southern Depression 795.8 791.679 2.2 -0.06 2.26
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duneswhich face the satellites, the coherence is relatively high
at approximate or greater than 0.5. The local reliable features
ensure interferogram available for further terrain inversion
(Figure 3(d)).

The phase unwrappingmethod depends on the coherence
features in the study region. There are three optional phase
unwrapping methods in SARscape© 5.2.1, which are Region
Growing, Minimum Cost Flow, and Delaunay Minimum
Cost Flow, respectively.
(1) Region Growing is suggested to avoid setting a

high coherence threshold in order to limit the possibility
of introducing erroneous phase jump, like the unwrapping
islands, in the output unwrapped phase image.
(2) Minimum Cost Flow should be adopted when the

unwrapping process becomes difficult due to the presence of
large areas of low coherence or other growing limiting factors;
in such cases the Minimum Cost Flow algorithm enables
obtaining better results than using the Region Growing
method. This approach considers a square grid all over the
image pixels. All pixels whose coherence is lower than the
unwrapping coherence threshold are masked out.

(3) Delaunay Minimum Cost Flow is the same approach
of the previous method, with the only difference that the
grid does not necessarily cover all image pixels, but only
those above the unwrapping coherence threshold. Moreover,
it adopts the Delaunay triangular grid instead of square
one. As a result, only the points with good coherence are
unwrapped, without any influence from the low coherence
pixels. It is especially useful when there are several areas of
low coherence distributed throughout the image; in such case
the other unwrapping approaches would eventually produce
phase islands/jumps, while the Delaunay approach is able to
minimize these jumps, which is the reason why Delaunay
Minimum Cost Flow was chosen as the phase unwrapping
method in this study.

However, the phase unwrapping error, including other
error sources, still existed in resultant DEM. Referring to
GLA14, errors in the eastern playa were small, usually less
than 1 m, while the errors in the marginal desert, mountain,
and Yardan region were sometimes significant. One of the
possible reasons was that the geo-location of them was not
rigorously aligned, or spatial scale of TanDEM-XDEM (10m)
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did not match that of GLA14 (∼70m), so the elevation differ-
encewould be dramatic if the local terrain varies sharply, such
as in the mountain and Yardan region. Besides, the volume
scatter in desert could result in decoherence, which reduced
the accuracy of phase unwrapping. Previous research showed
that the high-frequency noise-like phase errors were usually
below 1 m [31]. The RMSE of 0.57 m between resultant DEM
andGLA14 indicated that the remnant errors are smaller than
1 m. On all accounts, the DEM was accurate enough to tint
with a 1-m color ramp interval.

The visual performance of TanDEM-X DEM (Figure 4)
was greater than SRTM DEM (Figure 6). There were some
obvious northwest-southeast artifacts in SRTM DEM. Due
to the insufficient spatial resolution and height accu-
racy, SRTM DEM presented the rougher terrain variations
than TanDEM-X. More precisely, the spatial resolution of
TanDEM-X DEM 0.3 arc sec was one order of magnitude
higher than that of SRTM DEM 3 arc sec, and the standard
deviation of the error reduced by a factor of 3, with a value

of 0.57 m for TanDEM-X (Figure 5), against 1.74 for SRTM
(Figure 7). In Lop Nur playa, TanDEM-X DEM was more
reliable than previous SRTM DEM.

Locally, the TanDEM-X DEM presented roughly the
topography features of the ruined ramparts (Figure 8(a)).The
relative heights of three points on the tops of the ramparts
were all underestimated, whichwere higher than the assigned
base height, and the difference was up to -2.8 m at the SW
Wall (Table 2). A 20-m (2-pixel) displacement at the SE Wall
was observed, which could result from the layover effect of
the SAR system.The relative elevation of the two depressions
inside the ruin was also underrated, even the depression
characteristics were hardly recognized. Regardless, the worst
relative error in such complicated terrain could be evaluated
as 3 m, as shown in Table 2. The difference might be ascribed
to the limitations of the radar system. On one hand, the
10-m resolution of InSAR DEM limits its spatial availability
compared to SfM DEM. On the other hand, both walls and
depressions are isolated islets with striking slope on their
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Figure 8: Comparison ofDEM fromdifferent resources. (a) TanDEM-XDEM; (b) aerial SfMDEM.Color ramp is the same as that in Figure 3.
Both are projected on WGS84 UTM Zone 45N.

margin, where the interferometric fringes would discontinue
easily on an interferogram [52]. Hence, it requires us to be
cautious when interpreting local isolated landforms. In any
case, the relative height accuracy of 3 m was in the range of
TanDEM-X DEM specification (4 m when slope>20%) [13].
Although TanDEM-X DEMwas not as accurate as aerial SfM
DEM in both horizontal and vertical dimensions, its pivotal
superiority was the full coverage of Lop Nur playa with a
relatively reliable precision. It could be hardly to achieve an
aerial SfM DEM throughout the study region in considera-
tion of the amount of work. Besides, it was also difficult to
find homologous points for SfM in homogeneous landforms
(salt crust, desert, etc.). In current stage, spaceborne InSAR
was the most proper way to derive a full-coverage DEM for
Lop Nur playa.

The latest high-resolution TanDEM-X DEM could
contribute to the paleo-environment and anthropology
researches around Lop Nor playa. Previously, it was believed
that there were only two main inflowing riverways for lake
Lop Nor [1]. One was along the north of the Tarim Basin
(region A in Figure 9), while the other was in the southeast
of lake (region B in Figure 9). A wide riverway (region C
in Figure 9) in the middle of the known riverways could
be interpreted from the resultant DEM. Especially in the
upstream of this riverway, a depression (region D in Figure 9)
to the southeast of Loulan ruin could be identified, which was
the Loulan depression relating with the evolution of ancient
LopNur lake [2].There were several hydrological channels in
Loulan depression. Region C and Loulan depression might
be used to be a near-lake wetland and affect the daily lives
of residents in Loulan city, according to its geographical
location. Geometry society paid little attention to these
areas due to insufficient topographic data before. Besides,
the altitude of the ancient ruins, channels and basins, could

also be an important clue to investigate the relationship
between human beings and nature. A key strategy was that
the lake surface level could not be higher than the altitude
of the ancient ruins when these ruin cities were prosperous.
It might be a novel evidence for understanding sediment
profiles in Lop Nur.

5. Conclusions

This paper describes the derivation of a highly accurate DEM
from TanDEM-X CoSSC images of Lop Nur playa via a least-
square adjustment approach.

The resultant DEM covers an area of around 35,000 km2
and has a horizontal resolution of 0.3 arc sec (∼10 m) and
a height accuracy of 0.57 m, representing the most accurate
DEM in Lop Nur playa until now. The horizontal spatial
resolution of the derived DEM is one magnitude higher than
that of SRTM DEM, and the height accuracy is improved by
a factor of 3. Validation of the derived DEM demonstrates its
reliability for complicated terrains though it is not as good as
for the flat region.

This highest quality DEM derived for Lop Nur can
provide a basic material for general paleo-environment
researches. A newfound river mouth of Lop Nur near Loulan
ruin is interpreted from the resultant DEM. More filed work
in this area will be expected to reveal the relations between
anthropology and nature.

Data Availability

GLA14 data used to support the findings of this study
have been deposited in the National Snow & Ice Data
Center website (https://nsidc.org/data/icesat/). TerraSAR-
X/TanDEM-X CoSSC and derived DEM used to support
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the findings of this study were supplied by DLR under
license and so cannot be made freely available. Requests
for access to these data should be made to TanDEM-X
Science Coordination, tandemscience@dlr.de. SRTM DEMs
used to support the validations of this study have been
deposited in CGIAR-CSI SRTM 90m DEM Digital Eleva-
tion Database (http://srtm.csi.cgiar.org/srtmdata/). The SfM
DEM data used to support the findings of this study are
available from the corresponding author upon request.
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A geostatistical framework for spatial quality assessment framework of coarse resolution remote sensing products is presented that
can account for either the scale difference or the uncertainty of reference value prediction at coarse resolutions. A set of multiple
reference field realizations is first generated at a fine spatial resolutionusing geostatistical simulation to explore the uncertainty in the
true unknown reference field. The upscaling of multiple reference field realizations to coarse resolution is then followed to match
the spatial resolution of the target remote sensing product and create coarse resolution reference fields. The simulated reference
values at each coarse pixel are compared to the corresponding reported value from the coarse resolution remote sensing product,
yielding alternative error values, from which several location-dependent statistics such as mean error, mean absolute error, and
probability of overestimation can be computed. An experiment involving monthly Tropical Rainfall Measuring Mission (TRMM)
precipitation products and point-level rain gauge data over South Korea illustrates the applicability of the proposed approach.The
spatially distributed error statistics are useful to identify areas with larger errors and the degree of overestimation in the study area,
leading to the identification of areas with unreliable estimates within the TRMM precipitation products. Therefore, it is expected
that the geostatistical assessment framework presented in this paper can be effectively used to evaluate the spatial quality of coarse
resolution remote sensing products.

1. Introduction

Many environmental parameters such as precipitation, tem-
perature, soil moisture, vegetation index, and land-cover
are critical for monitoring the Earth’s environment and are
routinely obtained from remote sensing images and products
[1–6]. Advantages of remote sensing products over field
surveys are their ability of providing periodic and exhaustive
thematic information on the Earth’s environment. The spatial
scale of the monitoring effort can be global, regional, or local,
depending on the spatial resolution of the remote sensing
products. Different periodic monitoring or time-series analy-
sis are also possible depending on temporal resolutions [7, 8].

Remote sensing products of environmental parameters
have been routinely used for environmental monitoring and
modeling such as in crop yield prediction [9–12], natural
disaster prediction [13–15], and ecological modeling [16–18].

Any products derived from remote sensing data, however,
inevitably include errors. Particularly, global and regional
satellite-based products are generated by tuning with sparse
local data; thus the reliability may vary across regions. In
turn, the error of the satellite-based products affects the envi-
ronmental model predictions and leads to error propagation
problems [19]. Thus, the quality of such products should be
assessed prior to their utilization in environmental modeling.

Traditional error assessment of remote sensing products
is typically based on a direct comparison against a small
number of point-level data. Such a direct comparison, how-
ever, does not account for the spatial resolution difference
between the point-based ground observations and the coarse
resolution pixels. Most satellite-based products for global
and regional monitoring have low spatial but high temporal
resolution. Thus, the spatial resolution difference should be
properly accounted for during the comparison. Furthermore,

Hindawi
Journal of Sensors
Volume 2019, Article ID 7297593, 14 pages
https://doi.org/10.1155/2019/7297593

https://orcid.org/0000-0002-9778-3624
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1155/2019/7297593


2 Journal of Sensors

error statistics computed from this comparison, such asmean
absolute errors and overall accuracy, provide only location-
invariant errors but no information on their spatial distribu-
tion [20]. Such information on spatial error distribution can
be used for further field surveys and detailed analysis of local
errors.

An alternative error assessment route involves the con-
struction of a fine spatial resolution reference product from
validation data and the subsequent comparison of that
reference product with the coarse resolution remote sensing
products [21–24].The simplest way to construct the reference
product is to interpolate or average the values from validation
data within each coarse pixel. However, the quality of this
approach depends heavily on the number and location of the
validation data. Furthermore, it is not possible to generate an
error-free reference product, even in cases where numerous
validation data are available and advanced interpolation
methods are applied. Thus, it is necessary to consider the
uncertainty of the reference product, due to lack of knowl-
edge on the spatial distribution of the parameter at the fine
spatial resolution.

To overcome these limitations, this paper presents a
geostatistical framework for spatial quality assessment of
coarse resolution satellite-based products using point-level
validation data and geostatistical simulation. More precisely,
multiple fine spatial resolution reference maps are first gener-
ated using geostatistical simulation, instead of a deterministic
single reference product with uncertainty. The simulated
maps represent possible versions of the unknown reference
product, hence accounting for its inherent uncertainty [25,
26].These alternative synthetic realizations are then upscaled
at the coarse spatial resolution, and multiple error values
are computed at each coarse pixel through a pixel-by-pixel
product comparison. From the set of alternative error values
at each coarse pixel, several useful location-dependent error
statistics can be computed, such as the probability that
attribute values in coarse resolution satellite-based products
overestimate the reference values. The applicability of the
proposed approach is demonstrated through an experiment
with Tropical Rainfall Measuring Mission (TRMM) precip-
itation products and validation data acquired over South
Korea.

2. Materials and Methods

2.1. Study Area and Data. An experiment is conducted using
coarse resolution TRMM monthly precipitation products
and rain gauge data acquired over South Korea. Three
TRMM 3B43 monthly precipitation rates (mm/h) at a spatial
resolution of 0.25∘, acquired in three representative seasons
of South Korea in 2013 (i.e., April, July, and October for
spring, summer, and autumn, respectively), were used as the
coarse resolution remote sensing products.Thewinter season
data were not considered in this study because heavy snow
is common in Korean winters, and satellite-based products
mainly provide rainfall information, not precipitation includ-
ing rainfall and snowfall. It should be noted that the main
purpose of this experiment is to demonstrate the procedures
and potential of the geostatistical framework proposed in this

paper, not to reveal detailed local characteristics of monthly
precipitation in the study area.

The original monthly TRMM data at a spatial resolution
of 0.25∘ were first reprojected using a Transverse Mercator
projection with a spatial resolution of 25 km. The monthly
precipitation rates were then converted to monthly accumu-
lated precipitation at a mm scale for quantitative comparison
with rain gauge data (Figure 1). The rainy season in South
Korea starts in late June and continues until late July [8].
Therefore, the precipitation amount of July is relatively greater
than in other seasons.

Monthly accumulated rainfall measurements obtained
from606 automaticweather stations (AWS) over SouthKorea
were used to evaluate the TRMM precipitation products.
Since the AWS data are available mainly over land, not all
blocks from the TRMM products over South Korea were
considered for spatial quality assessment and comparison
with AWS data, only the 25 km overland blocks were assessed
(gray rectangles with blue boundary in Figure 2).

2.2. Geostatistical Spatial Quality Assessment Framework.
Figure 3 shows all the process steps applied for the geostatis-
tical spatial quality assessment framework proposed in this
paper: (1) generation of multiple fine resolution reference
maps using geostatistical simulation, (2) upscaling of the fine
resolution reference maps to the resolution of the coarse
scale remote sensing product, (3) generation ofmultiple error
maps through a pixel-by-pixel comparison of the upscaled
reference maps and the coarse resolution remote sensing
product, and (4) derivation of the summary statistics from
multiple error maps. The key idea of the proposed approach
is to generate multiple reference maps from a small number
of point-level reference data and then to compare them with
the coarse resolution remote sensing products to account for
the uncertainty attached to the reference map generation.

First, a fine spatial resolution reference set fromvalidation
data is generated using geostatistical simulation. Unlike
kriging that provides one single optimal map in a least-
squares sense [25], geostatistical simulation aims at gener-
ating alternative equi-probable realizations of an unknown
truth, conditioning all available data and preserving statistical
properties of the input data (e.g., histogram and variogram)
[26, 27]. The AWS data used in this study did not show any
strong skewed distributions, thus sequential Gaussian simu-
lation (SGSIM) was applied to generate multiple realizations
of the reference precipitation. The simulation was conducted
at a spatial resolution of 1 km, considering the density and
location of the AWS data.

Suppose there is a set of n precipitation measurements
{𝑧(u𝛼), 𝛼 = 1, ⋅ ⋅ ⋅ , 𝑛} from AWS in the study area. Within
the multi-Gaussian framework, SGSIM proceeds with the
following steps [25]:

(1) If necessary, the AWS data are first transformed to
follow a standard Gaussian distribution using nor-
mal score transform that is a rank-preserving and
invertible quantile transform [26]. The normal score
transformed dataset {𝑧G(u𝛼), 𝛼 = 1, ⋅ ⋅ ⋅ , 𝑛} is used as
an input for the SGSIM.
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Figure 1: TRMM monthly precipitation products used in the experiment (unit: mm): (a) April, (b) July, and (c) October. Black rectangles
denote the 25 km by 25 km pixels of the TRMM product. The black polylines are administrative boundaries of South Korea throughout the
paper. Note that the same colors used for the three monthly products represent different precipitation values.

(2) A random path is defined to visit each simulation
pixel only once.

(3) At any simulation pixel u visited at random along the
path, simple kriging is applied to estimate the mean

and variance for the localGaussian conditional cumu-
lative distribution function (ccdf), conditional to all
available information. The simple kriging estimate
and variance correspond to the mean and variance
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Figure 2: Location of AWS data in the study area (black dots) and
zones for error analysis. Black rectangles and polylines represent
TRMM 25 km pixels and administrative boundaries, respectively.
Gray rectangles with blue boundary denote TRMM pixels used for
quality assessment.
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Figure 3: Schematic diagram of the processing steps applied in this
study.

for the Gaussian ccdf, respectively. At the first pixel of
the random path, the conditioning data are only the
normal score transformed AWS dataset. Otherwise,
the previously simulated values at pixels visited before
are included into the conditioning information for the
simulation of the other pixel.

(4) A simulation value is drawn from the Gaussian ccdf
using a Monte-Carlo simulation.

(5) Until all pixels in the study area are visited, the above
two steps are repeated at each pixel.

(6) The normal score back-transform is applied to com-
pute simulated values in the original attribute space.

(7) A new realization is generated by repeating all the
above steps with a different random path. One hun-
dred realizations are generated in this study.

Once the set of 100 realizations of reference precipi-
tation at 1 km resolution has been simulated, change of
support is performed to generate the coarse resolution
reference precipitation fields by averaging the precipitation
values simulated at 1 km grids falling within each 25 km
pixel.Through this upscaling procedure, the resolution of the
simulated reference precipitation becomes the same as that
of the coarse resolution remote sensing product. Note that
different upscaling schemes can be applied for change of sup-
port.

The third step is to compute error values at each coarse
resolution pixel. Multiple realizations of the unknown refer-
ence precipitation fields are already available through geosta-
tistical simulation and upscaling. Thus, multiple error values
can be readily computed from a pixel-by-pixel comparison.
Suppose there is a set of 100 simulated coarse resolution
reference precipitation fields for a given number N of 25
km pixels in the study area {𝑧(𝑙)(V𝛽); 𝑙 = 1, ⋅ ⋅ ⋅ , 100, 𝛽 =
1, ⋅ ⋅ ⋅ ,𝑁}, and {𝑃(V𝛽), 𝛽 = 1, ⋅ ⋅ ⋅ , 𝑁} denote the coarse
spatial resolution TRMM precipitation product. An error
value at each coarse pixel is obtained per each simulation,
and 100 error values are finally obtained at each 25 km
pixel, as in {𝐸(𝑙)(V𝛽); 𝑙 = 1, ⋅ ⋅ ⋅ , 100, 𝛽 = 1, ⋅ ⋅ ⋅ , 𝑁}. The
derivation of multiple error values at each pixel is the main
difference between the presented geostatistical framework
and the conventional approach in which only a single error
value is computed for each coarse pixel. Through compu-
tation of multiple error values for each coarse pixel, the
uncertainty attached to the generation of reference precip-
itation fields can be reflected in the computation of error
values.

The final step is to summarize the multiple error values
and visualize the spatial distribution of the error statistics.
Since multiple errors are already computed at each coarse
pixel, several summary statistics useful for interpretation can
be easily derived. For example, pixel-by-pixel mean errors
(ME) and mean absolute errors (MAE) can be computed
to quantify the degree of bias and the magnitude of errors,
respectively, as

ME (V𝛽) =
1
100

100

∑
𝑙=1

𝐸(𝑙) (V𝛽)

= 1
100

100

∑
𝑙=1

[𝑃 (V𝛽) − 𝑧
(𝑙) (V𝛽)]

for 𝛽 = 1, ⋅ ⋅ ⋅ , 𝑁,

(1)

MAE (V𝛽) =
1
100

100

∑
𝑙=1

𝑃 (V𝛽) − 𝑧
(𝑙) (V𝛽)


for 𝛽 = 1, ⋅ ⋅ ⋅ , 𝑁.

(2)



Journal of Sensors 5

Note that conventional ME and MAE values are com-
puted over the whole study area or the whole reference
dataset; thus they are location-invariant. In this study, how-
ever, the ME and MAE values are computed at each pixel
by comparing one coarse resolution remote sensing product
with multiple reference values. Thus, spatial error distribu-
tion, which is useful for local error analysis, can be easily
visualized.

Another useful measure is the probability that the
attribute values in coarse resolution products either overesti-
mate or underestimate the reference coarse values. The prob-
ability can be derived by computing the proportion of overes-
timation or underestimation cases among 100 cases through
a comparison between 100 reference values and the coarse
resolution remote sensing product. The positive ME value
means that coarse resolution product tends to overestimate
the reference precipitation field. However, its meaning is
slightly different from the overestimation probability. ME is
computed by averaging 100 error values at each coarse pixel.
Thus, the magnitude of error values greatly affects the ME
value computation, while the sign of error values is only
considered for the computation of over- or underestimation
probability.

In addition, the relative MAE (rMAE) is also computed
to evaluate the reliability of TRMMprecipitation products for
different locations and seasons [28, 29] as

rMAE (V𝛽) =
MAE (V𝛽)

(1/100)∑100𝑙=1 𝑧(𝑙) (V𝛽)

for 𝛽 = 1, ⋅ ⋅ ⋅ , 𝑁.

(3)

The average of 100 simulated reference precipitation fields
is used as the reference for rMAE. Since the precipitation
amount varies per season, rMAE can be used to compare
the reliability of TRMM precipitation product for different
seasons. The rMAE value is also a location-dependent mea-
sure because the reference varies across the study area. If
the rMAE at any pixel is less than 0.5, the TRMM product
at that pixel is considered to be reliable. Conversely, if any
pixel has the rMAE value equal to or greater than 0.5 of
the reference precipitation amount, that pixel is considered
unreliable [28, 29].

GSLIB [26] was used for all geostatistical analyses includ-
ing normal score transform and back-transform, variogram
analysis, and SGSIM. Spatial upscaling and computation of
error statistics were implemented using Fortran program-
ming. Additionally, ArcGIS (ArcMap version 10.3, ESRI
Inc., Redlands, CA, USA) was used for basic spatial data
processing and visualization.

3. Results

3.1. Generation of Reference Precipitation Fields at Fine and
Coarse Spatial Resolutions. One hundred realizations of ref-
erence precipitation for each month were generated at 1 km
pixels using 606 AWS data and SGSIM.TheOctober’s normal
score transformed data showed an anisotropic pattern along
the direction of NE 70∘ that was caused by Typhoon Danas,

which passed through south and southeastern parts of South
Korea on October 8 [30]. A geometric anisotropy variogram
model was fitted for October data. As other season data
did not show any distinctive anisotropic patterns, isotropic
variogram models were considered for April and July.

Figure 4(a) presents two alternative realizations out of
the 100 reference precipitation simulation results for July.
Each realization honors AWS data values and reproduces
the sample histogram and input variogram model. Thus,
simulated precipitation realizations provide realistic repre-
sentations of the unknown reference precipitation field. The
upscaled realizations at a 25 km spatial resolution of the
two realizations are also shown in Figure 4(b). By applying
an average operator for upscaling, local details are greatly
diminished, and regional variations are only reflected in the
upscaled reference precipitation. In addition, the upscaled
realizations do not reproduce the AWS data nor their statisti-
cal properties.

The collection of 100 realization values at each 25 km
pixel constitutes the histogram and can be regarded as an
approximation of the local ccdf at that pixel. Figure 5 presents
the average and standard deviation of 100 realizations of
reference precipitationfields for eachmonth.The ensemble of
100 realizations, such as the average and standard deviation,
depict the overall smoothed precipitation pattern and spread
of reference precipitation fields, respectively. The differences
among 100 realizations reflect the uncertainty prevailing at
that coarse pixel and affect the error computation results.

3.2. Generation of Spatial Error Distributions. To quantita-
tively assess the quality of TRMM precipitation products,
error statistics including ME, MAE, and a probability that
TRMM precipitation overestimates true precipitation were
computed and visualized. These error statistics values repre-
sent an ensemble or a summary of 100 error values at each
coarse pixel.

Figures 6–8 show spatial quality distributions for three
TRMMprecipitation products. Note the different error values
with the same color for each month. The ensemble average
and standard deviation of 100 reference precipitation fields in
Figure 5 were used for visual comparison and interpretation.
Most pixels in April’s TRMMproduct had positive ME values
(Figure 6(a)), which means that April’s TRMM product
overestimated the reference precipitation fields. This obser-
vation is also corroborated by the overestimation probability
shown in Figure 6(c).The overestimation probability of most
pixels was very high (i.e., more than 0.75). In addition, the
magnitude of errors of underestimated pixels was relatively
smaller than that of overestimated pixels (Figure 6(b)). The
correlation coefficient (r) betweenMAE (Figure 6(b)) and the
average of reference precipitation fields (Figure 5(a)) is -0.47,
which implies that the magnitude of errors in April’s TRMM
product was moderately greater for a relatively lower amount
of reference precipitation.

As shown in Figure 7, the ME and MAE values for
July’s TRMM product were much greater than those for
April’s product, implying that a heavy rainfall was not well
captured in the TRMM product. The large precipitation
amount in northern parts of the study area in Figure 6(b)
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Figure 4: Two realizations of July AWS data at different spatial resolutions (unit: mm): (a) realizations of reference precipitation fields at 1
km and (b) upscaled realizations at 25 km.

was underestimated by the July’s TRMM product, yielding a
greater ME value. Overestimation of reference precipitation
fields was also observed in some pixels of northwestern
and northeastern coastal areas. In particular, some pixels
in southwestern areas underestimated the reference precip-
itation fields (Figure 7(c)) and exhibited large MAE values
shown in Figure 7(b). However, the standard deviation values
of reference precipitation fields at these pixels are relatively

larger, as shown in Figure 5(b). Thus, the larger MAE values
at these underestimated pixels are caused by the larger
uncertainty of synthetic reference precipitation fields, not
merely by the TRMM product itself, which indicates that
interpretations should be made with caution. Unlike the
April’s TRMM product, the July’s product had a positive
correlation between MAE and the average of reference
precipitation fields (r =0.42), implying that the magnitude of



Journal of Sensors 7

(a)

800 <
700 – 800
600 – 700
500 – 600
400 – 500
300 – 400
200 – 300
< 200

60 <
45 –60
30 –45
15 –30
< 150 100 20050 kmN

3
5
∘
0

0


N

3
6
∘
0

0


N

3
7
∘
0

0


N

3
8
∘
0

0


N

126
∘
0

0
E 127

∘
0

0
E 128

∘
0

0
E 129

∘
0

0
E

0 100 20050 kmN

3
5
∘
0

0


N

3
6
∘
0

0


N

3
7
∘
0

0


N

3
8
∘
0

0


N

126
∘
0

0
E 127

∘
0

0
E 128

∘
0

0
E 129

∘
0

0
E

(b)

250 <
215 – 250
180 – 215
145 – 180
110 – 145
75 – 110
40 – 75
< 40

8 <
6 – 8
4 – 6
2 – 4
< 20 100 20050 kmN

3
5
∘
0

0


N

3
6
∘
0

0


N

3
7
∘
0

0


N

3
8
∘
0

0


N

126
∘
0

0
E 127

∘
0

0
E 128

∘
0

0
E 129

∘
0

0
E

0 100 20050 kmN

3
5
∘
0

0


N

3
6
∘
0

0


N

3
7
∘
0

0


N

3
8
∘
0

0


N

126
∘
0

0
E 127

∘
0

0
E 128

∘
0

0
E 129

∘
0

0
E

(c)

Figure 5: Average (left) and standard deviation (right) of 100 reference precipitation fields: (a) April, (b) July, and (c) October.
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Figure 6: Spatial quality distributions for April’s TRMM product: (a) ME, (b) MAE, and (c) the probability that the attribute value of the
TRMM product overestimates the reference precipitation value.

errors in July’s TRMM product was moderately greater for a
relatively larger amount of reference precipitation.

October’s TRMM product exhibited lower MAE values
in western areas and larger MAE values in eastern areas
(Figure 8(b)), which was mainly caused by anisotropic char-
acteristics of the reference precipitation fields. Overestima-
tion was slightly more dominant than underestimation, as
depicted in Figures 8(a) and 8(c). When considering the
standard deviation of simulated reference precipitation fields

in Figure 5(c), large errors were moderately correlated with
the uncertainty of synthetic reference precipitation fields.
MAE and the average of reference precipitation fields were
positively correlated, but the strengthwas veryweak (r=0.28).

The spatial distribution of rMAE values are presented in
Figure 9. Most pixels in the April’s product can be considered
reliable, except for some pixels located at the western coastal
areas and at the southern over-land. The unreliable pixels
overestimated the reference precipitation fields and showed
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Figure 7: Spatial quality distributions for July’s TRMM product: (a) ME, (b) MAE, and (c) the probability that the attribute value of the
TRMM product overestimates the reference precipitation value.

larger ME and MAE values. For July’s product, unreliable
pixels are mainly located at western and eastern coastal areas.
Themagnitude of errors in the July’s product was greater than
that in April’s product, but the reliability of over-land pixels
in the July’s product is likely to be similar to that for April,
considering the reference precipitation amount. In contrast,
October’s product had more unreliable over-land pixels than
April’s and July’s products. For the northern part of the study
area, the reference precipitation amount at those unreliable

pixels is less than 100 mm and the uncertainty is also low
(Figure 5(c)). Thus, the TRMM precipitation at those loca-
tions is regarded consistently unreliable. When comparing
the three products simultaneously, it is concluded that the
reliability of October’s product is the worst in land. A possible
interpretation of October’s product unreliability is that it was
caused mainly by discrete temporal sampling errors. Errors
of monthly TRMM estimates are known to be due to both
discrete temporal sampling and retrieval algorithm errors
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Figure 8: Spatial quality distributions for October’s TRMM product: (a) ME, (b) MAE, and (c) the probability that the attribute value of the
TRMM product overestimates the reference precipitation value.

[29]. Particularly, temporal sampling errors range from ±8 to
±12% per month relative to the mean precipitation [29, 31].
For example, the effect of a typhoon could not be properly
accounted for due to the temporal discrepancy between a
typhoon passing and satellite observations.

In summary, all the interpretation results for spatial
distributions of error statistics can be derived from multiple
reference precipitation fields, which corroborates the benefits

of the simulation-based spatial quality assessment framework
presented in this study.

4. Discussion

Error statistics estimated from the proposed approach in-
clude both errors from the coarse resolution TRMM precip-
itation product and the uncertainty due to the construction
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Figure 9: Spatial distributions of relative MAE: (a) April, (b) July, and (c) October.

of synthetic reference precipitation fields. To investigate
the relationships between the magnitude of errors and the
uncertainty of the reference precipitations, we computed cor-
relation coefficients between them over the study area. More
specifically, each pixel in the study area has both the absolute
error value per each simulation and the standard deviation
value as a summary statistic of the uncertainty. Thus, the
correlation coefficient value can be computed from these two
values at all pixels over the study area. Since we already have

100 simulated reference precipitation fields, the correlation
coefficient was computed per each realization of reference
fields, yielding the distribution of 100 correlation coefficients
(Figure 10).

As shown in Figure 10, no distinct linear relationship
between the magnitude of errors and uncertainty of ref-
erence precipitation fields was found. As aforementioned,
the errors of April’s product were negatively correlated with
reference precipitation. A weak negative correlation between
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Figure 10: Histograms of correlation coefficients between absolute errors of TRMM products and the uncertainty of simulated reference
precipitation fields over the study area: (a) April, (b) July, and (c) October.

absolute errors and the uncertainty of reference fields was
observed in April. April’s product for a relatively lower
amount of reference precipitation might be interpreted as
relatively reliable, but this interpretation is unclear because
of its very weak correlation strength. In contrast, a weak
positive correlation was observed in July and October. A
certain realization for July’s product showed a maximum
correlation coefficient value of 0.451. As discussed before, a
moderate positive linear correlation was observed between
the magnitude of errors and the average of 100 realizations
of reference precipitation fields for July and October. In
addition, the average of the reference precipitation fields was
also positively correlated with the standard deviation for both
months (r=0.67 and 0.88 for July and October, respectively).
These relationships were intermingled and generated positive
but weak correlations for July’s and October’s products. If
there is a strong positive correlation between the magnitude
of errors and the uncertainty of the reference fields, the
computed errors do not result from the coarse resolution
remote sensing product, but from the uncertainty attached to
the reference field generation. Therefore, caution should be
exercised when interpreting the error information.

The applicability of the proposed methodology has been
illustrated via an experiment with coarse resolution precip-
itation products, but the proposed methodology provides a
general and flexible framework for spatial quality assessment
of general coarse resolution remote sensing products. Other
coarse resolution remote sensing products such as satellite-
based soil moisture and land surface temperature can be
spatially and quantitatively evaluated if validation data are
available. Furthermore, the geostatistical simulation-based
approach can be applied to not only regularly shaped lat-
tice data such as remote sensing data, but also irregularly
shaped blocks with different sizes. When the shape of
the blocks are irregular, simulated fine resolution reference
fields can be easily upscaled using points discretizing the
blocks.

Despite the above advantage, however, it is difficult or
even impossible to quantitatively evaluate the quality or per-
formance of the proposed approach, because exhaustive
reference field values are usually unavailable. To enhance the
applicability of the spatial quality assessment framework pro-
posed in this study, we will consider the following aspects in
future work.



Journal of Sensors 13

The uncertainty attached to the reference field predic-
tion usually depends on both the number and the spatial
distribution of available validation data. Different geostatis-
tical simulation algorithms besides SGSIM can be applied
to generate synthetic reference realizations, depending on
statistical characteristics of validation data and availability of
covariates. For example, if the validation data have skewed or
censored distributions, nonparametric sequential indicator
simulation can be applied. In addition, if high resolution
covariates that are closely associated with the target attribute
are available exhaustively in the area of interest, multivariate
kriging algorithms such as cokriging and simple kriging with
local means [25] can be used for local ccdf modeling, and the
uncertainty of the reference field prediction may be reduced.
For example, land-cover types, elevation, and vegetation
index can be integrated with sparse ground observation data
during local ccdf modeling. Thus, more research is needed to
tease out the effects of characteristics of validation data on
error statistics and the potential of using covariates for the
reference field prediction.

In this study, upscaling was done through the equal-
weighted average of the simulated fine resolution reference
fields, under the assumption that coarse resolution data
are linear averages of fine resolution data. However, this
assumption may be unrealistic for certain attributes with
varying degrees of reliability in space. Nonlinear and unequal
weighting functions can be applied to upscaling and their
applications may yield different error estimates at coarse
resolution pixels. Thus, it is necessary to evaluate the impact
of different upscaling schemes on spatial quality assessment
results. In addition, we will also investigate the impact of the
correlation among multiple realizations on the quality assess-
ment procedure, as well as the possibility of quantitatively
separating the two error terms (i.e., coarse resolution remote
sensing products and uncertainty of reference fields).

5. Conclusion

A geostatistical spatial quality assessment framework based
on geostatistical simulation and change of support has been
presented in this paper. The framework can account for (a)
the uncertainty of the reference map generated from valida-
tion data and (b) the spatial resolution difference between
coarse resolution remote sensing products and validation
data. The main novelty of the proposed framework lies in
its ability to furnish the spatial distribution of error statistics
that is useful for subsequent sampling design efforts, unlike
conventional evaluation procedures that fail to consider the
uncertainty of reference maps and provide location-invariant
global error statistics information only.

From an experiment with monthly TRMM precipitation
and AWS data over South Korea, we could pinpoint the
areas or pixels in which overestimation was dominant and/or
large errors were observed. By using the relative magnitude
of errors, we also extracted pixels with large errors with
respect to synthetic reference precipitation fields, implying
less reliability of those pixels.

To extend the applicability of the geostatistical spatial
quality assessment framework presented in this study, further

issues such as the impact of uncertainty attached to the refer-
ence field prediction on error statistics, as well as application
to other coarse resolution satellite-based products, will be
investigated in future work.
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As the airbag of a flexible robot is affected by external environmental factors during the profiling process, there are many
uncertainties in the process of deformation of the airbag. For this reason, the general nonlinear control strategy cannot obtain
an accurate data model. In this paper, a flexible robot profiling MFA (Model-Free Adaptive) model based on adaptive predictive
dynamic linear optimization is proposed. Firstly, the real-time thickness of the airbag is obtained through edge detection by
using the image processing algorithm. Secondly, the airbag aerodynamic model is constructed by visual servo control strategy.
Then, a nonlinear control system based on model-free adaptive control is established. Thirdly, the weighting factor is used to
limit the variation range of the input quantity, and the deviation of the actual value and the expected value is corrected by the
adaptive predictionmechanism. Finally, the servo control the airbag is completed.The experimental results show that the improved
model proposed in this paper solves the overshoot phenomenon of the standard control model with less control error and higher
robustness.

1. Introduction

In the profiling process of flexible robots, the profiling effect
can be affected by external temperature, atmospheric pres-
sure, airbag fabric material, and mutual extrusion degree [1–
4]. In view of its nonlinear characteristics, the most com-
monly used control is PID control, but there is still a problem
of low control accuracy. With the continuous development
of computer vision technology, visual feedback servo control
technology is used by more and more experts and scholars
to control nonlinear systems with its characteristics of fast
response, stability, and robustness [5–8].

Experts and scholars at home and abroad have already
had some researches on robot profiling control. In [9], a flexi-
ble robot control method based on cross-section deformation
is studied. Different cross-sections are established by inertia
matrix and calculus to control the end-effector of the flexible
robot. In [10], a profiling control method based on model
prediction is proposed. The dynamic filter is used to correct
the profiling precision, and the interpolation operation is
used to ensure the stability and feasibility. In [11], a flexible
robot control strategy based on STIFF-FLOP is introduced.

The objective function is used for weighted learning, and
the strategy is optimized in the strategy parameter space.
In [12], a stochastic optimal control method for high-order
cost statistics is proposed. For the setting of the factors with
nonlinear dynamics and multiple uncertainties, the solution
of a local optimal risk sensitivity and cost accumulation is
introduced. In [13], a flexible robot facial profiling control
strategy based on visual feedback interaction is designed.
The artificial neural network (ANN) and Kinect sensor are
used to identify the face, and the contour of the facial detail
is controlled by the actuator. In [14], a genetic algorithm-
based robot profiling controlmethod is proposed.Thegenetic
algorithm is used to find the angle mapping transformation
matrix of a robot end effector and define the position and
movable range of each actuator to realize profiling control.
In [15], a new method for real-time robot profiling control
is introduced. The Kinect vision sensor is used to collect
the real-time status of the robot’s profiling, and the inertial
sensor is used to real-time control the robot’s end effector.
Reference [16] proposed a multiballoon visual servo control
scheme, which directly controls the change of the target shape
through the PID strategy and can provide higher control

Hindawi
Journal of Sensors
Volume 2019, Article ID 6739643, 9 pages
https://doi.org/10.1155/2019/6739643

http://orcid.org/0000-0003-1641-9327
http://orcid.org/0000-0002-1340-398X
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1155/2019/6739643


2 Journal of Sensors

Target
pressure

Pressure Transmitters

Proportional control

Integral gain

Differential limit

Airbag
Actual

pressure

Figure 1: Incremental PID control strategy.

40

35

30

25

20

15

10

5

0

W

0 10 20 30 40 50 60 70

t

Figure 2: Simulation of incremental PID control.

precision than the traditional control scheme with intrabag
air feedback. In [17], a robotic profiling control strategy
based on steady-state genetic algorithm is proposed. The
shape of the robot is measured by a 3D image sensor. The
selection, variation, and evolution of the crossover operator
are performed by the steady-state genetic algorithm (SSGA).
Then, the deformation process performs adaptive search
iterations to improve control accuracy.

The above methods and models are only applicable to the
end effector of the flexible robot. Since the charge and dis-
charge control of the flexible airbag robot has the character-
istics of nonlinearity and uncertainty, the above-mentioned
method cannot be applied to the control environment of the
airbag flexible robot. For the quantitative control of nonlinear
systems, model-free adaptive control is a suitable method,
but there are few studies on this area. In [16], MFA model
is introduced based on PID control algorithm. Yet there is
still overshoot in the control of airbag inflation process, which
reduces the control accuracy. Therefore, this paper proposes
a flexible robot profiling MFA model based on adaptive
predictive dynamic linear optimization, which can realize
the real-time control of airbag charging and discharging
deformation profiling of flexible robot.

2. Incremental PID Control Analysis

At present, the commonly used flexible robot airbag control
method is incremental PID control [18, 19]. According to
the relationship between the air intake volume and the air
pressure inside the airbag, also the relationship between the

air pressure inside the airbag and the airbag volume, a neg-
ative feedback closed loop system is constructed. In order to
improve the accuracy, the airbag pressure and volume devi-
ation are continuously detected through the proportional
control link.

In the airbag inflation control, the general PID control
algorithm will have steady-state deviation under steady-
state conditions. Therefore, in order to avoid this problem,
the incremental PID control algorithm optimizes the low-
frequency gain through the integral link, and limits the con-
trol by the predicted value of the error differential. Thus, the
deviation under steady-state condition can be reduced. The
airbag control method based on incremental PID control is
shown in Figure 1.

The simulation of the above mentioned method is shown
in Figure 2.

Where, the x-coordinate is time and the y-coordinate is
pressure (cmHg) in the air bag.

It can be seen from the simulation results that the
incremental PID control method has a certain amount of
overshoot, and certain fluctuations will occur in the set value
interval, which will greatly increase the workload of the valve
during gas charging and discharging process and reduce the
system life.

3. Airbag Aerodynamic Model Based on
Visual Servo Control

In order to improve the deformation accuracy of the airbag,
this paper adopts the visual servo control system [20–22]



Journal of Sensors 3

Initial state of inflation

Shape variable

Airbag

Inflated com
pletion status

Figure 3: The deformation process of airbag inflation.

Figure 4: Edge detection result of the Roberts operator.

to retrieve the real-time information of the thickness of the
flexible robot airbag. The deformation process of the airbag
inflation is show in Figure 3.

In this paper, the Roberts operator is used for edge detec-
tion [23–25]. Let the grayscale of the image on the coordinate(𝑥, 𝑦) be 𝑓(𝑥, 𝑦), then, the spatial 1st-order differential is as
follows:

∇𝑓 (𝑥, 𝑦) = 𝜕𝑓 (𝑥, 𝑦)
𝜕𝑥 𝑛𝑥 + 𝜕𝑓 (𝑥, 𝑦)

𝜕𝑦 𝑛𝑦 (1)

where the unit vector in the directions of 𝑥, 𝑦 is 𝑛𝑥, 𝑛𝑦,
respectively.

By differentially expressing 𝑥, 𝑦, the edge intensity value
can be obtained:

∇𝑓 (𝑥, 𝑦) = √𝑓2𝑥 (𝑥, 𝑦) + 𝑓2𝑦 (𝑥, 𝑦) (2)

And the edge detection result of the Roberts operator
(Figure 4) is shown in

𝐺(𝑥, 𝑦) = √[𝑓 (𝑥 + 1, 𝑦 + 1) + 𝑓 (𝑥, 𝑦) + 𝛿]2 + [𝑓 (𝑥 + 1, 𝑦) + 𝑓 (𝑥, 𝑦 + 1) + 𝛿]2 (3)

where (𝑥, 𝑦) is the pixel coordinate value in the image
and 𝑓(𝑥, 𝑦) is the gray value of the pixel point, 𝐺(𝑥, 𝑦) is the
edge detection strength, and 𝛿 is the modified value of gasbag
morphology change.

Through the result obtained by the Roberts operator, the
position of the airbag can be known. When the center point
of the airbag remains unchanged, the distance between the

edge value with the maximum distance from the center point
and the center point is the real-time thickness value of the
airbag.

The real-time thickness value of the airbag obtained above
is used as a basis for the control of charging and discharging
process to construct airbag aerodynamic model based on
visual servo control, which is shown in Figure 5.
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Thus, the airbag aerodynamic model based on visual
servo control can be expressed as follows:

𝑦 (𝑘 + 1) = 𝑦 (𝑘) + 𝜂 (𝑘) (4)

where 𝑦(𝑘 + 1) is the output pressure value, 𝑘 is the real-
time airbag thickness value obtained byRoberts operator, and𝜂(𝑘) is the deviation from the expected thickness value.

4. Dynamic Linear Model-Free Control of
Adaptive Prediction

Due to changes in external temperature, atmospheric pres-
sure, airbag fabric material, and mutual extrusion degree,
the deformation of the airbag will be affected. Therefore,
the above model has strong nonlinearity, and it must be
quantized to achieve best control. In order to overcome the
shortcomings of the incremental PID control algorithmmen-
tioned above, this paper introduces the Model-Free Adaptive
(MFA)method to control the charging and discharging of the
airbag.

4.1. Dynamic Linearization of MFA Model. According to the
airbag aerodynamic model based on visual servo control,
a nonlinear control system based on model-free adaptive
control is constructed, which is shown in

𝑦 (𝑡 + 1)
= 𝑓 (𝑦 (𝑡) , . . . , 𝑦 (𝑡 − 𝑛𝑦) , 𝑒 (𝑡) , . . . , 𝑢 (𝑡 − 𝑛𝑢)) (5)

where 𝑦(𝑡), 𝑒(𝑘) expresses the output and input of the system
pressure at time 𝑡, respectively. 𝑛𝑦, 𝑛𝑢 is unknown order of
the system, respectively, and 𝑓(⋅) is nonlinear function with
unknown airbag parameters.

If the above nonlinear control system meets |Δ𝑦(𝑡 + 1)| ≤𝑎|Δ𝑒(𝑡)|, and Δ𝑒(𝑡) ̸= 0, the following can be obtained
according to Cauchy’s mean value theorem of differential:

Δ𝑦 (𝑡 + 1) = 𝜕𝑓
𝜕𝑒 (𝑡)Δ𝑒 (𝑡) + 𝑓 (6)

where 𝜕𝑓/𝜕𝑒(𝑡) is the partial derivative on 𝑛𝑦 variables of
nonlinear function 𝑓(⋅).

Then, the result of dynamic linearization can be shown in

Δ𝑦 (𝑡 + 1) = 𝜑 (𝑡) Δ𝑒 (𝑡) (7)

where 𝜑(𝑡) is pseudo gradient vector.
In order to control the dynamic linearization of the

nonlinear system of formula (7) within a reasonable range,Δ𝑒(𝑡) must be limited.
Assuming the output value of the airbag pressure at any

time 𝑡 is 𝑦∗(𝑡). In order to approach the expected value as
close as possible, it is necessary to obtain the optimal Δ𝑒(𝑡)
and limit its range, so as to avoid the system instability caused
by excessive input value.

Therefore, a quadratic index function is introduced.

𝐽 (Δ𝑒 (𝑡)) = 𝑦∗ (𝑡 + 1) − 𝑦 (𝑡 + 1)2
+ 𝜆 ‖𝑒 (𝑡) − 𝑒 (𝑡 − 1)‖2 (8)

where 𝜆 is the weighting factor; it can control the range ofΔ𝑒(𝑡); the smaller is the weighting factor, the less restriction
is on Δ𝑒(𝑡), which can cause the system to oscillate. Thus,
formula (7) can be changed to the following:

𝑦 (𝑡 + 1) = 𝑦 (𝑡) + 𝜑 (𝑡) Δ𝑒 (𝑡) (9)

Put (9) into (8), and partial derivative can be obtained:

𝜕𝐽 (Δ𝑒 (𝑡))
𝜕 (Δ𝑒 (𝑡)) = 2 (𝜑 (𝑡) + 𝜆) Δ𝑒 (𝑡)

− 2𝜑 (𝑡) (𝑦∗ (𝑡 + 1) − 𝑦 (𝑡))
(10)

If the above formula is equal to 0, the variation of Δ𝑒(𝑡) is
Δ𝑒 (𝑡) = 𝜑 (𝑡) (𝑦∗ (𝑡 + 1) − 𝑦 (𝑡))

𝜆 + 𝜑 (𝑡) (11)

4.2. Control Model Optimization Based on Adaptive Predic-
tion. On the basis of dynamic linearization, this paper also
uses adaptive prediction mechanism to improve it. Let 𝑦∗(𝑡)
be the expected output value at time 𝑡 of the system, and let𝜎(𝑡) be the deviation between the expected output value and
the actual value at time 𝑡.

Then, the following holds:

𝜎 (𝑘 + 1) = 𝑦∗ (𝑘 + 1) − 𝑦 (𝑘 + 1) (12)

If Δ𝑦(𝑡 + 1) = 𝜑(𝑡)Δ𝜎(𝑡), we can obtain

Δ𝜎 (𝑡) = Δ𝑦∗ (𝑡 + 1) − 𝜑 (𝑡) Δ𝑒 (𝑡) (13)

where Δ𝑦∗(𝑡 + 1) is the difference between output values at
adjacent times.

Set sampling time as 𝑇; in this sampling time, the sum of
deviations before time 𝑡 is 𝛾; then, the following is established:

[𝛾 (𝑡 + 1)
𝜎 (𝑡 + 1)] = [1 𝑇

0 1][𝛾 (𝑡)
𝜎 (𝑡)] + [ 0

−𝜑 (𝑡)]Δ𝑒 (𝑡)

+ [01]Δ𝑦∗ (𝑡 + 1)
(14)
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Through the statistics and prediction of the deviation𝜎(𝑡), the error is corrected and neutralized; finally the control
accuracy is improved.

Then, control input criterion function is optimized, and
the following can be obtained:

𝐽 = 𝑁∑
𝛼=1

(𝑦 (𝑡 + 𝛼) − 𝑦∗ (𝑡 + 𝛼))2 + 𝜆
𝑁𝜇−1∑
𝛽=0

Δ𝑒2 (𝑡 + 𝛽) (15)

where 𝑦∗(𝑡 + 𝛼) is the expected output value of the system at
time 𝑡 + 𝛼, and 𝑦(𝑡 + 𝛼) is the actual output at time 𝑡 + 𝛼, 𝜆 is
weighting factor.

Let 𝑌∗𝑁(𝑡 + 1) = [𝑦∗(𝑡 + 1), 𝑦∗(𝑡 + 2), . . . , 𝑦∗(𝑡 + 𝑁)]𝑇; the
vector form of (15) can be expressed as

𝐽
= [𝑌∗𝑁 (𝑡 + 1) − 𝑌∗𝑁 (𝑡 + 1)]𝑇 [𝑌𝑁 (𝑡 + 1) − 𝑌∗𝑁 (𝑡 + 1)]

+ 𝜆Δ𝑅𝑇𝑁𝜇 (𝑡) Δ𝑅𝑁𝜇 (𝑡)
(16)

where Δ𝑅𝑁(𝑡) is the control input vector of the system; this
can be calculated as follows:

Δ𝑅𝑁 (𝑡) = [Δ𝑒 (𝑡) , Δ𝑒 (𝑡 + 1) , . . . , Δ𝑒 (𝑡 + 𝑁 − 1)]𝑇 (17)

By calculating the extremum of Δ𝑅𝑁(𝑡), the control
quantity of the current time can be obtained:

𝑒 (𝑡) = 𝑒 (𝑡 − 1) + 𝑔𝑇Δ𝑅𝑁𝜇 (𝑡) (18)

where 𝑔𝑇 = [1, 0, . . . , 0]𝑇.
4.3. Dynamic Linear Model-Free Control of Adaptive Predic-
tion. The implementation steps of the adaptive predictive
dynamic linear model-free control strategy proposed in this
paper are as follows.

Step 1. The image of the airbag is gained, and edge detection is
carried out by Roberts operator; then, the real-time thickness
of the airbag is obtained.

Step 2. The parameters of the airbag aerodynamic model are
initialized, and the threshold range of the error is set.

Step 3. Limit the range of control input by 𝜆(𝑒(𝑡) − 𝑒(𝑡 − 1))2.
Step 4. Thedeviation 𝜎(𝑡) between the expected output value
and the actual value at time 𝑡 is calculated.
Step 5. The sum 𝛾 of the deviations before the time 𝑡 is
calculated; then, statistics and prediction of deviation𝜎(𝑡) can
be made.

Step 6. By using the predicted value of the deviation, the
control input value 𝑒(𝑡) at this moment can be obtained.

Step 7. Thepredicted output value 𝑦(𝑘+1) can be obtained by
inputting the control input value 𝑒(𝑡) obtained at Step 6 into
the airbag aerodynamic model.
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Figure 6: The output result of linear system.
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Figure 7: Simulation result of model-free adaptive control model
with dynamic linearization.

Step 8. The airbag real-time thickness value gained at Step 1
is compared with the predicted output value 𝑦(𝑘 + 1); the
deviation 𝜎(𝑡) can be obtained.

Step 9. Repeat until the deviation is less than the set thresh-
old.

5. Simulations and Analysis

5.1. Dynamic Linearization Model Simulation. A model-free
adaptive control model with dynamic linearization is con-
structed and simulated by a linear system and a nonlinear
system. The linear system is shown in (19) and the output
curve is displayed in Figure 6.

𝑦 (𝑘 + 1) = {{{
0.02𝑦 (𝑘 − 30) + 0.15𝑢 (𝑘 − 8

15)−0.2𝑦 (3𝑘 − 5) + 0.04𝑢 (𝑘 − 2) (19)

where 𝑢 and 𝑘 are parameter variables of the linear
system.𝑦 is the expected target value and in the figure is the
ordinate value (the same as in Figure 7).
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Figure 8: The output result of nonlinear time-varying system.
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Figure 9: Simulation result of model-free adaptive control model with dynamic linearization.

The simulation results of model-free adaptive control
model with dynamic linearization are shown in Figure 7.

As can be seen from Figures 6 and 7, for this linear
system, the model-free adaptive control model with dynamic

linearization has better control accuracy and smaller devia-
tion from the expected value.

The nonlinear time-varying system is shown in (20), and
the output curve is displayed in Figure 8.

𝑦 (𝑘 + 1) =
{{{{{{{

𝑦 (𝑘)
1 + 𝑦2 (𝑘) + 𝑢3 (𝑘) , 𝑘 ≤ 500
𝑦 (𝑘) 𝑦 (𝑘 − 1) 𝑦 (𝑘 − 2) 𝑢 (𝑘 − 1) (𝑦 (𝑘 − 2) − 1) + 𝑎 (𝑘) 𝑢 (𝑘)

1 + 𝑦2 (𝑘 − 1) + 𝑦2 (𝑘 − 2)
(20)

where, 𝑢 and 𝑘 are parameter variables of the nonlinear
system.𝑦 is the expected target value and in the figure is the
ordinate value (the same as in Figure 9).

The simulation results of model-free adaptive control
model with dynamic linearization are shown in Figure 9.

By comparing Figures 8 and 9, it can be found that the
model-free adaptive control model with dynamic lineariza-
tion has a good control effect on the nonlinear time-varying

system. The output of the system varies with the expected
output, and the deviation is small.

5.2. Adaptive Prediction Model Simulation. Although the
model-free adaptive control model with dynamic lineariza-
tion has better control effect from the above simulation
results, its accuracy needs to be improved. Therefore, this
paper carries out adaptive predictive optimization and imple-
ments modeling towards the established adaptive predictive
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Figure 10: Output result of simulation.

0.08

0.07

0.06

0.05

0.04

0.03

0.02

0.01

0

t
0 500 1000 1500 2000 2500 3000 3500

=6

Figure 11: Relative control error.

dynamic linear model-free control method and simulates in
the above-mentioned nonlinear system.

In this paper, since 𝜆(𝑒(𝑡) − 𝑒(𝑡 − 1))2 is used to limit the
range of control output value, the simulation comparison of
different weighting factors 𝜆 is carried out.

When 𝜆 = 2, the simulation results are shown in Figures
12 and 13.

From the simulation results of Figures 10–13, it can be
seen that the adaptive predictive dynamic linear model-
free control method proposed in this paper has a good
approximation effect on the set expected output value, and
the error is small, which shows that its theory is feasible.

5.3. Flexible Robot Bag Deformation Control Simulation. A
spherical balloon of flexible robot with diameter of 30cm
and permeability coefficient of 0.008 is used to construct
a charging and discharging control model. The airbag is
controlled by the adaptive predictive dynamic linear model-
free control model built above, where the input value is the
air intake and the output value is the thickness of the airbag.

When 𝜆 = 2, the effect of model-free adaptive control is
shown in Figures 14 and 15. When 𝜆 = 6, the effect of model-
free adaptive control is shown in Figures 16 and 17.
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Figure 12: Output result of simulation.
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Figure 13: Relative control error.
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Figure 14: The airbag control output result.

In the figure, green is the standard model-free adaptive
control algorithm and yellow is the adaptive predictive
dynamic linear model-free control method proposed in this
paper.

From Figures 14–17, it can be seen that, compared
with the standard model-free adaptive control algorithm,
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Figure 15: Airbag control relative error.
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Figure 16: Airbag control output result.

the improved algorithm proposed in this paper has higher
control accuracy, and the weight factor 𝜆 plays a certain role
in restricting the control of the airbag. And when 𝜆 = 2, the
control error is smaller.

6. Conclusions

For the multiballoon flexible robot profiling system, it is
difficult to achieve good control in complex environment by
using air pressure parameters as feedback control method.
However, visual servo controlmethod can directly control the
change of target shape, and the control effect is better. In the
aspect of control algorithm, the design ofmodel-free adaptive
controller does not depend on the precise mathematical
model of the controlled system. The algorithm has fewer
adjustable parameters and is compatible with different sys-
tems. In order to solve the problems existing in the control of
the airbag charging and discharging process, a flexible robot
airbag profiling control model based on adaptive predictive
dynamic linear optimization is proposed. Simulations show
that the proposed model is effective and the control error is
small.
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Figure 17: Airbag control relative error.
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The purpose of this research was to analyze the quality and characteristics of four digital elevation models (DEMs) generated
using in-track Korea Multi-Purpose Satellite (KOMPSAT)-3 stereo images. The sensor modeling methods were based on ground
control points (GCPs), the initial rational polynomial coefficients (RPCs), relative adjustment, and the automatic bias-compensation
method. The GCPs and check points (CPs) were extracted from the 0.25 m aerial orthoimage and the 5 m DEM provided by the
National Geographic Information Institute (NGII).TheDEMs had the same resolution as the referenceDEM (5m) and comparative
analysis was carried out. The results indicate that when relative adjustment was applied alone (DEM 3), the percentage of matched
points with a correlation of 0.8 or more was improved by at least 17% compared to the case where only initial RPCs were used
(DEM 2). Although the absolute horizontal position error of DEM 3 could not be eliminated, the relative elevation error at the
same position was reduced significantly. Therefore, if the relative positions of DEMs produced at different times can be corrected,
they can be used for the detection of changes in altitude.When applying the automatic bias-compensationmethod (DEM4)without
GCPs, the percentage of matched points with a correlation of 0.8 or more was 70.1%.When GCPs were used (DEM 1), the value was
70.2%, i.e., almost identical to that of DEM 4.Themean difference in resolution among DEMs 1 and 4 was -1.8 ± 3.4 m (median, -1.0
m). The results show that DEMs of sufficient quality can be generated without GCPs. Furthermore, although discrepancies among
the DEMs were noted in forest and shadow areas, it is possible to produce a 5∼10 m resolution DEM by using additional image
processing techniques, such as shadow removal.

1. Introduction

The Korea Multi-Purpose Satellite (KOMPSAT)-3 is a high-
resolution optical satellite that was launched in May 2012.
The panchromatic imagery provided by KOMPSAT-3 has a
spatial resolution of 0.7 m and a swath width of around 16.8
km. Also, KOMPSAT-3 can acquire stereo images not only
in cross-track form, but also in in-track form. Since the in-
track stereo images acquire the area of interest (AOI) almost
simultaneously, the geometry and radiometric conditions for
DEM generation are very stable. Thus, by minimizing stereo
matching error, a higher-quality digital elevation model
(DEM) generation can be derived [1].

The DEM is essential in the field of remote sensing,
and for acquiring geospatial information, and is typically
generated based on stereo optical satellite imagery, radar
interferometry, and laser scanning [2]. The global-scale

Shuttle Radio TopographyMission (SRTM; radar), Advanced
Spaceborne Thermal Emission and Reflection Radiometer
(ASTER; optic), and Advanced Land Observing Satellite
(ALOS; optic) DEMs, with 30 m resolution, are freely avail-
able. Multitemporal DEMs can provide valuable information
for the study of dynamic phenomena, such as landslides and
urban change [3]. This study aims to explore the poten-
tial utility of KOMPSAT-3 in-track stereo images for the
generation of multitemporal DEMs. The availability of pre-
and postevent DEMs can provide valuable information for
studying dynamic phenomena.

The accuracy of DEMs generated using stereo images is
largely dependent on two factors [4], the first of which is
the accuracy of the sensor modeling. Typically, the bundle
adjustment method of rational function models (RFMs) is
used to establish the relationship between a satellite’s image
coordinates and the ground coordinates [5]. Second, DEM
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Figure 1: Korea Multi-Purpose Satellite (KOMPSAT)-3 in-track stereo images: (a) forward image, (b) backward image.

accuracy depends on the stability of the stereo geometry.
It is known that the closer the stereo geometry is to an
isosceles triangle, the more accurate the three-dimensional
(3D) positioning data is. To date, several studies have focused
on the accuracy of sensor modeling. Oh et al. [6] analyzed
the 3D positioning accuracy of KOMPSAT-2’s stereo images
with RFMs and found that, when using ground control points
(GCPs), it could achieve horizontal and vertical accuracy of
two or less pixels. Additionally, Lee et al. [7] predicted that
errors in KOMPSAT-3 sensor modeling will not exceed 3 m,
evenwhen only oneGCP is used. Furthermore, Oh et al. [8, 9]
introduced an automatic bias-compensation method for the
KOMPSAT series; when using the SRTM DEM as reference
data, it achieved a sensor modeling accuracy of 10 m or less
in the X, Y, and Z directions. Studies aimed at establishing the
stability of stereo geometry have also been carried out: Jeong
[4] analyzed the compatibility of stereo geometry data with
the 3D positioning data of a stereo image pair, as generated
by the same and different types of satellites, and showed that
when the stereo geometry is unstable, the accuracy of 3D
positioning accuracy of the stereo image pairmay be reduced.

In this study, we compared the accuracy of four DEMs
which were generated by four difference methods. First,
we analyzed the stereo geometry of various KOMPSAT-3
in-track stereo images. Among them, stereo images with
stably determined stereo geometry were selected for this
study. Four DEMs were generated using GCP-based bundle
adjustment, initial RPCs, relative adjustment, and automatic
bias-compensation method. The accuracy of the generated
DEMs was assessed by comparison with check points (CPs)
and the National Geographic Information Institute (NGII)
DEM.The GCPs and CPs were acquired using a combination
of the NGII aerial orthoimage and the NGII DEM. The
structure of this paper is as follows: in Section 2, we will
discuss the reference data and study area. In Section 3, wewill
describe the methods used and the results. In Section 4, we

will compare and assess the accuracy of generated DEMs by
comparison to the NGII DEM (reference DEM). Finally, we
will present conclusions in Section 5.

2. Study Area and Test Data

2.1. Study Area and KOMPSAT-3 Stereo Images. In this
study, we used KOMPSAT-3 stereo images of Suncheon City,
South Korea. The images were acquired between 13:32 and
13:34 PM (local time) on February 25, 2013; there was one
forward and one backward image per pair (Figure 1). The
data were acquired with single pass stereo imaging mode.
The image product is a level 1R image, which was subjected
to radiometric, but not geometric correction. The acquired
image contained plains, lakes, mountains, and man-made
structures, such as buildings, roads, and bridges.

Stereo geometry is determined by the location and atti-
tude angle (roll, pitch, and yaw) of the satellite. The altitudes
at which the stereo images were acquired were almost the
same, at 699.6 and 699.3 km for the forward and backward
images, respectively. The in-track forward and backward
images have pitch angles of 14.2∘ and 13.8∘, respectively. The
spatial resolution is 0.7 m in the column direction and 0.8 m
in the line direction, and the resolution of the latter is slightly
lower.The satellite’s altitude, altitude angle, and azimuth angle
are used to calculate the stereo geometry, which affects the
accuracy of the 3D positioning.

Figure 2 presents the ground point, satellite position
vectors (left and right rays), and baseline, which together
form the epipolar plane. The stability of the stereo geometry
is determined by the epipolar plane. In other words, it is
known that the accuracy of the three-dimensional position
information increases with the stereo pair as it is closer
to the shape of the isosceles triangle. It is known that the
accuracy of 3D positioning information is enhanced by
acquiring stereo images having epipolar plane close to an
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Figure 2: Stereo geometry.

Table 1: Specification of the KOMPSAT-3 in-track stereo image pair.

Characteristics Forward Backward
Product level 1R

Acquisition time (UTC) 13:32:55 (local time),
February 25, 2013

13:34:47 (local time),
February 25, 2013

Satellite altitude (km) 699.9 699.3
Roll/pitch/yaw angle (deg.) 5.0/-14.2/-3.4 6.6/13.8/-3.0
Elevation angle (deg.) 73.5 72.8
Azimuth angle (deg.) 8.9 144.9
Pan image GSD (col./row) 0.7/0.8 0.7/0.8
Pan image size (col/row) 24060/20668 24060/20792
Image center coordinate
(lat./long/)

34.945310730/
127.470499034

34.947856143/
127.470747229

Orbit type Ascending orbit
GSD, ground sample distance

isosceles triangle [10]. Typical stereo geometry parameters are
the base-height (B/H) ratio, convergence angle, asymmetry
angle, bisector elevation angle, and roll angle in the baseline
direction (Figure 2). The stereo geometry parameters are
shown in Figure 2 and Table 2, based on the information
presented in Table 1.The convergence anglemainly affects the
elevation precision; the convergence angles that are greater
than 30∘ considerably enhance elevation precision for a given
target. However, a convergence angle that is excessively large
may cause a large geometric difference between the stereo
images, thus lowering the stereo matching accuracy. The
stereo images have an azimuth angle difference of around
136∘; the forward and backward images form a stereo plane

according to the flight direction of the satellite. The satellites
are almost perpendicular to the ground surface, forming
a bisector elevation angle of 83.5∘ and an epipolar plane
(asymmetry angle, 0.3) close to an isosceles triangle.Thus, the
stereo geometry is optimal.

2.2. Reference Data. We used a 0.25 m NGII orthoimage
and a 5 m NGII DEM to evaluate the accuracy of sensor
modeling and DEM (Figures 3(a), and 3(b)). Four GCPs
and twelve CPs were obtained from the reference data and
stereo images (Figure 4); thesewere used to calibrate theRFM
model and evaluate the accuracy of the sensor modeling.
Additionally, an SRTM DEM (single-arc) in Figure 3(c) was
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Table 2: Stereo geometry parameters.

Characteristics Parameter Stable
B/H ratio 0.6 0.6-1.0
Convergence angle (deg.) 31.2 ≥30 (deg.)
Asymmetry angle (deg.) 0.3 ≤10 (deg.)
Bisector elevation angle (deg.) 83.5 ≥70 (deg.)
Roll angle (baseline direction) (deg.) 0.1 ≤10 (deg.)
B/H, base-height
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Figure 3: Reference data for (a) the National Geographic Information Institute (NGII) digital elevation model (DEM), (b) the NGII
orthoimage, and (c) the Shuttle Radio Topography Mission (SRTM) DEM (single-arc).

CPs(12)

N

TPs(100)

Figure 4: Distribution of ground control points (GCPs), check
points (CPs) and tie points (TPs).

used for automated bias-compensation method [8]. In 2014,
NGII tested the accuracy of the height data of their SRTM
DEM and NGII DEM for the entire area of South Korea
(Table 3). For the NGII DEM, the maximum and minimum

height errors were -23.6 and 0 m, respectively. The mean,
standard deviation, and mean square error were -0.7, 4.8,
and 4.9 m, respectively. For the SRTM DEM, the maximum
and minimum height errors were -21.4 and 0 m, respectively,
and the mean, standard deviation, and mean square error
were -3.0, 4.3, and 5.2 m, respectively. The mean root mean
square error (RMSE) and standard deviation for both DEMs
were less than 5 m. The maximum error of the NGII DEM
was approximately 2 m larger than that of the SRTM DEM.
However, the average error of the SRTM DEM was around
four times higher than that of the NGII DEM.

Additionally, 100 tie points (TPs) were automatically
extracted; these are used for data adjustment in the automatic
bias-compensation method (Figure 4). Based on the cor-
rectedRFMmodel,DEMswith 5m resolutionwere generated
and compared to the reference DEM.

3. Method

The KOMPSAT-3 level 1R in-track stereo images were used
to generate the DEMs in this study. Image-matching was
performed using the pan band. The grid size was 5 m, in
accordance with the ground sample distance (GSD) of the
reference DEM.The RPCs were used to transform the images
and geographic (lat./long.) coordinates [11]. The RPCs are
supplied with each image so that image coordinates can be
derived using (1) and (2), where Xn, Yn, and Zn are the
normalized longitude, latitude, and height of the ground
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Table 3: Reference data parameters (from the NGII [10]).

Reference data NGII DEM NGII orthoimage SRTM DEM (single-arc)
Projection Transverse Mercator

Spheroid datum GRS 1980
Central datum N 38∘0000, E 127∘0000

GSD (m) 5 0.25 30
Horizontal error (m) ≤10 ≤0.5 ≤12.6

Height error
RMSE (m) 4.9 - 5.2

Min/max (m) -23.6/0 - -21.4/0
Mean/SD (m) -0.7/4.8 - -3.0/4.3

GSD, ground sample distance; RMSE, rootmean square error; SD, standard deviation; NGII, National Geographic Information Institute; DEM, digital elevation
model; STRM, Shuttle Radio Topography Mission; GRS, Geodetic Reference System

KOMPSAT 3
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Stereo image
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RPC Relative Correction Automatic Bias 
Compensated Method 

RPC Affine 
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CP(12)

NGII Ortho 
Image (0.25m)
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GCP(4)

SRTM DEM
(30m)

Figure 5: Flowchart of the study.

coordinates, respectively; ln, and sn are the normalized line
(row) and sample (column) image coordinates, respectively;
and p1, p2, p3, and p4 are rational functions composed of a
numerator and denominator, having a 20-term cubic form. If
the left and right image coordinates of a given TPs are known
for a stereo image pair, the corresponding ground coordinates
can be calculated using the least-squares method via inverse
transformation:

𝑙
𝑛
=
𝑝1 (𝑋

𝑛
, 𝑌
𝑛
, 𝑍
𝑛
)

𝑝2 (𝑋
𝑛
, 𝑌
𝑛
, 𝑍
𝑛
)

(1)

𝑠
𝑛
=
𝑝3 (𝑋

𝑛
, 𝑌
𝑛
, 𝑍
𝑛
)

𝑝4 (𝑋
𝑛
, 𝑌
𝑛
, 𝑍
𝑛
)

(2)

However, there is typically a bias associated with the
RPCs, due to the limited accuracy of the satellite orientation
and ephemeris data; this bias must be compensated for so
that the stereo images will be correctly matched. The RPC
bias is usually corrected using GCPs. To correct the RPC bias,
image coordinates were extracted from the stereo images.The
ground coordinates of these points were estimated initially
based on the first-order RPC coefficients. The RPC bias and
ground position of the image points were then estimated
using the RPC affine correction [12].

Figure 5 shows the process by which the four DEMs in
this study were generated and their accuracy was evaluated.
In DEM 1, RCP affine correction was applied using four
GCPs. Through visual comparison of the stereo images with
the NGII orthoimage, the image coordinates and horizontal
coordinate were acquired for the CPs/GCPs. Additionally, the
altitude of the horizontal coordinate was extracted from the
NGII DEM. In DEM 2, the raw RPCs were used without
any correction. In DEM 3, relative correction was applied
[13]. Relative correction refers to the process wherein one
image is defined as the base image and the RPCs of the
overlapping images are then corrected with reference to
this base image. To correct the RPCs bias, TPs were first
automatically extracted using a hybridmatchingmethod [14].
For relative correction, the ground coordinates of TPs are
fixed at the values calculated using the raw RPCs. An RPC-
based affine correction was used to correct the coordinates
of the image calculated based on the raw RPCs, and the
ground coordinates were applied to the image coordinates of
the TPs. Finally, in DEM 4, the automatic bias-compensation
method was applied using 100 TPs from the SRTM DEM
and stereo images [6]. The initial ground coordinates of
the 100 TPs, which are estimated using initial RPCs, have
systematic errors. It may be assumed that these errors are
large in absolute terms, but relatively small; that is, while
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Table 4: Parameter values for image matching.

Stereo pair Parameter
Projection Transverse Mercator
Spheroid datum GRS 1980
Image band (num.) 1 (pan)
GSD (m) 5
Search size (pixel) 21 x 3
Correlation size (pixel) 7 x 7
Correlation threshold 0.7
GSD, ground sample distance; GRS, Geodetic Reference System

errors in the initial ground coordinates of TPs may be large,
the difference in error between adjacent TPs may be small.
Based on this assumption, the initial ground coordinates of
the TPs can be refined by matching the heights of the initial
ground coordinates with those of the DEM [8, 9]. Through
this process, the TPs are calibrated, in terms of their ground
position, and then used as virtual GCPs.

The corrected RPCs were generated using the process
applied inDEMs 1, 3, and 4.We also performed preprocessing
for stereo matching, via epipolar image generation, using
the corrected RPCs. Next, mass points were extracted via
stereo matching, and filtering for elimination of excess error
was performed to generate the DEM. For stereo matching,
a hybrid matching method combining cross-correlation and
least-squares matching was applied [14]. After sensor mod-
eling, the DEMs were generated via automatic processes,
with adjustment according to the parameter values presented
in Table 4. The stereo matching was restricted to 12 × 3
pixels along the epipolar line, and the final 5 m DEM was
created using the extracted mass points when the correlation
threshold of 0.7was exceeded.Thefinal accuracywas assessed
through comparison with the NGII DEM.

4. Results

4.1. Visual Analysis. Figure 6 compares the reference DEM
(NGII DEM) with generated DEMs in this study. Figure 6(a)
is the reference DEM, and Figure 6(b) is the DEM cre-
ated by RPC affine correction with four GCPs. Overall,
DEM 1 is not as smooth as the reference DEM, but it
well describes topographical features such as buildings and
forested areas. DEMs 2∼4 (Figures 6(c)–6(e)) were generated
without using GCPs. When the initial RPCs were used, DEM
2 showed a relatively poor performance in depicting some
of the topographical features (Figure 6(c)). However, after
relative correction had been performed, performance was
improved significantly (Figure 6(d)) because the y parallax
was minimized such that matching error was decreased
[13]. Additionally, the automatic bias-compensation method
applied in DEM 4 (Figure 6(c)) showed almost the same
results as those obtained by RPC affine correction for DEM
1 (Figure 6(b)). With the exception of DEM 2 (Figure 6(c)),
all DEMs (i.e., DEMs 1, 3, and 4) were similar to the reference
DEM.

However, there were slight differences between the gen-
erated and reference DEMs in terms of areas where artificial
or natural topographical features were distributed, such as
urban areas andmountain areas. First, these differences could
be due to differences in the methods used to generate DEMs
and the reference DEM. The reference DEM was produced
by interpolating contours from a digital topographic map of
1:5,000 scale while DEMs were produced based on ground
point clouds obtained via space intersection of stereo RPCs,
so that the object on the ground surface could be imaged
accurately. Weighted filtering is applied based on standard
deviation values to eliminate error; however, perfect removal
of error is unlikely (see the urban area (regionA) in Figure 6).
Second, matching error caused by differences in spectral
characteristics of the stereo images may have contributed
to the slight differences between generated DEMs and the
reference DEM. Particularly in mountainous areas with steep
slopes, and in urban areas where shadow can occur, even if an
accurate sensor modeling is used and stable stereo geometry
is applied, stereo matching error is possible. Such problems
can be seen in the expanded image in region B (i.e., the
forested area) of Figure 6. Figure 7 shows hill-shade in the
reference DEM and generated DEMs. Visual analysis showed
that DEMs 1, 3, and 4 captured the hill-shade with similar
accuracy to that of the reference DEM; however, generated
DEMs showed significantly more noise.

4.2. Quantitative Analysis. Table 5 presents the sensor mod-
eling accuracy of 12 CPs. In DEMs 2 and 3, the horizontal
and vertical accuracies were highly similar. The value of the
vertical accuracy parameter, the linear error at 90% (LE90),
was 2.2 m for DEM 1, and that of the horizontal accuracy
parameter, the circular error at 90% (CE90), was 1.0 m.
According to the resolution ofKOMPSAT-3, this is equivalent
to an error of around 1∼3 pixels, which likely corresponds to
the error in the reference NGII DEM and NGII orthoimage
(i.e., two or less pixels; see Table 3) from which the GCPs
and CPs data were extracted. The LE90 value for DEM 4 was
4.5 m, while that of CE90 was 8.9 m. Although these values
differed from those for DEM 1, DEM 4 showed an accuracy
at least 12 times greater than that before any correction was
applied.

Figure 8 shows the results of the mass points extraction,
using the initial and calibrated RPCs, for all of DEMs.
Correlations between the mass points were classified as
Excellent (0.85∼1.00), Good (0.7∼0.85), or Fair (0.5∼0.7).
DEMs 1 and 4 showed similar ‘Excellent’ correlation rates,
of 70.2% and 70.1%, respectively. When the initial RPCs
were used (DEM 1), only 51.8% of mass points showed an
‘Excellent’ correlation.However, when relative correctionwas
applied (DEM 2), this figure increased by approximately 18%,
to 69.5. The ‘Excellent’ and ‘Good’ mass points were used as
ground point clouds via space intersection of stereo RPCs.
These point cloudswere interpolated to 5m resolutionDEMs,
as shown in Figures 6 and 7.

The elevation differences between DEMs 1 to 4 and the
reference DEM are shown in Figure 9 and Table 6. When
the initial RPCs were used (DEM 2), the RMSE was 29.8 m
and the LE90 was 47.8 m; that is, around three times less
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Figure 6: Comparison of the DEMs: (a) the reference DEM, (b) DEM 1, (c) DEM 2, (d) DEM 3, and (e) DEM 4.

Table 5: Sensor Modeling Accuracy of check point data.

Parameter DEM 1 DEM 2 DEM 3 DEM 4

Vertical accuracy
Mean error ( Z coordinate) (m) -0.4 -8.9 -8.9 4.4

RMSE (Z coordinate) (m) 1.4 10.4 10.4 5.9
LE90 (m) 2.2 16.1 16.1 4.5

Horizontal accuracy

Mean error (X coordinate) (m) -0.1 67.3 67.3 6.1
RMSE (X coordinate) (m) 0.6 67.3 67.2 6.2

Mean error (Y coordinate) (m) -0.1 -93.2 -93.2 5.6
RMSE (Y coordinate) (m) 0.4 93.2 93.2 5.6

CE90 (m) 1.0 114.3 114.3 8.9
RMSE, root mean square; LE90, linear error at 90%; CE90, circular error at 90%
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Figure 7: Hill-shade DEMs: (a) the reference DEM, (b) DEM 1, (c) DEM 2, (d) DEM 3, and (e) DEM 4.

Table 6: Accuracy of generated DEMs in this study.

Parameter DEM 1 DEM 2 DEM 3 DEM 4

Vertical accuracy

Min error (m) -36.7 -128.7 -113.5 -37.3
Max error (m) 56.8 172.5 99.9 58.1
Mean Error (m) 2.2 15.4 -3.8 5.6

RMSE (m) 7.2 29.8 22.9 10.4
LE90 (m) 12.6 47.8 38.7 18.4

accurate than the CPs-based estimation (Table 5). For DEM
3, however, the RMSE was improved (22.9 m). It is likely that
the errors that occurred in the process of stereo matching
were associated with y parallax reduction. Nevertheless,
through this process, stereo matching errors were reduced
considerably. However, it should be noted that the horizontal
bias was not corrected (see Figure 9).

The RMSEs of DEMs 1 and 4 were 7.2 and 10.4 m,
respectively; the difference was smaller than that generated
by the CPs analysis. This is likely to have been because the
probability of horizontal error was diminished through the
creation of a 5 m DEM, which is 5 times lower than the
spatial resolution of KOMPSAT-3 images. It is likely that the
automatic bias-compensation method can be applied when
generating DEMs with a resolution of 10 m or less.

4.3. Comparative Analysis. We compared the elevation data
betweenDEM 1 andDEM4 (see colored area in Figure 10(a)).
Negative values indicate that DEM 4 overestimated the
elevation relative to the DEM 1. Figure 10(b) shows the areas
where there are outliers in elevation differences between
DEM 1 and DEM 4.

Since the reference DEM and generated DEMs were
generated using different methods, comparison of error
sources and model characteristics is difficult. The purpose
of this study was to determine the possible utility of DEMs
generated using various sensor modeling techniques. Com-
parison among the DEMs produced using common sensor
modeling techniques (as in DEM 1) and those based on the
automatic bias-compensation method is important. It should
be noted that the majority of the study area is covered with



Journal of Sensors 9

0 5 10

Kilometers
Excellent (1-0.85) : 70.2%
Good (0.85-0.70) : 27.2%
Fair (0.70-0.5) : 2.6%

235000E 240000E 245000E 250000E
27
00

00
N

26
00

00
N

26
5 0

00
N

25
50

00
N

(a)

0 5 10

Kilometers
Excellent (1-0.85) : 51.8%
Good (0.85-0.70) : 32.9%
Fair (0.70-0.5) : 15.4%

235000E 240000E 245000E 250000E

27
00

00
N

26
00

00
N

26
50

00
N

25
50

00
N

(b)

Excellent (1-0.85) : 69.5%
Good (0.85-0.70) : 27.5%
Fair (0.70-0.5) : 3.0%

235000E 240000E 245000E 250000E

27
00

00
N

26
00

00
N

26
50

00
N

25
50

00
N

0 5 10

Kilometers

(c)

0 5 10

Kilometers

Excellent (1-0.85) : 70.1%
Good (0.85-0.70) : 27.3%
Fair (0.70-0.5) : 2.6%

235000E 240000E 245000E 250000E

27
00

00
N

26
00

00
N

26
50

00
N

25
5 0

00
N

(d)

Figure 8: Mass points extraction results: (a) DEM 1, (b) DEM 2, (c) DEM 3, and (d) DEM 4.

forest and, although accurate sensor modeling was achieved,
several errors were also present. It is recommended that
elevation differences among DEMs be compared over parts
of the AOI more likely to be stable, i.e., nonforested areas.
For this purpose, AOI DEMs were generated to address an
area of around 10 km2 on the east side of the study area,

characterized by few shadows and forest cover. The median
elevation difference between AOI DEM 1 and AOI DEM 4
was -1.0 ± 3.4 m (Figure 10(a)).

In the case of mountainous regions, there are several
factors that may lead to errors in stereo image matching,
including shaded areas that differ by image acquisition time
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Figure 9: Elevation differences between the reference DEM and (a) DEM 1, (b) DEM 2, (c) DEM 3, and (d) DEM 4.

and direction and the reflection of trees. Accordingly, the
mountainous region of the study area generally showed an
altitude difference of -5 m to -10 m among the AOI DEMs
(Figure 10). In most other areas, accuracy was generally
within± 5m; however, discrepancies did occur in someurban
areas that includedman-made structures. Figure 10(b) shows
an enlarged image of one such area. Figures 10(c) and 10(d)
show enlarged stereo images of the same area.

Figure 10(c) shows a forward image and Figure 10(d) a
backward image; the altitude difference among AO DEMs
in this area was around -30 m. The error is considered to
be due to differences in the shape of, and shadowed area
created by, the artificial structure in this area according to the
direction in which the image was acquired. Visual inspection

showed that most of the discrepancies occurred in forested
and shadowed areas. In shadowed regions, textures are more
difficult to discern such that image matching performance is
poorer, with a bias toward elevation overestimates.

5. Discussion and Conclusion

In this study, we produced four DEMs based on KOMPSAT-3
in-track stereo images and compared their accuracy.

First, we analyzed the stereo geometry of the stereo
images acquired by the KOMPSAT-3 and confirmed that
all of the factors that can affect accuracy in the horizontal
and vertical directions were within the stable range. Second,
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Figure 10: Elevation differences between AOI DEM 1 and AOI DEM 4: (c) and (d) show enlarged stereo images of the region C.

the initial RPCs were corrected to affine correction (DEM
1); the 3D positioning accuracy calculated using 12 CPs was
within 3 pixels in the horizontal and vertical directions.
Third, when relative adjustment was applied (DEM 3), the
percentage of matched points with a correlation of 0.8 or
more was improved by at least 17% compared to the case
where only initial RPCs were used (DEM 2). Although
the absolute horizontal position error of DEM 3 could
not be eliminated, the relative elevation error at the same
position was significantly reduced. Therefore, if the relative
differences in position among DEMs produced at different
times can be corrected, they will be able to facilitate the
detection of changes in altitude. Finally, when applying the
automatic bias-compensated method without GCPs (DEM
4), the percentage of matched points with a correlation of

0.8 or more was 70.1%. When GCPs were used (DEM 1), the
value was 70.2%, which was almost the same as the result
of DEM 4. The mean difference between DEMs 1 and 4
was -1.8 ± 3.4 m (median, -1.0 m). The results show that
DEMs of acceptable quality can be generated without GCPs.
Also, although discrepancies among DEMs were noted in
forest and shadowed areas, it is possible to generate a 5∼
10 m resolution DEM with application of additional image
processing techniques, such as shadow removal.
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Wirelessmonitoring systems are currently a common part of both industrial and domestic solutions. In case of industrial use, it may
be a sensory system at a point where it is not possible to implement a fixed line, or it is necessary to repeatedly change the position,
respectively, the location of the measuring probes.This is, in particular, the monitoring of environmental parameters (temperature,
humidity) in bulk materials, biomass, or agricultural crops in storage facilities. For domestic use, local weather devices and systems
are part of smart households such as lock control (entrance gate, apartment entrance), light control, and HVAC control. Devices
that utilize wireless technology for communication include IoT devices as well. This article describes the use of the VirtualWire
communication protocol using radio frequency waves with a carrier frequency of 433MHz-900MHz. The main topic of the article
is the design and implementation of a secure one-way communication channel. Such a solution consists of a transmitting device
with implemented desired sensors and a receiving device that aggregates data from multiple transmitters.

1. Introduction

The use of wireless radio link is advantageous when com-
munication is required in an area where fixed bus networks
cannot be used. In particular, free RF bands 433MHz,
866MHz, and 915MHz are used for communication. The
most commonly used home appliance devices are various
types of remote controls, as well as sensor providing data for
smart-home solutions, monitoring air temperature, relative
humidity, atmospheric pressure, and others. The data trans-
mission is always one-way, i.e., from the sensor probe with
transmitter to the receiving node. Since such a data transfer is
in the free bandwidth, it is not a problem to acquire and read
sent data. Possible attack on such a data transfer is trivial; data
can be easily captured, modified, and resent. It is not possible
to verify the origin of such data on the receiver node side.The
use of RF communication is particularly advantageous where
the use of wired communication buses would represent an
increased financial cost of the application; the use of standard
metallic wiring would be impractical or even impossible.
An example of where RF communication is preferred is
the monitoring of environmental parameters (temperature,
humidity, light intensity, and atmospheric pressure) in larger

areas (interior or exterior). The cost of wiring for large
spaces often simply outweighs the cost of a sensory system
solution.There are also cases where wiring is not possible, for
example, when installing a sensory system directly into large
volumes of material that is often handled or moved. The RF
probes described in this article are designed as nonvolatile
modules in a 25mm diameter and 135mm cylinder height
cylindrical PET package. Such a probe can be used tomonitor
the temperature of materials whose internal temperature
must be controlled. An alternative to the RF communication
principle is utilization of Bluetooth technology. Compared to
433MHz RF technology, Bluetooth is significantly less usable
in cases where the signal has to pass through obstacles such
as walls and metal structures or if the sensor is placed in bulk
materials deeper below its surface.

This article discusses the design and implementation of a
RF communication system with secured transmission. Next
the basics, design, and implementation of the transmitting
and receiving part of a wireless monitoring system built on
the STM32 platform with a communication module with a
carrier frequency of 433.92MHz will be presented. When
designing the broadcasting part, great emphasis was placed
on the universality of use, the energy demandingness, and the
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reliability of the data transmission.The next section describes
the implementation of secure communication layer for usage
in embedded systems. Then, performance tests will be per-
formed on real hardware, 32-bit ARMmicrocontrollers.

2. Related Works

One of the areas where communicating nodes represent
single-purpose devices is the Internet-of-Things (IoT) world.
Data from many sensors are sent over several network types
until they arrive to the data repository, e.g., to the cloud.
Therefore, it is in place to secure this communication at
the point where the information is generated, in the sensors
themselves.Therefore, it is appropriate to secure this commu-
nication at the point where the information is generated, in
the sensors themselves. The issue of communication security
in IoT networks is described in [2], where authors propose
an algorithm of encryption keys exchange for smart-home
systems. The enhancement of security of IoT smart devices
is described in [3]. Another important category is systems
that collect sensitive and private information. These are, for
example, data from sensors monitoring the vital parameters
of the human body. The application of the SPECK/SIMON
cipher is suggested in [4], where the authors proposed faster
algorithms implementation using the architecture of the 64-
bit Intel AVX2microcontroller. Comparison of the suitability
of the use of cryptography algorithms in the area of healthcare
is in [5].The SPECK/SIMONencryption algorithm is covered
in several publications. The original proposal is described in
[6]. Implementation of these ciphers into a hardware solution
is in [7]. Cryptanalysis of the cipher is in [8, 9] (differential
analysis) and [10], where authors describe a cipher attack
by electromagnetic analysis. The problem of using a suitable
encryption algorithm for different applications, respectively,
the question “What is the cost of encryption in terms of file
size after performing compression?” is presented in [11]. The
solution presented in this article does not fall directly into the
IoT category; it is a one-way communication system based
on RF, where the data is sent to a centralized data warehouse.
However, the security issue of this type of communication is
current.

3. RF Communication System

The primary motivation for this article was the design of a
wireless communication system formonitoring environmen-
tal parameters in bulk materials, namely, wood chip. This is a
situation where it is not possible to use sensors connected to a
fixed bus line.The architecture of the wireless RF monitoring
system is in Figure 1 [12].

In the proposed monitoring system, n environmental
sensors are located in the monitored area. As the monitored
areamay be larger than the range of RF transmittingmodules,
the system contains m receiving modules. Each receiving
module is capable of receiving data from a set of sensors,
while these sets may overlap. For the implementation of
wireless communication, technology was chosen that allows
communication at a distance of min. 50m and automatic

TX
TX

TX

TX

RX

RX

PC

RS485

RS485

Figure 1: Architecture of the RF monitoring system.

reception of data from transmitter probes without the need
for further configuration. Using WiFi or Bluetooth commu-
nication would require the need to connect the transmitters
to the wireless network. The use of RF signal in the free RF
band 433.19MHz appears to be optimal for use in terms of
implementation and energy-saving.

When analyzing the problem, the requirements for the
entire monitoring system were defined as follows:

(i) temperature measurement in the range -10C to 90C
with accuracy of +/-0.5C and resolution of 0.1C,

(ii) autonomous operation of measuring probes for at
least three months,

(iii) probe design resistant to the pressure of stored
material in which the probe is placed and against
mechanical stress caused by mechanisms used in
processing and material handling,

(iv) operation of probes in the free RF band 433.92MHz,
(v) one-way communication protocol which allows

detection of a duplicate multiprobe transmission on
the receiver side,

(vi) parameterized probe transmission frequency
depending on the temperature of the material,

(vii) reception of a signal covering the entire storage
site, secured by multiple receivers with duplicate
measured data filtering,

(viii) data model of the system—internal model of the
measurement systemmaintaining information on the
hardware configuration, active sensors, their physical
location, measured data, and other supplementary
information,

(ix) secure data transmission from probes to receiving
modules, secure communication from the receiv-
ing modules and the control computer, and secure
communication between the client software and the
control computer,

(x) platform independent, simple client software,
(xi) remote access to data.

The hardware part of the monitoring system consists of
the required number ofmeasurement probes transmitting the
measured data and one or more receiving modules covering
the monitored site.
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Figure 2: Block diagram of the measuring probe module.
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Figure 3: Block diagram of the measuring probe module.

3.1. Measuring Probe. The task of the measuring probe
is measuring the required physical quantity (temperature,
humidity, pressure, etc.) at regular intervals and sending this
value over the RF interface. An autonomous operation is
assumed, so for thismodule it is necessary to contain a battery
that will provide power to the entire solution. Along with the
measured values, battery voltage informationwill also be sent
over RF link.

The measuring probe module (Figure 2) is designed
to measure environmental parameters such as temperature,
humidity, atmospheric pressure, solar radiation intensity, and
the like. For biomass temperature monitoring purposes was
developed a variant containing a temperature sensor. The
purpose of themeasurement probe is to process themeasured
value, prepare telemetry data, format the data according to
the entered key, and send the processed data via the RF
interface. Ultra Low Power (ULP) components will be used
to ensure minimum power consumption.

Measuring probe consists of the following components:

(i) control microcontroller STM32F030F4T6 with 16kB
FLASH memory for the program and 4kB for data,
respectively

(ii) internal A/D converter coupled through a resistive
divider allowing telemetry to monitor the voltage of
the battery power supply of the probe

(iii) LM75AD temperature sensor with a resolution of
0.125C andoperating range of -25C to 100C connected
to the control microprocessor via the I2C bus

(iv) signal LEDs indicating the state of measurement and
data transmission

(v) a stabilized power supply block consisting of one AA
battery and a step-up inverter with 85% efficiency and
current consumption down to 30uA

(vi) transmitter, for 433MHz band with OOKmodulation

As a communication channel a radio transmission was
selected with a carrier frequency of 433.199MHz and OOK
modulation. On-off keying (OOK) denotes the simplest form
of amplitude-shift keying (ASK) modulation that represents

digital data at the presence or absence of a carrier wave.
In its simplest form, the presence of a carrier for a specific
duration represents a binary one, while its absence for the
same duration represents a binary zero [13].

3.2. Link Layer Communication Protocol. As the lowest-
level communication protocol VirtualWire was selected,
respectively, RH ASK. VirtualWire is an Arduino library that
provides features to send short messages, without addressing,
retransmit, or acknowledgment, a bit like UDP over wireless,
using OOK, supporting a number of inexpensive radio
transmitters and receivers. All that is required is to transmit
data, receive data, and (for transmitters, optionally) enable
PTT transmitter [14]. The maximum length of the data part
is defined by VW MAX PAYLOAD (27 bytes). Each byte in
the sent packet is encoded using 4-to-6 encoding for two 6-
bit words. The purpose of 4-to-6 encoding is to achieve the
state in which the same number of ones and zeroes will be
transmitted in the broadcast. The format of the data packet is
shown in Figure 3.

The data packet parts are:

(i) PREAMBLE - 36-bit training preamble consisting of
0-1 bit pairs

(ii) START - 12-bit start symbol 0xB38
(iii) LEN - 1 byte of message length byte count (4 to 30),

count includes byte count and FCS bytes
(iv) DATA VW - n message bytes, maximum n is

VW MAX PAYLOAD (27)
(v) FCS - 2 bytes of Frame Check Sequence

The measured sensor data is transmitted in the data
portion of the packet. The structure of the data part is
described in the following section.

3.3. Application Communication Protocol - nSoric RF Packet.
The proposed monitoring system will work with one-way
communication. For the data packet, the following require-
ments were defined:

(i) sufficiently large address space for sensors
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ADDRESSTYPE DATA CRC8
2B 1B1-23B1B

DATA_VW

Figure 4: Application packet format.

(ii) variable packet items
(iii) content of the data part: telemetry data and data from

connected sensors
(iv) packet check
(v) minimalistic demands for overhead communication

Application packet format, Figure 4: The address space
for sensor probes was defined in the width of 216 of unique
addresses. To describe the structure and format of the sent
data, 1Byte (TYPE) was reserved.

The packet data has a maximum length of 23B. The last
item is the CRC8 checksum using the 𝑋8 + 𝑋5 + 𝑋4 + 1
polynomial, which is used in 1-wire standard [15].

TYPE. The first byte in the packet (Table 1) defines the
format of the entire packet, as well as the list of quantities
contained in the packet.

TYPE byte is divided into two parts: content and version.
The three bits (R1R2R3) defines a revision, respectively,
meaning of content. The individual bits Vi indicate whether
there is a part in the packet that contains the measured
value of a defined quantity. Data frame format breakdown by
revision (R1R2R3) is as follows:

(i) 000 environmental quantities
(ii) 001 electrical quantities
(iii) 010 universal A/D converter

Revision 000. For the probe measuring environmental vari-
ables, revision value (0,0,0) was defined. For this version,
content part has the following meaning:

(i) V1: Temperature - 2B, range: -127 . . .+127, resolution
0.0125, unit C

(ii) V2: humidity - 1B, range 0 100, resolution 0.5, unit
(iii) V3: atmospheric pressure - 2B, range 0.. 8192, resolu-

tion 0.25, unit hPa
(iv) V4: light intensity - 2B, range 0.. 32768, resolution 0.5,

unit lx
(v) V5: UV index - 1B, 0 32, resolution 0.25

Revision 001. Data frame format for the measuring electrical
quantities is as follows:

(i) V1V2 - number of sets of measurements
(ii) V3 - electric resistance, 2B
(iii) V4 - electric voltage, 2B
(iv) V5 - electric current, 2B

Revision 010. Data frame format for values from n-channel
analog-to-digital converter is as follows:

(i) V1V2 - number of converter bytes
(ii) V3V4V5 - number of converter channels

ADDRESS. 2 bytes is reserved for addressing.The address
space is from addresses 1 to 65535. There are no additional
restrictions for the addresses defined.

DATA. The length of DATA part is given by the byte
TYPE, in which the DATA content is defined.The first byte in
the DATA section is always the telemetry data, respectively,
battery level. All other values are optional. In Table 2 are
examples of the application frame for different revisions.

Table 2(a) example 1: Revision 000, data frame contains
all values TELE - telemetry, TEMP - temperature, HUM -
relative air humidity, PRES - atmospheric pressure, LIGHT
- light intensity, and UV - UV index.

Table 2(b) example 2: Revision 000, content value in
the TYPE configuration byte is 101000. DATA will contain
temperature data (TEMP) and atmospheric pressure (PRES)
only.

Table 2(c): Revision 001, data frame for electrical quan-
tities values: The number of sets of measurements is given
by V1V2 = 01; in the data part there will be 2 series of
measurements. The measured values are determined by the
triplet V3V4V5. Value 110 means that each set will contain
the value of electrical resistance and electric voltage.

Table 2(d): Revision 010; data frame for AD converter
values: The word width of the AD converter is defined by
V1V2 = 10. The width of the word will then be 3B = 24 bits.
The number of channels of the converter is determined by the
triplet V3V4V5=001. Thus, there will be 2 values in the data
section, each with the width of 3B.

4. RF Transmission Security

When using RF communication in the free bandwidth, the
weakest point is the unencrypted transmission of measured
data from the probes transmitter to the receiver. Such trans-
mission may be acquired, modified, and further transmitted,
which represents a security risk. Since it is a one- way transfer,
it is not possible to exchange the encryption keys before the
communication itself. To implement secure transmission, the
following requirements were defined:

(1) utilization of a symmetric cipher
(2) computational light-weight encryption algorithm
(3) encryption algorithm suitable for small source mes-

sage lengths
(4) use of multiple encryption keys

To implement encryption into measuring probes, the crypto-
graphic algorithm needs to be simple because it is necessary
to conserve electrical energy when it comes to autonomous
measuring probes.Themethods of reducing power consump-
tion are lowering the core frequency of the microcontroller,
use of microcontroller sleep modes, and minimization of the
time when the microcontroller works in RUN mode.
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Figure 5: The round function and the key schedule of SPECK [1].

Another important parameter when selecting a suitable
encryption algorithm is the length of the message that is
being sent. The resulting encrypted frame must not exceed
27B. The data frame used (DATA VW) is in Figure 4. The
maximum frame length is 27B, of which 4B is the overhead
and 23B is the data itself.Theminimumpossible frame length
is 5B: 4B overhead and 1B telemetry data.When using a probe
with a temperature sensor, the communication frame will
have a length of 7B. An important parameter in choosing
encryption algorithm is the length of the encrypted block and
the key size. Due to the minimum and maximum length of
the communication frame, the block length 8B is suitable.
For this length, the data frame may have lengths 8B, 16B, and
24B.

When implementing the cryptographic algorithm for
data acquisition systems [16, 17], the means of communica-
tion must be taken into account. In a one-way communica-
tion, the use of symmetric encryption is the optimal choice.
Based on the analysis of the efficiency and complexity of the
block cipher algorithms, we chose the SPECK algorithm.

4.1. Block Cipher SPECK and SIMON. With the upcoming
era of Internet ofThings and the Pervasive Computing, there
is a need to develop block ciphers with tight constraints
such as area, power, memory, performance, throughput, and
others.These are so called the lightweight block cipherswhich
are specifically intended for resource constrained platforms.
Lined up in the line is SIMON, a lightweight block cipher
proposed by NSA after the prompting from the U.S. Govern-
ment in the year 2013 along with SPECK lightweight block
cipher. SIMON implementation on hardware has excellent
results in terms of area and has been found to be a very
strong alternative to the existing AES [18]. SPECK supports
a variety of block and key sizes. A block is always two words,
but the words may be 16, 24, 32, 48, or 64 bits in size. The
corresponding key is 2, 3, or 4 words. The round function
consists of two rotations, adding the right word to the left
word, xoring the key into the left word, and then xoring the
left word to the right word. The number of rounds depends
on the parameters selected, as shown in Table 3 [1].

SPECK has been optimized for performance in software
implementations, while its sister algorithm, Simon, has been
optimized for hardware implementations. SPECK is an add-
rotate-xor (ARX) cipher. The SPECK2n encryption maps a
plaintext of two n-bit words (x0, y0) into a ciphertext (xT,

Table 1: The meaning of the bits in the TYPE byte.

Byte 0
Group Content Revision
Bit 7 6 5 4 3 2 1 0
Info V1 V2 V3 V4 V5 R1 R2 R3

yT), using a sequence of T rounds.The key-dependent round
function is defined as [1]

𝑅𝑘 (𝑥, 𝑦) = ((𝑆
−𝛼𝑥 + 𝑦) ⊕ 𝑘, (𝑆𝛽𝑥 ⊕ 𝑦) ⊕ 𝑘) (1)

where k is the round key and rotation constants 𝛼 and 𝛽 are
given in Table 3. Used operations are

(i) ⊕ bitwise XOR
(ii) left circular shift, 𝑆𝑗, by j bits
(iii) right circular shift, 𝑆−𝑗, by j bits

The decryption rule is

𝑅−1𝑘 (𝑥, 𝑦) = ((𝑆
𝛼𝑥 ⊕ 𝑘) − 𝑦, (𝑆−𝛽𝑥 ⊕ 𝑦)) (2)

The SPECK key schedule reuses the round function to
generate the round keys 𝑘0, . . . , 𝑘𝑇. The m-word master key
𝐾 = (𝑙𝑚−2, .., 𝑙0, 𝑘0) is used as follows [8]:

𝑙𝑖+𝑚−1 = (𝑘𝑖 + 𝑆
−𝛼𝑙𝑖) ⊕ 𝑖 (3)

𝑘𝑖+1 = 𝑆
𝛽𝑘𝑖 ⊕ 𝑙𝑖+𝑚+1 (4)

Figure 5 provides a schematic view on the round function and
the key schedule of SPECK. Ri is the SPECK round function
with i acting as the round key.

Differential cryptoanalysis can break 25 of 34 rounds
of Speck128/256 with 2253.35 time complexity using 2125.35
chosen plaintexts and 222 bytes memory or 23 of 32 rounds of
Speck128/128 with 2125.35 time complexity and 2125.35 chosen
plaintexts [8]. Distinguishers for reduced-round versions of
Speck32,48,64 have been found by automatedmeans [19], and
it is suspected that the same would happen to Speck128/256,
given more computer power. According to European Net-
work of Excellence in Cryptology stream cipher benchmarks
(eBASC) [20], SPECK is one of the fastest ciphers available,
both for long and short messages, and is comparable in
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Table 2: Application frame examples.

(a) Revision = 000, example 1

Byte 0 1..2 3 4..5 6 7..8 9..10 11 12
Value 11111000 ADRR TELE TEMP HUM PRES LIGHT UV CRC8

(b) Revision = 000, example 2

Byte 0 1..2 3 4..5 6..7 8
Value 10100000 ADRR TELE TEMP PRES CRC8

(c) Revision = 001

Byte 0 1..2 3 4..5 6..7 8..9 10..11 12
Value 01110001 ADRR TELE R1 U1 R2 U2 CRC8

(d) Revision = 010

Byte 0 1..2 3 4..6 7..9 10
Value 10001010 ADRR TELE ADC1 ADC2 CRC8

Table 3: SPECK algorithm variants of block size and key size.

Variant Block size (bits) Key size (bits) Rounds (𝛼, 𝛽)
1 2x16 = 32 4x16 = 64 22 (2,7)
2 2x24 = 48 3x24 = 72 22 (3,8)
3 4x24 = 96 23 (3,8)
4 2x32 = 64 3x32 = 96 26 (3,8)
5 4x32 = 128 27 (3,8)
6 2x48 = 96 2x48 = 96 28 (3,8)
7 3x48 = 144 29 (3,8)
8

2x64 = 128
2x64 = 128 32 (3,8)

9 3x64 = 192 33 (3,8)
10 4x64 = 256 34 (3,8)

speed to the stream cipher Salsa20. When implemented
on 8-bit AVR microcontroller, SPECK encryption with 64b
blocks and 128b key consumes 192 bytes of Flash; temporary
variables consume 112 bytes of RAM and take 164 cycles to
encrypt each byte in the block [21].

4.2. Implementation of Cryptographic Algorithms. For the
implementation of the cryptographic algorithm, we chose
the ARM platform, namely, the 32-bit STM32L0xx micro-
controller. This microcontroller includes a 32-bit CORTEX
M0+ core; the core clock frequency is from 65kHz to 80MHz.
The main reason for choosing this microcontroller was the
ability to set the clock frequency, core architecture, and the
fact that microcontrollers of this class are very often used
for embedded solutions due to their low power consumption.
The Cortex-M0+ processor is built on a high area and power
optimized 32-bit processor core, with a 2-stage pipeline von
Neumann architecture. The processor delivers exceptional
energy efficiency through a small but powerful instruction
set and extensively optimized design, providing high-end
processing hardware. On the basis of relations 1 to 4, a library
in the C language for the implementation of the SPECK
cipher was created. From the available variants of the key
length and the length of the encrypted block of the SPECK,

variants were selected so that the means of architecture
of the microcontroller used were effectively used in their
implementation. The STM32L0xx family of microcontrollers
are 32-bit microcontrollers; native word length is 32 bits.
Variant 1 and Variant 5 were selected (Table 3). Variant 5
uses 128-bit (4 words) key length and 64-bit (2 words) block
size, therefore 8 bytes. 8-byte size is sufficient for a packet
that contains measured temperature and humidity data (see
Section 3.3). For packets longer than 8 bytes, Variant 5 can be
applied for each block of 8 bytes independently.

4.2.1. Implementation of Secure Transmission in the Commu-
nication Protocol. The secure communication layer using the
SPECK cipher was implemented into the RF communication
system described in Section 3. Before the implementation
itself, the requirements for the transmitting and receiving
sides were defined.

(A) Transmitting Side

(1) It will contain a set of nonrepeating encryption keys.
(2) When sending data, encryption key different from the

previous transmission is used.
(3) Message encryption time must be minimal.
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(B) Receiving Side

(1) The receiving side does not know the encryption key
but contains the set of keys from which the particular
encryption key was selected.

(2) Based on the known format of the received decrypted
message, it will be able to find the correct decryption
key.

When implementing the cipher on the ARMplatform the gcc
compiler in version 7 was used. After SPECK cipher imple-
mentation, the size of occupied FLASH memory increased
by 1304 bytes compared to the version without encryption,
of which there were 1024 bytes for 252 encryption keys and
280 bytes for the algorithm itself. RAM occupancy increased
by 104 bytes.

Transmitting Side. The transmitting device will contain a
set of keys, of which one keywill be selected by a quasirandom
selection. In order tominimize the use of the limitedmemory
capacity of the microcontroller, a key selection procedure has
been proposed.This applies to Variant 5 (Table 3). For Variant
1, it will vary by word length: instead of 32-bit values, 16-bit
values are used, and the key size will be a pair of subkeys.

Encryption Key Selection Algorithm

(1) n random 32-bit numbers are generated and stored in
the array with size n. This is a set of partial keys: 𝐾 =
𝑘1𝑘2𝑘3 . . . 𝑘𝑛

(2) The random number j is selected; 0 <= 𝑗 <= 𝑛 − 4
(3) The key used for the encryption will be 𝐾𝑗 =
𝑘𝑗𝑘𝑗+1𝑘𝑗+2𝑘𝑗+3

With the set size n = 256, we get 252 keys, each with a 128-bit
size. The memory size that will be used to store these keys is
256 words = 1024 bytes.

Another requirement for the transmitting part was
changing the encryption key in subsequent communication.
Due to the nature of the original application, it is not possible
to simply move the key to the next position in the K set. The
RF sensor solution was designed with significant energy sav-
ings when the probe is inactive.Themicrocontroller switches
to the STOP mode after sending the measured data, when all
parts including FLASH and RAM are disconnected from the
supply voltage. Only real-time clock remains active to ensure
the wake-up of themicrocontroller. After themicrocontroller
passes from STOP to RUNmode, all data stored in the RAM
is lost. Therefore, it is impossible to remember the order
of the last used encryption key. Encryption key selection is
described in relationship (5).

𝑖𝑛𝑑𝑒𝑥 (𝑘𝑒𝑦) = 𝜎 (𝑃)mod (𝑁 − 𝑘𝑒𝑦
) (5)

where 𝜎(𝑃) is a function that based on the contents of the
ready-to-send communication frame calculates the key index
to be used for encryption. N is the number of keys in the set
K and —key— is the key size in the blocks. The last criterion
was minimizing the encrypted message computation time.
Themicrocontroller is in the RUNmode clocked at 8MHz. At
this frequency, time required to apply the SPECK cipher on

an 8-byte communication frame is 55us. For comparison, the
calculation of the CRC (Table 1) for the same communication
frame lasts 60us. Compared to the summary time since the
microcontroller switches to RUN state, over to the sensor
measurement to RF transmission, the time needed to encrypt
the message is negligible. When using the LM75 temperature
sensor, the time slots are the following: time needed to initiate
and get the sensor value 𝑡𝑖𝑛𝑖𝑡 = 200𝑚𝑠 and the time to send
themeasured value over the RF interface at a baud rate of 1000
baud: 𝑡𝑡𝑟𝑎𝑛𝑠𝑚𝑖𝑡 = 30𝑚𝑠.

Receiving Side. The receiving part uses the same micro-
controller. Due to the nature of the application, only RUN
mode will be used; there is no need to switch the receiving
module into low power mode. In order to be able to decrypt
the received message, a decryption key must be available.
However, according to the transmittingmodule specification,
one encryption key from the set K (5) is randomly selected
for transmission. The receiving module must know this set
of keys and find a key that decrypts the frame correctly. The
algorithm was designed to determine the decryption key and
decrypt the received packet, Figure 6.

Figure 6 uses the labeling: P’ - encrypted data packet,
P - decrypted data packet, and K - set of available keys.
The SPECK setup function prepares the sequence of the
partial keys used for the decryption according to the selected
encryption key. When determining the correct decryption
key, the following conditions must be met:

(1) CRC8 of the received frame must be the same as the
last byte in the received frame

(2) The length and format of the data part must corre-
spond to the definition of the data part contained in
the first frame of the communication frame

For the N key set, it is necessary to run a decryption function
maximum N-times and check the validity of the decrypted
frame. When using the STM32L053 microcontroller with a
maximum clock frequency 32MHz, the length of the encoded
word 8 bytes takes the calculation of key schedule value 131us
and decryption itself takes 19us. At the maximum number of
252 iterations is the decryption boundary time 44.6ms.

In order to select encryption key from the K set, it is
necessary to ensure that the algorithm (5) has a distribution
similar to a probability distribution.The test communication
framework, which included telemetry data (battery voltage
level in the range of 0.8V - 1.4V) and measured quantity
(temperature in the range of 15∘C - 30∘C), was used to test the
algorithm. Figure 7 illustrates the likelihood of selecting the
encryption key index in 768 different communication packets
according to algorithm (5).

5. Conclusions

This article presented an RF communication system designed
for collecting data from environmental sensors. The size
of the communication packet ranges from 6B to 16B. The
secure communication layer using symmetric encryption
was implemented into the existing communication system.
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Figure 6: Algorithm for determining the decryption key.

When selecting a suitable encryption algorithm, the size of
the original data packets and the maximum size of the data
portion in the VirtualWire communication protocol, where
the maximum length of the useful part is 27B, were taken

into account. Also, consideration was given to the size of
the data block that is the output of the encryption algorithm
and the size of the encryption key. Based on these criteria, a
SPECK encryption algorithm with a 64-bit block size and a
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Figure 7: Probability of 𝑘𝑖 key selection.

128-bit encryption key size was selected. Encryption key (5)
selection algorithm was used for the measurement probes.
An algorithm for determining the correct encryption key was
proposed for the receiving modules (Figure 6).

In implementing the SPECK encryption algorithm on the
32-bit STM32L3xx microcontroller with the Cortex M3 core,
440 of the processor cycles were required to encrypt a 64-
bit (8-byte) data block (according to formula (1)). For the
calculation of the cryptographic code (according to formula
(4)), 2873 of the processor cycles were needed. At the 8MHz
core clock frequency this is a time of 360us for key schedule
and 55us for encryption, which is a negligible value with
respect to the time of measurement and transmitting. For
the LM75 sensor used, the conversion time of the measured
value is 𝑡𝑐𝑜𝑛V𝑒𝑟𝑠𝑖𝑜𝑛 = 100𝑚𝑠, and the time of sending 8-byte
data packet at a baud rate of 1000 baud is 𝑡𝑡𝑟𝑎𝑛𝑠𝑚𝑖𝑡 = 30𝑚𝑠.
Using the maximum core frequency of the microcontroller
f=32MHz, this time is reduced to 104us.

Presented sensory system has been used to monitor the
temperature of the wood chip used for heat production. An
undesirable feature of wood chipmass is that the temperature
of the wood chip increases spontaneously when stored due
to microbiological processes. Uncontrolled self-ignition may
occur in such a storage. In our case, 10 RF probes were used
to monitor the 50m x 100m space, which were placed directly
into the wood chip meter, circa 1,5-2m below its surface. The
software part of themeasuring system notifies the operator of
exceeding temperature limits of the monitored environment.
Selected advantages of using the proposedmonitoring system
with implemented encryption are as follows:

(i) The RF probe is made of a nontoxic PET material,
allowing use in agricultural materials and food indus-
try.

(ii) Probes do not need to be manually removed from
the material. When transporting the wood chips on
a conveyor, they can be easily captured by a magnetic
separator and reused.

(iii) The probe is energetically independent. It is powered
by a single cell AA battery (1.5V) that can provide the
probe with power for approximately 1 year.

(iv) The encryption layer ensures safe transmission of the
measured data between the RF probe and the RF
receiver.The possible modification of the data sent by
a third party and thus misinterpretation of this data
are thus eliminated.

(v) As a presentation layer, a PC (Linux, Windows, Mac)
and Android applications are available.

Data Availability

No data were used to support this study.
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The land subsidence in response to the construction of underground engineering, e.g., subway, has causedmany geological hazards
and impeded the sustainable development of urbanization, in particular of China. Analysis of land subsidence with high temporal-
spatial resolution is necessary and can help to assess the risk of geohazards. In this study, we apply the SBAS-InSAR technique
to monitor the land subsidence in Fuzhou downtown after the program of metro construction. 24 scenes of X-band TerraSAR
data from July 2013 to August 2015 and 32 scenes of C-band Sentinel-1 data from July 2015 to February 2018 were used in this
experiment. Our results show a maximum subsidence rate of -12mm/yr, and eight subsidence funnels have been found during the
observed period. After analyzing the subsidence of these regions in a long time span, it can be concluded that there are three regions
which have a relatively stable disastrous subsidence effect, and there is a possibility of further intensified subsidence.

1. Introduction

Fuzhou, as the provincial capital of Fujian, China, has made
an aggressive effort in expanding its urban construction
engineering. As of 2018, the Fuzhou city has undergonemajor
expansions:

(1) Line 1 started construction on December 27, 2009. It
has a total length of 28.8 kilometers and is connected to the
central area of Jinan, Drum Tower, Taijiang and Cangshan.

(2) Line 2 started construction onNovember 28, 2014, and
is still under construction.

The rapid development of underground engineering has
also caused many negative impacts, such as land subsidence,
soil erosion, building collapse, and underground pipeline
rupture. Land subsidence is one of the main hazards of engi-
neering construction. Urban land subsidence is a worldwide
problem, andmany cities in the world are endangered by land
subsidence [1]. Land subsidence disasters will lead to changes
in ground elevation, damage to municipal facilities and
buildings, and threat to the safety of railway transportation,
thus affecting the development and security of the city [2].
For the prevention and control of the impact and damage
caused by land subsidence, it is urgent to establish an
effective urban subway construction project area deformation

monitoring and early warning system. In the field of subway
construction engineering in densely populated commercial
blocks, deformation monitoring technology is proposed to
meet the requirements of high precision, high efficiency, and
full time coverage.

At present, the monitoring methods and techniques
of traditional ground settlement mainly include high-
precision traditional leveling, hierarchical dynamic monitor-
ing (bedrock, stratification, groundwater dynamic monitor-
ing), and GPS measurement technology. However, with the
rapid development of urban construction, the scope of settle-
ment has been continuously expanded and the network lay-
out problemhas beenmonitored, which has led to an increase
in measurement difficulty: leveling point coverage gap, long
measurement cycle, and waste of manpower and material
resources; hierarchical dynamic monitoring of construction
site is difficult to choose, one-time investment of a large
amount of funds and limited outlets cloth; GPSmeasurement
points are easily damaged and difficult to maintain.

In recent years, Interferometric Synthetic Aperture Radar
(InSAR) technology, having the advantages of being weather-
independent and having high ground sensitivity, has received
extensive attention in ground deformation measurement [3].
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In general, Differential InSAR (D-InSAR) technology
firstly generates an interferogram containing both surface
deformation information and terrain information from two
radar images through traditional InSAR technology and then
inverts the terrain phase based on the external DEM and
removes it from the interference phase [4–7]. Finally, an
interferogram containing only topographical deformation
information is obtained, but, in fact, the interferogram also
has an atmospheric phase effect, making it difficult to achieve
high-precision measurement [8, 9].

In order to solve the atmospheric phase effect, the
scholars have conducted in-depth research and development
onPermanent Scattering InSAR (PS-InSAR)[10, 11] and Small
Baseline Subset InSAR (SBAS-InSAR)[12]. Among them, the
SBAS-InSAR technology performs a suitable combination of
the acquired data to obtain a series of small baseline subsets
of differential interferograms, which can better overcome the
atmospheric phase effects.Then the singular value decompo-
sition (SVD) method is used to solve the deformation rate
and solve the problem of rank loss in the solution process
[13].

Urban areas are susceptible to surface deformations
caused by many factors, such as nature and human activities.
In 2012, XuWenbin used SBAS-InSAR technology combined
with GPS data and groundwater level data to study the
surface time series deformation in Los Angeles, USA, and
successfully revealed the surface deformation of the area from
2003 to 2009 [14]. In addition, in 2014, Estelle Chaussard
used ALOS data for time series deformation studies, analyzed
land subsidence problems throughout Mexico City through
SBAS-InSAR technology, and successfully identified land
subsidence in 21 regions (including 17 cities). Mexico City has
a linear vertical speed of more than 30 cm/year, while other
places detect a speed of 5-10 cm/year [15]. Similarly, Shaochun
Dong used SBAS-InSAR to perform time series deformation
analysis of Shanghai ground subsidence. The results showed
that most of the study area sank evenly, but along the subway
lines, elevated roads and highways, the skyscrapers quickly
subsided around them [2].

In summary, although relevant scholars have proved the
scientific reliability of InSAR technology on urban ground
deformation, the relevant research results are mostly short-
termdeformationmonitoring based on single-satellite InSAR
technology, and it is difficult to continuously monitor the
construction process with high precision.

In this research, two different radar satellite data, Ter-
raSAR and Sentinel-1A, performed long-term surface defor-
mation monitoring for Fuzhou downtown from 2013 to
2018, increasing the monitoring frequency and expanding
the monitoring range. Combined with the construction of
Fuzhou subway construction and related disaster informa-
tion, the results of surface deformation during the con-
struction of Fuzhou subway were studied to evaluate the
feasibility and practicability of SBAS-InSAR technology in
urban building deformation monitoring and to prove that
this technology can be one of the convenient and effective
monitoring methods in the construction and maintenance of
urban buildings.

2. Study Area and Dataset

2.1. Study Area. The study area is located in the core area
of Fuzhou downtown in Fujian province (Gulou District,
Jinan District, Taijiang District, Cangshan District); these
areas are with dense high buildings, large population flow,
complex geological conditions, and traffic facilities.Themain
construction and operation of line 1 and line 2 were carried
out during this period. The addition to focusing on the
areas where the two metro lines pass through, the study also
concerned on the urban areas affected by various large-scale
urban construction engineering.The coverage of radar image
data is shown in Figure 1.

2.2. Data. External DEM data, the “ALOS World 3D-30m”
data with a spatial resolution of 30 meters provided by
the Japan Aerospace Agency (JAXA), is used to simulate
and eliminate terrain phase contributions. The DEM data
is also used to reshape and geocode the resulting InSAR
product from the running Ge-Doppler coordinates to the
map geometry corresponding to the Universal Transverse
Mercator (UTM) coordinate system.

In this research, 24 scene TerraSAR-X images and 32
scene Sentinel-1A images were selected as research data
sources. The former covers July 18, 2013, to August 27, 2015,
and the latter covers the period from July 6, 2015, to February
8, 2018.

Based on the selection principle of short baseline set, the
optimal space baseline value and the optimal time baseline
value are established, which not only ensures the continuity of
time and space interference, but also ensures the correlation
of interference results. The spatial baseline value of this
experiment was 0-600 m, and the time baseline value was 0-
200 days. The system automatically selects the super-master
image in the master image in the small baseline subset
according to the three-baseline minimum principle (spatial
baseline, time baseline and Doppler centroid frequency
baseline). Finally, 62 pairs of effective interference pairs were
obtained between July 18, 2013, and August 27, 2015. 162 pairs
of effective interference pairs were obtained between July 6,
2015, and February 8, 2018 (see Figure 2).

3. Method and Data Processing

SBAS-InSAR is a newly developed D-InSAR time series
analysis method, first proposed by Berardino et al. [16]. It
combines all the acquired SAR data to form interference
pairs and then sets the spatial baseline and time baseline
threshold and obtains several small baseline sets whose
spatiotemporal baseline is smaller than the threshold. The
surface deformation time series of each set can be solved by
the least square method, and then several singular baseline
sets are solved by singular value decomposition (SVD). This
effectively solve the different small baseline between sets due
to baseline caused by the long time discontinuity problem,
improve the monitoring time resolution, effectively solve the
general equation rank deficient problem, and finally get the
sequence covering the whole observation time of ground
subsidence.
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Figure 1: The coverage of the radar image used in this research overlaid on Fuzhou administrative map.
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Figure 2: Time-baseline and time-position plots relevant to the radar images and interferograms used in this study. (a) refers to the TerraSAR-
X (201307-201508) and (b) refers to the Sentinel-1(201507-201802).

Assuming that the SAR image in the same area is N+1, the
time of shooting is t0, t1, t2, t3, . . . . . . tn; at least it is combined
into M interference fringe images.

For any two differential interference diagrams (𝑡𝑎 < 𝑡𝑏),
the unwrapped phase can be expressed as [17]:

𝛿𝜙𝑥,𝑖 = 𝜙𝑥,𝑖 (𝑡𝑏) − 𝜙𝑥,𝑖 (𝑡𝑎)
= 𝜙𝑓𝑙𝑎𝑡,𝑥,𝑖 + 𝜙𝑒𝑙𝑒,𝑥,𝑖 + 𝜙𝑑𝑖𝑠𝑝,𝑥,𝑖 + 𝜙𝑎𝑡𝑚,𝑥,𝑖 + 𝜙𝑛𝑜𝑖𝑠𝑒

(1)

In formula (1), 𝛿𝜙𝑥,𝑖 is the i image and the interference
phase of the x pixel. 𝜙𝑥,𝑖(𝑡𝑏) and 𝜙𝑥,𝑖(𝑡𝑎) is the phase of
interference at two different times.

The 𝜙𝑓𝑙𝑎𝑡,𝑥,𝑖 is the phase difference of the flat phase, the
𝜙𝑒𝑙𝑒,𝑥,𝑖 is the phase difference of terrain phase, the 𝜙𝑑𝑖𝑠𝑝,𝑥,𝑖 is
the phase difference of ground deformation, the 𝜙𝑎𝑡𝑚,𝑥,𝑖 is the
error of atmospheric phase, and 𝜙𝑛𝑜𝑖𝑠𝑒 is the error of noise.

The flat phase, the phase of the terrain, the phase of the
deformation, and the phase of the atmosphere in the formula
(1) can be further expressed as

𝜙𝑓𝑙𝑎𝑡,𝑥,𝑖 = −
4𝜋
𝜆
𝐵𝑛
𝑅 tan 𝜃

(2)

𝜙𝑒𝑙𝑒,𝑥,𝑖 = −
Δ𝑞
sin 𝜃
𝐵𝑛
𝑅
4𝜋
𝜆

(3)
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𝜙𝑑𝑖𝑠𝑝,𝑥,𝑖 =
4𝜋
𝜆
[𝑑 (𝑡𝑏, 𝑥, 𝑖) − 𝑑 (𝑡𝑎, 𝑥, 𝑖)] (4)

𝜙𝑎𝑡𝑚,𝑥,𝑖 = 𝜙𝑎𝑡𝑚 (𝑡𝑏, 𝑥, 𝑖) − 𝜙𝑎𝑡𝑚 (𝑡𝑎, 𝑥, 𝑖) (5)

In the formula,𝜆 is the radarwavelength andR is the slope
distance, 𝐵𝑛 is the vertical baseline, Δq is the DEM elevation
difference, and 𝜃 is the incidence angle.

Suppose the deformation rate between two different
interferograms is 𝑉𝑖 (i = 1, . . . . . . , n), then the cumulative
deformation between 𝑡𝑎 and 𝑡𝑏 can be expressed as [18]

𝜙𝑑𝑖𝑠𝑝,𝑥,𝑖 =
4𝜋
𝜆

𝑡𝑏

∑
𝑖=𝑡𝑎

𝑉𝑖,𝑖+1 (𝑡𝑖+1 − 𝑡𝑖) (6)

The integral of the deformation rate is in the time interval
between the master and slave images of the interferogram.

Immediately the integration of speed is at each time
interval between master image and slave image intervals.
Written in matrix form:

BV = 𝛿𝜙 (7)

By using the SVDmethod, a generalized inversematrix of
the coefficientmatrix B can be obtained, so that theminimum
norm solution of the data vector can be obtained. Finally,
the speed integral for each time period gives the amount of
deformation for each time period.

4. Result

According to SBAS-InSAR technology, the annual average
settlement map of Fuzhou city from July 2013 to August
2015 and from July 2015 to February 2018 was obtained (see
Figure 3), and the time series settlement displacement is
shown in Figure 4. From the results, it can be found that there
are a large number of discrete results and some abnormal
uplift areas in the north of the city. This is because there are a
large number of vegetation areas in the area. The growth and
withering of plants tends to lead to low coherence or even
complete decorrelation, which leads to unwrapping error
and even unable to unwrapping. In addition, eight different
large subsidence areas can be found (named I∼VIII area in
order, and the approximate settlement position and range are
divided by two-year average settlement).

After statistical analysis of the annual average settle-
ment rate map at two different time periods, the aver-
age annual rate of Fuzhou downtown from 2013 to 2015
is +1.32mm/year, the average annual rate is between -
123mm/year and +103mm/year, and the standard deviation
among all pixel values is ±9.0mm/year. From 2015 to 2018, the
average annual rate is -3.7mm/year, the average annual rate
is -120mm/year to +80 mm/year, and the standard deviation
was ±10 mm/year.

It can be seen that the entire Fuzhou is in stable state
from 2013 to 2018. The standard deviations of the results of
the two data sources are very close, which proves that the
monitoring accuracy of the two data sources is also very
good. In addition, the subsidence area is basically located near
the subway line, and it is speculated that the construction

and operation of the subway has a huge impact on the land
subsidence in Fuzhou.

The interval value of the deformation point rate along
the subway is calculated by the interval method. Taking the
geographical location of two different subway stations as the
center of the left and right boundaries of the interval, the
range of influence of the selection interval is 100 meters. The
rate of all the deformation points in the statistical interval is
worth the average rate value of each interval of line 1 and line
2 in different periods. According to engineering geological
experience, areas with deformation rate values between -
5mm/year and +5mm/year in urban areas can be regarded
as relatively stable areas, while deformation areas exceeding
±5mm/y years are classified as potential disaster areas. Based
on the above statistical principle, the regional average rate
value is obtained by counting the deformation point velocity
values in the I to VIII region. The settlement rates for the
first to sixth districts from 2013 to 2015 are -7 mm/year, -5.5
mm/year, -6.7 mm/year, -5.2 mm/year, -8.2 mm/year, and -
12.2 mm/years, while the V, VII, and VIII zones reach -8. 7
mm/year, -5. 4 mm/year, and -7 and from 2015 to 2018, 4 mm
per year (Zones I, II, III, VII, and VIII belong to Metro Line
2; Area IV belongs to Metro Line 1; Areas V and VI are road
engineering areas and residential building areas).

Since the two types of data vary greatly in monitoring
time coverage, only one month of time overlap can be
obtained. By selecting 8 relevant feature points (A01-A08)
in the I-VIII area, the monitored shape variables of these
points in the overlap time are analyzed for difference (see
Figure 5). It can be seen fromFigure 5 that the two sets of data
monitoring results maintained a high correlation between
July 2015 and August 2015, and the difference was within 0-
±2 mm. Therefore, it can be considered that the monitoring
accuracy between the two sets of data in this experiment can
reach the millimeter level.

5. Discussion

5.1. Deformation Characteristic Point. After determining the
scope of the eight subsidence areas, the subsidence feature
points (e.g., P1, P2, P3. . . . . .P27; see in Figure 6) in the area are
searched to analyze the deformation characteristics of these
feature points on the time series to research the subsidence
trend and dynamic development.

5.2. Analysis. From 2013 to 2015, the area I (Yangli Station-
Gushan) was in an irregular state of slow sinking, and the
severe subsidence section exceeded 30 mm even in more
than 24 months (see Figure 7); from 2016 to 2018, the overall
deformation rate of the area was -2.9 mm/year, which was
relatively stable. Through data review, it was found that
the construction of road works caused the destruction of
geological soft soil layers, resulting in the occurrence of
staged settlement effects. From Figure 7, the deformation
evolution of the feature points in the time series could
be found. The feature point had a stepped sedimentation
effect before February 2014, and, after this time node, it was
oscillating and sinking. It could be considered that before this
time node, the road engineering was in the foundation pit
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Figure 3: Mean displacement velocity map over the study area derived by SBAS-InSAR technique. (a) reflects the LOS velocity of the Fuzhou
downtown in 2013-2015, while (b) reflects the LOS velocity of the Fuzhou downtown in 2015-2018. The red rectangles indicate the area in
which violent subsidence takes place (I-VIII). The local deformation map after enlargement can be seen in Figure 6.

pumping construction, which caused the stagnation of the
soft soil layer on the surface. After that, the surface was in the
recovery phase. However, due to irreversible damage to the
surface soil structure, a certain degree of sinking effect will
still occur.

From 2013 to February 2014, the area II (Jinshan-
Hongwan) experienced continuous subsidence with a settle-
ment of up to 20 mm, and, after February 2014, it showed
periodic uplift and settlement deformation rate of +1.6

mm/year (see Figure 8). It is speculated that the reason for the
settlement in the area was the pumping of groundwater, and
the periodic uplift and settlement were caused by seasonal
rainfall.

Area III (Hongwan-Juyuanzhou) from 2013 to 2015 was
between -10 mm and -20 mm, and the main settlement
occurred before January 2015 (see Figure 9). The subway
construction plan showed that the Juyuanzhou site was in
the fence construction state around January 2015. It could be
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Figure 4: Interferograms of SBAS-InSAR in study area. (a) describes the time-series displacement in Fuzhou downtown in 2013-2015, and
(b) shows the long-term subsidence in Fuzhou downtown in 2015-2018.
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reasonably considered that the excavation of the foundation
pit destroyed the stable state of the nearby soil layer, resulting
in uneven settlement.

From 2013 to 2015, the area IV (Lulei-Triangle City)
evolved between 0 mm and -30 mm, and the overall settle-
ment trend was very consistent, which was slow settlement
(see Figure 10). The deformation rate of this interval is -1.5
mm/year after 2015 and was stable. During the monitoring
period, the interval was in the construction phase, and the
regional settlement characteristics were very close.

The sedimentation rate values of the area V between
2013 and 2015 and 2015 to 2018 exceeded 8 mm/year. The

cumulative settlement in the region between 2013 and 2015
was between -15mm and -65mm, and between 2015 and 2018
it was between -45 mm and -80 mm. It was worth noting that
the regional settlement characteristicswere analyzed from the
geographical distribution of the feature points.The settlement
amplitude of the feature points in the northeast direction was
generally larger than that of the southwest direction feature
points. From 2013 to 2015, the settlement of P13 and P14 was
larger than that of P15; between 2015 and 2018, the settlement
of P20 and P21 was also larger than that of P19 (see Figure 11).

In summary, it could be considered that the settlement
trend of the area V was from the southwest to the northeast,
and the subsidence area is further increased.

After investigation, it was found that the area V belongs
to the construction scope of the Yixu Highway Project.
The excavation of the road works disturbed the structural
stability of the soft soil layer and caused the influence of land
subsidence. Moreover, with the segmental advancement of
road engineering, the scope of settlement would be further
shifted and expanded.

The sedimentation rate in the area VI was the largest in
all regions, reaching -12.2 mm/year between 2013 and 2015,
and the cumulative deformation between -25 mm and -60
mm (see Figure 12). The most serious settling funnel was
formed at Longhua Apartment, where ground subsidence
occurring during this period was confirmed.This was closely
related to the construction of the project near the apartment.
After 2015, the settlement trend would gradually stabilize and
there would be no longer the impact of large-scale settlement
disasters.

The accumulative subsidence of area VII (Gushan-
Shangyang) from 2015 to 2018 is between -40mm and -
60mm, and themain settlement occurred afterApril 2016 (see
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Figure 13).This section started construction in February 2017,
and the regional settlement node as in good agreement with
the time. The Shangyang apartment was located on the side
of the Shangyang station, and the settlement disaster of the
residential building has been affected.

P1
P2
P3

Date

0

10

D
isp

la
ce

m
en

t (
m

m
)

2013/3/12 2013/8/29 2014/2/15 2014/8/4 2015/1/21 2015/7/10

−10

−20

−30

−40

−50

Figure 7:The figure status of the time-series displacement of P1, P2,
and P3 within rectangle I.

P4

Date

P5
P6

2013/3/12 2013/8/29 2014/2/15 2014/8/4 2015/1/21 2015/7/10
−30

−25

−20

−15

−10

−5

0

D
isp

la
ce

m
en

t (
m

m
)

Figure 8:The figure status of the time-series displacement of P4, P5,
and P6 within rectangle II.

The deformation rate of area VIII reached -7.4mm/year
from 2015 to 2018, and the subsidence point was mainly
located at the intersection next to the metro internal. The
settlement characteristic points showed that the cumulative
settlement of this crossroads was between -30mm and -
50mm, and it would continue to increase after August 2016
(see Figure 14). The crossroads have collapsed badly in 2017.

In summary, this leads to the following inference:
(1) The areas VII and VIII belonged to the subway

line of line 2, and the shield construction in the subway
section caused the loss of the surface soil layer and the
structural damage of the soil around the tunnel caused the
sedimentation effect.

(2)The areaVbelonged to the road construction area.The
foundation pit excavation of the road construction destroyed
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Figure 9:The figure status of the time-series displacement of P7, P8,
and P9 within rectangle III.
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Figure 10: The figure status of the time-series displacement of P10,
P11, and P12 within rectangle IV.

the stable state of the groundwater layer, and the soil layer
near the foundation pit also had the effect of sinking. The
settlement effect of the Nanmendou subway station was
mainly due to the excessive load.

(3) The subway construction period was long, and the
use of a large amount of groundwater in irregular conditions
would cause surface subsidence. When the construction was
completed, the sedimentation ratewas obviously reduced, but
the settlement was still present, which takes time from the
consolidation of the rock and soil.

6. Conclusion

In this experiment, the land deformation of Fuzhou urban
area from 2013 to 2018 was successfully performed by apply-
ing SBAS-InSAR technology combined with two different
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Figure 11: The figure status of the time-series displacement of P13,
P14, P15, P19, P20, and P21 within rectangle V.
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Figure 12: The figure status of the time-series displacement of P16,
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Figure 14: The figure status of the time-series displacement of P25,
P26, and P27 within rectangle VIII.

radar satellite data (TerraSAR and Sentine-l). By analyzing
the difference between the two datasets of results in the
overlap time, the data maintains a high degree of correlation,
and the monitoring accuracy between them reaches the
millimeter level.

Through themethodof time series analysis, the influences
and development trends of various subsidence areas were
discussed, some stable deformation areas were eliminated,
and some potential subsidence disaster areas were also dis-
covered, thereby preventing the occurrence and expansion of
subsidence disasters. Among them, the settlement of the areas
VII and VIII was caused by the shield construction, which
has great reference significance for the future subway project.
The settlement of the area V was caused by the excessive
load. Besides, excessive use of groundwater in construction
projects requires timely prevention and control measures

and is prone to disasters. In summary, the feasibility and
practicability of SBAS-InSAR technology in urban building
deformation monitoring can be one of the convenient and
effective monitoring methods for urban construction and
maintenance.
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The speed sprayer plays an important role in fruit orchards as it undertakes spraying to prevent damage by blight and harmful
insects. Although farmers who use speed sprayers wear protective devices, pesticide poisoning incidents and damage can occur
when pesticides penetrate the skin. In addition, skilled manpower in agriculture is decreasing due to aging populations in
farming villages. To overcome these problems, we aim to develop an autonomous driving system using a single-frequency GNSS
RTK for commercialization of an autonomous driving speed sprayer. Therefore, in this study, path generation and a tracking
system based on the single-frequency GNSS RTK are developed and the preliminary results of tests of this system are analyzed.
The field test of the developed system showed positional accuracy of 0.01m.

1. Introduction

Currently, Korean agriculture is experiencing a number of
difficulties, such as an aging and decreasing population,
decreasing self-sufficiency grain rates, and stagnation of farm
household incomes. For example, the total Korean farm pop-
ulation declined by 16.1% from 2010 to 2015 and 38.4% of
Korean farmers as of 2015 were over 65 years of age, three
times the average rate of the Korean population, which is also
aging [1]. Skilled manpower in agriculture is decreasing
owing to the labor force moving away from agriculture and
due to the increases in aging populations in farming villages.
In addition, the rate of agricultural income declined from
67.5% in 1985 to 33.4% in 2015, as farm operating expenses
have rapidly increased relative to the total incomes of farmers
[2]. To resolve these issues, the automation of agricultural
machinery is highly needed.

Fruit tree farming requires a great deal of maintenance
work. Given that 25% of the maintenance work in fruit tree
farming involves spraying to prevent damage by blight and
harmful insects, the speed sprayer is an essential agricultural

machine in fruit orchards. However, farmers who operate
speed sprayers are easily exposed to pesticides even when
wearing protective devices. In order to overcome the problems
encounteredduring spraying tasks using a speed sprayer, there
have been many studies of the development of autonomous
driving speed sprayers in Korea [3–7]. However, because pre-
vious studies relied on the use of expensive sensors, an auton-
omous driving speed sprayer is not yet commercially available
in Korea. Therefore, it is necessary to develop a low-cost
sensor-based path-generation and tracking technique for the
commercialization of an autonomous driving speed sprayer.

To operate an autonomous driving agricultural vehicle,
the vehicle must be equipped with navigation sensors that
provide information about its dynamic states and the sur-
rounding environment. The most popular navigation sensors
used in autonomous driving agricultural vehicles are GNSS
(global navigation satellite system), vision sensors, and laser
scanners. Stoll and Kutzbach [8] and Thuilot et al. [9] studied
an automatic steering system for agricultural vehicles using
the GNSS RTK (real-time kinematics). However, the GNSS
positioning technique cannot guarantee continuity of
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positioning and provide attitude information about vehicles.
To overcome this type of problem, new types of navigation
systems that combine GNSS with auxiliary sensors such as
IMU (inertial measurement unit) and tilt sensors have been
applied to autonomous agricultural vehicles [10–12]. Vision
sensors have been widely used in mobile robot navigation
systems to provide various forms of information for use in
autonomous agricultural vehicles, such as localization, map
construction, autonomous navigation, path following,
inspection, monitoring, and obstacle avoidance [13–16].
However, since the vision sensor needs to process the image
acquired by the camera for calculating information, there is
a problem wherein it is necessary to use an expensive com-
puter having high performance. Previous studies [17, 18]
have reported the utilization of a laser scanner to gather sur-
rounding spatial information and extract guidance directions
because a laser scanner offers the advantages of high resolu-
tions and a large field of view and given that they are less vul-
nerable to weather and ambient illumination conditions in
comparison with vision sensors. Since the laser scanner is
very expensive, it cannot be applied to the development of
autonomous driving technology for commercialization.

Currently, the price of GNSS RTK modules is rapidly
decreasing, and the performance of single-frequency GNSS
RTK systems is increasing owing to advances in the GNSS
positioning technique and the operation of the BeiDou
Navigation Satellite System. However, most of the previous
studies using the GNSS RTK were conducted in early
2000, so it is necessary to examine autonomous driving
performance using the GNSS RTK developed at present.
In addition, the GNSS signal environment is improved in
an orchard as the passage between fruit trees has become
wider due to mechanization of farming. Compared to
vision and laser systems, GNSS RTK can calculate the nec-
essary information to realize autonomous driving in a
short period of time. Therefore, in order to commercialize
an autonomous driving speed sprayer, we develop an auton-
omous driving system using single-frequency GNSS RTK.

In this study, a path-generation and tracking system
based on single-frequency GNSS RTK is developed and pre-
liminary results of the testing of this system are analyzed. A
description of the autonomous driving algorithm, including
the path-generation and tracking aspects, is presented in
Section 2. The construction of the autonomous driving sys-
tem is introduced in Section 3. The performance evaluation
of the single-frequency GNSS RTK is given in Section 4.
The test results of the autonomous driving system are pro-
vided in Section 5, and the conclusion is given in Section 6.

2. Autonomous Driving Algorithm

2.1. Path-Generation Algorithm. To realize autonomous driv-
ing, the specific path for tracking must be established at the

beginning. A typical path-generation method is to plan
and define the path on a map. However, this method
has a disadvantage in the present case in that it is costly
to generate a map of an orchard. Another method is to
generate a path using positional information. Although
path generation based on positional information requires
data acquisition for the driving path in advance, there is
the advantage of the absence of the need to construct a map
for path generation. Therefore, we develop a path-generation
algorithm that defines the paths on GNSS RTK based on
positional information acquired by the user by manually
driving the vehicle.

The process of the proposed path-generation algorithm
is shown in Figure 1. In this algorithm, defining a
waypoint-based path is done using positional information
extracted from RTK fixed data from GNGGA (Global
Navigation Satellite System Fix Data) messages. The way-
points are created by the two parameters of the distance
between adjacent points and the angle between successive
lines calculated by the adjacent points. The distance
between adjacent points is used to recompose position
data over a certain distance from the dense position data
acquired by driving the vehicle. The angle between succes-
sive lines as calculated using adjacent points serves to
define waypoints as a series of straight-line segments for
the path. Figure 2 shows a flowchart of path generation
based on the above-mentioned parameters.

2.2. Path-Tracking Algorithm. The process of the proposed
path-tracking algorithm is shown in Figure 3. The path-
tracking algorithm calculates the vehicle control parame-
ters of the wheel steering angle and vehicle speed using
waypoints and RTK GNSS data which include the posi-
tion, heading, and speed at every epoch. The path-
tracking algorithm includes a quality check of the GNSS
data, a search routine for a target point, and the computa-
tion of the control parameters. The step of the quality
check of the GNSS data determines whether to move or
to stop the vehicle, as the GNSS receiver may provide
abnormal data. In this algorithm, when ambiguities are
resolved and the standard deviation of the horizontal posi-
tion error is lower than 0.1m, the acquired GNSS data are
regarded as normal.

The step of the search for a target point involves
searching for a target point in relation to the optimal
move of the vehicle on a set of waypoints using the posi-
tion and heading of the vehicle. To search for a target
point based on waypoints, the enclosure-based line-of-
sight (LOS) guidance algorithm [19] is applied in this
study. The basic idea behind the enclosed-based LOS guid-
ance algorithm is to set a target point that is a point of
intersection between a circle with radius R enclosing the
vehicle’s current position and a straight line between two

Define parameters
for path generation 

Load
NMEA data

Extract
RTK fixed data

Transform to
north, east, and

down coordinates

Generate
waypoints

Transform to
latitude, longitude,

and ellipsoidal height
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Figure 1: Process of the path-generation algorithm.
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consecutive waypoints (Figure 4). The coordinates of a tar-
get point can be calculated by using the slope of the
straight line (equation (1)) and the circle equation (equa-
tion (2)). The detailed formula for calculating the coordi-
nates of a target point is explained in [19].

tan α =
WPn+1North −WPnNorth

WPn+1East −WPnEast

=
BNorth −WPnNorth

BEast −WPnEast

, 1

BNorth − ANorth
2 + BEast − AEast

2 = R2, 2

where α is the slope of the straight line; subscripts North
and East are the north and east axes, respectively; WP is
a waypoint; A is a vehicle location; B is a target point;
and subscript n is a waypoint’s index.

The last step of the computation of the control param-
eters is to compute the parameters of the wheel steering
angle and vehicle speed for autonomous driving using
the target point and vehicle wheelbase. As the steering
mode of our test vehicle is AFRS (active front and rear
steering), the curvature of the circular arc R for AFRS
can be calculated using the following equation [20]:

R = 2
L2d

eLd , 3

where Ld is the distance from the vehicle location to the
target point and eLd is the coordinate difference of direc-
tion east of the vehicle location to the target point.

The steering angle δ based on the geometry of a bicycle
model for AFRS can be calculated using the following equa-
tion [20]:

δ = tan−1 RLw
2 , 4

where Lw is the wheelbase.
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of GNSS data

Search
target point

Compute
control parametersLoad waypoints

Figure 3: Process of the path-tracking algorithm.
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(modified from Jensen [19]).
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Figure 2: Flowchart of the waypoint-based path-generation method.
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Finally, the vehicle speed V can be computed using the
time interval Δt and distance Ld from the vehicle location
to the target point.

V = Ld
Δt 5

The geometry of AFRS steering is shown in Figure 5.

3. Construction of an Autonomous
Driving System

The chassis of the speed sprayer for the test was fabri-
cated as shown in Figure 6. The chassis is a four-wheel
vehicle with AFRS. The vehicle was equipped with a
GNSS antenna, a GNSS RTK module, an embedded
board, touch displays, and a LTE communication mod-
ule (Figure 6). The GNSS antenna used was a single-
frequency GNSS antenna created by AKTGEO. The
GNSS RTK module used the u-blox NEO-M8P that pro-
vides cm-level GNSS performance based on the combi-
nation of the high performance u-blox M8 positioning
engine and u-blox’s RTK technology [21]. The u-blox
NEO-M8P is designed to receive and to track GPS L1
C/A, GLONASS L1OF, and BeiDou B1l signals [21].
The u-blox NEO-M8P supports single reception of
GPS and concurrent reception of GPS and GLONASS
or BeiDou [21]. We configured to receive BeiDou con-
currently with GPS. And the positioning method of the
u-blox NEO-M8P was set to the single baseline GNSS
RTK mode. The u-blox NEO-M8P can provide the

RTK fixed data when 5 or more GNSS ambiguities are
estimated [21]. For a single constellation, this means
that at least 6 satellites are required to perform GNSS
RTK. Adding satellites from an additional constellation
requires at least 2 satellites to form the double-
difference measurement [21]. However, in the case of
the concurrent reception of GPS and BeiDou, at least 8
satellites (e.g. 5 GPS + 3 BeiDou) are required because
of the two different BeiDou satellite variants [21]. To
generate and send RTCM (Radio Technical Commission
for Maritime Services) correction data for GNSS RTK,
the RTK platform used AKTGEO’s AGIP (AKT GNSS
IoT platform) [22]. The embedded board used was the
ODROID-C0 model, which served to operate the autono-
mous driving software.

The autonomous driving system consists of the
path-generation system and the path-tracking system.
The architecture of the path-generation system is
shown in Figure 7, and the process is summarized as
follows. The GNSS RTK module computes GNSS RTK
data using the RTCM data sent by the RTK platform.
When a command to start the data acquisition process
in the user interface is sent to the embedded software,
the path-generation algorithm saves NMEA (National
Marine Electronics Association) data. The user sends a
command to finish the data acquisition process after
the completion of manually driving for the autonomous
driving path, after which the path-generation algorithm
generates the waypoint-based autonomous driving path.

The process of the path-tracking system (Figure 8) is
summarized below. The path-tracking algorithm is
started after the user selects the waypoint database and
sends a command to start the autonomous driving.
When the NMEA data is received, the path-tracking
algorithm searches for the target point and computes
the control parameters. The computed control parame-
ters are then sent to the motor drive through the com-
munication module for the motor drive. The motor
drive checks the control parameters and then drives the
wheels. The results related to autonomous driving are
shown on the user interface. The path-tracking algo-
rithm is repeatedly operated until the vehicle arrives at
the last waypoint or a command to finish the autono-
mous driving is sent.

4. Performance Evaluation of Single-Frequency
GNSS RTK

4.1. GNSS Observables. GNSS RTK is a differential posi-
tioning technique that uses a combination of carrier
phase and pseudorange observables and corrections from
the base station, whose location is known [23]. RTK pro-
vides highly precise positions at the centimeter level in
real time because the main errors such as clock error,
ionospheric delay, and tropospheric delay are mostly
cancelled or reduced by double-differencing processing.
In this section, we briefly introduce observables for
GNSS RTK.

Target point

Lw

Ld

eLd

δ

R

R

Figure 5: Geometry of AFRS steering (modified from Ye et al. [21]).
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Under a single baseline condition, the carrier phase
and pseudorange measurements at a certain epoch can
be written as [24]

ρj,r = λ−1 r j,r + I j,r + T j,r + f δtr − δt j + εj,r , 6

ρj,b = λ−1 r j,b + I j,b + T j,b + f δtb − δt j + εj,b, 7

ϕj,r = λ−1 rj,r − I j,r + T j,r + f δtr − δt j +Nj,r + ηj,r , 8

ϕ j,b = λ−1 r j,b − I j,b + T j,b + f δtb − δt j +Nj,b + ηj,b,
9

where ρ and ϕ are pseudorange and carrier measurements
(unit: carrier cycle), respectively; subscripts r, b, and j are
the rover’s receiver, the base’s receiver, and the satellite,
respectively; λ is the carrier wavelength (unit: m); r is
the true distance between the satellite and the receiver
(unit: m); I is the ionospheric delay (unit: m); T is the tro-
pospheric delay (unit: m); f is the carrier frequency (unit:
Hz); δtr and δtb are the receiver clock error (unit: sec); δt j

is the satellite clock error (unit: sec); N is the integer
ambiguity; and ε and η are measurement errors of the
pseudorange and carrier phase, respectively.

(a)

GNSS antennaTouch display 

LTE module 

GNSS module 

Embedded board

(b)

Figure 6: Test vehicle (a) and equipment (b).
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Figure 7: Architecture of the path-generation system.
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The single-differenced measurement model can be
obtained by subtracting the base receiver’s measure-
ments from the rover receiver’s measurements as fol-
lows [24]:

ρj,rb = λ−1 r j,rb + I j,rb + T j,rb + f δtrb + εj,rb, 10

ϕj,rb = λ−1 rj,rb − I j,rb + T j,rb + f δtrb +Nj,rb + η j,rb, 11

where the subscript rb is the difference between the
corresponding terms of the rover and the base.

To obtain a double-difference measurement, two single-
difference measurements related to two observed satellites

are subtracted. The double-difference measurements of the
carrier phase and pseudorange are shown as

ρji,rb = λ−1 rji,rb + I ji,rb + T ji,rb + εji,rb, 12

ϕji,rb = rji,rb − I ji,rb + T ji,rb +N ji,rb + ηji,rb, 13

where the subscript ji is the measurements of the jth satellites
minus that of the ith satellite.

4.2. Performance Evaluation. Experiments were carried out
to evaluate the performance of the single-frequency GNSS
RTK module, which was used in this paper. For this

Embedded so�ware

Path tracking algorithm

GNSS module NMEA data

User interface

Search target point

Save data

Stop algorithm

Compute
control parameter

Select waypoints’
 database

Command for start of
autonomous driving

Command for finish of
autonomous driving

Display for results

Motor drive

Check
control parameter

Drive wheels

Commun-
ication
module

Receive
control parameter

RTK platform

RTCM data

Figure 8: Architecture of the path-tracking system.

(a) (b)

Figure 9: Test vehicle used for the performance evaluation of single-frequency GNSS RTK.
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purpose, the single-frequency GNSS RTK module, the
dual-frequency GNSS RTK receiver, and the GNSS/INS
(Inertial Navigation System) system were mounted on
the car (Figure 9); the test data were acquired by static
and kinematic tests. The dual-frequency receiver used in
the experiment is a NovAtel DL-V3-GENERIC that can
receive GPS L1 C/A, L2C, L2 P(Y), and L5 code and car-
rier and GLONASS L1 and L2 code and carrier [25]. The
base stations for the single-frequency and the dual-
frequency GNSS RTK are at the same location. To evalu-
ate the performance of GNSS RTK, the reference data
were computed postmission using the inertial and GNSS
data from the GNSS/INS system using Applanix’s POS
LV 520 [26]. The precision of the horizontal and vertical
positions for the reference data is 0.02m and 0.05m,
respectively. Three GNSS receivers were connected to
one antenna using an antenna splitter to eliminate the
effect of lever arm offsets.

The static test data were obtained for about 70 minutes in
a parking lot with good GNSS signal reception environment.
The number of tracked GNSS was from 7 to 9, and all posi-
tion data of both the single-frequency and the dual-
frequency GNSS RTK in the static test are a fixed ambiguity
solution. Table 1 summarizes the statistics of the position
error with respect to the reference data. As a result of the
position error comparison, the performance of the single-
frequency and the dual-frequency GNSS RTK was similar.

The data acquisition for the kinematic test was conducted
in the Daegu Technopolis area, which has a variety of GNSS

Table 1: The statistics of the position error for the static test.

Axis GNSS RTK type Range Mean Standard deviation

North (m)
Single frequency -0.333~-0.313 -0.323 0.002

Dual frequency -0.361~-0.283 -0.320 0.008

East (m)
Single frequency 0.542~0.555 0.549 0.002

Dual frequency 0.533~0.575 0.550 0.004

Down (m)
Single frequency -0.035~0.019 -0.013 0.007

Dual frequency -0.086~0.074 -0.022 0.015

Figure 10: Travel route for the kinematic test.

Figure 11: View of the test of path generation.
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Figure 12: Path-tracking result from the field test (red star:
waypoints, green circle: vehicle position).
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reception environments (Figure 10). The travelled distance of
the trajectory for the kinematic test is about 8.4 km for about
20 minutes. The number of tracked GNSS during the test
was from 4 to 8. The solution types of GNSS RTK during
the kinematic test vary depending on the GNSS reception
environment; the number of the fixed ambiguity solution
for the single-frequency GNSS RTK is slightly more than
the number of the fixed ambiguity solution for the dual-
frequency GNSS RTK (Table 2).

In case of a fixed ambiguity solution, the statistics of the
position error for the kinematic test with respect to the
reference data are summarized in Table 3. The standard devi-
ation of the position error of the single-frequency and the
dual-frequency GNSS RTK was similar.

5. Test Results of the Autonomous
Driving System

5.1. Path Generation. An experiment to test the path-
generation system was conducted in a parking lot which
had good GNSS signal reception. The data for the path-
generation experiment was acquired by manually driving a
vehicle using a wireless remote controller (Figure 11). The
output rate of the GNSS RTK data was set to 5Hz, which is
the maximum output rate of the GNSS module used. The
travel distance is approximately 50m per minute. The
options for waypoint generation, in this case the distance
between adjacent points and the angle between successive
lines, are 0.03m and 0.2 degrees, respectively.

5.2. Field Test for Path Tracking. The field test of the path-
tracking system for real-time use was performed with a test
vehicle in a parking lot. The output rate of the GNSS RTK
data was set to 0.2 seconds. After the GNSS RTK data were
received at every epoch, the vehicle control parameters were
calculated and then sent to the motor drive. The wheel steer-
ing angles range from -25 to 25 degrees and the maximum
vehicle speed is set at 1 km/h. Figure 12 shows the vehicle
location with the waypoints for the field test. The error statis-
tics for the path following from the field test are summarized

in Table 4. The maximum error of the path following is 0.055
meters. The RMS of the path-following error is 0.010 meters.

6. Conclusion

In order to commercialize an autonomous driving speed
sprayer, this study presents the preliminary results of the
development of an autonomous driving system. To operate
the autonomous driving system, we used only the single-
frequency GNSS RTK, a low-cost sensor. The autonomous
driving system consisted of a path-generation system and a
path-tracking system. The path-generation system generated
a waypoint-based reference path using GNSS RTK-based
position data, which were acquired by the user when manu-
ally driving the vehicle. The path-tracking system calculates
the vehicle control parameters for autonomous driving using
waypoints and GNSS RTK data, specifically the position,
heading, and speed at every epoch. To test the autonomous
driving system, we created a speed sprayer chassis in the form
of a four-wheel vehicle with AFRS. We then conducted
autonomous driving experiments that included path genera-
tion and path tracking. A field test for path tracking was car-
ried out. The RMS of the path-following error for the field
test was 0.01m.

To commercialize an autonomous driving speed
sprayer, further tasks will be required as follows. At various
paths, it may require an adaptive radius for enclosed-based
LOS guidance depending on the speed as well as the turn-
ing pattern. In addition, filters for predictive and smooth-
ness navigation solutions may be needed in response to
both low-quality and loss of GNSS RTK data. Finally, to
improve the performance of the autonomous driving sys-
tem, we will conduct an additional performance analysis

Table 2: GNSS RTK solution type for kinematic test.

Receiver type Standard GNSS Differential GNSS RTK float RTK fixed

Single frequency 0% (0/6147) 0.02% (1/6147) 5.76% (354/6147) 94.22% (5792/6147)

Dual frequency 0.08% (5/6156) 5.15% (317/6156) 2.40% (148/6156) 92.37% (5686/6156)

Table 3: The statistics of the position error for the kinematic test (fixed ambiguity solution).

Axis Receiver type Range Mean Standard deviation

North (m)
Single frequency -0.427~-0.141 -0.341 0.030

Dual frequency -0.683~-0.239 -0.346 0.024

East (m)
Single frequency 0.414~0.645 0.562 0.026

Dual frequency 0.445~1.472 0.564 0.032

Down (m)
Single frequency -0.173~-0.106 0.012 0.031

Dual frequency -0.546~0.189 0.662 0.034

Table 4: Statistics of the path-following error for the field test
(unit: meters).

Range Mean Standard deviation Root mean square

0~0.055 0.006 0.008 0.010
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based on a wide variety of operating conditions and carry
out algorithm tuning.
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Among many improved convolutional neural network (CNN) architectures in the optical image classification, only a few were
applied in synthetic aperture radar (SAR) automatic target recognition (ATR). One main reason is that direct transfer of these
advanced architectures for the optical images to the SAR images easily yields overfitting due to its limited data set and less features
relative to the optical images. Thus, based on the characteristics of the SAR image, we proposed a novel deep convolutional neural
network architecturenamed umbrella. Its framework consists of two alternateCNN-layer blocks. One block is a fusion of six 3-layer
paths, which is used to extract diverse level features from different convolution layers. The other block is composed of convolution
layers and pooling layers aremainly utilized to reduce dimensions and extract hierarchical feature information.The combination of
the two blocks could extract rich features from different spatial scale and simultaneously alleviate overfitting. The performance of
the umbrellamodel was validated by theMoving and Stationary Target Acquisition and Recognition (MSTAR) benchmarkdata set.
This architecture could achieve higher than 99% accuracy for the classification of 10-class targets and higher than 96% accuracy for
the classification of 8 variants of the T72 tank, even in the case of diverse positions located by targets. The accuracy of our umbrella
is superior to the current networks applied in the classification ofMSTAR.The result shows that the umbrella architecture possesses
a very robust generalization capability and will be potential for SAR-ART.

1. Introduction

Synthetic Aperture Radar (SAR) could provide very high
resolution images in all-weather day-and-night conditions
[1]. Thus, it has been widely applied in national economy and
military fields [2, 3]. Unlike optical image with rich colors,
the SAR images are characterized by the strength of the pixel
grayscale, in which the regions with high intensity represent
targets. The pixel value is mainly derived from two kinds of
reflection of the electromagnetic waves. The first is the single
reflection from the surface of the target, which depends on the
surface roughness, the shape, and the material of the target.
The second is secondary reflection of the electromagnetic
waves upon the dihedral corner between the target and the
ground, which has a great connection with the height of the
radar and the shooting angle. Overall, SAR has the character-
istics of scattering electromagnetic, high resolution, speckle

noise [4], huge size, and single channel. These characteristics
make the SAR image data information large and the target
electromagnetic scatter complicated, in turn taking a lot
of manual works to recognize targets in the massive SAR
images. Thus, the SAR Automatic Target Recognition (ATR)
is challenging and becomes one of the research hotspots for
remote sensing technology. A general architecture of SAR
ATR is composed of three parts: detection, discrimination,
and classification [5].The detection is to extract target regions
by a constant false alarm rate (CFAR) detector [6]. Then,
the discriminator is used to identify these candidate regions
located by targets according to the output of the first stage. At
the final stage, a classifier is utilized to recognize the category
of each target type.

Current mainstream classification methods of SAR-ATR
generally include three types: template-based method [7],
model-based method [8], and pattern-based method [9].The
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typical template-based SAR ATR system utilizes minimum
mean square error (MSE) criteria to identify the target type
froma database of stored target reference images or templates
[7, 10].Themodel-based system analyzes each image in detail
and identifies each part of a signature contribution to recog-
nition [8, 11]. Compared with the two methods, the strategy
based on the pattern recognition devoted great contribution
to the image classification in the past several years. In general,
the pattern-based architecture first designs a set of feature
extractors to convert the raw image into low-dimensional
feature vectors and then the output vectors are categorized by
a classifier. Some ART algorithms have been widely applied
to the SAR image classification and recognition, for example,
artificial neural networks [12], support vector machines [13],
and convolutional neural networks [14]. In particular, deep
learning based on convolutional neural networks (CNN)
has been considered to be one of the most comprehensive
methods in the SAR image classification and detection.

However, due to the limited data set of SAR images [15],
the SAR ATR task using the convolutional neural network
easily causes overfitting. To address this problem, three main
strategies were employed. One is to use transfer learning
[16], which first pretrain a CNN from a large data set and
then fine-tune the network on the specific task for the small
SAR data set. The pretraining data set may be selected from
large number of labeled optical images. However, due to
the difference between the optical and SAR images, it may
not perform well for the SAR images. Alternatively, a lot of
unlabeled SAR images may be appropriate to take place of
the optical images [16]. But, the acquisition of unmarked
SAR data set is still difficult and requires a lot of manual
works. The third way to overcome the limitation of SAR
data set is data augmentation [17]. The SAR image data set
used are mostly standard data, in which the target location is
usually fixed in the center. As known, in the actual situation,
the target location is often random. Therefore, considering
translation, speckle noise, and rotation as data augmentation
is a good way, which not only could overcome the limitation
of the small data set but also simulate the actual situation
of the locations of the targets. However, the way is usually
not taken into account in most studies. Furthermore, the
performance on the results of the works with inclusion of
the data augmentation using CNNs was not very high, which
should be attributed to that the CNN architecture used in the
works should be further improved.

In general, the improvement strategy regarding the CNN
architectures involves in the increase of the width and the
depth of the network. However, simply increasing the depth
size may cause a problem of vanishing/exploding gradients
[18, 19]. To solve this problem, residual network (ResNet) [20]
is proposed, which is composed of linear superposition of
many residual modules. Each module sums the input value
to the output value after two-layer convolution, which makes
the weight parameter adjustment of the network layer more
reasonable with the aid of the theory of identity mapping,
and thus could avoid the problem of vanishing/exploding
gradients with the increasing depth. Using a deep residual
network with more than 100 layers, the error was reduced
to be 3.57% for classification task on the ImageNet data set

[20]. But, the increase in the depth is not unlimited because
too deep network still leads to the problem of overfitting.
The other strategy is to increase the width of the CNN
architecture so that more features could be utilized. But,
simply increasing the width would lead to a large number of
parameters and more computational resources, which may
also cause the overfitting. In order to address the problem,
some techniques like inception [21, 22] and X-ception [23]
were introduced to the CNN architecture to optimize its
network structure. The inception/X-ception modules do not
simply increase the width but divide a number of channels
into segments independent.Then the segments with different
configurations are the concatenation fusion of the feature
extraction from different scales so that enough features could
be obtained but computational difficulties could be avoid.
Recently, a joint network architecture was proposed through
adding an inception module into ResNet (Inception-ResNet)
so that it could simultaneously take into account the width
and the depth. The experiment on OLSVRC-2012 proved
that the Inception-ResNet could significantly accelerate the
training of the network and achieve better accuracy than
the single inception network [24]. Although these strategies
above were demonstrated to improve performance for the
optical image classification, unfortunately, they were not
applied to the SAR field. Furthermore, the characteristics of
the SAR image are different from the optical ones. Thus, it
is inappropriate for the methods successfully applied in the
optical images to be directly and simply applied to the SAR-
ATR field. Further improvement will be needed.

In the work, we proposed a novel CNN architecture
suitable for the SAR data through improving the Inception-
ResNet architecture from the optical images. In the architec-
ture, we more focused on the extraction of features due to
fewer representatives from the SAR image than the optical
one. Thus, different from the Inception-ResNet algorithm in
the optical classification, we embedded the ReNet module
into the Inception one so that the network could extract
sufficient features through the inception module and simul-
taneously utilize the advantage of the ResNet for the network
depth. The novel CNN architecture is named umbrella
algorithm in thework. It is composed of six separate segments
based on inception, each of which has different convolution
configurations extracting different levels of features with the
aid of the ResNetmodule.The architecture possesses stronger
ability to fuse the feature extracted from different scales than
the common inception module. Our experimental results
confirm that the umbrella architecture could achieve excel-
lent classification accuracy for 10-class targets of vehicles and
eight variants of T72 tanks from the Moving and Stationary
Target Acquisition and Recognition (MSTAR) program.

2. Materials and Methods

2.1. Learn about Convolutional Neural Networks (CNNs).
Figure 1 shows a typical deep learning network, which
generally includes convolutional layers, pooling layers, and
fully connected layers. The convolutional layer consists of a
number of convolution kernels, which is a two-dimensional
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Figure 1: The structure of CNN.

matrix of weights W. The convolution kernel convolves an
input image (also a two-dimensional matrix) in the form
of a sliding window. Then a matrix called feature map is
obtained. Consequently, the convolutional layer implements
different channels of feature extraction through multiple
convolution kernels. The pooling layer is also called the sam-
pling layer, which could use the sliding window to convolve
the input or the feature map so that it could reduce the
feature dimension and the amount of calculation.Thepooling
process is generally implemented using maximum pooling
or average pooling, which denotes the maximum value or
average value of the selected sliding window. Different from
the convolutional layer, the pooled layer does not involve in
weights and parameters. In general, each feature map of the
input is pooled in the same way and the number of features
of the original input remains unchanged. Then, the fully
connected layer is used to map the feature representations
from the convolutional layer to the sample space in order
for classification, which is composed of a group of neurons
and connections with weight values. Since the number of
the parameters of the fully connected layers is very large,
some networks used the convolutional neural networks to
take place of the fully connected layers. In order to improve
the prediction ability of the CNN model, the following
ways were usually utilized. One effective way is to train a
large number of data set to learn enough sample feature
information so that the test set can be better explained. In
addition, a good network architecture model is required,
which generally consists of reasonable network layers and
network width as well as addition of some other processing
ways, for example, adding batch normalization [27] layer,
dropout [28] layer, and regularization [29]. Another way is
to configure the network’s hyperparameters like the number
of convolution kernels and the size of the convolution kernel.
These parameters are closely associated with the number of
the weight W, which directly affects the performance of the
model. These parameters are often designed according to
some experiences, which also refer to the configurations of
some existing models. In a whole, a key is to consider the size
of the task when designing a model. This includes the size of
the sample set and the size of the sample feature information.
When the feature information is relatively rich, the model
could achieve a good result by designing a network with
sufficient depth.
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Figure 2: The umbrella module of the basic component of the
proposed architecture.

2.2. Module of Umbrella from the Work. Similar to the
previous Inception-ResNet network in the optical image, the
umbrella module decomposes the input into independent
feature mapping channels so that it could learn diverse char-
acteristics of the input space from different levels. However,
different from the previous architecture, the ResNet module
was embedded into the Inception module in the work, rather
than the inception one embedded in the ResNet, considering
that the samples and feature information of the SAR image
are generally less than those of the optical one. Figure 2
illustrates the structure of onemodule of umbrella. It contains
six different feature extraction paths, which are represented
by six brackets with specific roles. Each path contains 3
convolution layers. The six paths were divided into two
categories, as shown in Figure 2. The three paths on the left
use the residual network [20] to sufficiently extract the input
space features, in which the parameters of each layer of the
convolution layer can be fully trained so that it could avoid
falling into local optimum. The three paths in the right are
convolved in terms of the traditional convolution method.
But, different from the traditional convolution method, we
obtain the feature map of each convolutional layer through
concatenating three layers in order to extract more feature
information. Finally, the output of the six paths is further
concatenated by the feature extracted from different depth.

In order to avoid increasing calculation overhead, the
number of convolution kernels of each layer is controlled
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Figure 3:The umbrella architecture of the proposed method.

to be lower than 64, which is enough to learn rich feature
information due to the module’s independent decoupling
of the input feature space. In the first path, we first used
1x1 convolution kernels. It could reduce the parameters and
the amount of computation because the convolution kernel
requires weight sharing. In addition, the 1x1 convolution
kernel could preserves all the information of the input space
and increase depth of one layer, which was proved to be
useful in deep learning [21, 30]. In order to extracting deeper
features, we used the 2x2 and 3x3 convolution kernel in
the subsequent step. The second path also first uses the 1x1
convolution kernel. In order to extract different features, we
used the 1x3 and 3x1 convolution kernel in the subsequent
step, which could reduce parameters with respect to the
2x2 and 3x3 convolutional kernel. The third path uses the
conventional convolution kernel with the 3x3 convolution
kernel. The right three paths are similar to the left ones. After
that, we used the BR layer behind the path to normalize the
input values, which enables the activation function to obtain a
reasonable feature map from the input space and was already
proved to be effective for improving the network [27].

2.3. Methodology. The complete framework of Umbrella
model is shown in Figure 3.The network contains a total of 3
convolutional blocks and 2 umbrella blocks, which contain 12
convolutional layers, 2 fully connected layers, and 3 pooling
layers. Consequently, the whole architecture of the umbrella
model contains a total of 1344 convolution kernels and 131
full connected layer neurons, which lead to a total of 26368
weights. The full connection layer parameters vary according
to the input size. For example, if the image is the 128x128 in
size, the parameters of the full connection layer are 30080.
The convolutional layer is mainly applied to extract the
features while the fully connected layer serves as a regression

classification. Only one dropout layer is used in the network
in order to reduce overfitting.

The network was implemented by Keras [31], which is a
high-level neural network API with the backend of Tenser-
Flow, CNTK, and Theano. In training, stochastic gradient
descent was utilized with a momentum of 0.9, a learning
rate of 0.005, and a decay of 0.0004. The experiment was
performed on the Linux operating system and an NVIDAI
GPU GTX1080Ti.

3. Results and Discussion

The proposed method is verified and discussed by experi-
mental results in this section, which is organized in terms
of the four sections. Subsection 3.1 gives a brief introduc-
tion of the data set. The main experimental results and
discussions are listed in Subsection 3.2, in which our result
is also compared with some current state-of-the-art SAR
recognition methods. Subsection 3.3 takes into account the
case of data augmentation with the aid of the algorithm of
noise. In addition, the results from our CNN architecture are
also compared with those from some advanced algorithms
of the optical image classification in the Subsection 3.4. In
Subsection 3.5, our method is further applied to classify the
eight variants of T72 tanks, which were not nearly covered by
previous SAR-ATR systems due to their high similarities. In
the work, the performance evaluation is mainly based on the
two criteria. One is the accuracy rate measured in terms of
the following equation:

𝐴 = 𝑁𝑐
𝑁
𝑡

(1)

It is the ratio of the correct number 𝑁
𝑐
predicted to the

total number 𝑁
𝑡
in the sample sets. It is one of the most

important indexes in the classification and recognition. The
other criterion is the loss value, which could measure the loss
and error of the true value and the predicted value, as shown
by the following[32]:

𝐽 = − 1
𝑁

𝑁

∑
𝑛=1

[𝑦
𝑛
log (𝑦

𝑛
) + (1 − 𝑦

𝑛
) log (1 − 𝑦

𝑛
)] (2)

where 𝑦
𝑛
denotes the predicted value, 𝑦

𝑛
denotes the ground

truth, and 𝑁 is the number of samples. Contrary to the
accuracy, the lower the loss value, the better the model per-
formance. Therefore, the two parameters are taken together
to evaluate the performance of one model.

3.1. SAR Data Set. The experimental data comes from the
measured SAR ground static Target announced by the
MSTAR (Moving and Stationary Target Acquisition and
Recognition) program, supported by the Defense Advanced
Research Project Agency (DARPA) and the Air Force
Research Laboratory (AFRL) [33]. The sensor that collects
the data set is a high-resolution spotlight synthetic aper-
ture radar with a resolution of 0.3m x 0.3m, operating
in the x-band and polarization mode of HH polarization.
The data set contains 10 types of ground vehicles, such as
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Table 1: The number of samples for the 10 class vehicles.

Class 2S1 BMP2 BRDM2 BTR 60 BTR 70 D7 T62 T72 ZIL131 ZSU 234 Total
Train set(17) 200 200 200 200 200 200 200 200 200 200 2000
Test set(15) 274 195 274 196 196 274 273 196 274 274 2425

Table 2: The number of samples for eight T72 variants.

Variants A04 A05 A07 A10 A32 A62 A63 A64 Total
Train set(17) 299 299 2999 296 298 299 299 299 2388
Test set(15) 274 274 274 271 274 274 274 274 2189

Table 3: Accuracy for umbrella versus state-of-the-art method.

Method Date Train Test Acc(%)
MSRC [25] 2014 2747(17) 3203(15) 93.66
TSJR [26] 2015 3671(17) 3203(15) 93.41
A-ConvNet [1] 2016 2747(17) 2426(15) 99.13
DCHUN [15] 2017 2000(15) 2462(17) 99.09
CNN-TL [16] 2017 2747(17) 2425(17) 99.09
Umbrella 2017 2000(17) 2425(15) 99.54
The numbers 17 and 15 in parentheses indicate the shooting angle of SAR. The date denotes publication time.

BTR70 (armored transport vehicle), BMP2 (infantry fighting
vehicle), T72 (tank), 2S1 (self-propelled howitzer), BRDM2
(armored reconnaissance vehicle), BTR60 (armored trans-
port vehicle), D7 (bulldozer), T62 (tank), ZIL131 (cargo
truck), and ZSU234 (self-propelled artillery). In addition,
the data set also includes the 8 variants of T72 tanks with
differentmilitary-configurations, for example, machine guns,
fuel tanks, and the antennas. Since the SAR image is very
sensitive to the azimuth factor, the images with different
orientations were collected, in which the range of orientation
is from 0∘ to 360∘ at the interval of 1∘ to 2 ∘.

In the work, for the 10 types of object targets and the eight
variants of T72, we used data with a shooting angle of 17∘ for
the training set and one with 15∘ for the test set, which have
128x128 resolution. The number of each class under study is
listed in the Tables 1 and 2.

Figure 4 representatively shows the optical and the SAR
images for the ten vehicles and the eight variants of the T72
tanks. It can be seen that most vehicles have high intensities,
except for BMP2, BTR70, and T72. The low intensities of the
three vehicles may be attributed to their relatively low heights
which lead to a drop in the dihedral corner reflection and
special surface materials with respect to the other vehicles
which decrease the single reflection. Another possible reason
is that the difference in radiation correction between different
images makes the overall scattering intensity of these three
targets lower than others.

3.2. Experiments on the Standard Data Set of 10 Class Vehicles.
As shown in Table 2, the training set contains 2000 samples
and the test set includes 2425 samples for the 10 categories
of targets. Each category between the training set and the
test set is the same for the serial, the configuration, and the
version of the target. The difference is only the shooting angle
(17∘ for the train set and 15∘ for the test set). In addition,

each of the images contains only one complete target in its
central location. Figure 5 shows the result of the confusion
matrix for the test set.The abscissa denotes the predicted label
while the ordinate indicates the real label.The digit in the grid
of the diagonal position denotes the number of predictions
matching the real labels. The other digits in the figure denote
the number of targets misclassified.

As shown inTable 3, the accuracy for the classification can
achieve 99.54% for the test set, derived from our method. It
can be seen from Figure 5 that the maximum number is only
three for samples misclassified, in which three BTR 60 vehi-
cles are misidentified as BRDM-2 due to their similarities, as
reflected by Figure 4. Even so, the correct recognition rate of
this category still reaches 98.90%. Furthermore, BMP2 and
BTR70 and T72 with low pixel values also show almost 100%
accuracy, further confirming the reliability of our method.

In addition, the performance of our umbrella network is
also compared with some recent results from advanced SAR
identification methods, including transfer learning based
method (CNN-TL-bypass) [16], sparse representation of
monogenic signal (MSRC) [25], tritask joint sparse repre-
sentation (TJSR) [26], A-ConvNet [1], and DCHUN [15].
As evidenced by Table 3, the accuracy rate of our method
is improved by 0.41%∼0.45% with respect to these methods
based on deep learning.

3.3. Experiments on Augmentation Data for the Ten Classes
of Vehicles. The result of Section 3.2 only takes into account
the situation that all targets of the image set are fixed in the
middle position. However, in actual situations, most image
acquisitions are not the standard, which do not uniformly
constrain all targets to the same position. Thus, it is more
practical to consider the case that the positions of the targets
on the image should be random. Based on the consideration,
we extended the original data set through translation of the
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Figure 4: The comparison between optical images and SAR images. (a) Examples on the 10 class vehicle; (b) examples on the 8 variants of
T72 tanks.
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Figure 5: The confusion matrix of 10 classes vehicles. The accuracy
of the test set is 99.54%.

image by different levels (10%, 20%, and 30%), as shown
in Figure 6. In order to evaluate the necessity of the data
extension, we designed and discussed several models. One
model is that data of the train set is standard without any
translation while ones of the test set were translated by 10%,
20%, and 30%.As shown inTable 4, the accurate rates are very
low. The larger the translation-extent, the lower the accurate
rate. Not unexpectedly, the features derived from the train set
almost focus on the center position located by the target while
the targets are deviated from the center position in the test
set. Thus, based on the feature from the center position, the
model hardly gets accurate identification for the test set.

Figure 6: Illustration of random translation. The levels of transla-
tion are 10%, 20%, and 30%, respectively.

Table 4: Accuracy across the level of shift.

Shift 10% 20% 30%
Accuracy(%) 31.79 22.39 21.19

In other words, the model only considering the center
position cannot cope with the actual needs. In order to
improve the robustness of themodel, we constructed the train
set with consideration of the uncertainty of target positions,
in which the number of the targets at the original image
was extended by 10 times through the random translation
manner. The random shift levels involve in 10%, 20%, and
30%. Similarly, the test set was also extent by the same
translation. Consequently, the data of the train set and the
test set are 10 time larger than the previous ones, as shown in
Table 5. It can be seen from Table 5 that the accurate rates are
increased from the 31.79% to 99.12%-99.34%.

The result indicates that the generalization ability of
the test set is significantly improved when the training set
considers the translation. The result verifies the necessity
of data extension. In other words, if the test set contains
the targets in diverse situations, the train set must learn the
information from the samples in the train set. When more
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Table 5: The number of samples in the train set and the test one and their accuracies1.

Data set Train Test Acc(%)
Standard 2000 2425 99.54
Ag of test set 2000 24250 31.79
Ag of train set 36710 2425 99.34
Ag of all targets 20000 24250 99.12
1Standard denotes the targets without any translation and Ag denotes the targets in the data set including 10% random shift.

Table 6: The loss and accuracy for umbrella versus other methods.

Method Loss Acc(%)
Umbrella 0.027 99.54
Vgg16 0.073 97.23
ResNet50 0.164 95.51
Inception ResNet 0.047 98.35
Inception v4 0.109 96.12
Xception1 0.096 96.90
1When the network was applied to the MSTAR data set, the number of layers of the network was reduced slightly to fit the image size.
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Figure 7: The loss-iteration of different methods in 10 categories
classification task.

practical situations are taken into account in the data set, the
model is undoubtedly more robust and easier to identify the
targets under different scenarios.

3.4. Experiments vs. the State-of-the-Art CNNArchitecture. In
order to further evaluate the performance of the umbrella
method proposed by us, we compared it with some excellent
network architectures, based on the same data sets of the
ten-class vehicles. These architectures exhibit excellent per-
formance in the optical image but have not been applied to the
SAR image. The performance comparison of these methods
is shown in Figure 7 and Table 6.

As reflected by Figure 7, the loss value is decreased with
increasing iterations and that from our umbrella is lowest. It
can be seen that the Umbrella model also presents the best
accuracy, compared with the others. Although these deep
convolutional neural networks applied in the optical images
also took into account increasing the depth and width in
order to improve their performances, they do not improve
the performance of the recognition for the SAR images with
respect to our umbrella method. As mentioned above, the
optical images are rich in color information and have distinct
target characteristics while the SAR images are displayed by
the grayscale values of different intensities with a small target.
Therefore, the direct application of these methods with high
performance in the optical images cannot achieve the same
performance. The result further indicates the necessity of
constructing one new architecture appropriate for the SAR
image like our umbrella.

3.5. Experiments on the Standard Data Set of Eight Types of
T72 Tanks. The similarity of the eight types of T72 tanks is
much higher than that of the ten types of vehicles. In order
to further assess the performance of the umbrella model, it
is further applied to identify the eight types of T72 tanks,
which was nearly not taken into account in previous SAR-
ART works. As one of few, Dr. Du [34] used a CNN network
to classify the eight variants of T72, achieving 94.8% accuracy.
Figure 8 shows the classification results of the T72 variants.

It can be seen that the number of targets matching real
labels is large and only few samples in every classes were
wrongly predicted, not more than 15. The recognition rate of
the umbrellamodel still achieves 96.35%.The result is slightly
inferior to one of the 10 types of vehicles above since the
high similarity of the T72 variant increases the difficulty of
recognition. However, the accuracy is still satisfactory and
higher than the previous work, further demonstrating the
outstanding performance of our method. Thus, the umbrella
model will be promise for the classification tasks of the SAR
images.
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Figure 8: The confusion matrix of T72 8 variants. The accuracy of
the test set is 96.35%.

4. Conclusions

Recently, the development of deep learning has been signif-
icantly advanced in the classification of optical images, in
whichmany excellent CNN architectures emerge and achieve
high performances. Compared to the optical recognition,
the development of SAR-ART has been limited. Thus, it is
highly desired to introduce advanced architectures into SAR-
ART. However, since the SAR image presents fewer features
than the optical one, these CNN architectures with high
performance in the optical image easily cause overfitting for
the SAR classification. Thus, in the work, based on the SAR
characteristics, we constructed a novel CNN architecture
(named umbrella) through minimizing its depth but extract
enough features at different levels so as to achieve rapid and
accurate detection of the SAR targets. Umbrella was applied
to detect ten types of vehicles and eight classes of T72 variants
from the MSTAR data set, where we also took into account
the diverse positions of targets with the aid of the random
translation manner. In all the cases under consideration, the
umbrella model can achieve more than 99% accuracy for the
classification of 10-class targets and higher than 96% accuracy
for the 8 variants of the T72 tank. The performance of the
umbrella model is higher than previous methods reported.
The results clearly indicate that the architecture proposed by
us will be potential for SAR-ATR in practice.
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Automatic concrete spalling detection has become an important issue for metro tunnel examinations and maintenance.This paper
focuses on concrete spalling detection research with surface roughness analysis based on point clouds produced by 3Dmobile laser
scanning (MLS) system. In the proposed method, at first, the points on ancillary facilities attached to tunnel surface are considered
as outliers and removed via circular scan-line fitting and large residual error filtering. Then, a roughness descriptor for the metro
tunnel surface is designed based on the triangulated grid derived from point clouds. The roughness descriptor is generally defined
as the ratio of surface area to the projected area for a unit, which works well in identifying high rough areas on the tunnel surface,
such as bolt holes, segment seams, and spalling patches. Finally, rough area classification based on Hough transformation and
similarity analysis is performed on the identified areas to accurately label patches belonging to segment seams and bolt holes. After
removing the patches of bolt holes and segment seams, the remaining patches are considered as belonging to concrete spalling.The
experiment was conducted on a real tunnel interval in Shanghai. The result of concrete spalling detection revealed the validity and
feasibility of the proposed method.

1. Introduction

Different from on-ground infrastructure, tunnels are always
under the complex environmental conditions and constant
heavy traffic loads. It is not uncommon to have damage
on the tunnel surface due to the possibility of external
forces and material deterioration [1, 2]. Therefore, during
the service period of a tunnel, regular inspection activities
should be carried out to check its health condition and regular
maintenance measures should be taken to keep its structural
integrity and ensure the safety in the operation process [3].

A concrete spalling [4–6], as shown in Figure 1, is a
small but nonneglected tunnel damage which refers to the
happening of surface defects whose depths are deeper than
normal scaling, caused by material deformation or fragile
deterioration. Concrete spalling is one of the most serious
problems that affects the performance and reliability of a
tunnel [7]. Traditionally, concrete spalling can be detected
by human visual inspection, which needs tools of measuring
tapes or profilers and to be identified by the size and location
[8]. However, the process of manual inspection is time

consuming and with low efficiency, and its result is also
subjective and not reliable [9–12]. Therefore, it is urgent to
replace the traditional method with a more accurate and
automatic sensor-based method.

Currently, there are many researches focusing on detect-
ing surface damage of concrete infrastructure with data
gathered by different types of sensors. These researches can
be generally classified in two ways. The first and preferred
way is the approach of visual imaging and analysing to
detect concrete surface damage, whose main advantages
are the contactless technique, high speed in digital image
acquisition, and the application of highly automated analysis
procedures. For example, Dawood et al. [13] presented an
integrated framework for the detection and quantification
of concrete spalling distress from the digital images. The
framework includes a hybrid algorithm for the detection
of concrete spalling regions, interactive 3D presentation,
and regression analysis to estimate the relationship between
spalling intensity and depth. Medina et al. [14] applied a new
method called Gabor filter invariant to rotation, allowing the
detection of cracks in any direction from the tunnel images.
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Figure 1: Concrete spalling image.

German et al. [15] retrieved the spalling properties from
concrete column images in an attempt to assess the safety of
postearthquake concrete structures. Koch and Brilakis [16]
used histogram-based thresholds to segment the image into
defective and nondefective regions and then approximated
the defective shapes using morphological refinement and
elliptic regression. Hutchinson et al. [17] presented a sta-
tistical method based on Bayesian decision theory for the
purpose of detecting concrete damage (cracks, spalling, etc.)
through conducting edge analysis of images. However, the
requirement of illumination is essential for the camera to
obtain high quality visual images, which usually cannot be
satisfied since there is no enough light in a tunnel and it is
hard to find a long-time lasting power for the long range
tunnel inspection.

The second class of laser scanning approach, as an active
detection technique, which can obtain high quality 3D point
cloud data even in the weak illumination, has become more
and more popular in the civil engineering domain in recent
years [18–20]. For example, Teza et al. [21] used datasets
collected by the terrestrial laser scanner to identify concrete
surface damage using the mean curvature and Gaussian
curvature of the structure surface, the application of which
makes it possible to locate and quantify surface damage,
so as to enhance the current visual inspection strategy.
Mizoguchi et al. [22] evaluated the depth of scaling defects
based on a customized region growing approach and iterative
closest point (ICP) algorithm. Liu et al. [23] proposed a
surface damage detection algorithm, known as light detection
and ranging-based bridge evaluation (LiBE) for quantify-
ing material quality loss. The LiBE algorithm distinguishes
information obtained from the original concrete surface by
calculating the surface gradient and displacement. Tang et
al. [24] showed how laser scanners can be effectively used
to assess surface flatness and that it is possible to detect
surface flatness defects as small as 3 cm across and 1mm
thick from a distance of 20m. Yoon et al. [25] proposed
a method to detect cracks from laser scanned tunnel data
using radiometric and geometric properties of laser points.
Nevertheless, how to detect concrete spalling on the tunnel
surface has not been fully discussed. This is because the
effective models for spalling detection mostly focused on the
planar concrete surface, while the nonplanar tunnel surface
is still not established, which causes the concrete spalling in
tunnels to not be accurately detected.

In this paper, we propose a novel method that can
automatically detect the concrete spalling damage on tunnel
surface from 3D point cloud obtained by mobile laser scan-
ning system.The captured point cloud data not only contains
information of the tunnel inner wall, but also includes outlier
points such as ancillary facilities and subway tracks. Thus,
firstly, the outlier points need to be removed via circular
scan-line fitting and large residual error filtering. Then, a
roughness descriptor for themetro tunnel surface is designed
based on the triangulated grid derived from point clouds.
The roughness descriptor is generally defined as the ratio of
surface area to the projected area for a unit, which works well
in identifying high rough areas on the tunnel surface, such
as bolt holes, segment seams, and spalling patches. Finally,
rough area classification based onHough transformation and
similarity analysis is performed on the identified areas to
accurately label patches belonging to segment seams and
bolt holes. After removing the patches of bolt holes and
seams, the remaining patches are considered as belonging
to concrete spalling. Compared with previous studies, the
proposed method has the following characteristics: (1) auto-
matic concrete spalling detection for tunnel surfaces and (2)
guidelines for choosing optimal scanning parameters.

2. Research Methodology

2.1. Overview of the Proposed Method. The proposed con-
crete spalling detection method for metro tunnel based on
roughness descriptor can be generally divided into three
steps, namely, outlier points removal, roughness descriptor
construction, and rough area classification, as shown in
Figure 2. Point clouds used for concrete spalling detection
were collected by a mobile three-dimensional laser scanning
system. The collected point cloud data not only contains the
necessary information of tunnel surface, but also captures
the unnecessary points such as cables, pipelines, and subway
tracks. Therefore, firstly, these unnecessary outlier points,
including some derived from ancillary facilities and the other
from noise generated by the scanner, will be removed on
account of residual error filtering via a deviation threshold.
This part is introduced in Section 2.2.

Secondly, a roughness descriptor, which is defined by the
ratio between surface area and projected area for a unit, is
constructed and applied into the remaining points to evaluate
the rough situation of the tunnel surface. To this end, based
on the Poisson surface reconstruction method, both the
remaining points on tunnel surface and its corresponding
projected points on cylindrical surface are used to generate
the irregular triangulation, and, furthermore, to calculate
the surface area and projected area, respectively, whose
calculation method is to find the sum of areas of first-
order neighbourhood triangles around each point. Thus,
the roughness descriptor can be constructed and then the
high rough areas including bolt holes, segment seams, and
concrete spalling on the tunnel surface can be identified.This
part is given in Section 2.3.

Finally, a rough area classification algorithm is performed
to separate bolt holes and segment seams from the rough
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Figure 2: Flowchart of the proposed method.
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Figure 3: Three types of outlier points. (a) Drift points. (b) Redundant points. (c) Mixed points.

areas; thus the remaining patches are considered as belonging
to concrete spalling. This is given in Section 2.4.

2.2. Outlier Points Removal. The point cloud used for con-
crete spalling detection is collected by a mobile three-
dimensional laser scanning system that scans the tunnel
surface in the form of a section during movement.Therefore,
the captured point cloud data is stored as multiple scan lines,
which not only contains the information of tunnel surface,

but also captures the outlier points mainly originating from
cables, lighting equipment, pipelines, and other facilities
attached to the inner wall, subway tracks, and noise generated
by the scanner. These outliers, however, inevitably affect
the identification of concrete spalling and thus should be
removed at the very beginning. In our method, the outlier
points are roughly grouped into three categories according
to spatial distribution, namely, drift points, redundant points,
and mixed points, as shown in Figure 3.
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The drift points are caused by the random noise gen-
erated by the laser scanner, whose spatial distribution is
characterized as being dispersed and far away from the
main part of metro tunnel. Thus, the drift points can be
eliminated by the clustering algorithm. In addition, the
redundant points come from subway track and other ground
parts in metro tunnel, and the mixed points stem from
some ancillary facilities. However, the two types of points are
usually mixed with nonoutlier points of the tunnel surface;
thus it is necessary to adopt an effective method to realize
filtering.

Since the tunnel cross-section is designed as a standard
circle, the captured point clouds present in the form of a
large number of circular scanning lines. According to this, we
propose a filtering algorithm to remove redundant points and
mixed points by identifying points with large residual error.
Each circular scan line is first fitted with a circle model by
the RANSAC (random sample consistency) [26], in which
the circle’s boundary and centre are obtained. After that, the
residual error can be calculated as the distance between each
point on the scan line and the circle’s boundary. Finally, the
threshold of residual error is set and the points with residual
errors larger than the threshold can be seen as outliers and
removed.

2.3. Roughness Descriptor Construction. From the perspec-
tive of topography, surface roughness refers to the unevenness
of the ground, generally defined as the ratio of the surface
area to the projected area for a unit. It is usually used to
reflect the high and low undulations on the terrain, the
phenomenon of which has a similar shape to the undulations
on the tunnel surface. Therefore, in this paper, the concept of
surface roughness is introduced into the metro tunnel for the
rough areas recognition.

2.3.1. Surface Area and Projected Area Calculation. A rough-
ness descriptor needs to be constructed to identify the rough
areas on tunnel surface. According to the definition of surface
roughness (the ratio of surface area to the projected area for a
unit), in our method, the surface area of a unit is represented
by a polygon area enclosed by the points of the first-order
neighbourhood around each point. Similarly, points on the
tunnel surface are projected onto the cylindrical surface, and
the polygon area of the first-order neighbourhood around
each corresponding projected point is taken as the projected
area of a unit.

Since the tunnel surface is nonplanar, in order to calculate
the surface area or the projected area around each point, it
is necessary to construct a triangular network for the point
cloud of tunnel as well as the corresponding projected point
cloud of cylinder, respectively. To this end, Poisson surface
reconstruction [27] is adopted in this subsection, which
is an intuitive method for mesh construction with point
cloud and its normal vector serving as input components
while the output manifests as a three-dimensional grid.
Figure 4 shows the modelling results of a part of tunnel
point cloud and the details of triangular mesh. Given the
rough situation on tunnel surface, we do not calculate the

Figure 4: Triangular mesh of tunnel surface.

Figure 5: Triangular mesh of cylindrical surface.

area of the polygon enclosed by the points of the first-order
neighbourhood, but the sum of triangular areas of the first-
order neighbourhood around each point as the surface area
of a unit.

What is more is that, for the sake of calculating the
projected area, the corresponding relationship of points
between tunnel and cylinder needs to be established accu-
rately. Lei You et al. [28] proposed an algorithm for projecting
trunk point clouds onto a cylindrical surface in sections to
reconstruct the trunk surface, the theory of which is also
applicable to the tunnel surface. Based on the algorithm, the
tunnel surface can be defined by two parameters. The first
one is centreline (L) that is described by a series of centre
points (c𝑖(𝑐𝑥, 𝑐𝑦, 𝑐𝑧), 𝑖 = 1, ⋅ ⋅ ⋅ , 𝑛).The second parameter is the
design diameter (d) of a metro tunnel. Taking into account
the coordinate system of tunnel point cloud, Z axis is located
at the vertical scanning plane with upward direction positive,
and both 𝑋 and 𝑌 axes are located at the lateral scanning
plane and perpendicular to each other, which forms a right-
handed coordinate system, wherein the positive direction
of X axis points to the mileage direction. Thus, for any
point 𝑝(𝑝𝑥,𝑝𝑦,𝑝𝑧) on the tunnel surface, its corresponding
projection point 𝑝 on the cylindrical surface satisfies

(𝑝 − (𝑐𝑦, 𝑐𝑧, 𝑝𝑥)) × (1, 0, 0) − 𝑑 = 0 (1)

where × is the outer product of vector, and ‖ . . . ‖ represents
the modulus of the vector. It is noted that Equation (1)
will have two solutions, taking the point close to 𝑝 as the
projection point 𝑝 on the cylindrical surface. Figure 5 shows
the modelling results of a part of tunnel point cloud after
projection and the details of triangularmesh.Then, according
to the coordinates of projection points, the polygon area
enclosed by the points of the first-order neighbourhood
around each projection point is calculated as the projected
area of a unit.
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2.3.2. Roughness Descriptor of Tunnel Surface. In this paper,
we define the ratio of surface area to the projected area around
each point as the roughness descriptor. After constructing the
triangular mesh for the tunnel point cloud, it is necessary
to calculate the area of each triangle and then find the sum
of areas of first-order neighbourhood triangles around each
point which is considered as the surface area of a unit.
Similarly, point clouds on the cylindrical surface obtained
from projection also need to generate a triangulated grid,
where the polygon area enclosed by the points of the first-
order neighbourhood for each point is performed as the
projected area of a unit.

Simulating a set of points for a microelement on the
tunnel surface, as shown in Figure 6, the black points repre-
sent normal area while the yellow zone represents the rough
area. It is assumed that the red point T in the picture is
in the rough area and other points, marked with A(𝑥1, 𝑦1),
B(𝑥2, 𝑦2), and D(𝑥3, 𝑦3), etc., are the normal points around T.
The area of triangle which ismade up of point T and the other
two points around T can be calculated by Heron’s formula
[29] and stored. Taking the triangle �𝑇𝐴𝐵 as an example,
lengths of the corresponding three sides are represented as 𝑡,𝑎, and 𝑏, respectively, thus the area of which can be calculated
by

𝑆�𝑇𝐴𝐵 = √𝑞 (𝑞 − 𝑡) (𝑞 − 𝑎) (𝑞 − 𝑏) q = (𝑡 + 𝑎 + 𝑏)2 . (2)

Therefore, the sum of triangle areas of the first-order neigh-
bourhood around point T can be expressed as follows:

𝑆𝑡𝑢𝑛𝑛𝑒𝑙 = ∑𝑆� (3)

Then, using the projection method described in Section 2.3.1
to generate projected points on cylindrical surface, the

polygon area of the first-order neighbourhood around point
T can be calculated by

𝑆𝑐𝑦𝑙𝑖𝑛𝑑𝑒𝑟 = 𝑆𝑝𝑜𝑙𝑦𝑔𝑜𝑛(𝐴𝐵𝐷𝐸𝐹𝐺)
= 12
𝑛∑
𝑖=1

(𝑥𝑖 + 𝑥𝑖+1) (𝑦𝑖+1 − 𝑦𝑖) (4)

where 𝑛 is the number of points around T. Accordingly, on
the basis of definition of the roughness descriptor, a formula
can be deduced as follows:

𝑟𝑜𝑢𝑔ℎ𝑛𝑒𝑠𝑠 = 𝑆𝑡𝑢𝑛𝑛𝑒𝑙𝑆𝑐𝑦𝑙𝑖𝑛𝑑𝑒𝑟 =
∑𝑆�𝑆𝑝𝑜𝑙𝑦𝑔𝑜𝑛 (5)

Finally, the roughness threshold should be set accurately to
extract the points in high rough areas on tunnel surface.

2.4. Rough Area Classification. The points in rough areas on
the surface of metro tunnel can be extracted by the roughness
descriptor successfully, which are composed of three main
categories, namely, concrete spalling patches, bolt holes, and
segment seams. However, the three types of points extracted
based on the roughness descriptor are mixed together, so
we need to separate the points belonging to the concrete
spalling patches from the rough points. In our method,
taking into account the irregularity of spalling patches, we
cannot directly identify them from rough areas. According
to this, the method of rough area classification is adopted
to accurately label patches belonging to segment seams and
bolt holes so that the remaining patches are considered as
belonging to concrete spalling.

For the seams between segments, if the tunnel point cloud
is unfolded, the seam appears as a straight line. Thus, in this
paper, themethod for seam recognition is to project the point
cloud of metro tunnel onto a plane and rasterize it into an
image. After that, the Hough transform [30] is applied to
recognize the lines so that the seams of tunnel segments can
be determined and furthermore eliminated from the point
cloud.

For the bolt holes, there is a fixed size; we can establish a
standard point cloud template of bolt holes. The point cloud
is then clustered, and the degree of similarity between each
small clustered group and the template is compared based on
the similarity analysismethod to determinewhich small clus-
ter belongs to bolt hole. In order to obtain the clustered point
cloud of bolt hole, the mean-shift clustering algorithm [31] is
applied to the remaining point cloud after seam elimination
including bolt holes and spalling patches, so that the point
clouds can form many different small groups. Meanwhile,
we established the point cloud library of bolt hole to be
regarded as a template for recognition. The size of bolt hole
we used to collect the point cloud library is about 20∗14∗18
(cm) and 17∗15∗18 (cm). Based on the similarity comparison
between the template and the clustered small groups, bolt
holes can be identified from the point clouds. The specific
implementationmethod is as follows. Firstly, it is necessary to
standardize the position of template points and each clustered
small group by performing PCA transformation (Principal
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Component Analysis) [32] on the two three-dimensional
point clouds, so that the three main components of both
are obtained and taken as the new standardized coordinate
systems. Secondly, after the coordinate transformation, each
small group is registered with the template by using the ICP
(Iterative Closest Point) [33] registration algorithm to further
adjust the clustered points so as to have a similar posture
to the template as much as possible. Thirdly, calculate the
feature vector of point cloud whose method is proposed by
Xiaotong H et al. [34] for the principal components of the
template and the registered small group points, respectively,
and furthermore perform similarity comparison between the
two feature vectors to distinguish bolt holes from rough
points. Generally speaking, any small group of point clouds
with similarity score greater than the accurate threshold
can be identified as a bolt hole. The procedure of bolt hole
recognition is shown in Figure 7.

2.5. Detectable Spalling Analysis. In this paper, we define the
ratio of surface area to the projected area around each point
as the roughness descriptor, and simultaneously a formula
thereof has also been deduced in Section 2.3.2. What is more
is that it is necessary to analyse theminimum spalling patches

that can be extracted using this method in metro tunnel.
Therefore, it is assumed that Figure 6 shows a microelement
on the tunnel surface under the ideal conditions, where
the point spacing is represented by 𝑚. The black point is
in the normal area, whose depth is zero, while the red
point is in the spalling area, and the depth is ℎ. According
to the roughness formula, the sum of areas of first-order
neighbourhood triangles around point T can be expressed as

𝑆𝑡𝑢𝑛𝑛𝑒𝑙 = ∑𝑆� = 3𝑚√(34𝑚2 + ℎ2) (6)

And the polygon area of first-order neighbourhood around
the projected point T can be expressed as

𝑆𝑐𝑦𝑙𝑖𝑛𝑑𝑒𝑟 = 𝑆𝑝𝑜𝑙𝑦𝑔𝑜𝑛 = 3√32 𝑚2 (7)

Thus the roughness descriptor can be calculated as follows:

𝑟𝑜𝑢𝑔ℎ𝑛𝑒𝑠𝑠 = 𝑆𝑡𝑢𝑛𝑛𝑒𝑙𝑆𝑐𝑦𝑙𝑖𝑛𝑑𝑒𝑟 =
2√33 √ 34 + ( ℎ𝑚)2 (8)

Hence one can see that, in the position where the spalling
does not occur or the nonrough position, h=0; that is, the
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Figure 8:A scan line of tunnel point cloud.Theblack ring represents
the real position of a section on the tunnel inner wall, and the
deviation of red points away from black ring is regarded as the
precision of point cloud (Δ).

value of roughness descriptor is 1. When h > 0, the value of
roughness descriptor is greater than 1. It indicates that the
position is rough relative to the normal position and may be
spalling.

Therefore, the detectability of concrete spalling based
on the roughness descriptor is determined by the spalling
depth ℎ and the point spacingm, while these two parameters
are mainly affected by the instrument accuracy and the
set parameters of the MLS system used when collecting
point cloud in metro tunnel, namely, range error Δ and the
resolution of laser scanner as well as the running velocity
of MLS system. Firstly, the range error Δ of laser scanner
indicates the precision of the collected point cloud of metro
tunnel. Taking out a scan line of point cloud and expanding it
into a straight line as shown by red points in Figure 8, assume
that the black ring is the real position of a section on the
tunnel inner wall while the deviation of captured points away
from the innerwall is regarded as the precision of point cloud,
which is represented byΔ.Thus it can be seen that the spalling
patches will not be detected when the value of spalling depthℎ is less than Δ.

The other factor that affects the detectability of spalling
is the point spacing m, including the vertical spacing and
longitudinal spacing. The vertical spacing of point cloud
depends on the resolution of the scanner. When setting
different resolutions, the number of scanning points on the
one scan-line changes accordingly. In addition, since the
frequency of scanner is usually fixed, the velocity of the
mobile laser scanning system determines the point spacing
in the direction of the mileage, commonly referred to as
the longitudinal spacing. Taking a microelement on the
surface of tunnel as an example in Figure 9, the vertical
and longitudinal spacing of point cloud are represented by𝑚1 and 𝑚2, respectively, and the blue areas are used to
indicate the spalling patches. It follows that, when the area
of spalling patches less than the product of vertical spacing
and longitudinal spacing, it cannot be detected either.

Therefore, when the depth ℎ and the area 𝑆𝑐 of a concrete
spalling patch satisfy the following formula (9), it can be
extracted from the point cloud of tunnel surface, which
can also be used as a guideline to select optimal scanning
parameters for MLS system:

ℎ > �;
𝑆𝑐 > 𝑚1 ∗ 𝑚2. (9)

m1

m2

Figure 9: A microelement on tunnel surface. The red dots indicate
the points on a microelement of tunnel surface captured by scanner,
and the blue areas indicate the spalling patches.

Figure 10: Mobile laser scanning system.

3. Case Study

3.1. Data Collection of Metro Tunnel. A section of a metro
tunnel in Shanghai was selected as the experimental area with
a total length of about 250 meters. The mobile laser scanning
(MLS) system is equippedwith a scanner of FAROFOCUS3D
X330 for point cloud data collection in the tunnel, as shown
in Figure 10, the scanner of which has a scanning range of
300∘ and working frequency of 100Hz. In order not to affect
the routine operation of the subway, the experimental data
acquisition was carried out between midnight and three in
the morning. And the resolution of scanner is set to 1/4, so
the number of points in one circular scan line is about 9760
and the vertical point spacing 𝑚1 is about 2mm. Generally,
during the period of data acquisition, to ensure the density
of point cloud, the running velocity of MLS system on the
subway track is set to 0.5m/s, so the average point spacing𝑚2 of the collected point clouds in the mileage direction is
about 5mm. The general information of the case area and
data collection is shown in Table 1.

3.2. Experimental Results

3.2.1. Outlier Removal Result of Tunnel Point Cloud. The
captured point cloud data by MLS system mainly contains
the information of the tunnel surface where it is also mixed
with some outlier points originating from the subway tracks,
cables, lighting equipment, and other facilities, which will
inevitably have great interference on the concrete spalling
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Figure 11: Outlier removal. (a) Residual error curve of one scan line, (b) before the outlier removal and (c) after the outlier removal.

Table 1: General information of the case area and data collection.

Parameters Value
Length of case tunnel 250 m
Radius of the tunnel 2.75 m
Average velocity during data collection 0.5 m/s
Scanning distance 330 m
Scanning range 300∘

Working frequency 100 Hz
Resolution 1/4
Range error (�) 2 mm
Vertical point spacing (𝑚1) 2 mm
Longitudinal point spacing (𝑚2) 5 mm
Point density 100,000 pts/m2

Total points > 500,000,000 pts

identification. Thus, according to the outlier points removal
algorithm introduced in Section 2.2, the residual error curve
for each circular scan line can be generated, an example of
which is shown in Figure 11(a). Since the fluctuation range of
residual errors is between plus and minus 0.01, hence it can
be seen that points with an error of less than negative 0.01 can
be considered outliers and then eliminated. Figures 11(b) and
11(c) show the point cloud of tunnel before and after outlier
points removal, respectively.

Most of the outlier points with a certain distance from
the tunnel surface can be removed using the residual error
filtering algorithm. However, there are still a small fraction
of points from the bottom of pipeline facility that clings to
the tunnel inner wall and cannot be completely eliminated
through thismethod, causing them to eventually be identified
as rough areas. This part of points is usually presented in the
form of a line, so it can be identified and further removed
together with ring seams through the algorithm of Hough
transformation later.

3.2.2. Rough Area Extraction. After removing the outlier
points from original point cloud data of metro tunnel, a
roughness descriptor based method is applied to extract the
points of rough areas on tunnel surface for the purpose of
further identifying the concrete spalling patches therefrom.
Thus, in order to calculate the value of roughness descriptor
for each point, triangular meshes are first constructed for
both the remaining points after outlier removal and the
corresponding projected points on the cylindrical surface,
thereby obtaining the surface area and projected area of
the first-order neighbourhood around each point. Then,
according to the definition of roughness descriptor, the ratio
of surface area to the projected area around each point is
calculated, a histogram of which is also generated indicating
the number of points corresponding to different roughness
values, as shown in Figure 12.
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Figure 13: Roughness map of tunnel surface.

According to the value of the roughness descriptor for
each point obtained, we need to determine an accurate
threshold to extract the points belonging to rough areas.
Taking into account the scanner accuracy and the set param-
eters of MLS system during operation, in this experiment
mainly relying on the range error � and the point spacing𝑚, the expression of roughness descriptor can be further
represented as follows:

𝑟𝑜𝑢𝑔ℎ𝑛𝑒𝑠𝑠 = 2√33 √ 34 + (ℎ + �𝑚 )2 (10)

It can be seen from formula (10) that when the value of
the depth ℎ for a certain point tends to zero, roughness ratio
is at a critical condition. Therefore, with the value of point
spacing𝑚 and range error Δ in this case study, the threshold
of roughness descriptor has been obtained as about 1.05, and
points with proportion greater than 1.05 are filtered as rough
areas. Expand the rough point cloud on the tunnel surface
into a plane as shown in Figure 13.

It should be noted that we cannot thin the original point
cloud; otherwise some points belonging to rough areas may
be missed, which will affect the detection of spalling damage.
However, when calculating the roughness value of each point,
the number of tunnel point clouds captured byMLS system is
very huge, which will take a lot of time to find a polygon area

surrounded by its first-order neighbourhood points for each
point. Accordingly, BitMap and BloomFilter are adopted in
this part to improve performing efficiency of the algorithm.
Bitmap is a compact data storage structure that allocates 1 bit
of memory for each element in the collection, which greatly
reduces the storage space required to process massive point
cloud data. Based on this structure, BloomFilter completes
the query of the first-order neighbourhood points for each
point, and then we can calculate the area of polygon enclosed
by them, which greatly compresses the memory space and
shortens the calculation time.

3.2.3. Results of Concrete Spalling Detection. The rough areas
extracted on tunnel surface based on the method of rough-
ness descriptor mainly contain three types of objects, namely,
concrete spalling patches, bolt holes, and the seams between
segments. In order to identify the points belonging to spalling
patches, we used the method of rough area classification
described in Section 2.4 to separate bolt holes and the seg-
ment seams from rough points, so that the concrete spalling
patches can be remained.

Firstly, if the tunnel surface is unfolded into a plane,
the seam appears as a line. Therefore, the method of seam
identification is to project the rough point cloud extracted
onto a plane and rasterize it into an image. Then the Hough
transformation algorithm can be used to identify seams
between segments, the result of which is shown in Figure 14.
As we can see from the figure, seams including the transverse
seams, longitudinal seams, and oblique seams have been
identified successfully.

Then, the bolt holes are detected using the similarity
analysis method, the separation result of which is shown in
Figure 14, where the bolt holes are shown in blue blocks.
The remaining patches belong to the concrete spalling area
shown in red. After detecting the tunnel section of 250m, it
was found through statistics that the spalling patches mainly
occurred in the subinterval between 175 and 200m, so that, in
order to express the detected spalling more clearly, Figure 14
shows the information of tunnel between 175 and 200m.
Finally, we found seven concrete spalling patches in this case
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Table 2: Basic information of concrete spalling patches.

No. Mileage [m] Spalling patches Images Spalling area [m2] Spalling depth [m]

J1 176 0.0191 0.112

J2 176 0.0276 0.126

J3 177 0.0377 0.195

J4 178 0.0340 0.099

J5 177 0.0384 0.129

J6 177 0.0681 0.083

J7 193 0.0249 0.091

study, the basic information of which is shown in Table 2,
and the mileage position corresponding to the spalling is also
given at the same time.

According to formula (9), the theoretical depth value and
area value of minimum spalling patch are 2mm and 10mm2,
respectively, and the extracted results are indeed greater than
the theoretical minimum.

In this paper, in order to examine the accuracy of the
detected results, we conducted a jointmanual inspectionwith

the maintenance company on the seven detected spalling
patches; that is, each of the spalling was confirmed one by one
in the tunnel. It was found that each spalling did occur at the
corresponding position. Therefore, the false detection rate is
zero and it is confirmed that the proposed concrete spalling
detection algorithm performs well. In addition, taking into
account the small size of the spalling and the large spacing
between the points, it does cause omission errors, which have
been analysed in Section 2.5. However, these regions that
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Figure 14: Recognition result of bolt holes, segment seams, and
concrete spalling patches in tunnel subinterval of 175-200 m.

could not be detected are very small and belong to the normal
category, which will not affect the performance and reliability
of a tunnel.

4. Conclusion

In this paper, a new method used for concrete spalling
detection in metro tunnel from point cloud based on the
roughness descriptor is proposed. Firstly, the point cloud
acquired by mobile laser scanning system needs to eliminate
outlier points originating from ancillary facilities attached
to shield tunnel wall based on the residual error filtering
algorithm.Then, a roughness descriptor for the metro tunnel
surface is designed to extract the rough areas on the tunnel
surface, including bolt holes, segment seams, and spalling
patches. Finally, rough area classification is performed on
the identified rough areas to accurately separate the segment
seams and bolt holes from rough areas, so that the concrete
spalling patches are left. A section of metro tunnel interval
about 250m in Shanghai is selected to verify the validity
of the proposed method, and seven concrete spalling areas
are detected which are identified as surface defects in metro
tunnel. This could be helpful for tunnel maintenance and
operation safety. Compared with previous studies, the con-
cept of roughness descriptor is proposed to detect concrete
spalling which is suitable for not only flat concrete surfaces
but also nonplanar concrete surfaces, and, at the same time,
offer the guidance for optimal scanning parameter selection.
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The construction of large-scale coastal structures in any coastal area may not only have direct effects on the coastal environment
in that vicinity but also cause severe property damage. In order to prevent this problem, probable effects should be appreciated
before any construction and the mechanism that may cause any probable damage must be accurately analyzed along with the plans
to minimize damage. This study sought to analyze the cause and mechanism of damage inflicted on coasts by artificial structures
through reviewing beach erosions that have occurred on beaches on the east coast of Korea after the large-scale construction of
artificial structures, for which wave heights were measured in the vicinity of those structures, and the correlation between the mea-
surements and the analysis data of waves and coastal erosion on the surrounding beach was analyzed. In addition, the correlation
between coastal erosion and wave data was applied in order to understand what impact large waves have in relation to sand loss.
Accordingly, a movable-bed physical model test was employed to appraise the factors that cause coastal erosion to take place.

1. Introduction

The Korean east coast is about 223 km long and the coastline
is fairly uniform in character, with pine forests and sandy
beaches together forming a pleasant environment. However,
large-scale harbor facilities and power generation sites are
constructed through the coastal development promoted by
the national or a local government, causing adverse effects on
beautiful coastal environments. The wave diffraction occurs
due to a newly constructed or extended coastal structures
[1] and beach erosion occurs on a place where waves are
concentrated, resulting in coastal erosion. Various studies
regarding the coastal erosion are being carried out by many
researchers, and among them, Liou [1] and Kim and Shim
[2] installed a wave height meter on the target area, ana-
lyzed annual wave distribution, and studied the relationship
between incident abnormal waves and coastal erosion. Klaus
[3] and Kim [4] carried out research on sand loss caused
by seawall construction and sought to devise and establish
measures to reduce such loss. Kim [5] established plans
to decrease sand loss by reviewing the appropriateness of
construction methods through monitoring the environment
after construction. It is also necessary to clarify the causes and

countermeasure for beach erosion by measuring, collecting,
and summarizing specific and diverse data regarding incident
wave and topographical change on each target area. In this
study, one location where erosion is taking place as a result
of the large-scale construction of a harbor facility on the
east coast of Korea was selected and field investigation was
conducted to understand how the construction of artificial
structures brings about changes in the coastal environment.
The heights of waves were measured in the observation field,
and the correlation between the coastal erosion taking place
in the surrounding beaches and analyzed data on waves was
estimated. From the correlation between coastal erosion and
wave data, the significant wave data that cause sand loss were
derived, and a hydraulic model experiment was carried out
on the target coast. Also, the causes and reduction method
for currently occurring coastal erosion were examined.

2. Field Investigation

2.1. Target Area. The research area was Wolcheon Beach in
Samcheok where a large-scale breakwater measuring 1.8km
in length has been constructed in the 28m depth of seawater
to promote the smooth operation of a gas production facility.
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Table 1: AWAC specifications.

Items Value
(1) Water Velocity

(i) Range ±10m/s horizontal,
±5m/s along beam

(ii) Accuracy, Resolution ±1% of measured value ±0.5 cm/s
(2) Echo Intensity

(i) Range (Dynamic) 90dB
(ii) Resolution 0.45dB
(iii) BeamWidth 1.7∘

(3) Wave
(i) Maximum Depth 100m

(ii) Accuracy, Resolution < 1% of measured value/1 cm (Hs),
2∘/0.1∘(dir)

(iii) Period Range 1-50sec
(4) Water temperature

(i) Range -4 to 40∘C
(ii) Accuracy, resolution ±0.1∘C, 0.01∘C

(5) Others
(i) Dimension 175 H (mm) × 210 𝜑
(ii) Weight 7.3kg
(iii) Sample interval 7Hz

There was sand loss during construction in the area where
wave concentration was caused by waves diffraction. After
the completion of the construction, there has been damage
caused by wave overtopping onto coastal roads and residen-
tial areas at the time of high wave attacks. Concrete blocks
have been put in place as an emergency measure to protect
rear-areas and reduce waves. The loss of sand has negatively
impacted the beach and harmed its image as a beach resort,
leading to a marked decrease in the number of visitors.

2.2. Wave Observation. In order to investigate the coastal
environment, analyze the erosion situation, and anticipate
future scenarios, waves were measured at 2 points (W1,
W2) as seen in Figure 1. Data from W1 were collected for
73 months from December 2011 to December 2017 while
data from W2 was collected for a short period from March
2012 to September 2012. The collected data were employed
for the analysis of changes by season and the frequency of
abnormal high waves caused by typhoons and formation of
abnormal atmospheric pressure troughs.The devices used for
wave measuring were different by location. AWAC (Acoustic
Wave and Current profiler, Table 1) that was installed for
W1 measurement is a memory wave height meter using

Table 2: Wave Hunter-301 specifications.

Items Value
(1) Water Velocity

(i) Range ±3m/s
(ii) Accuracy, resolution 1%/FS, 1 cm/s
(iii) Response Speed 40msec

(2) Water Pressure
(i) Range 0 to 5 kg / cm
(ii) Accuracy, resolution ±0.5% / FS, 1 g/cm2

(3) Azimuth
(i) Range 0 to 359∘

(ii) Accuracy, resolution ±3∘, 1
(4) Water temperature

(i) Range -5 to 40∘C
(ii) Accuracy, resolution ±0.1∘C, 0.1∘C

(5) Others
(i) Dimension 445 H(mm) × 120 𝜑
(ii) Weight 15 kg
(iii) Sample interval 1.0, 0.5, 0.2, 0.1 sec

Area-A

Area-B
W2

W1

Area-C

Figure 1: Study Area (Wolcheon Beach, Korea).

ultrasonic waves that enable the simultaneous observation
of wave height, wave direction, flow direction, and flow
velocity [6, 7]. The observations were carried out for more
than 10 minutes every hour and the time interval between
observations was set at 0.5 sec.

Wave Hunter-301 (Table 2) employed forW2 is a pressure
type, which enables the simultaneous observation of wave
height, wave direction, flow direction, and flow velocity [8].
Tables 1 and 2 show the performances of the two wave height
meters.
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Figure 2: Flow of wave data analysis.

Since the hydraulicwave heightmeter can get the pressure
variation data by wave energy, it is needed to convert the
pressure variation data to water-level fluctuation so as to get
the time series water-level fluctuation waveform. Figure 2
shows the process of converting the pressure data from
the pressure sensor to wave height data. Here, p(t) is time
series hydraulic pressure variation data, p(𝜔n) is hydraulic
pressure variation data in the frequency domain, 𝜂(𝜔n) is
sea-surface variation data in the frequency domain, 𝜂(t) is
time series sea-surface variation data, and Hp(𝜔n) is pressure
response function by frequency. At Figure 2, the method
of FFT (Fast Fourier Transform) is a general method for
converting the pressure waveform to the time series of
water-level fluctuation, and if irregular waves overlap linear
regular-waves, the pressure waveform can be expressed as the
overlapping of component waves in the frequency domain by
Fourier Transform. If the time series of pressure is p(t), the
component waves in the frequency domain can be described
as in (1).

p (𝜔𝑛) = 𝜌𝑔
∞

∑
𝑛=0

𝐴𝑛 cos (𝜔𝑛𝑡 − 𝜑𝑛) (1)

Here, 𝜔𝑛 and 𝜑𝑛 are frequency and phase angle, respec-
tively. 𝐴𝑛 (amplitude) of 𝜔𝑛 is determined by FFT, when
the value of the pressure response function from the linear
response function is the function of each frequency, and
the value of the response function of each frequency can be
obtained by (2).

𝐾𝑝 (𝜔𝑛) = cosh 𝑘𝑛 (𝑧 + ℎ)cosh 𝑘𝑛ℎ (2)

Since the sea-surface waveform also can be described as the
sum of component waves in the frequency domain, the sea-
surface waveform can be estimated as in (3).

𝜂 (𝜔𝑛) =
∞

∑
𝑛=1

𝐻𝑝(𝜔
𝑛
) ∙ 𝐴𝑛 cos (𝜔𝑛𝑡 − 𝜑𝑛) (3)
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Figure 3: Time series data on W1 (2017.09∼11).

Here,𝐻𝑝(𝜔𝑛) can be calculated as in (4).

𝐾𝑝 (𝜔𝑛) = 1𝐾𝑝 (𝜔𝑛) =
cosh 𝑘𝑛ℎ

cosh 𝑘𝑛 (𝑧 + ℎ) (4)

The time series of water-level fluctuation can be obtained
from (3) based on Inverse FFT.

2.3. Wave Observation Results. The analysis results of the
data measured at W1 revealed that in autumn (September-
December) andwinter (January-March) highwaves occurred
frequently toward the target area. The data for autumn with
regard to the greatest frequency of high waves are organized
in Figures 3–5. Figure 3 shows the time series classified into
each class of waves height during the measurement period.
The analysis results revealed thatmost of the significantwaves
(H1/3) occurred with an average height of 1m-2m for the
average significant period (T1/3) of 6-8 sec.

The maximum wave height and period were 2m-3m and
6-8 sec on average, respectively. The significant wave height
and period and the maximum wave height and period were
employed to describe the appearance rate of waves (Figure 4).
The analysis results show that waves with a height less than
1.5m occurred most often (over 80%) when the wave periods
were less than 7 sec. Most of the maximumwave heights were
0.5m-2.0m when the period was 5-7 sec.
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Figure 4: Appearance rate of wave height and period on W1
(2017.09∼11).

The wave directions were found to be mostly distributed
in NE∼ESE, and among themwaves with ENE direction were
found to occur the most. These outcomes are related to W1.
The data from W2 were obtained for about 3 months from
July 01, 2012, to September 25, 2012.The analysis revealed that
the high waves that occurred on the fifteenth of July and in
September were thought to be the result of the influence of
typhoons; other significant waves had heights of 1m and sig-
nificant wave period of less than 3 sec. These results are sum-
marized in the time series data with descriptions in Figure 6.

As seen from the observation results, the waves with
the highest appearance rate are those that occur in ordinary
times. However, while strong diffraction waves and high run-
up of waves do not occur frequently, they not only cause large
amount of sand loss and some other serious damages as a
result of wave overtopping but also become a factor behind
the acceleration of the erosion phenomenon.
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Figure 5: Appearance rate of wave height and direction on W1
(2017.09∼11).

3. Physical Model Test

3.1. Experiment Setup. The analysis of short-term and long-
term observations revealed that the incidence of significant
waves occurs more often in autumn in comparison to the
annual average.

As Figure 5 indicates, since the incidence of abnormally
high waves is also marked by longer periods of duration, the
coastal environment changes with the large amount of sedi-
ment transport when there is any direct influence exerted by
enormous wave energy on a beach [9–11].Moreover, since the
increase of duration time causes more serious beach erosion,
the prediction of high waves must be accurately anticipated
and proper countermeasures should be established [12, 13].

While there are various methods for investigating topo-
graphic changes, physical model test is known to draw the
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Figure 6: Time series data on W2 (2012.07∼09).

result which is most similar to an actual phenomenon.There-
fore, the target area was reproduced at a laboratory using the
1/80 scale, and the location and size of the coastal structures
were reproduced identically to the on-site condition. The
model was intended to examine the physical phenomenon in
the area behind the structures due to sediment transport by
creating an erosive wave drawn from the observation result.
The boundary of the model experiment is Area-C at Figure 1,
where X is 3.6 km, Y is 2.5 km, and water depths up to -35m
are reproduced.The conditions applied to the experiment are
shown in Table 3.

3.2. TestMethod. Theexperiment was conducted after setting
up the sea bottom in a fixed condition, and it was confirmed
whether the waves were reproduced to correspond to those
observed in the field. The condition of abnormal high waves
was selected among those observed at W2 (Figure 1) for the
calibration of waves to be reviewed. The reason for selecting
and reproducing the abnormal waves for the test is that the
amount of sand in the target area moving to the north to
be deposited at Area-A (Figure 1) is gradually increasing
and the movement of sand is caused mostly by typhoons or
abnormal high waves; this is because the sediment transport
phenomenon clearly happens in autumn and winter season.

Regarding the sediment transport study, extensive
research on movable tests has been conducted and is well
known through the literature. While diverse empirical

Table 3: Test conditions.

No Items Contents

1 Scale 1/80 (△X=△Y)
Froude law

2 Test Area 35km × 25 km
3 Depth Up to -35m

4 Bottom condition Fixed bed: −12m ∼ -35m
Movable bed: +5m ∼ -12m

5 d50(sand) 0.1mm

6 Wave
Hs: 2∼3m, Ts:8∼10sec
on the -20m of depth

(ENE dir.)

7 Measurement Item Wave deformation
Sediment transport

Table 4: Wave conditions.

Case Hs Ts Structure C F0 Remarks
(cm) (sec)

Case 1 2.50 0.89 × 6.07 2.63

Accretion
or

Erosion

Case 2 3.13 1.01 × 6.99 3.29
Case 3 3.75 1.12 × 7.83 3.95
Case 4 2.50 0.89 O 6.07 2.63
Case 5 3.13 1.01 O 6.99 3.29
Case 6 3.75 1.12 O 7.83 3.95

equations for the criteria on beaches eroded and sand
deposited that have been suggested by Nayak [14], Dean [15],
Sunamura and Horikawa [16], Hattori and Kawamata [17],
and some others, (6) established by Dean and Sunamura
and Horikawa, like (5), was employed in this study for the
experiment to investigate whether any erosion occurred.

F0 = H0
(Vt × T) (5)

F0 is the DeanNumber, H0 is the deep-water wave height,
Vt is the settlement velocity, and T is the wave period. When
F0 < 1, accretion occurs, and when F0 > 1, erosion takes place
[18].

C = H0
L0
× (tan𝛽)0.27 × (d50

L0
)
−0.67

(6)

In (6), the value of C is a nondimensional coefficient
determining erosion or sedimentation. H0 is the deep-water
wave height, L0 is the deep-water wave-length, tan𝛽 is the
foreshore slope, and d50 is the median diameter of particle.
In the condition of model experiment, when C < 4, the
sedimentation takes place; in the section of 4 ≤C ≤ 8, erosion
and sedimentation occur repeatedly; and when C > 9, the
erosion occurs [16].

Table 4 shows the modeled values considering erosive
or accretion characteristics according to the condition of
each wave based on the empirical equation. Also the current
beach condition with emergency restoration completed was
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regarded as ‘no structure’ and the condition with an erosion-
preventing facility installed for the purpose of protecting the
relevant section was considered as ‘structure’. When applied
to (5), all cases are predicted as an erosion type while in
(6) erosion and accretion were found to be taking place
repeatedly.

In the target area, the waves approaching perpendicularly
toward the beach have effect on the sediment transport.
However, the fact that wave and current coexist to result
in more sediment transport since the area has a long-shore
current developing along the long shoreline, Hs: 3.75 cm, Ts:
1.12 sec, in the Table 4 which is the most similar to the erosive
wave, was employed for the movable-bed test.

The experiment results are representatively summarized
by Cases 3 and 6which have large amount of sandmovement.

The 3D laser scanner is generally used for an on-site
topographical survey [19–21], and topographical data is
obtained by using a laser sensor and a wide-angle camera
that were recently installed on the drone [22, 23]. However,
up until now, no 3D scanner has been used for measurement
in relation to movable-bed tests, and there has been little
research to suggest that any accurate analysis results have
been obtained.

In this study, a change in the sediment transport due
to wave action was measured every 0.5 hour using the 3D
laser scanner (Topcon, GLS-2000). It was judged that an
accurate result would be obtained in comparison to the
previous geographic survey result that was obtained by using
a measuring pole. Table 5 shows the specifications of the 3D-
laser scanner used for this experiment.

3.3. Test Result. The experiment regarding wave deformation
was conducted on the basis of the data obtained from the
observations atW1 andW2.Wave calibration was performed
with abnormal waves (erosive wave; Hs: 3.75 cm, Ts: 1.12 sec)
among various conditions. Measurements were carried out
on each point of the foreshore area of the entire beach;
however, this paper shows only the values reviewed at the
spot of W2. Capacity type wave height meters (CHT6-
60E) were used for calibration with target wave heights
and periods. 8192 data items of the wave with direction
concentration ratio of 25 (Smax, peak value of spreading
parameter) at the interval of 20Hz were collected to conduct
the analysis. The analysis results of Cases 3 and 6 out
of experimental plans are shown in Figure 7, when the
modified Bretschneider–Mitsuyasu type was employed for
the spectrum.

When a wave propagates from offshore to near-shore, the
wave energy changes according to the nonlinear interaction
between water particles due to the shape of breakwater and
change of water depth [24–26]. A relatively large energy
distribution was established in a short-period area as shown
in the experiment result. However, as the peak value and
overall energy density of the spectrum were similar to the
target values, the analyzed result was set as the wave signal. A
total of 6 conditions were applied for the topographic change
experiment. This paper describes the conditions of Cases 3
and 6, both of which show a distinct tendency of sediment
transport. The target area was reproduced with the sand of

Table 5: 3D-laser scanner specifications.

Items Value
(1) Size (mm) 228(D)×293(W)×412(H)
(2) Scan data rate 60,000∼120,000

(Max. point per sec.)

(3) Max. Point No. V:15,202 Pt/Line (270∘)
H:20,268 Pt/Line (360∘)

(4) Field of View V:270∘/ H:360∘

(5) Angle Accuracy H: 6/V: 6

(6) Field Angle Wide : Diagonal 170∘

Tele. : 8.9∘(V) × 11.9∘(H)
(7) Number of pixels 5mega pixels
(8) Operating Temperature -5 to +45∘C
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Figure 7: Wave calibration result of Cases 3 and 6 condition on the
W2.

d50: 0.1mm from the water depth of -10m, where the range
applied to the experiment is described in Figure 8.

Before the experiment, to organize the same condition
with real sea bottom condition, waves were generated for
10 minutes to make the sand ripple. After the application
of the waves, tests were carried out every thirty minutes to
assess out how much the topography had changed until 4.5
hours had elapsed. The camera mounted on the head of 3D
scanner used for the movable-bed experiment was utilized
for scanning of the area targeted for measurement, when the
topographic changes were measured at the interval of 3mm
of dx and dy and, taking into consideration the shadowed
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area which the laser did not reach, the measurement was
conducted at S1 ∼ S3. The measured data of three location
were integrated with Analysis Program (Recap 2018). This
process was repeated at each time interval and for each test
case. For the confirmation of the variation of sandmovement,
the difference was analyzed between the initial condition and
the measured data Figures 9 and 10 show the analysis results.
The experiment conducted in the condition when there is
no structure led to erosion over the entire beach, and the
long-shore sand was transferred toward the northern coast
and the seaside to be deposited; the maximum erosion height
was 40mm. In the condition where there was a structure
in place to reduce erosion (Case 6), the sand movement on
the southern beach was not much different compared to that
of Case 3. However, erosion on the north was found to be
much reduced, which indicates that the facility for preventing
erosion is very effective for controlling the degree of sediment
transport.

4. Conclusion

The erosion mechanism, which occurred due to the wave
concentration and the long-shore current change in the back
side of the structure when an erosive wave was deformed by a
coastal structure, was analyzed. As seen in Figure 1, annual
wave data was collected using an ultrasonic sensor and a
pressure type sensor at 2 spots (W1 and W2) for test waves.
The data analysis revealed that the incident waves toward the
coast increased in autumn and winter compared to spring
and summer, and the appearance rate of wave heights over
3m also increased. In addition, the increased duration time

Figure 9: Scan data with camera of 3D scanner before bottom
measurement (after ScanMaster program conversion).

of high incident waves was found to have effects in relation to
the deformation of beaches.

The results of the sediment transport test indicate that
erosion occurred over the entire beach and that the eroded
sand moved toward the sea to form sand-bars.

Meanwhile, the shoreline regression was reproduced due
to erosion in Area-B (Figure 1), where residential areas
were highly congested. The experiment result showed that
the corrosion that occurred in the target area was mainly
caused by the wave concentration due to a large artificial
structure installed on the shoreface and the strong long-shore
current from Area-B to Area-A. As a countermeasure, an
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Figure 10: Topography change results after 4.5 hrs (up: no structure
condition, bottom: structure installation condition).

erosion control facility was installed in order to control the
wave concentration on Area-B and the long-shore current
facing north. From the experiment result, the topographical
change in Area-B (Figure 1) was mitigated and the amount of
sediment transport that moved to Area-A was also reduced.

Data Availability

The data of field observation and physical model test used
to support the findings of this study are included within the
article.

Conflicts of Interest

The authors declare that they have no conflicts of interest.

Acknowledgments

This work was supported by Korea Gas Corporation
(KOGAS) grant.

References

[1] J.-C. Liou, H.-K. Chang, W.-W. Chen, and S.-R. Liaw, “Beach
erosion and preventive countermeasure at Kangnan coast,
Taiwan,” Journal of Coastal Research, vol. 25, no. 2, pp. 405–416,
2009.

[2] K. H. Kim and K. T. Shim, “A field investigation of waves and
wave-induced currents at the youngrang coast of the Republic
of Korea,” Journal of Coastal Research, vol. 30, no. 72, pp. 6–10,
2014.

[3] N. C. Kraus andW.G.McDougal, “The effects of seawalls on the
beach: Part I, an updated literature review,” Journal of Coastal
Research, vol. 12, no. 3, pp. 691–701, 1996.

[4] K.-H. Kim, K.-T. Shim, and B. Shin, “Morphological change
near artificial reefs as a beach erosion countermeasure,” Journal
of Coastal Research, vol. 1, no. 75, pp. 403–407, 2016.

[5] K. Kim, H. Yoo, and N. Kobayashi, “Mor-phological change
near artificial reefs as a beach erosion,” Journal of Coastal
Research, vol. 27, no. 4, pp. 645–651, 2011.

[6] M. C.Marimon, G. Tangonan, N. J. Libatique, and K. Sugimoto,
“Development and evaluation of wave sensor nodes for ocean
wave monitoring,” IEEE Systems Journal, vol. 9, no. 1, pp. 292–
302, 2015.

[7] B. Magnell, L. Ivanov, and E. Siegel, “Measurements of ice
parameters in theBeaufort Sea using theNortekAWACacoustic
Doppler current profiler,” in Proceedings of the MTS/IEEE
Seattle, OCEANS 2010, pp. 1–8, USA, September 2010.

[8] B. H. Kang and K. H. Kim, “Wave data analysis for wave energy
power in Namae coast,” Applied Mechanics and Materials, vol.
672-674, pp. 446–452, 2014.

[9] O. Burvingt, G. Masselink, P. Russell, and T. Scott, “Classifica-
tion of beach response to extreme storms,”Geomorphology, vol.
295, pp. 722–737, 2017.

[10] H.Karunarathna, J. Brown,A.Chatzirodou, P.Dissanayake, and
P. Wisse, “Multi-timescale morphological modelling of a dune-
fronted sandy beach,” Coastal Engineering Journal, vol. 136, pp.
161–171, 2018.

[11] J. L. Irish, P. J. Lynett, R. Weiss, S. M. Smallegan, andW. Cheng,
“Buried relic seawall mitigates Hurricane Sandy’s impacts,”
Coastal Engineering Journal, vol. 80, pp. 79–82, 2013.

[12] F. E. Karathanasi and K. A. Belibassakis, “A cost-effective
method for estimating long-term effects of waves on beach
erosion with application to Sitia Bay, Crete,” Oceanologia, vol.
61, no. 2, pp. 276–290, 2019.

[13] K.-H. Kim and A. Y. W. Widayati, “Study on alternatives of
sand placement method for beach nourishment project,” KSCE
Journal of Civil Engineering, vol. 16, no. 4, pp. 478–485, 2012.

[14] I. V. Nayak, “Equilibriumprofiles ofmodel beaches,” in Proceed-
ings of the 12th International Conference on Coastal Engineering,
pp. 1321–1340, Washington, DC, USA, 1970.

[15] R. G. Dean, “Heuristic models of sand transport in the surf
zone,” in Proceedings of Conference on Engineering Dynamics in
the Surf Zone, pp. 208–214, 1973.

[16] T. Sunamura and K. Horikawa, “Two-dimensional beach trans-
formation due to waves,” in Proceedings of 14th Conference on
Coastal Engineering, pp. 920–938, 1974.

[17] M. Hattori and R. Kawamata, “Onshore-offshore transport and
beach profile change,” in Proceedings of 17th Conference on
Coastal Engineering, pp. 254-255, 1980.

[18] Shore Protection Manual, vol. 2, U.S Army Engineer Waterways
Experiment Station, Coastal Engineering Research Center,
U.S. Government Printing Office, Washington, DC, USA, 4th
edition, 1984.

[19] G. Colangelo and A. Guariglia, “A combined methodology for
landslide risk mitigation in basilicata region by using LIDAR
technique and rockfall simulation,” International Journal of
Geophysics, vol. 2011, Article ID 392676, 5 pages, 2011.

[20] L. Di Liberto, F. Angelini, I. Pietroni et al., “Estimate of the
arctic convective boundary layer height from lidar observations:
a case study,” Advances in Meteorology, vol. 2012, Article ID
851927, 9 pages, 2012.



Journal of Sensors 9

[21] B.-H. Jun, “Numerical simulation of the topographical change
in Korea mountain area by intense rainfall and consequential
debris flow,” Advances in Meteorology, vol. 2016, Article ID
9363675, 11 pages, 2016.
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Panoramic imaging is information-rich, low-cost, and effective. In panoramic image acquisition, unmanned aerial vehicles (UAVs)
have a natural advantage that owes to their flexibility and relatively large observation ranges. Using a panoramic gimbal and a single
camera may be the most common means of capturing gigapixel panoramas. In order to manage the constraints of UAV power and
facilitate the use of a variety of camera lenses, an effective and flexible method for planning UAV gigapixel panorama acquisitions is
required. To address this need, a panoramic image acquisition planning method is proposed in this paper. The method defines
image overlaps via a ray casting procedure and then generates an acquisition plan according to the constraints of horizontal and
vertical overlap thresholds. This method ensures the completeness of the panorama by maintaining the overlap between
adjacent images. Two experiments, including simulated and field cases, were performed to evaluate the proposed method
through comparisons with an existing panorama acquisition plan. Results showed that the proposed method can capture
complete panoramas with fewer images.

1. Introduction

A panorama is a single wide-angle image of the environment
around a camera [1]. A spherical panorama fully covers the
surrounding scene with a 360° horizontal and 180° vertical
field of view. Panoramic imaging is information-rich, low-
cost, and effective—it is one of the best forms of virtual real-
ity. Combining it with geoinformation technologies has facil-
itated its wide use in many commercial and industrial
applications, including street view [2], virtual tours [3, 4],
surveillance [5], and risk assessment [6]. Thanks to the avail-
ability of high-resolution camera systems, there has been a
trend toward gigapixel-sized panoramas. Gigapixel images
can include a significant amount of detail [7], which allows
their application to traffic or wildlife surveillance and rockfall
mapping [8, 9].

Current unmanned aerial vehicles (UAVs), particularly
multirotors, are relatively inexpensive and have a high
degree of mobility and maneuverability. UAVs have a nat-
ural advantage in panoramic image acquisition, owing to
their flexibility and large observation range. Combining

UAVs and panoramic imaging makes macroscopic land-
scape analysis possible [10, 11]. Three types of equipment
are commonly used for capturing panoramic images on
the UAV platform: fisheye panoramic cameras [12], camera
arrays [13], and panoramic gimbals [14, 15]. A fisheye cam-
era uses a fisheye lens, which has a relatively large field of
view (FoV), to capture the panorama directly. The spatial
resolution of the fisheye panorama is limited because of
sensor size, so its application is limited to virtual tours or
panoramic videos. A camera array contains several lenses
that capture images of different areas around them. A mul-
tilens panorama has a large FoV. Because of the rigid con-
nection between lenses, this type of camera is able to
capture seamless panoramas. However, the payload of the
multirotor platform is restricted, so most panoramic cam-
era arrays have five or six lenses. They are unable to cap-
ture gigapixel panoramas. A panoramic gimbal rotates
itself to allow the camera to capture multiple images that
can be stitched together as a panorama. This may be the
most common method of capturing gigapixel panoramas.
At present, capturing panoramas with UAVs mostly relies
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on human operation or programmed gimbals. To ensure
image stitching, redundant images may exist, which leads
to unnecessary use of UAV power. On the other hand,
the image capture strategy cannot adjust itself to accommo-
date multiple cameras and lenses, which limits the flexibil-
ity of panorama gimbals.

Multiple methods and tools have been developed for
stitching gigapixel panoramas. The pipeline starts with the
correction of lens distortion and interior elements using a
pinhole camera model [16, 17]. Feature points are then
detected and matched as tie points, which requires sufficient
overlap between images. For spherical panoramas, images are
projected onto a virtual sphere whose radius is equal to the
focus length of the camera [18, 19]. The images are stitched
together to create a full panorama. To overcome different
lighting and exposure conditions, blending is performed to
create consistent and seamless panoramas [20]. Among these
steps, tie point matching is the basis. Therefore, ensuring suf-
ficient overlap between images is the most important crite-
rion for capturing gigapixel panoramas.

Compared with the number of studies on image stitch-
ing, there are fewer studies on capturing gigapixel pano-
ramas. Camera settings, rotation axes, and image overlap
have been discussed in previous studies. Krishnan and Ahuja
[21] proposed a method that requires a minimal number of
camera parameter changes to capture a fully focused pano-
rama. During the image capture, the camera must be rotated
around a “no-parallax point” in order to maintain the align-
ment of foreground and background points in overlapping
frames, while Littlefield [22] stated that this point should
be the center of perspective. However, in previous studies,
the optimal overlap between images during the capture of
a spherical panorama varied. Kopf et al. [14] selected a
16% overlap threshold in capturing gigapixel images; Carey
[23] recommended a 15% overlap while Eisenegger [24] rec-
ommended a 20% to 25% overlap. Furthermore, Afshari
et al. [25] proposed a guideline for designing multicamera
panoramic systems, which considered the FoV and full cov-
erage distance. Akin et al. [26] followed this guideline and
built a hemisphere panoramic camera system in which the
estimated overlap was 32%. Although all these systems suc-
cessfully captured panoramas, the definition of overlap is
ambiguous and the value differs. In UAV gigapixel pano-
rama capturing, the definition and selection of the overlap
must be optimal, because payload and power in UAV plat-
forms are strictly restricted.

In this paper, a gigapixel panorama acquisition plan-
ning method for multirotors is proposed. This method is
based on a ray casting image overlap calculation method.
The ray casting-based overlap restricts the panoramic
image capture planning. The plan is designed for pano-
ramic gimbals that can rotate horizontally and vertically;
thus, it is generated considering pan and tilt angles sepa-
rately. Two experiments, including a simulated case and
a field case, are proposed to compare the planning result
with existing panoramic acquisition plans. The image
stitching result shows that the proposed acquisition plan
can ensure the completeness of the panorama while using
fewer images.

2. Ray Casting-Based Panoramic
Image Acquisition

A spherical panorama is represented using a spherical coor-
dinate in the horizontal angle and vertical angle. It is an
equirectangular projected sphere [27] whose latitude and
longitude coordinates are mapped onto the horizontal and
vertical coordinates of a grid. The spherical panorama is
captured by rotating the camera about its center of perspec-
tive O. This section describes the generation of a panorama
acquisition plan for multirotors, based on a ray casting
method under the panoramic imaging coordinate system.

2.1. Ray Casting-Based Image Overlap Calculation. We
assume that the center of perspective remains during the cap-
ture of a panorama, and that the camera only changes its pan
and tilt angles to capture different views. The pan and tilt
angles are denoted by α ∈ −π, π and β ∈ −π/2, π/2 . We
define O − XYZ to be the panoramic imaging coordinate
system of a single camera, while o′ − x′y′z′ is the image coor-
dinate system, which is shown in Figure 1. Note that α = 0
denotes that the camera is pointing towards the Z-axis and −
π/2 denotes that the camera is pointing towards the Y-axis.

It is assumed that an image I has w ∗ h pixels. The dis-
tance between the two origins is the focal length, Oo′ = f .
We first want to calculate the panoramic imaging coordinates
(Xi, Yi, Zi) of a point p xi, yi on the image.

Xi

Yi

Zi

1

= T ⋅ Ry ⋅ Rx

xi

yi

0

1

=

cos α xi + sin α sin β yi − f cos β sin α

cos β yi − f sin β

sin α xi + cos α sin β yi − f cos β cos α

1
1

�훼

�훽

Z´

O´

f

x´

XO

Z

pi

y´ Y

I

Figure 1: Axis and rotation of panoramic imaging.
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In equation (1), T , Ry, and Rx, respectively, represent the
transformation matrix and the rotation matrices of the y- and
x-axes under the coordinate system o′ − x′y′z′ as follows:

T =

1 0 0 −f cos β sin α

0 1 0 −f sin β

0 0 1 −f cos β cos α

0 0 0 1

,

Ry =

cos −α 0 sin −α 0
0 1 0 0

−sin −α 0 cos −α 0
0 0 0 1

,

Rx =

1 0 0 0
0 cos −β −sin −β 0
0 sin −β cos −β 0
0 0 0 1

2

The coordinates of the point on the image, xi, yi, must
satisfy the following constraints:

−
w
2 ≤ xi ≤

w
2 ,

−
h
2 ≤ yi ≤

h
2

3

The pixels that fall within the overlap of two images I1
and I2 contribute to the panoramic image stitching; i.e., tie
points will be detected from them. According to the imaging
principle of perspective cameras, the connection between the
ground object and the origin of the panoramic imaging coor-
dinate system is the path of the reflecting ray to the camera. A
diagram depicting ray casting is shown in Figure 2.

Note that the ground object, the projection on the image,
and the center of perspective are collinear, as shown in Op1p
andOq1q of Figure 2. For two overlapping images I1 and I2, if
a ground object (or point) p has projections p1 and p2′ on both
images, the pixels are defined as overlapping pixels. Other-
wise, nonoverlapping pixels are the projections of the rays
that pass through only one image. For overlapping pixels,
because the projection points on two images are on the same
ray that crosses the origin O, the set ℙ of overlapping pixels
between image I1 and I2 can be defined as follows:

ℙ = pi ∈ I1 ∣
p 1 ⋅ p′ 2
p 1 p′ 2

= 1, p2′ ∈ I2 4

Let ℙ be the set of all pixels from image I1; then, the over-
lap O between images I1 and I2 can be defined as the ratio

between the number of overlapping pixels and the number
of pixels in an image such as I1:

O = ℙ
ℙ

5

The input of equations (1), (4), and (5) contains focal
length f , sensor size w, h, and camera orientation α, β.
The overlap between the two images can be calculated
with these equations. On the other hand, given an overlap
threshold, a series of image orientations can be found with
these equations as well.

In practice, the accuracy and stability of a panoramic
imaging systemmay affect the orientation of the image. Thus,
the pixels corresponding to the same ground point on two
adjacent images may not be strictly collinear. The collinear
condition of equation (4) can be relaxed with ξ:

ℙ = pi ∈ I1 ∣
p 1 ⋅ p′ 2
p 1 p′ 2

≥ ξ, p2′ ∈ I2, ξ→ 1 6

The value of ξ is related to the controlled angle accuracy τ
of the gimbal. The accuracy varies with the axis—; we define
τp to be the accuracy of roll and pitch angles and τy to be the
accuracy of yaw angles. Typically, τp is determined by the
encoder of the motor while τy is related to the compass; thus,
τp < τy. Because the absolute values of the uncertainties are

small, we can simply let ξ = cos 2τ2p + τ2y . The computa-

tional amount of overlap is related to the image size w, h,
which can be adjusted. It determines the precision of the out-
put as well. The purpose of the overlap calculation is to gen-
erate a panoramic image acquisition plan for UAVs, and each
pixel on an image represents an orientation. Therefore, the
size of the image is determined by the controlled angle accu-
racy: w = ψh/τp, h = ψv/τp, where ψh and ψv are the horizon-
tal and vertical FoVs of the camera.

p´2 q1

q

O

p

I2 I1
p1

Figure 2: Ray casting diagram of two overlapping images.
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2.2. Panoramic Image Acquisition Planning for UAV. An
optimal planning process for UAV panoramic image acquisi-
tion should ensure the overlap between adjacent images with
a minimum number of images. The overlap can be calculated

via equations (1), (4), and (5). This subsection specifies the
planning process. A typical panoramic image acquisition
plan for panoramic gimbals contains a set of pan and tilt
angles and E for exposure as follows:

A panoramic gimbal with a single camera should allow
exposures at m tilt angles and the corresponding nm pan
angles. In equation (7), Pm,nm βm, α m,nm denotes the acqui-
sition plan with tilt angle βm and pan angle α m,nm . The initial
position for planning P1,1 can be any arbitrarily specified

position. For simplicity, we can specify it to be (0°,0°). To
ensure panoramic image stitching, the overlap between verti-
cal and horizontal adjacent images should be at least Ov and
Oh. Given these overlap thresholds, the panoramic image
acquisition plan can be derived considering the overlap.

Input: vertical FoV ψv , vertical overlap threshold Ov
Output: A set of tilt angles T = β1,⋯,βi,⋯,βm for panoramic image acquisition.
1: function TILTANGLEDETERMINATION (ψv , Ov)
2: T ⟵ ϕ
3: β⟵ 0°
4: Ia ⟵ Image with angles (0°, β)
5: whileβ<90° do
6: forβ2 in β, β + ψv do
7: Ib ⟵ Image with angles (0°, β2)
8: Oi ⟵ overlap between Ia and Ib
9: end for
10: T ⟵ T ∪ βm∣ max Oi
11: β⟵ βm
12: end while
13: returnT
14: end function

Algorithm 1: Algorithm for determining tilt angles for panoramic image acquisition.

Input: A set of tilt angles T , horizontal FoV ψh, horizontal overlap threshold Ov
Output:m sets of pan angles Si = αi,1,⋯,αi,j,⋯,αi,nm for panoramic image acquisition.
1: function PANANGLEDETERMINATION (ψh, Oh)
2: forβ in Tdo
3: Si ⟵ ϕ
4: α⟵ 0°
5: Ia ⟵ Image with angles (α, β)
6: forα2 in α, α + ψh do
7: Ib ⟵ Image with angles (α2, β)
8: Oi ⟵ overlap between Ia and Ib
9: end for
10: αm ⟵ α∣ max Oi
11: nm ⟵ 360°/αm
12: Si ⟵ αi,nm all pan angles for tilt angle β
13: end for
14: return Si m
15: end function

Algorithm 2: Algorithm for determining pan angles for panoramic image acquisition.

E = P1,1 β1, α 1,1 , P2,1 β2, α 2,1 ,⋯,P2,n2 β2, α2,n2 ,⋯,Pm,nm βm, α m,nm 7
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The plan contains two parts: the determination of tilt angles
βm and corresponding pan angles α m,nm . Related algorithms
are listed in Algorithms 1 and 2.

The input for tilt angle determination (see Algorithm 1)
contains the vertical FoV ψv and the vertical overlap thresh-
old Ov; the resulting output contains a set of tilt angles for
panoramic image acquisition. The heading of the initial
image Ia is first set to (0°,0°). We then search for the next
optimal tilt angle βm recursively through a greedy approach.
Another virtual image Ib with a different tilt angle is created,
and the overlap Oi between Ia and Ib is calculated. This pro-
cess is repeated until the overlap reaches Ov, at which the
optimal tilt angle βm is acquired. Then, βm is stored in the
set T and its value is provided to β. The process should be
recursive because the density of the ground point will change
with β; i.e., the closer the ground point is to the center of per-
spective, the denser the ground point will be.

The determination of pan angles is similar to that of tilt
angles (see Algorithm 2). The main difference is that the
search for pan angles is only performed once for each tilt
angle; the number of images nm is then determined. The den-
sity of the ground point does not change with α. Using the
two algorithms listed in Algorithms 1 and 2, a spherical pan-
orama acquisition plan E that fulfils the overlap constraints
Ov and Oh is acquired.

3. Case Study

This section discusses simulation and field experiments
designed to evaluate the proposed panoramic image acquisi-
tion planning method in terms of completeness and number
of images. In order to evaluate the range of adaptation of the
proposed method, it was tested under three different camera
and lens scenarios. The 35mm equivalent focal length ranged
from 30mm to 90mm. The proposed method was compared
with the plan by HDRpano [24] in two of the scenarios. The
scenarios and plans for comparison are shown in Table 1.

The proposed plan was generated with both overlap con-
straints (Ov and Oh) set to 15%. The HDRpano plans were
with the spherical setting. It had 8 columns and 4 rows for
Scenario 1 and 21 columns and 10 rows for Scenario 2. To
clarify those plans, set E in equation (7) was rewritten with
tilt angles βm and the corresponding number of images

(Table 1), because the images were uniformly distributed in
the same tilt angle. Typically, the tilt angle starts from 0°,
where the skyline lies at. However, the tilt angle of the plans
by HDRpano in Scenarios 1 and 2 started from -30°, so the
proposed plans were adjusted to be consistent. Scenario 3
had a different camera system that HDRpano does not sup-
port and there was only the proposed plan under evaluation.
In the first simulation experiment, original images were ren-
dered from an existing panorama. Some errors related to the

Table 1: Panoramic acquisition plans for comparison.

Scenario # Camera and equivalent focal length Plan Specifications tilt angle/number of images

1 DJI X5s, 30mm
Proposed, 25 images

-30°

7
5°

8
39°

6
70°

3
90°

1

HDRpano, 28 images
-30°

8
0°

8
30°

7
60°

4
90°

1

2 DJI X5s, 90mm
Proposed, 155 images

-30°

18
-18°

20
-5°

21
7°

21
20°

20
32°

16
43°

14
55°

11
66°

8
78°

5
90°

1

HDRpano, 161 images
-30°

19
-18°

20
-6°

21
6°

21
18°

20
30°

18
42°

16
54°

12
66°

9
78°

4
90°

1

3 SONY A6000, 50mm Proposed, 49 images
0°

15
21°

12
40°

10
57°

7
75°

4
90°

1

Figure 3: Existing panorama for synthetic image rendering.

Table 2: Panorama stitching completeness of the simulation case.

Scenario # Plan Completeness Number of images

1
Proposed 100% 25

HDRpano 100% 28

2
Proposed 100% 155

HDRpano 99.97% 161

3 Proposed 100% 49

Figure 4: Incomplete panorama from HDRpano plan in Scenario 2
of the simulation case.
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accuracy of the gimbal were added. In the second field exper-
iment, images were captured by the drone. Afterwards, the
images were stitched by the software PTGui [28] with default
settings and no manual intervention. The panoramic image
stitching results were evaluated by analyzing their complete-
ness; i.e., a qualified panorama should not have any holes or
missing parts. The completeness of the sky was not evaluated,
because the sky has too few features to be stitched.

Moreover, it is often postprocessed. Thus, the complete-
ness C can be calculated as follows:

C =
εg − εh
εg

, 8

where εg and εh, respectively, represent ground and hole
pixel counts.

3.1. Simulation Case. To avoid the influence of the platform,
all scenarios were simulated before the field experiment. The
synthetic images were rendered from an existing panorama
shown in Figure 3. The images were back-projected from
the spherical panorama, given the orientation (α, β) of each
image. It was assumed that the errors of orientation follow
a Gaussian distribution. To simulate the control accuracy

and interference of the gimbal, errors were added to each ori-
entation. We selected 0.017° for roll and pitch and 0.667° for
yaw. According to the plan, images were rendered and then
input into the stitching software. The completeness and
number of images of each scenario are listed in Table 2.

Considering the number of images of both plans in all
scenarios, the proposed plan needs three fewer images in
Scenario 1 and six fewer images in Scenario 2. As shown in
Table 2, the proposed plan resulted in 100% completeness
in all three scenarios, while the HDRpano plan was incom-
plete in Scenario 2. Although the completeness was 99.97%,
there were two holes. Specifically, Figure 4 shows the stitched

(a) (b)

(c) (d)

(e)

Figure 5: Panorama stitching result from the field case. (a) Proposed plan of Scenario 1. (b) HDRpano plan of Scenario 1. (c) Proposed plan of
Scenario 2. (d) HDRpano plan of Scenario 2. (e) Proposed plan of Scenario 3.

Table 3: Panorama stitching completeness of the field case.

Scenario # Plan
Panorama
size (pixel)

Completeness
Number of
images

1
Proposed 28520∗14260 100% 25

HDRpano 28524∗14262 100% 28

2
Proposed 88280∗44140 100% 155

HDRpano 88340∗44170 94.13% 161

3 Proposed 56096∗28048 100% 49
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panorama and zoomed in view from HDRpano plan in Sce-
nario 2. Red lines indicate stitching seams. The empty space
on the upper halves of the panoramas represents the sky,
which was not captured or stitched. These two holes are
located between the third to last row and the second to
last row. As can be seen from Table 1, there are four
images at tilt angle 78° in the HDRpano plan while there
are five images at the same tilt angle in the proposed plan.
The additional image used by the proposed plan made the
stitching seamless.

3.2. Field Case. In the field case, all plans in three scenarios
were evaluated. Two different platforms were selected to
evaluate the panorama acquisition plans. The platform used
in Scenario 1 and 2 was a DJI Inspire 2 quadcopter with an
X5s camera gimbal (M4/3 system); in Scenario 3, a custom
ArduPilot [29] hexacopter with a three-axis gimbal carrying
a SONY A6000 (APS-C) camera was used. The drone then
captured images according to the plans described in Table 1
automatically. Scenarios 1 and 2 were urban area while Sce-
nario 3 had more natural landscape. The flight altitude was
100m in Scenarios 1 and 2 and 30m in Scenario 3. Images
were then stitched by PTGui. The stitching results are shown
in Figure 5, and the completeness of each plan is shown in
Table 3.

In Figure 5, the sky in the upper halves of the panoramas
was not captured or stitched. Note that the image arrange-
ments of all plans are not in a straight line. This phenomenon
does not affect the completeness and can be fixed by postpro-
cessing. It may be attributed to interference from airflow and
the Earth’s magnetic field, which made the drone and the
gimbal unstable. In Scenario 1, both plans achieved 100%
completeness. The proposed plan requires one image less at
three different tilt angles separately. The object in the upright
of Figures 5(a) and 5(b) was the drone itself. The size of the
panorama in Scenario 2 both exceeded 3.8 gigapixels
(Table 3). The slight difference in the overall numbers of
pixels in the panoramas may be caused by the stitching
software. The proposed plan was 100% complete while the
HDRpano plan had a 94.13% completeness. The incomplete-
ness existed in the first row of Figure 5(d). There were three
images missing owing to the lack of tie points. The tilt angles
around the skyline were −5° and 7° for the proposed plan and
−6° and 6° for the HDRpano plan (Table 1). The slight differ-
ence between those tilt angles may have caused the

insufficient overlap. In Scenario 3 (Figure 5(e)), the pano-
rama stitched from 49 images of SONY A6000 camera
resulted in about 1.5 gigapixels and 100% completeness.

Figure 6 shows 100% zoom views of the gigapixel pano-
ramas planned by the proposed method in Scenarios 2 and
3. In Figure 6(a), numbers 1, 2, and 3 indicate three zoomed
targets with different distances. Those distances were 290,
490, and 1900 meters, respectively. With a 90mm equivalent
focal length mounted on the camera, the spatial resolutions
for these targets were 0.10, 0.18, and 0.70 cm. The windows
of the buildings in the enlarged views of Figure 6(a) can be
identified. Notice that the No. 3 enlarged view contains the
skyline, in which the outline and the color of buildings are
clear as well. Because of its high spatial resolution, the giga-
pixel panorama can be used in a wider range of applications,
including surveillance. In Figure 6(b), three numbered areas
show 100% zoom views of the panorama of Scenario 3. The
spatial resolution for these areas was about 0.22 cm, which
is sufficient for detecting damages on the cliff and the con-
struction site.

4. Conclusions

In this paper, a gigapixel panoramic image acquisition plan-
ning method for UAVs is proposed. This method is based on
a ray casting overlap constraint, which ensures panoramic
stitching with sufficient overlap between images. During gen-
eration of the panoramic acquisition plan, pan and tilt angles
are considered separately; the resulting plan can be executed
by three-axis gimbals mounted on multirotor UAVs. The
proposed method was compared with existing panoramic
acquisition plans in different scenarios with equivalent focal
length ranged from 30 to 90 mm. Results showed that the
proposed method could acquire complete and seamless giga-
pixel panoramas with fewer images than existing plans.

The novelty of the proposed method is that the ray cast-
ing overlap is closely related to the panoramic image stitching
process. A relatively low overlap (15%) can fulfil the pano-
ramic stitching. On the other hand, the proposed method
has a wide range of adaptation. It can generate panoramic
acquisition plans for arbitrary perspective cameras and
lenses. Its application is not limited to drones—it can support
the planning of panoramic gimbals mounted on the ground
or manual acquisition as well. The panorama captured by
the proposed method with 90mm equivalent focal length

1
2 3

(a)

1
2

3

(b)

Figure 6: Enlarged views of gigapixel panoramas planned by the proposed method. (a) Scenario 2. (b) Scenario 3.
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contains over 3.8 gigapixels. Moreover, the spatial resolution
on the buildings near the skyline is higher than 1 cm. This
type of panorama contains more information and has a wider
range of applications in surveillance. In the proposed
method, the overlap constraints Ov and Oh were input
parameters. Future work will focus on determining optimal
overlap constraints to further increase the efficiency of pano-
ramic image acquisition.
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Using high-precision sensors to monitor and predict the deformation trend of supertall buildings is a hot research topic for a long
time. And in terms of deformation trend prediction, the main way to realized deformation trend prediction is the deep learning
algorithm, but the accuracy of prediction result needs to be improved. To solve the problem described above, firstly, based on
the conditional deep belief network (CDBN) model, the levenberg-marquardt (LM) was used to optimize the CDBN model; the
LM-CDBN model has been constructed. Then taking CITIC tower, the tallest building in Beijing as the research object, the real-
time monitoring data of the shape acceleration array (SAA) as an example, we used LM-CDBN model to analyse and predict
the building deformation. Finally, to verify the accuracy and robustness of LM-CDBN model, the prediction results of the LM-
CDBN model are compared with the prediction results of the CDBN model, the extreme learning machine (ELM) model, and
the unscented Kalman filter-support vector regression (UKF-SVR) model, and we evaluated the result from three aspects: training
error, fitness, and stability of prediction results. The results show that the LM-CDBNmodel has higher precision and fitting degree
in the prediction of deformation trend of supertall buildings. And the MRE, MAE, and RMSE of the LM-CDBNmodel prediction
results are only 0.0060, 0.0023mm, and 0.0031mm, and the prediction result was more in line with the actual deformation trend.

1. Introduction

Affected by its own structural characteristics and exter-
nal changes, supertall buildings will continue to produce
complex deformations such as differential settlement, com-
pression, inclination, deflection, and vibration during the
construction process. It is necessary to implement high-
precision deformation monitoring and prediction to ensure
its construction safety. With the continuous advancement of
sensor technology, a lot of progress has been made in obtain-
ing deformation data by installing high-precision sensors on
supertall buildings; for example, Su, J.Z. et al. designed a
supertall building precision structural performance moni-
toring system consisting of more than 400 sensors, applied
to the structural health monitoring of Shanghai Tower [1];
Chen, W.H. et al. designed a health monitoring system
which consists of anemometer, strain gauge, GPS, and other

sensors and put it on the Guangzhou TV Tower during
the typhoon, aiming at monitoring building health [2]; Ni,
Y.Q. et al. used wireless sensors to monitor environmental
vibration of the Guangzhou TV Tower during construction
[3]; Gu, M. et al. proposed a new method for optimal sensor
placement based on the simplified multidegree-of-freedom
system for calculating the weak axis modal matrix based
on the equivalent stiffness parameter identification method
and using the numerical calculation verified the feasibility of
the method [4]; Yi, T.H. et al. proposed a modified monkey
algorithm for sensor array optimization design of structural
health monitoring systems and proved its effectiveness by
implementing calculation cases of super high-rise buildings
[5].

Using deformation data to predict the deformation of
supertall buildings is one of the current research hotspots.
Deformation of supertall buildings has strong temporal and
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spatial linkage and obvious time-varying characteristics. On
the concept of time, the monitoring data has a strong depen-
dence on the concept of time slip; and during the different
deformation periods, the structural integrity deformation
are both random and time-variation, as well as having
continuity and periodicity in time; it requires the model to
have higher time-varying information extraction capabilities.
In the spatial range, the deformation of supertall buildings
has a close spatial correlation with the complexity of the envi-
ronmental factors, spatial characteristics, and change trends.
The different changes of environmental factors in different
time periods and different fields have different effects on the
deformation of supertall buildings. How to deeply mine and
extract the feature attributes of environmental factors has
always been one of the research difficulties.

Recently, many advances have been made in the pre-
diction of deformation of buildings using neural network
technology. In aspect of shallow neural networks [6, 7] such
as backpropagation (BP), extreme learning machine (ELM),
and support vector machine (SVM), Kang F et al. used the
ELM to predict the deformation of a dam and used the
prediction accuracy and prediction stability as evaluation
indicators to evaluate the prediction results and obtained
good experimental results [8]; Xin, J. et al. used the ARIMA-
GARCH model to predict the deformation of the bridge
and achieved good prediction results [9]; Wang, X. et al.
used a multiple population genetic algorithm to improve
the BP neural network, optimized the network’s weight and
parameter selection mechanism, and applied it to the defor-
mation prediction of dams [10]; Cao, Y.B. et al. used a new
method which integrated the combining genetic algorithm
with the artificial neural network to predict the deformation
of landslide in some reservoir area of the Three Gorges [11];
Zhang,H. et al. proposed amultiscale deformation prediction
model which integrated the genetic algorithm support vector
machine (GA-SVM)with the empirical mode decomposition
(EMD) and used it to predict the deformation of the dam.
By multiscale dam deformation prediction model, BP neural
network prediction results were compared with the predicted
results demonstrating high accuracy [12].

The deep learning algorithm [13–15] adopts interlayer
network training and batch sample grading trainingmethods
to solve problems such as overfitting of data analysis and local
minima in shallow networks, which improves the training
speed of the network. Deep belief networks (DBN) model
[16–18] is one of the classic models for deep learning; it
has the advantages of fast network training, easy parameter
selection, high-efficiency feature extraction capability, and
ease of regression analysis. Conditional deep belief network
(CDBN) model [19–23] is a variant of DBNmodel; it inherits
many excellent features of the DBN model and adopts
the normal distribution to process the resampling of the
deformation data of the supertall building. But CDBNmodel
uses the gradient descent method to search the optimal
solution during the process of determining weight, and that
causes the difference between the predicted value and the
actual value in the deformation prediction to be obviously
different. The prediction oscillation is more obvious and has
a greater impact on the prediction accuracy and stability. So

the LMalgorithm [24, 25] was adopted to replace the gradient
descent algorithm to optimize the weighting mechanism of
the CDBN model, the information extraction stability of the
model and the generalization ability of the nonlinear problem
of the time-varying system are improved, the speed of the
model convergence is accelerated, and the prediction accu-
racy and stability of the model are improved. Considering
the complexity of the deformation of supertall buildings,
the complexity of deformation factors, the deformation
characteristics, and the advantages and disadvantages of the
model, the LM-CDBNmodel was applied to the deformation
prediction of the CITIC tower, and the prediction accuracy
and stability of the proposed model are verified by model
comparison experiments and predictive analysis.

2. Brief of CDBN Model

CDBN model is a variant of the traditional DBN model.
It inherits many excellent features of the DBN model
and resamples the distortion data of the supertall build-
ing through normal distribution. The deformation data of
supertall building has a high degree of four-dimensional
spatial characteristics, of which the temporal and spatial
characteristics are particularly prominent. In the process
of extracting deformation information from a supertall
building, the CDBN model uses an automatic regression
mechanism to dynamically mine, extract, and feedback the
temporal and spatial characteristics of the deformation data.
The model can be used to excavate the dynamic change
characteristics of deformation trend from historical data.
These features complement and guide the in-depth digging
of the current deformation trend. In addition, the automatic
regression (AR) adjustment capability also provides conve-
nient conditions for analysis of supertall deformation trend,
deformation extrapolation, and trend fitting.

As shown in Figure 1, suppose that there are 𝑚 visible
neurons = (V1, V2, . . . , V𝑚) obeying a Gaussian distribution
in space and 𝑛 observable Bernoulli distributions of hidden
neurons ℎ = (ℎ1, ℎ2, . . . , ℎ𝑛), and 𝑐𝑗 is the No. 𝑗 hidden node
and 𝑏𝑖 is the No. 𝑖 visible node;𝐴 is the weightmatrix between
the historical data and the target data; 𝐵 is the weight matrix
between the historical data and the hidden node. The system
energy function E(𝑣, ℎ) of the CDBN network structure was
shown in

𝐸 (𝑣, ℎ) = 𝑚∑
𝑖=1

(Vi − 𝑏𝑖)22𝜎2i − 𝑚∑
𝑖=1

𝑛∑
𝑗=1

Vi𝜎i ℎ𝑗𝑊ij − 𝑛∑
𝑗=1

𝑐jℎj (1)

where Vi is the No. i visible node; ℎj is the No. j hidden node;
𝑊𝑖𝑗 is the weight matrix between V𝑖 and ℎ𝑗; 𝑐𝑗 is the threshold
of ℎ𝑗; 𝑏𝑖 is the threshold of V𝑖; 𝜎i is the noise of Vi; in order to
facilitate model calculation and expansion, 𝜎2i normally sets
to 1.
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Figure 1: Structure diagram of single layer of CDBN model, consisting of historical data, target data, and hidden nods.

The energy function of CDBN is obtained by (1), and
then the conditional probability distribution of the model is
derived using

𝑃 (Vi | ℎ) = 𝑁(𝑏𝑖 + 𝜎i 𝑛∑
j

𝑊𝑖𝑗ℎj, 𝜎2i)
𝑃(ℎj | 𝑣) = 𝑠𝑖𝑔𝑚𝑜𝑑(𝑐j + 𝑚∑

i

𝑊ij

Vi𝜎2i )
(2)

where 𝑃(Vi | ℎ) is conditional probability distribution of
Vi; 𝑃(ℎj | 𝑣) is conditional probability distribution of ℎj;𝑠𝑖𝑔𝑚𝑜𝑑(.) represents an activation function; N (∙) represents
a Gaussian probability distribution.

The CDBN network model uses the gradient descent
algorithm to search for optimal solution. The gradient
descent algorithm is the most commonly used optimization
algorithm for neural network model training. For the func-
tion 𝑓(𝑥), 𝜕𝑓/𝜕𝑥 is the gradient of the function. Its iteration
equation is shown in

𝑥𝑘+1 = 𝑥𝑘 + 𝜌𝑠−𝑘𝑘 (3)

where 𝑥𝑘+1 satisfies the minimum value of 𝑓(𝑥𝑘); 𝑠−𝑘 rep-
resents the gradient in the descending direction; and 𝜌𝑘
represents the search step in the gradient direction, also
meaning learning rate in deep learning.

Finally, training and learning is performed by comparing
the divergence sampling method [26–28] to update and set
the model parameters, as shown in

�𝑊ij = ⟨𝐸(V𝑡−𝑞i ℎ𝑡−𝑞j𝜎2i )⟩
𝑑𝑎𝑡𝑎

−⟨𝐸(V𝑡−𝑞i ℎ𝑡−𝑞j𝜎2i )⟩
𝑚𝑜𝑑𝑒𝑙

�𝑏i = ⟨𝐸(V𝑡−𝑞i𝜎2i )⟩𝑑𝑎𝑡𝑎 −⟨𝐸(V
𝑡−𝑞
i𝜎2i )⟩𝑚𝑜𝑑𝑒𝑙

�𝑐j = ⟨𝐸 (ℎ𝑡−𝑞𝑗 )⟩𝑑𝑎𝑡𝑎 − ⟨𝐸 (ℎ𝑡−𝑞𝑗 )⟩𝑚𝑜𝑑𝑒𝑙
�𝐴𝑡−𝑞
𝑘i
= 𝜀V𝑡−𝑞
𝑘
(⟨V𝑡−𝑞i𝜎2i ⟩0 −⟨V𝑡−𝑞i𝜎2i ⟩∞)

�𝐵𝑡−𝑞
𝑘j
= 𝜀V𝑡−𝑞
𝑘
(⟨ℎ𝑡−𝑞𝑗 ⟩0 − ⟨ℎ𝑡−𝑞𝑗 ⟩∞)

(4)

where �𝑊ij,�𝑏i,�𝑐j is the update value of 𝑊ij, 𝑏i, 𝑐j;
�𝐴𝑡−𝑞
𝑘,i

is the weight matrix between V𝑘 at time t-q and V𝑖
at current time t; �𝐵𝑡−𝑞

𝑘,j
is the weight matrix between V𝑘 at

time t-q and ℎ𝑗 at current time t; V𝑡−𝑞i is the status value
of V𝑖 at time t-q; ℎ𝑡−𝑞j is the Status value of ℎ𝑗 at time t-q;⟨∙⟩data is the expected output for original data; ⟨∙⟩model is the
expected output data calculated by model; ⟨∙⟩0 is the initial
expectation; ⟨∙⟩∞ is the stable expectation; 𝜀 is learning rate.
3. Deformation Prediction Approach

Deformation of supertall buildings is more complex, and the
characteristics of spatiotemporal linkage are more obvious.
Therefore, the deformation prediction of it needs higher
prediction accuracy and prediction stability. The CDBN
model has a high ability to extract deformation tendency. But
due to the use of a gradient descent algorithm to find the
optimal solution during the process of weight determination,
the predicted output and the actual deformation output are
significantly different, and the predicted oscillation is more
obvious. In order to solve this problem,we used the L-Malgo-
rithm to model the weight, and the Gauss-Newton algorithm
was used to update the weight and threshold of the model to
speed up the convergence of the algorithm.The combination
of powerful deformation information extraction capability
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Figure 2: Flow chart of LM-CDBN algorithm.

and stable nonlinear optimization ability can help improve
the prediction accuracy and stability of supertall buildings.

3.1. LM-CDBNModel Weighting Principle. Assume𝑊𝑘 is the
matrix vector composed of all the weights and thresholds
after the LM-CDBNmodel iteration k times; then the matrix
vector is composed of the weights and thresholds updated
after k+1 iteration is𝑊𝑘+1, shown as the

𝑊𝑘+1 =𝑊𝑘 + �𝑊𝑖𝑗 (5)

The mean squared error (MSE) of the model training is
defined as the minimum reference standard.

MSE = 1𝑁 ∑(𝑦𝑖 − 𝑦𝑖)2 (6)

where 𝑁 represents the sample dimension; 𝐸[∙] represents
the mathematical expectation function; 𝑦𝑖 and 𝑦𝑖 represent
the No. i actual prediction value and model value of the
prediction label, respectively. Solve the second derivative’s
extreme value according to the principle of least squares and
correct by Gauss-Newton algorithm; then �𝑊𝑖𝑗 is

�𝑊𝑖𝑗 = − [𝐽𝑇𝐽 + 𝜇𝐼]−1 𝐽𝑒 (7)

where 𝜇 (𝜇 > 0) is a proportional coefficient; e is the network
error vector; 𝐼 is a unit matrix; 𝐽 is a Jacobi matrix, shown as

𝐽 = [[[[[[[[

𝜕𝑒1𝜕𝑊1 ⋅ ⋅ ⋅ 𝜕𝑒1𝜕𝑊𝑛... d
...𝜕𝑒𝑛𝜕𝑊1 ⋅ ⋅ ⋅ 𝜕𝑒𝑛𝜕𝑊𝑛

]]]]]]]]
(8)

In the initial stage of model training, the value of 𝜇 is
large, the model will seek the minimum value following the
gradient descent method, and each iteration will make 𝜇
decrease continuously. Then the Gauss-Newton algorithm is
used to find the expected value of the target. The second
derivative of the algorithm is used. The principle of seeking
extreme improves the speed of model training and the ability
of nonlinear generalization.

3.2. Flow of Algorithm. The network training and learning
process of the LM-CDBNmodel is constructed as follows and
the flow of algorithm was shown in Figure 2.

Step 1 (data preparation phase). The original data is prepro-
cessed (denoised, filtered, normalized, and batched) and the
topology of the network is determined.

Step 2. Enter the first batch of data and prepare for network
training.

Step 3. Use (9) to update the status of the hidden node of the
first layer network.

𝑆𝑗 = 𝑠𝑖𝑔𝑚𝑜𝑑( 𝑚∑
i

𝑊ij𝑆i + 𝑁 (0, 1) (9)

where N(0,1) represents a Gaussian distribution;𝑊ij is the
weight matrix connecting the visible layer and the hidden
layer; 𝑆i is a state value of visible node 𝑖.
Step 4. Use (10) to update the status value of the visible node𝑆i.

𝑆i = 𝑠𝑖𝑔𝑚𝑜𝑑( 𝑛∑
j

𝑊ij𝑆j + 𝑁 (0, 1) (10)

Step 5. According to the visible layer node state value 𝑆i
obtained in Step 4, use (11) to update the state of the hidden
layer node 𝑆𝑗 again.

𝑆𝑗 = 𝑠𝑖𝑔𝑚𝑜𝑑( 𝑚∑
i

𝑊ij𝑆i + 𝑁 (0, 1) (11)

Step 6. Dynamically update the offsets of the visible and
implicit nodes thresholds.

𝑐 𝑠𝑡𝑎𝑟j = 𝑐j +∑
𝑘

𝛼𝑡−𝑞
𝑘j

V𝑡−𝑞
𝑘

𝑏 𝑠𝑡𝑎𝑟i = 𝑏i +∑
𝑘

𝛽𝑡−𝑞
𝑘i

V𝑡−𝑞
𝑘

(12)
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where 𝑐 𝑠𝑡𝑎𝑟j represents the dynamic offset of the implicit
node j; 𝑏 𝑠𝑡𝑎𝑟i represents the dynamic offset of the visible
node 𝑖; V𝑡−𝑞

𝑘
is the state value of the visible node 𝑘 on time t-

q; 𝛼𝑡−𝑞
𝑘j

is the weighted value of directed connections between
V𝑘 in time t-q and ℎ𝑗 on current time 𝑡; 𝛽𝑡−𝑞

𝑘,𝑖
is the weighted

value of directed connections between V𝑘 in time t-q and V𝑖
on current time t.

Step 7. Use the state 𝑆𝑗 of the hidden layer node of the first
layer network as the initial input of the layer 2 network.
Repeat Steps 3–6 to complete the pretraining of the layer 2
network until the network is completed layer by layer.

Step 8. Establish a matrix vector of the network weights and
thresholds. Use (5) and (7) to update the network weights and
thresholds.

Step 9. Enter the second batch of data and go to Step 3 to
complete the next round of training and so on until all data
processing is completed.

Step 10. Use the function softmax to output the predicted
value, denormalize data, and evaluate the network prediction
results.

3.3. Evaluation Mechanism. To objectively evaluate the pre-
diction results, the prediction model needs to be evaluated
based on full consideration of the prediction error and
the accuracy of the prediction value fitting degree. The
evaluation mechanism is mainly composed of three aspects:
model training error evaluation, fitting degree evaluation,
and prediction accuracy.

Taking the three aspects of root mean square error
(RMSE), mean absolute error (MAE), mean relative error
(MRE) as evaluation indices, as shown in (13). The smaller
number of three indicators means the stronger the ability
to extract model information, the higher the prediction
accuracy.

RMSE = √∑ (𝑦𝑖 − 𝑦𝑖)2𝑁
MAE = ∑ 𝑦𝑖 − 𝑦𝑖𝑁
MRE = 1𝑁 ∑ 𝑦𝑖 − 𝑦𝑖𝑦𝑖

(13)

where𝑦𝑖 and𝑦𝑖 represent theNo. 𝑖 actual prediction value and
model value of the prediction label, respectively; N represents
the input sample dimension.

R represents the degree of fit between the actual observed
value and the predicted output value. If the value of R
is very large, it means that the predicted value and the
actual observed value are compliant; else it means that the

correlation between the two is poor. The equation for R is
shown in

R = (1 − √∑ (𝑦𝑖 − 𝑦𝑖)2∑𝑦2𝑖 )× 100% (14)

Put the prediction results of LM-CDBN model to com-
pare with CDBN model, extreme learning machine (ELM),
and UKF-SVR model to evaluate the training error and
predictive performance of the LM-CDBN model.

4. Case Study

4.1. Description of the CITIC Tower. The supertall building
CITIC tower is in the core area of CBD, Chaoyang District,
Beijing, China. The external shape is the overall shape of
the “bottle” of Chinese ancient wine containers (Figure 3).
The CITIC tower has a total construction area of 350,000
square meters, with a total height of 528 meters, 108 floors
above the ground, 7 basement floors, and 5 underground
floors in the tower area. The base of the CITIC tower has
a square base. From the base to the upper part of the
base, its plane size is gradually tightened inward. From the
narrowest part of the waistline to the top part, the plane
size gradually enlarges. CITIC tower adopts the core-tube
megaframe outrigger conversion truss structure, which has
features such as high altitude, structural heterogeneity, and
large changes in the curvature of the construction curve.
The construction uses BIM technology to preassemble the
structure and reduce rework and errors in construction.

4.2. Monitoring Sensor Layout. With the continuous devel-
opment of global navigation satellite system (GNSS) [29, 30]
technology, deformation data such as settlement, vertical
compression, and horizontal displacement can be obtained
with real-time kinematic (RTK) technology performing
dynamic deformation observation of supertall buildings. In
the study, two GNSS receivers were placed as reference
stations outside the walls on the north and east sides of
the building, and eight GNSS receivers were installed as
monitoring stations on the core barrel and the frame. The
GNSS antenna is fixed on the core barrel and the four corners
of the frame by special brackets. EachGNSS host is connected
to the cable through the cable and transmits the monitoring
data to the data center through the data transfer unit (DTU).
The specific deployment of base stations and monitoring
stations is shown in Figures 4 and 5.

The shape acceleration array (SAA) system [31, 32] is a
high-precision sensor based on MEMS accelerometer and
consists of several rigid test sections connected by flexible
joints. Each test section has a length of 200∼500mm and has
an internal triaxial accelerometer and thermometer. There is
a special section between every 8 test sections, equipped with
a microprocessor and a digital temperature sensor. For the
SAA laid in the vertical direction, there is a fixed section at
the front end of each test sensor for connecting a wired or
wireless signal transmission device, and there is a fixed device
at the end for fixing the entire SAA, as shown in Figure 6.
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Figure 3: Concept and structure figure of CITIC tower. (a) CITIC tower concept design. (b)CITIC tower schematic.
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Figure 4: GNSS receiver placement. (a) Location figure of reference stations and observation stations. (b) Receiver antenna figure.
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Figure 5: GNSS deformation monitoring system diagram consists of GNSS receiver, DTU, control center, and reference station.
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Table 1: Monitoring data of CITIC office building.

Serial number Time Z [mm] Temperature [∘C] Wind speed [m⋅s−1] Light intensity [Lx]
1 2017-10-11 0:00 28.281 14.1 5.8 2.732
2 2017-10-11 1:00 27.556 14.3 5.4 2.452
3 2017-10-11 2:00 28.428 14.2 5.5 2.543
4 2017-10-11 3:00 29.779 14.9 5.4 2.654
5 2017-10-11 4:00 30.250 14.8 4.9 2.687
6 2017-10-11 5:00 27.895 14.1 5.2 2.754
-- -- -- -- -- --
69 2017-10-13 21:00 49.753 11.9 6.7 2.543
70 2017-10-13 22:00 49.341 11.6 7.5 2.654

Standard test
section

Special section

Flexible joint
Microprocessor Temperature sensor

Figure 6: Shape acceleration array system, consisting of standard
test section, flexible joint, and special section.

Assuming 𝐿 is the length of the test section and 𝜃
is the angle between two test sections calculated by the
accelerometer, the deformation value �𝑡 in the direction of
the standard section can be obtained. Adding �𝑧 to each
section is the total amount of deformation, shown as

�𝑡 = 𝜃 ∙ 𝐿 (15)

According to the CITIC tower’s architectural character-
istics, two SAAs are placed in PVC sleeves and embedded
along the vertical axis of the outside of the core tube. The
ends are fixed on the floor of the structure and the front end
is connected to a wireless serial modem (WSM) to achieve
long-distance communication.

4.3. Data Processing. As shown in Table 1, from the time of
October 10, 2017, the displacement monitoring data of 70
consecutive phases acquired at a sampling frequency of one
hour are taken as samples, of which the first 55 training
sample sets are used as a priori samples for the network
pretraining, and the last 15 samples for the deformation
analysis and prediction.

During the construction phase, the core barrel is subject
to environmental cross-wind loads, temperature differences
between the inside and outside of the shell structure, and
changes in light intensity, which are easily subject to dynamic
deformation. The training data set consists of core barrel
displacement data, temperature, wind speed, light intensity,
and time series. During the training of the model, the
influence factors such as temperature, wind speed, and light
intensity are taken as the characteristic values of the network
input layer, and the displacement data of the core cylinder is
used as the output feature vector.

In the process of sample priming, gross errors and noise
elimination are first performed. Select the first 55 periods of
data as a priori samples for network pretraining, and the last
15 samples for deformation analysis and prediction.

Due to the large range of deformation fluctuations and the
large magnitude difference between the input factors of each
group, the logarithmic interpolation algorithm (as shown in
(16) was used to normalize the displacement deformation
value �̂�.

�̂� = 0.1 + 0.8 log𝑧𝑚𝑎𝑥/𝑧𝑚𝑖𝑛 𝑧𝑧𝑚𝑖𝑛 (16)

where 𝑧𝑚𝑎𝑥 and 𝑧𝑚𝑖𝑛 min represent the maximum and
minimum values of the predicted output deformation; �̂�
and 𝑧 represent the normalized and original deformation
information.

4.4. Parameter Determination. In the network topology
determination process, the precise determination of network
depth, the number of hidden layer nodes, and various
training parameters are the key to accurate prediction.

In the process of model building, the network depth
means the number of network layers of the model. In the
process of layer-by-layer network training, reconstruction
error (RE) is generated, which is an important indicator to
measure network stability. In the case of a certain input layer
data pattern, the network reconstruction error is calculated
to effectively determine the network depth. As shown in
Figure 7, the model gradually increases the network depth
during the application process.

As shown in Figure 7(a), when the network depth is 1,
the reconstruction error oscillates violently and tends to fall
rapidly.The error range is mainly concentrated on 15∼28mm,
which reflects the lack of network depth. In Figure 7(b), in the
early period, the reconstruction error changed dramatically,
and it begins to show a slowing trend in the later period.
The error range is mainly concentrated on 0.5∼1.7mm, and
the overall training effect of the network is the best. In
Figures 7(c) and 7(d), the network reconstruction error
is concentrated on 0.8∼3.4mm and 0.7∼3.9mm, and the
network shows irregular fluctuations and the reconstruction
error value has accumulated. Therefore, the network depth is
determined to be 2 layers.
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Figure 7: Reconstruction error of hidden layer. (a) Number of hidden layer is 1. (b) Number of hidden layer is 2. (c) Number of hidden layer
is 3. (d) Number of hidden layer is 4.

According to (17), the number of hidden layer nodes is
determined by a comparison test.

𝑙 = √𝛽 + 𝛾 + 𝑎 (17)

where 𝑎 is the empirical constant and the range is [0, 10]; 𝛽
is the number of input layer nodes; 𝛾 is the number of output
layer nodes; l is the number of hidden layer nodes.

In this prediction of deformation for supertall buildings,
take the number of input layer nodes m=4, the number of
output layer nodes n=1, and the range of hidden layer nodes
is 𝑙 ∈ [3, 13]. As shown in Figure 8 and Table 2, the RMSE,
MAE, MRE, and R/% are the evaluation criteria for network
training, and the number of optimal hidden layer nodes is
obtained through statistical analysis.

When the hidden layer node is 7, the RMSE, MAE, and
MRE have the minimum value and the fitting R also has the

largest value. Currently, the model has the best deformation
prediction ability and nonlinear generalization ability.

4.5. Analysis of Forecast Results. As shown in Table 3, LM-
CDBN model, CDBN model, ELM model, and UKF-SVR
modelwere used to predict the 15th period ofmonitoring data
and compared with the deformation value Z. RE and ARE of
each group of results were calculated.

Compared with CDBNmodel, ELM, and improved SVR,
LM-CDBN model has higher prediction accuracy and sta-
bility, and the model's extrapolation ability is better than
other forecast models. The average relative error of the 15
forecast results is 3.12%. At the same time, the relative error
of the LM-CDBN model prediction is even and stable. The
prediction results of LM-CDBN model are less volatile than
UKF-SVR. In addition, compared with the CDBNmodel, the
L-M algorithm is used for optimization and improvement,
the generalization ability of the CDBN model is enhanced,
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Table 2: Statistical table of the number of hidden layer’s nodes.

layers RMSE/mm MAE/mm MRE R/%
2 0.0369 0.0167 0.0237 93.52
3 0.0400 0.0213 0.0316 92.98
4 0.0665 0.0342 0.0500 88.31
5 0.0395 0.0214 0.0317 93.07
6 0.0285 0.0117 0.0162 95.00
7 0.0113 0.0052 0.0075 98.01
8 0.0450 0.0236 0.0348 92.10
9 0.0225 0.0091 0.0125 96.05
10 0.0330 0.0135 0.0187 94.20
11 0.0162 0.0066 0.0091 97.16
12 0.0325 0.0159 0.0231 94.29

Table 3: Comparison table of prediction.

DATE Z [mm] CDBN [mm] RE [%] LM-CDBN [mm] RE [%] ELM [mm] RE [%] UKF-SVR [mm] RE [%]
10-13 08:00 36.3700 35.6869 1.88 36.2744 0.26 34.0753 6.31 36.9076 1.48
10-13 09:00 35.9685 34.7454 3.40 35.8914 0.21 38.9832 8.38 36.8897 2.56
10-13 10:00 34.1020 33.0588 3.06 34.0540 0.14 38.0791 11.66 33.5363 1.66
10-13 11:00 34.2450 32.6750 4.58 34.1812 0.19 34.6637 1.22 30.5105 10.91
10-13 12:00 39.0745 38.2927 2.00 38.8679 0.53 35.8950 8.14 39.1214 0.12
10-13 13:00 37.1475 35.9385 3.25 37.0167 0.35 39.5860 6.56 38.7017 4.18
10-13 14:00 37.7950 36.8189 2.58 37.6317 0.43 36.9923 2.12 34.8703 7.74
10-13 15:00 41.6840 39.6342 4.92 41.2798 0.97 40.3191 3.27 43.4704 4.29
10-13 16:00 39.1225 38.3562 1.96 38.8977 0.57 43.4842 11.15 41.1197 5.10
10-13 17:00 40.6580 39.2225 3.53 40.2930 0.90 44.4703 9.38 37.4763 7.83
10-13 18:00 47.0815 44.5459 5.39 45.8757 2.56 40.8088 13.32 48.4904 2.99
10-13 19:00 46.3970 44.8205 3.40 45.3267 2.31 44.6929 3.67 47.7502 2.92
10-13 20:00 47.3470 45.7168 3.44 46.0723 2.69 48.1102 1.61 47.8773 1.12
10-13 21:00 51.0815 47.3883 7.23 48.8165 4.43 45.8864 10.17 52.2852 2.36
10-13 22:00 49.5470 47.0194 5.10 47.7546 3.62 47.7797 3.57 49.2904 0.52
Mean Relative Error (MRE)[%] 3.72 -- 1.34 -- 6.70 -- 3.72
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Figure 8: Statistical diagram of the number of hidden layer’s nodes. (a) Red line with respect to the RMSE, blue line with respect to theMAE,
and yellow line with respect to the MRE. (b) Blue line with respect to the R.
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Table 4: Comparison of the result of prediction evaluation.

Evaluation Standard CDBN LM-CDBN ELM UKF-SVR
MRE 0.0296 0.0060 0.0487 0.0283
MAE [mm] 0.0141 0.0023 0.0262 0.0155
RMSE [mm] 0.0212 0.0031 0.0385 0.0223
R [%] 94.9 98.9 91.3 95.1
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Figure 9: Results of fitting and prediction. (a) Fitting result comparison. (b) Forecast result comparison.

and the stability and prediction accuracy of the prediction are
improved.

Similarly, as shown in Table 4, through the numerical
analysis of several evaluation indicators we can see that the
prediction error of LM-CDBN is smaller and the prediction
accuracy is much higher than that of shallow neural network.
Compared with other models, the deep network has higher
feature extraction capabilities and nonlinear regression anal-
ysis capabilities.

As shown in Figure 9(a), although gross errors and noise
were excluded from the experimental data, due to external
influences, the collected data still had large fluctuations,
which caused some interference to the actual prediction
work. In addition, under the influence of external factors,
significant displacement changes have occurred during the
continuous monitoring of the overall structure of the Chi-
nese dignity, and the tendency of migration has gradually
increased. Compared with other models, the LM-CDBN
model has a high degree of fitting ability and deformation
extraction ability for the displacement change trend. As
shown in Figure 9(b), the LM-CDBN model has better
extrapolation capability of deformation and is more in line
with the actual law of displacement change.

5. Results

A new deformation prediction approach for supertall build-
ing was proposed in the paper. The LM algorithm was used
to optimize the weighting method of CDBN model in this
approach. Then use this model to predict the deformation of
the supertall building CITIC tower and value the perdition
results using several different methods. In terms of error, the
MAE value of the LM-CDBNmodel is 0.0023 mm, while the
MAE of the CDBN model, the ELM model, and the UKF-
SVR model was 0.0141 mm, 010262 mm, and 0.0155 mm.The
RMSE of LM-CDBNmodel was 0.0031 mm, while the RMSE
of CDBN model, ELM model, and UKF-SVR model was
0.0212 mm, 0.0385 mm, and 0.0223 mm. In terms of fitness,
the fitting performance of the LM-CDBN model increased
by 64%, 80%, and 64%, compared with the CDBN model,
the ELM model, and the UKF-SVR model. By comparing
experiments and data analysis, we can find that the LM-
CDBN model has higher prediction accuracy than three
other models, and the variation law of the prediction data
is more consistent with the actual variation law. Hence, we
can conclude that the LM-CDBN model is suitable for the
variable prediction of supertall buildings and also has better
robustness and deformation prediction ability.
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Light detection and ranging (LiDAR) data collected from airborne laser scanner system is one of the major sources to reconstruct
Earth’s surface features. This paper presents a method for detecting model key points (MKPs) of the buildings using LiDAR
point clouds. The proposed approach utilizes shaded relief images (SRIs) derived from the LiDAR data. The SRIs based on the
concept of the shape from shading could provide unique information about individual surface patches of the building roofs. The
main advantage of the proposed approach is to detect directly MKPs, which are primitives for 3D building modeling, without
segmenting point clouds. Depending on the location of the light source, the SRIs are created differently. Therefore, integration
of the multidirectional SRIs created from different locations of the light source could provide more reliable results. In addition,
the vertical exaggeration (i.e., scaling Z-coordinates) is also beneficial because constituent surface patches of the roofs in the SRIs
created with vertically exaggerated LiDAR data are more distinguishable. To determine the MKPs of the roofs, building data was
separated fromother objects usingmodifiedmarker-controlledwatershed algorithm in accordancewith criteria to specify buildings
such as area, height, and standard deviation.This process could remove the unnecessary objects such as trees, vegetation, and cars.
The curvature scale space (CSS) corner detector was used to determineMKP since this method is robust to geometric changes such
as rotation, translation, and scale. The proposed method was applied to simulated and real LiDAR datasets with various roof types.
The experimental results show that the proposed method is effective in determining MKPs of various roof types with high level of
detail (LoD).

1. Introduction

Since the airborne laser scanner (ALS) systems have been
commercialized in the late 1990s, light detection and rang-
ing (LiDAR) data collected from ALS systems have been
widely adopted as a major source in geospatial information
engineering such as city planning, mobile navigation, forest
mapping, disaster response, and damage assessment. Because
of precise and accurate data acquisition capability, LiDAR is
one of the most preferred remote sensing technologies. The
advantage of the LiDAR is direct acquisition of dense point
clouds with geocoded 3D coordinates over extended areas
cost effectively and quickly [1]. LiDAR sensors are not affected
by geometric distortions unlike optical sensors (e.g., lens

distortion, perspective distortion, and relief displacement). In
addition, shadow and variation of the brightness and contrast
due to illumination condition affect quality of the optical
image while LiDAR data is less influenced by such external
factors.

Numerous 3D building modeling (or reconstruction)
methods have been proposed in the past decades. Exist-
ing approaches are classified as data-driven (or bottom-
up) and model-driven (or top-down) approaches. The data-
driven approach might consider faithful details pertinent
to the resolution of the input data, while the model-driven
approach could rapidly create buildingmodelswith appealing
appearance [2]. In the model-driven case, building models
are recognized by fitting the LiDAR measurements with
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predefined models. Therefore, a set of predefined models
is required as parameterized shapes. If the model library
does not include all types of the buildings, reconstruction of
the building models might be not completed. In the data-
driven case, there is no need to have a prior knowledge of
building type. Since parameterization of the building models
in model-driven approach is often difficult, the data-driven
approach is preferable. The major issue of the data-driven
approach is to find the constituent planes and primitives (e.g.,
edges, vertices, and corners) of the building roofs.

Majority of this approach aims to identify and segment
individual roof patches that forms the roof shape of a
building. Once roof surfaces are segmented, each segmented
surface patch is fitted with an appropriate mathematical
function. Then, form-lines (or structure lines) and key
points are determined by solving the surface equations.
Such approach requires topological information, for example,
adjacency relationship among segmented surfaces.Therefore,
boundaries of the roofs, form-lines of the various roof
types, and key points (e.g., corners, intersections, apexes, and
vertices) are the most important features for reconstructing
3D building models. 3D building modeling is one of the
most prominent applications of LiDAR data [2–5]. Even
though there is not a standard procedure of the building
modeling available, the common tasks involved with LiDAR
data processing include strip adjustment, noise removal or
reduction, separation of target objects (e.g., building data
extraction) from other features, interpolation (if necessary),
and segmentation for 3D modeling. In particular, surface
patch segmentation of the roofs is one of the major parts in
the building modeling.

As one of the earliest researches related to building
modeling using LiDAR data, Csathó et al. [6] performed
segmentation of LiDAR points by iterative robust sequential
estimator to parametrize and organize surfaces. The proce-
dure consists of interpolation, edge detection, seed selection,
determination of the best fitting mathematical function, iso-
late point removing, and gap filling. Rottensteiner and Briese
[7] presented amethod for building extraction and automatic
3D building modeling. The procedure starts with separation
of points on the buildings from those on the other features
including terrain using hierarchical robust interpolation of
LiDAR points. The initial building regions were determined
based on the height difference between terrain surface and
digital surface model (DSM). The geometric 3D building
models were generated by grouping segmented planar sur-
faces. Sampath and Shan [8] introduced roof segmentation
approach using clustering based on the eigenvalues of the
covariance matrix in a small neighborhood and k-mean
algorithm. Park et al. [9] proposed surface segmentation
method by multilevel and multidirectional 3D chain code
that could determine slope and orientation of the individual
surface patches. Chen et al. [10] presented adaptive random
sample consensus (RANSAC) for roof patch segmentation
with building points extracted bymorphological filtering and
region growing algorithm.

Wang and Shan [11] demonstrated building extraction
scheme by segmentation of point clouds using local similarity
measures based on the discrete computation geometry and

machine learning. Yan et al. [12] applied snake algorithm to
process LiDAR data that is extended dynamic programming
method to address the snake problems with a 2D planar
topology using a graph reduction technique to enforce geo-
metric constrains.They could construct complicated types of
the roof with topology adjustment and refinement strategies.
Sampath and Shan [13] proposed a potential-based approach
to estimate number of the clusters while considering both
geometry and topology for the cluster similarity. The final
step of segmentation separates the parallel and coplanar seg-
ments based on their distances and connectivity, respectively.
Building reconstruction starts with forming an adjacency
matrix that represents the connectivity of the segmented
planar segments. Tseng and Hung [14] applied split-and-
merge based on octree structure with plane fitting to segment
LiDAR points into coplanar clusters.

Segmentation is the central issue in most building mod-
eling approaches that use the LiDAR data. Segmentation is to
group the point clouds with similar geometric characteristics
that could be constituent surfaces of the roofs. Peternell
and Steiner [15] separated the LiDAR data into a number
of grids. For each grid and its eight neighbors, the surface
normals were determined and the grids with similar surface
normals were linked using a connected component analysis.
Alharthy and Bethel [16] proposed a technique of moving
windows to determine the surface slopes and then the planar
surface segments were extracted. Tarsha-Kurdi et al. [17]
applied Hough transform with RANSAC to determine plane
surfaces of the roofs. Rabbani et al. [18] reviewed methods
for modeling various surface types such as plane and curved
surfaces (i.e., cylinder and sphere) from LiDAR data.

Sohn and Dowman [19] used pan-sharpened multispec-
tral images of IKONOS for building detection.Themultispec-
tral imagery provides useful information to identify buildings
by utilizing land cover classification and image matching.
However, there is limitation in use of imagery because of
image quality such as low contrast, radiometric artifacts,
occlusions due to central projection of the optical sensors,
relief displacement, and shadows causing false breakline
detection on the images. In addition, other limitations are
the fact that both LiDAR data and imagery are not always
available, and time difference between LiDAR data and image
collectionmay result in undesirable outcomes due to possible
surface change (e.g., construction of new buildings or earth
work).

Some methods utilize other geospatial sources (e.g., vari-
ous imagery,maps, architectural drawings, and ground plans)
to segment LiDAR data for 3D building modeling. Kim et al.
[20] integrated stereo pair of the aerial images and LiDAR
data for building detection and modeling. They derived
3D building boundaries by matching on the planar surface
patches defined by the LiDAR data. Awrangjeb et al. [21]
generated building models with masks derived from LiDAR
data and multispectral images. Xiao et al. [22] implemented
image matching algorithm for building modeling using
LiDAR data and aerial images. Stilla and Jurkiewicz [23] used
the building layer of the large-scale vector maps to separate
and group parts of the buildings.They analyzed characteristic
histograms of the laser altimeter data to identify roof type



Journal of Sensors 3

and to determine slope and orientation of the buildings for
roof reconstruction. Vosselman and Dijkman [24] proposed
a method for constructing 3D building models using 3D
Hough transform and ground plans of the buildings to extract
planar faces from the point clouds. The ground plans were
utilized to segment planar faces of the roofs. Schenk and
Csathó [25] proposed an approach to establish a common
reference frame between LiDAR data and aerial images by
utilizing sensor invariant features (i.e., edges and surface
patches) for richer and more complete description of the
surfaces. Thus, feature-level fusion of the LiDAR data and
aerial imagery could contribute to mutual complement for
each other’s shortcomings.

Chang et al. [26] developed occlusion-based procedure
for LiDAR data classification, building detection, and digital
building model generation. The underlying concept of this
method is based on a global operation to detect occluding
points which belong to nonground objects. Wang et al.
[27] presented automatic algorithm for building boundary
detection. This approach includes identification of the build-
ing boundary by utilizing height and shape information
for segmenting LiDAR data, boundary reconstruction using
Hough transformation, and sequential linking. You and Lin
[28] reconstructed building models and analyzed quality of
themodels by integrating LiDARdata and topographicmaps.
The limitations of integrating different sources of data are
that all data should be available with temporal consistency.
Cheng et al. [29] integrated multiview aerial imagery and
LiDAR data to reconstruct 3D building models with accurate
geometric position and high level of detail (LoD). The key
tasks of the approach include determination of principal
orientations of the buildings to improve boundary extraction,
identification of boundary segments with K-means clus-
tering, determination of the 3D boundary segments from
LiDAR data and multiview images, and reconstruction of
building models by recovering lost boundaries and rooftop
patches using RANSAC algorithm. Rottensteiner and Clode
[30] introduced a probabilistic context-based classification
technique for building extraction and modeling. The proce-
dure consists of semantic labelling of each LiDAR point using
feature vectors, classification, and analysis of neighboring
points for graph structures. Reconstruction of the building
models was performed by estimation of model parameters
and regularization.

In recent years, deep learning (DL) based on the arti-
ficial neural networks is implemented to extract buildings
and recognize 3D building models from LiDAR data [31–
33]. Currently, most of the DL approaches in the field
of remote sensing and geospatial engineering are focused
on object detection, classification, and semantic segmen-
tation primarily using imagery. In particular, majority of
the works on object detection using DL apply convolu-
tional neural networks. Despite the promising experiments
performed, constructing optimal architecture of the neu-
ral network and exploring appropriate and effective learn-
ing algorithm for a specific purpose are main issues in
DL [34–36]. It is expected that the DL approach will be
extended to reconstruct various types of the 3D building
models by utilizing variety of the geospatial data such

as airborne and/or terrestrial LiDAR, multi/hyperspectral
imagery, thermal-IR imagery, topographic maps, and vari-
ous information derived from LiDAR data. Maltezos et al.
[37] proposed multidimensional feature vector that consists
of the raw LiDAR data, and additional features including
entropy, height variation, intensity, distribution of normal
vectors, number of returns, planarity, and standard deviation.
The feature vector was used for training data with deep
convolutional neural networks to extract buildings. The
additional feature data was derived from the LiDAR data.
Each feature data reflects unique physical property of the
object.

The segmented surface patches are used to determine
model key features (e.g., building boundaries, intersecting
lines or structure lines (e.g., ridges, hip), vertices, corners,
apexes, and junctions) of the roofs. However, 3D build-
ing modeling with segmented surfaces requires topological
relationship (i.e., adjacency) between surface patches. The
proposed method aims to detect model key points (MKPs)
of the buildings directly from the shaded relief images (SRIs)
created from LiDAR data without segmentation. We utilized
SRIs created from different locations of the light source (i.e.,
multidirectional SRIs) and then integrated MKPs detected
from each SRI. For the better results, vertical exaggeration
was performed to the LiDAR data before creating SRIs, and
then anisotropic diffusion was carried out before detecting
MKPs. The MKPs were detected by corner detector. Corner
detection is frequently used in computer vision for motion
detection, stereo image matching, image registration and
mosaicking, object recognition, and modeling. The main
objective of the corner detection is to determine distinctive,
essential, and representative points of interest that could
depict 3D geometric characteristics of the building such as
shape and size. Eventually, automation of the digitizing (or
feature collection) task for reconstruction of the building
models can be achieved by detecting the corner points that
are regarded as MKPs.

There are considerable corner detectors available and
some of well-known methods are Moravec, Förstner, Harris,
smallest univalue segment assimilating nucleus (SUSAN),
curvature scale space (CSS), scale invariant features trans-
form (SIFT), speed-up robust features (SURF), features from
accelerated segment test (FAST), and so on [38–46]. This
paper implemented CSS algorithm to determineMKPs of the
buildings with various roof types.The key features of the CSS
are that, robust with respect to noise and superior to other
detectors, the corner points are tracked through multiple
scales to improve localization, false corners are removed, and
T-junction corners can be detected. Detail description and
performance of the CSS can be found in Mokhtarian and
Suomela [42] and Zhang et al. [43]. In particular, capability of
detecting T-junctions is important for reconstructing various
roof types (e.g., hip, pyramid, and mansard). The proposed
method was applied to various datasets. The results of the
MKPs for each dataset were evaluated. The results from
experiments demonstrate our method is quite efficient and
practical for automatic determination of the MKPs of the
buildings.
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2. Proposed Methodology

In conventional photogrammetry, the MKPs are visually
identified to measure coordinates of the MKPs by 3D
digitizing on the stereo images. The main purpose of the
proposed method is to determine locations of the MKPs of
the buildings automatically using LiDAR data. The following
procedures are commonly required in most of the methods
for reconstructing 3D building models with LiDAR data:

(i) Separation of the point clouds that belong to buildings
from other objects (e.g., ground surface, trees), so
called filtering

(ii) Segmentation of the surface patches that form shape
of the roofs based on the geometric similarity (e.g.,
slope and orientation of the slope)

(iii) Representation of each segmented roof surface with
best-fitting mathematical function

(iv) Establishment of the adjacency relationship of the
segmented surfaces to determine boundaries or inter-
sections between surface patches.

The concept behind the proposed method is shape from
shading that is one of the computer vision problems for shape
recognition and reconstruction. There are various visual
cues to recognize objects. Shading is an important aspect
of perceiving shape of the objects because different parts
of the surface are oriented differently and thus appear with
different brightness. The spatial variation of the brightness
due to surface change (i.e., slope and orientation) is referred
to as shading. Shading provides visual depth cue that makes
possible appreciation of the surface topography and geometry
[47]. In this regard, we utilized shaded relief images generated
from LiDAR point clouds to detect more reliable and robust
MKPs of the buildings.

The essential procedures involvedwith reconstructing 3D
building models with LiDAR data are building extraction
and primitive (or feature, element) determination to depict
building models.This paper proposes a method to determine
MKPs that are one of the important elements to reconstruct
building models. The corner detection algorithm used in
digital image processing was applied to determine MKPs.
Corner detection has been broadly used in motion detection,
image registration, image matching, object recognition, and
3D modeling. The corners not only mean corner points
themselves but also include vertices, apexes, and junctions
formed by intersections of the edges or surfaces of the roof.
Therefore, such features could be well-defined MKPs that are
important points to define shapes of the individual buildings.

The proposed method consists of the following proce-
dures:

(i) Building extraction with marker-controlled water-
shed algorithm

(ii) Generation of multidirectional SRIs with vertically
exaggerated data

(iii) Anisotropic diffusion to reduce noise effect of the SRIs
(iv) MKP determination using multidirectional SRIs by

corner detector.

Pgrad←Modified slope by proposed method
R, C← Size of Mgrad (Modified slope)
𝜀
1
, 𝜀

2
←Thresholds

Mwin←Moving window
minV←Minimum value of Mgrad
Pgrad =Mgrad
Pgrad (Mgrad < 𝜀

1
) =minV

for y = 2 to R - 1
for x = 2 to C - 1
Mwin =Mgrad (n x n window at (x, y))

if (standard deviation of Mwin) < 𝜀
2

Pgrad (n x n window at (x, y)) =minV
end

end
end

Algorithm 1: Improvement of mask in marker-controlled water-
shed.

2.1. Building Extraction. Building extraction is an essential
preprocessing because the goal is to determine MKPs of
the buildings automatically. We applied marker-controlled
watershed algorithm to extract building data. The marker-
controlled watershed was developed to separate specific fea-
tures from others by minimizing oversegmentation problem
[48]. The concept of the watershed algorithm is to find
catchment basins and watershed ridge lines by treating the
LiDAR data as a terrain surface where light pixels are high
and dark pixels are low. We improved the marker-controlled
watershed method to avoid oversegmentation problem not
only in the buildings but also on the ground surfaces. Figure 1
shows workflow of the building extraction based on the
marker-controlled watershed.

A problem occurs due to imperfection of both fore-
ground marker and background marker generation. This
problem was resolved in the proposed method. It is crucial
to determine building boundaries precisely in order for the
marker-controlled watershed to work properly. If gradients
by applying the Sobel operator are small (i.e., small slope),
the buildings have flat roofs. Therefore, it is possible to
extract buildings with flat roofs by setting threshold of the
gradient (𝜀1). However, buildings have various roof types
as well as flat roofs. The standard deviations of the moving
windowwere computed to extract buildings with various roof
types by setting threshold of the standard deviation (𝜀2) (see
Algorithm 1).

Figure 2 illustrates results from regular watershed and
marker-controlled watershed. Marker-controlled watershed
could provide quite useful results to detect MKPs from
individually segmented building objects. Figure 8 shows
building extraction results of the test datasets.

2.2. Generation of Shaded Relief Image. DSMand virtual light
source are required to create SRIs. DSMs were generated
using LiDAR data. Ground sampling distance (GSD) and
accuracy of the DSM, location and direction of the light
source, affect quality of the SRIs. The resolution of the SRI
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Figure 1: Workflow of building extraction scheme with marker-controlled watershed algorithm.

(a) (b) (c) (d)

Figure 2: Examples of watershed results. The data used to demonstrate watershed in this figure is part of Dongtan City. (a) LiDAR data.
(b) Oversegmentation by regular watershed. (c) Segmentation by conventional marker-controlled watershed. (d) Segmentation by improved
marker-controlled watershed.
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Figure 3: Shaded relief image generation using DSM.

corresponds to the GSD of the DSM. Each pixel value of the
SRIs is proportional to the amount of the light reflected from
the surface element. Therefore, SRIs are determined by slope
and aspect of the surface elements that are computed from
DSM (see Figure 3).

The magnitude of the reflected light from each surface
element to the pixel of the SRI is computed using

𝑅 = cos (𝐼)
= cos (90∘ − 𝛽) cos (𝑆)

+ sin (90∘ − 𝛽) sin (𝑆) cos (𝛼 − 𝐴) ,
(1)

where R denotes magnitude of the reflected light to a pixel
of the SRI, I denotes reflectance angle with respect to the
surface normal of a surface element, 𝛼 and 𝛽 are azimuth and
elevation angle of the light source, respectively, and S and A
are slope and aspect of a surface element, respectively.

Since SRI is imagery, the pixel value (i.e., brightness value)
of the SRI is computed by

𝐼𝑆𝑅 = 𝐺𝑚𝑎𝑥 ∙ 𝑅 with 𝐺𝑚𝑎𝑥 ≤ (2𝑛 − 1)
if 𝑅 < 0 then 𝑅 = 0, (2)

where 𝐼𝑆𝑅 is brightness of the SRI, 𝐺𝑚𝑎𝑥 denotes the maxi-
mum value of n-bit image (e.g., 255 for 8-bit image), and n is
number of the bit.

The slope and aspect (i.e., orientation of the slope) can be
derived from 3D coordinates of the 3x3 grid window of the
DSM (see Figure 4) using (4), (6), (7), and (8).

Slopes in X-direction are computed as follows:

�𝑋1 = 𝑍 (𝑋 + 1, 𝑌 + 1) − 𝑍 (𝑋 − 1, 𝑌 + 1)
2 ∙ 𝐺𝑆𝐷𝑥

�𝑋2 = 𝑍 (𝑋 + 1, 𝑌) − 𝑍 (𝑋 − 1, 𝑌)
2 ∙ 𝐺𝑆𝐷𝑥

�𝑋3 = 𝑍 (𝑋 + 1, 𝑌 − 1) − 𝑍 (𝑋 − 1, 𝑌 − 1)
2 ∙ 𝐺𝑆𝐷𝑥 .

(3)

Average slope in X-direction is

�𝑋 = �𝑋1 + �𝑋2 + �𝑋33 . (4)



Journal of Sensors 7

Z(X-1, Y+1) Z(X, Y+1) Z(X+1, Y+1)

Z(X-1, Y) Z(X, Y) Z(X+1, Y)

Z(X-1, Y-1) Z(X, Y-1) Z(X+1, Y-1)

GSDX

GSDY

Figure 4: 3x3 grid window of DSM used for computing slope and aspect. X, Y, and Z are 3D coordinates of DSM.

Slopes in Y-direction are computed as follows:

�𝑌1 = 𝑍 (𝑋 − 1, 𝑌 + 1) − 𝑍 (𝑋 − 1, 𝑌 − 1)
2 ∙ 𝐺𝑆𝐷𝑦

�𝑌2 = 𝑍 (𝑋, 𝑌 + 1) − 𝑍 (𝑋, 𝑌 − 1)
2 ∙ 𝐺𝑆𝐷𝑦

�𝑌3 = 𝑍 (𝑋 + 1, 𝑌 + 1) − 𝑍 (𝑋 + 1, 𝑌 − 1)
2 ∙ 𝐺𝑆𝐷𝑦 .

(5)

Average slope in Y-direction is

�𝑌 = �𝑌1 + �𝑌2 + �𝑌33 . (6)

Therefore, slope and aspect at the center of the 3x3 grid
window are

𝑆𝑙𝑜𝑝𝑒 fl tan−1 (√�𝑋2 + �𝑌2) (7)

𝐴𝑠𝑝𝑒𝑐𝑡 fl tan−1 (�𝑋
�𝑌) . (8)

2.3. Shaded Relief Image with Vertical Exaggeration. Figure 5
demonstrates the effect of the vertical exaggeration to the
SRI. The adjacent surfaces could be clearly distinguishable in
the SRI by using vertically exaggerated DSM because vertical
exaggeration changes surface slopes drastically.

2.4. Multidirectional Shaded Relief Images. As shown in
Figure 6, SRIs are differently generated depending on the
location of the light source. In most cases, the NW location
of the light sources is often used to improve visual perception
for representing DSM or topographical maps. Our objective
utilizing the multidirectional SRIs is to obtain more reliable
MKPs by integrating results from each SRI. Integration of the
multidirectional SRIs could provide 3D modeling with high
LoD.

2.5. Anisotropic Diffusion. Reducing noise leads to better
results inMKPdetection. Anisotropic diffusion is a technique
aiming at reducing or smoothing noises in the interior
of the homogeneous regions without excessively removing
or blurring significant parts of the object features such as
edges, boundaries, or other details that are important for
main processing. In this regard, anisotropic diffusion was
implemented to effectively minimize local variation in the
SRIs due to the vertical exaggeration.

Edges and boundaries are preserved while noises are
reduced to be homogeneous iteratively using (9), (10), and
(11). More details of the anisotropic diffusion can be found
in [49, 50].

𝜕𝑍 (𝑥, 𝑦)
𝜕𝑡

𝑡 =
𝜕𝑍2 (𝑥, 𝑦)

𝜕𝑥2
𝑡 +

𝜕𝑍2 (𝑥, 𝑦)
𝜕𝑦2

𝑡
= div (𝑐 (𝑥, 𝑦) ∇𝑍 (𝑥, 𝑦)𝑡)

(9)

𝑍 (𝑥, 𝑦)𝑡+1 = 𝑍 (𝑥, 𝑦) + 𝑇 𝑛∑
𝑑=1

(𝑐 (𝑥, 𝑦) ∇𝑍𝑑 (𝑥, 𝑦)
𝑡 (10)

𝑐 (𝑥, 𝑦) = exp(∇𝑍 (𝑥, 𝑦)
𝑘2 ) , (11)

where Z(x, y) is LiDAR data, t denotes different level of the
pyramid created by Gaussian filter, div stands for divergence
operator, c(x, y) is diffusion function, ∇Z(x, y) is gradient,
T is constant with respect to diffusion directions, n denotes
number of directions (i.e., 4 or 8 directions at current center
point), and k is diffusion coefficient.

2.6. Corner Detection and Determination of MKPs. Corners
were detected using CSS algorithm. CSS is known as scale,
rotation, and translation-invariant but sensitive to noises.
CSS starts with edge detection with Canny operator. Then,
gaps of the edges are connected (i.e., gap filling), and T-
junctions are identified. Curvature is computed to determine
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(a) (b) (c) (d)

Figure 5: Shaded relief images before and after vertical exaggeration. (a) Before vertical exaggeration of LiDAR data. (b) After exaggeration
of LiDAR data. (c) Shaded relief image before exaggeration. (d) Shaded relief image after exaggeration.
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Figure 6: Shaded relief images generated fromdifferent locations of the light source. (a) Shaded relief image withNW light source. (b) Shaded
relief image with NE light source. (c) Shaded relief image with SW light source. (d) Shaded relief image with SE light source.

corner candidates (i.e., maximum curvature provides provide
corners). Figure 7 shows CSS algorithm. The corner points
are repeatedly traced through the scale space to improve
positional accuracy of the corner points ([36, 37]).

MKPs detected from each SRI were combined by taking
average coordinates of the MKPs. If MKP that is out of range,
the specific point is excluded from the MKPs as shown in
Figure 8. The range value was six times GSD for each dataset
in the experiments.

3. Experimental Results and Discussion

In this section, description of the test datasets, experimental
results, and analysis of the results are presented.

3.1. Test Datasets. We evaluate the proposed method on
five airborne LiDAR datasets including simulated and real
datasets (see Figure 9).The simulated data consists of various
roof types (e.g., gable, hip, half-hip, pyramid, gambrel, saw-
tooth, and dome) with 0.25m GSD. The real data includes

urban area (Dongtan City) in Korea (0.50m GSD), part of
the University of Calgary (0.60m GSD), and Vaihingen data
(0.50m GSD). Vaihingen data is a benchmark dataset pro-
vided by the German Society for Photogrammetry, Remote
Sensing, and Geoinformation (DGPF) [44]. All datasets were
resampled into regular grids using the nearest neighbor
interpolation.

3.2. Building Extraction. Table 1 shows the parameter setting
for experiments of the building extraction. Figure 10 rep-
resents results of the building extraction for each dataset.
The results show that most of the buildings were properly
extracted based on our observation.

3.3. Corner Detection and MKPs. Different corner detectors
(Moravec, Harris, FAST, and CSS) were evaluated using sim-
ulated dataset. The CSS is superior to other corner detectors
based on our experiments and observation as shown in
Figure 11. Most corner points were detected by CSS while
some important points were not detected by other methods.
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Figure 7: Workflow of corner detection with curvature scale space.
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Figure 8: Determination of a model key point by combining multidirectional shaded relief images. This figure illustrates determination of a
model key point (i.e., apex) of the pyramid roof.

In this regard, CSS was applied to determine MKPs in this
study. It is noticed that raw LiDAR data was used to evaluate
corner detectors. In other words, SRIs were not used for
this evaluation test but the raw LiDAR point clouds with 3D
coordinates (i.e., LiDAR depth image) were used.

Table 2 shows the parameters applied to the experiments
for MKP determination. Results of the determined MKPs for
each dataset are represented from Figures 12–18. The results
include MKPs from multidirectional SRIs (see Figures 12, 14,
16, and 18), and a comparison between MKPs determined
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(a) (b)

(c) (d)

(e) (f)

(g) (h)

Figure 9: Experimental test datasets. (a) Simulated buildingmodels. (b) Simulated LiDARdata. (c) Aerial photo ofDongtanCity. (d)Dongtan
City LiDAR data. (e) Aerial photo of University of Calgary. (f) University of Calgary LiDAR data. (g) Color-IR orthoimage of Vaihingen data.
(h) Vaihingen LiDAR data.



Journal of Sensors 11

(a) (b)

(c) (d)

Figure 10: Extracted buildings bymarker-controlledwatershed algorithm. (a) Simulated data. (b)DongtanCity data. (c)University of Calgary
data. (d) Vaihingen data.

Table 1: Parameters and corresponding thresholds for building extraction.

Procedure Parameter Threshold value

Marker-controlled watershed

FBM Morphological filter [pixel] 5 × 5
BGM Binarization [m] Mode + 5

Modified mask Slope (𝜀1) [%] 200
Std. dev (𝜀2) [%] ±20

Extracting Building data
Height [m] Mode + 3
Area [m2] 75 < Area < 3,750
Std. dev [m] ±1

by proposed approach and from raw data; Figures 13, 15, 17,
and 19 show a comparison between results from the proposed
method (see Figure (a)s), and from raw LiDAR data without
any further processing (see Figure (b)s).

Figures 13, 15, 17, and 19(a) show the final MKPs of the
buildings after combining multidirectional SRI with vertical
exaggeration and anisotropic diffusion. On the other hand,
Figures 13, 15, 17, and 19(b) show the MKPs by applying CSS
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(a) (b)

(c) (d)

Figure 11: Performance of the corner detectors. (a) Moravec. (b) Harris. (c) FAST. (d) CSS.

(a) (b)

(c) (d)

Figure 12: MKPs from each SRI of simulated data. (a) NW direction. (b) NE direction. (c) SW direction. (d) SE direction.
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(a) (b)

Figure 13: MKPs of simulated data. (a) Result from the proposed method. (b) Result from raw LiDAR data.

(a) (b)

(c) (d)

Figure 14: MKPs from each SRI of Dongtan City data. (a) NW direction. (b) NE direction. (c) SW direction. (d) SE direction.

corner detector to the raw LiDAR data without any further
processing. As shown in the figures, most of the important
MKPs could be determined by applying the proposedmethod
including apexes of the pyramid roofs. However, applying the
corner detector to the raw data results in detecting corners
of the buildings. Therefore, the proposed method would be

effective and beneficial to construct 3D building models with
high LoD.

3.4. Analysis and Discussion. The results from each proce-
dure involved with proposed approach were analyzed. To
evaluate performance of our approach, we assessed both
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(a) (b)

Figure 15: MKPs of Dongtan City data. (a) Result from the proposed method. (b) Result from raw LiDAR data.

(a) (b)

(c) (d)

Figure 16: MKPs from each SRI of University of Calgary data. (a) NW direction. (b) NE direction. (c) SW direction. (d) SE direction.
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(a) (b)

Figure 17: MKPs of University of Calgary data. (a) Result from the proposed method. (b) Result from raw LiDAR data.

(a) (b)

(c) (d)

Figure 18: MKPs from each SRI of Vaihingen data. (a) NW direction. (b) NE direction. (c) SW direction. (d) SE direction.
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(a) (b)

Figure 19: MKPs of Vaihingen data. (a) Result from the proposed method. (b) Result from raw LiDAR data.

Table 2: Parameters and corresponding values for experiment to determine MKPs.

Procedure Parameter Value

Location of light source Azimuth [∘] 45 (NE), 135 (SE), 225 (SW), 315 (NW)
Elevation [∘] 45

Vertical exaggeration Z-scale factor 3

CSS

Canny threshold Low: 0.1, High: 0.2
Curvature 0.2

𝜎 3
Gap distance [pixel] 2

Anisotropic diffusion
Number of iterations 20

T 0.2
k 3

detection and undetection rates, and false detection rates for
each dataset. The results show that improvement has been
achieved by the proposed method. Overall quality of the
results was also provided (see Tables 3 and 4). The total
number of true MKPs was identified by visual inspection on
the aerial imagery. It is noticed that the “false detected MKP”
in Tables 3 and 4 is not actually MPKs, but points detected
by the corner detector. For the comparison purpose, Tables
3 and 4 show evaluation results using raw LiDAR data and
results from the proposed method, respectively.

Comparing the results fromourmethodwith results from
rawLiDARdata, overall accuracy increases by 12% in terms of
detection rate. However, false alarm rate (i.e., falsely detected
MKPs) increases by 11%. This may be caused from vertical
exaggeration and interpolation of the LiDAR data even
though anisotropic diffusion to reduce noises was applied. In
case of the Vaihingen data, there is no improvement in terms
of detection rate (i.e., number of points detected). However,
the MKPs required for high LoD modeling were detected
by the proposed method. When the raw LiDAR data was
used, the MKPs were not properly detected. Point density
(i.e., GSD) and interpolation of the LiDARpoint cloudsmight

influence the accuracy of the results. In particular, the resolu-
tion (i.e., GSD) of Vaihingen orthoimage is 0.09mwhile GSD
of the LiDAR data is 0.50m. Therefore, the detection rate
of our method might be underestimated due to the extreme
resolution difference between ground truth and LiDAR data.
Majority of the false detection of MKPs are found along
building boundaries due to interpolation of the LiDAR data.
In consequence, refinement of the building boundaries by
regularization with building hypotheses and/or constraints
could solve false detection of the MKPs.

4. Conclusions

In this paper, we proposed a novel method to determine
MKPs of the buildings using SRIs generated from airborne
LiDAR data. The procedure includes building extraction,
vertical exaggeration, anisotropic diffusion, corner detection,
and MKP determination. The MKPs determined from the
proposed approach provide efficient way to feasible results to
reconstruct 3D buildingmodels.The quality of the results was
analyzed and evaluated by comparing true MKPs with MKPs
determined by our approach.The following aspects have been
highlighted:
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Table 3: Evaluation of MKP detection from raw LiDAR data.

Dataset Total number of true MKPs Detected MKP Undetected MKP Falsely detected MKP
No. Rate [%] No. Rate [%] No. Rate [%]

Simulation 150 82 55 68 45 0 0
Dongtan City 203 108 53 95 47 6 3
University of Calgary 132 88 67 44 33 6 5
Vaihingen 218 138 63 80 37 0 0
Overall 703 416 59 287 41 12 2

Table 4: Evaluation of MKP detection from proposed method.

Dataset Total number of true MKPs Detected MKP Undetected MKP Falsely detected MKP
No. Rate [%] No. Rate [%] No. Rate [%]

Simulation 150 118 79 32 21 19 13
Dongtan City 203 140 69 63 31 27 13
University of Calgary 132 98 74 34 26 39 30
Vaihingen 218 140 64 78 36 4 2
Overall 703 496 71 207 29 89 13

(i) Extracting building objects is an important and
essential process for 3D building modeling. We have
been able to achieve precise results by improving the
existing marker-controlled watershed algorithm.

(ii) The corners detected in each SRI that is created
from different location of the light source could
mutually compensate for more complete detection of
the MKPs.

(iii) Detail MKPs such as apexes of the pyramid roofs,
intersections of the gable and hip roofs, and super-
structures of the roofs can be detected.

(iv) We achieved an overall improvement of around 12%.
However, falsely detected MKPs have increased. This
problem is probably caused by noise emphasis due to
height exaggeration. Since we expected this problem,
the anisotropic diffusion was implemented, but the
noises might not be completely removed.

A futurework of this studywill be extended to reconstruct
complete building modeling such as 3D wireframe building
models by connecting the MKPs. This task might require
topological analysis of the MKPs for appropriate connection
of the MKPs that represent individual buildings.
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Light detection and ranging (LiDAR) data collected from airborne laser scanning systems are one of the major sources of spatial
data. Airborne laser scanning systems have the capacity for rapid and direct acquisition of accurate 3D coordinates. Use of LiDAR
data is increasing in various applications, such as topographic mapping, building and city modeling, biomass measurement, and
disaster management. Segmentation is a crucial process in the extraction of meaningful information for applications such as 3D
object modeling and surface reconstruction. Most LiDAR processing schemes are based on digital image processing and computer
vision algorithms. This paper introduces a shape descriptor method for segmenting LiDAR point clouds using a “multilevel cube
code” that is an extension of the 2D chain code to 3D space. The cube operator segments point clouds into roof surface patches,
including superstructures, removes unnecessary objects, detects the boundaries of buildings, and determines model key points for
building modeling. Both real and simulated LiDAR data were used to verify the proposed approach.The experiments demonstrated
the feasibility of the method for segmenting LiDAR data from buildings with a wide range of roof types. The method was found to
segment point cloud data effectively.

1. Introduction

Automatic building modeling using light detection and rang-
ing (LiDAR) data is a challenging and complex task because
the point clouds obtained from airborne laser scanning sys-
tems, which consist of unstructured 3D coordinates, do not
provide the topological and semantic information that allow
building surfaces to be properly segmented. Point density,
complicated roof shapes, occlusion, and unwanted features
further complicate the segmentation necessary for building
modeling [1]. The ultimate goal, utilizing geospatial sensor
data (e.g., aerial and satellite images, laser scanner data, and
radar data), is the automatic reconstruction of real-world
objects, and the core challenge of automatic processing is sur-
face patch segmentation. Although the task is challenging and
remains unresolved, considerable research has been devoted
to its solution. Many of the methods are ad hoc or solve only
partial problems, and research continues. Explicit description
of object surfaces, with meaningful information, is crucial
[2]. Nowadays, segmentation of the point cloud data, from
unmanned aerial vehicles or drones, is increasingly necessary

for object modeling because much of the image processing is
based on point clouds that are generated by multiview stereo
matching.

Segmentation for object modeling is the central issue
in effective processing of LiDAR point clouds. Methods
for segmentation of point clouds are categorized as (1)
region growing, (2) edge-based approach, (3) model fitting,
(4) parameter-domain clustering methods, and (5) hybrid
methods. Hybrid methods include combining data-driven
andmodel-driven approaches or fusing various datasets (e.g.,
LiDARdatawith images ormaps) [3–7].Maas andVosselman
[8] proposed a building modeling method based on moment
invariant parameters. Vosselman and Dijkman [9] developed
a 3D building modeling approach involving segmentation
and grouping of LiDAR data using the Hough transform and
building planes that provide building boundaries. Rotten-
steiner and Briese [10] described procedures for automatic
building detection, segmentation, and modeling, especially
curved roofs. Miliaresis and Kokkas [11] applied a region
growing technique for segmentation, and Sampath and Shan
[12] used a modified convex hull method for modeling
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Figure 1: Types of erroneous segmentations.

various shapes of buildings. Sampath and Shan [4] segmented
and modeled complicated buildings from airborne LiDAR
data based on polyhedral models. They detected nonplanar
points after using eigen-analysis for robust segmentation
of roof surfaces. Huang et al. [13] proposed a top-down
approach to reconstruct roofs based on stochastic modeling
while most modeling methods are bottom-up. In a recent
building reconstruction and modeling study, Chen et al. [14]
presented a building reconstruction process for clustering
roof primitives according to their topological consistency.
The method is based on a probability density clustering
algorithm. Gilani et al. [1] introduced a robust method for
detecting buildings and segmenting various roof types using
principal component analysis and region growing with an
optimal seed selection scheme. Loutfia et al. [15] proposed
using orthoimages with LiDAR data for 3D city modeling
based on the fuzzy c-means clustering algorithm. Yi et
al. [16] presented a building reconstruction method that
decomposed point clouds into an individual building based
on a divide-and-conquer strategy.

Figure 1 depicts the typical problems that occur during
segmentation. The problems may be classified as under-,
over-, and invading/invaded segmentation [1, 17, 18].

Many segmentation methods have been developed; how-
ever, a standard method is not yet available. The key issue
in segmenting LiDAR data with irregularly distributed point
clouds is how to measure similarity. The motivation of the
proposed method is based on the following. (1) A surface
patch to be treated as a single segment has the same
geometric properties, such as slope and orientation, in 3D
space. (2) Man-made structures including buildings can be
decomposed into surface patches having simple geometric
shapes including planar (i.e., horizontal, vertical, or sloped
plane) and smoothly curved surfaces (i.e., hemisphere or half-
cylinder). In other words, complicated roof shapes can be
segmented into geometrically simple surfaces.

One goal of segmentation is to identify and group points
derived from the same surface patches of building roofs.
The proposed method is based on the shape descriptor
concept. The slope is an essential factor in describing the
geometric characteristics of the surfaces. The slope of each
surface provides information about the orientation of the
surfaces and indirectly their shape. Consequently, the ability

to group cloud points whose surfaces have the same slope
is central to segmenting the LiDAR data. An approach
based on 3D chain code is proposed here. Chain code was
originally developed to describe the shapes of objects in
digital images by extracting object boundaries and describing
them using eight orientations and the lengths of the resulting
line segments [19]. To apply the chain code operator to 3D
point cloud data, 2D chain code analysis was extended to 3D
space (called “cube code” here). Segmentation is complicated
by noise, meaningless and unnecessary objects, in the point
cloud. Therefore, such data should be removed as much as
possible. In particular, vegetation close to buildings inhibits
segmentation and may produce incorrect building models.
The proposed method removes such undesirable data and
also separates ground and nonground features.

The cube code operator is able to extract meaningful
information from the data through a series of processes
for removing unnecessary point clouds (e.g., trees and
vegetation), ground/nonground feature separation, building
extraction, surface patch segmentation, and model key point
(MKP) detection. The MKPs are important points, such
as corners, essential for building modeling. A key feature
of the proposed method is the implementation of adaptive
3D chain code within a multicube that has been divided
into subcubes. An adaptive multilevel approach makes it
possible to segment complex roofs with a high level of
detail (LoD). Object recognition should be invariant under
geometric transformations, including scale, rotation, and
shift. Invariance was achieved by applying the operator from
different directions. Then, roof surface patch segmentation
was performed by combining the results from each direction.
Finally, by utilizing information from the chain codes, the
MKPs were extracted from the segmented data.

2. Methods

Two key issues in effective segmentation are defining adja-
cency criteria among points and defining grouping or clus-
tering criteria [20]. The proposed segmentation method is
based on a 3D shape descriptor to recognize objects.Thebasic
idea is to group the same cube codes together as a segmented
region. The cube operator can segment point clouds by clas-
sifying coded surface slopes through an extension of the 2D
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Figure 2: Workflow of the proposed method.

chain code to 3D space.Themethod requires interpolation of
the point clouds to rearrange the irregularly spaced LiDAR
points into regular grid cells to meet the input requirements
of the cube code operator. The interpolation method and
sample size (i.e., GSD: ground sample distance) applied to
the LiDAR data are critical because these affect the LoD with
which features can be identified [21, 22]. The interpolation
process is not the main focus of this study and the nearest-
neighbor interpolation was applied. Figure 2 outlines the
proposed method.

2.1. Cube Code Operator. Chain code is a boundary encoding
method proposed by Freeman [19]. It describes a sequence of
unit line segments, with a limited set of possible discretized
directions, in 2D space. These boundary elements can be
segmented into line segments based on directional changes.
The directions and lengths of line segments along an object
boundary identify its shape.Therefore, chain code, as a shape
descriptor, has been used for object recognition. We have

extended the chain code method to 3D space to segment
point clouds by using a corresponding cube operator. The
size of the cube is 3 × 3 × 3 (i.e., three layers with 3 ×
3 cells for each layer), giving 27 cubic cells or voxels, and
the cube code operator looks like Rubik’s cube, as shown in
Figure 3. There are 26 possible directions from the center
voxel of the cube to an adjacent point. Sánchez-Cruz et al.
[23] used such 3D chain code to represent 3D discrete curves.
In this paper, the 3D version of the chain code is called “cube
code.”

The drawbacks of the original chain code are (1) the
limited number of discrete directions (generally eight direc-
tions), (2) being variant under rotation, and (3) being
sensitive to noise. As a result, the shapes of the objects
may not be accurately described. Clearly, such problematic
characteristics of the chain code can also occur in the cube
code, leading to incorrect segmentation of the point cloud
data.

In our work, to improve segmentation, these problems
were resolved as follows:
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Figure 3: Cube code with 26 directions in 3D space.

(1) Creation of an adaptive multilevel cube.
(2) Processing with different directions, and combining

results, to make these rotations invariant.
(3) Refinement by grouping segmented surfaces to

reduce noise effects.

When applying the chain code approach to an image, the
boundaries of the objects are extracted and chain codes are
created along the boundaries. Cube codes, on the other hand,
are created at each point of the point cloud. The direction
assigned to each chain code corresponds to the surface slope
at that point in the cube code. Surfaces are then segmented
on the basis of the slope information in the cube code. In
addition, it is possible to remove unwanted objects (e.g., trees
and other vegetation) and to extract model key features (e.g.,
boundaries of the segmented surfaces and corner points)
of the buildings by analyzing the cube code. Each step is
described in detail below.

2.2. Multilevel Cube Code. Because cube code, in the same
way as chain code, has a limited number of discrete direc-
tions, details of the objects may not be precisely represented
and could result in undersegmentation. To solve this prob-
lem, a multilevel cube, consisting of 3 × 3 × 3 subcubes, was
introduced to the process. Within each subcube the same 3× 3 × 3 voxel division applies, again with 26 possible direc-
tions. The multilevel cube enables adaptive determination
of surface slope, recognition of the surface shape, and thus
appropriate segmentation. As shown in Figure 4(a), a cube
without subcubes could not distinguish a sloped surface from
a flat surface if the slope is low because of the limited number
of discrete directions. Therefore, a cube having a uniform size
could not work properly to segment point clouds generated
by roofs with diverse shapes.

The subcubes in a multilevel cube are adaptively gen-
erated according to the slope between points. If the slopes
between adjacent points are smaller than a threshold value
(𝜀), subcubes are generated in the voxels of the original cube.
The multilevel cube allows generation of building models

with higher LoD. Because the subcubes are noise sensitive,
and the slopes of the surfaces could become exaggerated,
results from both the original and subcube analyses are
combined for more accurate segmentation. The multicube
process is illustrated in Figure 4. The flowchart in Figure 5
shows the criteria that determine whether subcubes are
created.

2.3. Multidirectional Processing. Another important feature
of the proposed method is multidirectional processing. As
shown in Figure 6 for a gable roof example, the slope of a
roof surface in 3D space can be decomposed into X- and
Y-directions. Alternatively, the surface can be represented
by slope and aspect (i.e., the orientation of the slope). It
is obvious that surfaces with different slopes could not be
distinguished by one directional processing. Therefore, the
cube code operator was applied to different directions (i.e.,
S, E, SE, and NE) and slope components for each direction
were determined as shown in Figure 7. Because surfaces can
be arbitrarily oriented in the object coordinate system (e.g.,
building “C” in Figure 6), and as the roof shapes of some
buildings are complex, applying the cube operator in several
different directions can provide more robust and detailed
slope information.

The cube code is not intrinsically rotation invariant.
Therefore, if the cube operator is applied in only one direc-
tion, some adjacent surfaces of similar orientation might
not be distinguished from each other, leading to under-
segmentation. To reduce this risk, the cube code is applied in
different directions (i.e., S, E, SE, andNE) and the results from
each direction are combined. In this work, the coordinate
system of the object space was based on the map coordinate
system with Easting (E), Northing (N), and elevation instead
of a local Cartesian system (i.e., X, Y, and Z coordinates). In
this paper, X, Y, andZdenote E, N, and elevation, respectively.

2.4. Removal of Unnecessary Objects and Building Boundary
Extraction. Noise in the point cloud should be removed, or
reduced asmuch as possible. Trees, other vegetation, cars, and
small objects that are not part of buildings should be excluded
from the building analysis data. Such unnecessary objects can
be identified and removed by analyzing cube codes. As shown
in Figure 3, the vertical direction components of the cube
code (i.e., 9 and 18) indicate possible boundaries of buildings
and boundaries of rooftop superstructures having vertical
sidewalls (e.g., an attic or chimney). However, noise or other
objects might suggest vertical components in the cube code.
The major purpose of this step is to identify vertical com-
ponents arising from trees or vegetation areas and remove
such unnecessary objects. The vertical components derived
from trees and other vegetation areas, and their associated
cube codes, tend to be more randomly distributed than those
from building surfaces. Variations (as estimated by their
standard deviation) in the cube codes arising from such areas
would be relatively large. In addition, the vertical components
would lack meaningful connectivity with each other and,
even if polygon forming, tend to enclose smaller areas.
The method is thus able to separate vertical components of



Journal of Sensors 5

X

Z

Y

Multi-level cube

Point cloud

Point cloud

Processing

direction

Processing

direction

(b) Cube with sub-cube

(a) Cube without sub-cube
A point in center voxel

A point in center voxel

Chain code:
1, 1, 1, …, 1

Chain code:
10, 10, 10, …, 10

Recognized as flat surface

Recognized as sloped surface

Figure 4: Demonstration of a multilevel cube.

LiDAR data

Compute slopes between points
for 4-direction (S, E, NE & SE)

Determine threshold of slope (ε)

Apply original cube

Slope < ε?

Slope < ε?

Generate sub-cube

Vertical components
(i.e., 9 or 18)?

End

No Yes

Yes

No

No

Yes

Figure 5: Flowchart of multilevel cube process.



6 Journal of Sensors

A B

C

X

Z
Y

+Sx -Sx

+Sy

-Sy
+Sxy

-Sxy

Sx ≠ 0, Sy = 0 Sx=0, Sy ≠ 0 Sx≠0, Sy ≠ 0

Figure 6: 3D slope vectors of surfaces for different surface orientations. SX, SY, and SXY denote the slopes in the X, Y, and XY combined
directions, respectively. + and – indicate ascending and descending slopes, respectively.

N (Y) NE-direction

E-direction (X)

S-direction

SE-direction

Figure 7: Processing directions of the cube code operator.

the vegetation areas from those of the buildings based on
these characteristics (regularity, closeness, connectivity, and
polygon size) of the cube codes.

Figure 8 shows the procedure for removing vegetation
areas and extracting building boundaries. Figure 9 shows an
example. The vertical components of the vegetation area are
irregularly distributed as shown inFigure 9(b). After applying
dilation, erosion, and thinning processes, the vegetation
areas become irregular linear features, not closed features
like the buildings (Figure 9(c)), and can be filtered out
(Figure 9(d)).

2.5. Segmentation Scheme. Segmentation is a process to par-
tition data into meaningful and homogeneous regions. The
adjacent regions of a segmentation should have significant
differences and spatially accurate boundaries [24, 25]. No
matter how complex a building roof is, it consists of several
simple-shaped unit surfaces having common geometric char-
acteristics. The shape of a surface can be determined from its
slopes.Therefore, surface slopes can distinguish surface units
from each other and allow shape identification, as shown in
Figure 10 and discussed further in Section 2.7.

The cube operator converts the slopes between adjacent
points into codes and performs segmentation efficiently by

LiDAR data

Vertical components 
of cube code

Noise removal

Dilation and erosion

Analysis of cube code:
regularity, closeness,

Connectivity, polygon size

Building boundary
extraction

Thinning

Homogeneous 
surface patch

Tree and vegetation
removal

Figure 8:The procedure for removing vegetation areas and extract-
ing building boundaries.

grouping the same codes. As described above, subcubes are
adaptively generated based on the slopes between points
allowing detailed segmentation (i.e., high LoD). In addition,
cube codes generated from four directions are integrated as
shown in Figure 11.

2.6. Determination of Model Key Points. The cube operator
detects the corner points of the segmented surfaces, which
can be used to model roofs. Codes are generated along
the boundaries of the segmented regions and these are
projected to the horizontal plane (i.e., X–Y plane). Then,
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Figure 10: Typical shapes of roof and slope vectors. (a) Surface shape. (b) Slope vectors.

the middle layer of the cube (i.e., a conventional 2D chain
code with eight directions) is used to detect the corner
points. Locations with an abrupt change in direction are
considered as the corner points. However, most of the
segmentation boundaries, between corner points, are not
straight lines but rather consist of irregular line segments
because of noise in the point cloud and imperfections
in the segmentation. Information about the direction and
length of the boundary chain codes is used to prevent
inappropriate points from being detected as corners. Each
boundary between corner points should be represented by
several identical codes. Hence, a regularization process that
generates a common code along true boundary segments
is required. If the code changes over a short distance, then

the points may not be true corners. Figure 12 illustrates
the regularization process to detect corner points using
chain code, and Figure 13 shows an example of segmen-
tation and corner point detection using simulated LiDAR
data.

However, the corner points of the segmented surfaces
might not be the appropriate MKPs of the buildings because
the LiDAR points on the roofs may be inside the real building
boundaries, as shown in Figure 14. The actual building
boundary is located somewhere between the segmented sur-
face boundary and the nearest ground points. A reasonable
estimation of the building boundaries is midway between the
points on the segmented surface boundary and the nearest
ground points.
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The original LiDAR points may be used instead of the
interpolated points to determine the MKPs more accurately,
as follows:

(1) Set search areas around corner points of segmented
regions.

(2) Compute midpoints between each corner point and
the nearest point on the ground.

(3) Determine the midpoints as MKPs.

Figure 14 shows corner points from a segmented surface and
the estimated MKPs of the building. MKPs, in the remainder

of this paper, refer to these interpolated midpoints on the
outermost building boundaries.

2.7. Curved Surface Modeling. We propose an idea for mod-
eling the curved surfaces as illustrated in Figure 15.When the
cube code is applied to curved surfaces such as a dome (i.e.,
hemisphere) or arch (i.e., half-cylinder) roof, the surfaces
are segmented into several patches because the slope of the
curved surfaces varies frompoint to point.On the other hand,
planar surfaces have a constant slope, as shown in Figure 16.
The hemispherical and half-cylindrical surfaces can be
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distinguished from each other by analyzing the characteris-
tics of the slope vector patterns.The slope vectors of the dome
are uniformly distributed in all directions, while those of the
half-cylinder are distributed in two dominant directions (i.e.,
the numbers in parentheses in Figure 15 indicate the number
of slope vectors in each direction).These distribution patterns
are rotation invariant.

Curved surfaces can be modeled by fitting the points on
the surfaces with appropriate mathematical functions after
determination of the characteristics of the slope vectors (i.e.,

the dome and half-cylindrical surfaces can be represented by
sphere and cylinder equations, respectively). The parameters
of the equations can be determined by least-square fitting
of the points on the surfaces within the corresponding
equations. The sphere and cylinder equations are nonlinear.
Solving for the unknown parameters usually requires lin-
earization of the equations, with initial approximations of the
parameters followed by iteration toward a required level of
the accuracy. A direct method that does not require lineariza-
tion, initial approximations, and iteration is suggested here
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Figure 16: Slopes of planar and curved surfaces. (a) Planar surface with constant slope. (b) Curved surface with varying slope.

for mathematical representation of the curved surfaces. The
standard equation of the sphere is

(𝑋 − 𝑋𝑜)2 + (𝑌 − 𝑌𝑜)2 + (𝑍 − 𝑍𝑜)2 = 𝑟2 (1)

where (X, Y, Z) are coordinates of the point clouds, (𝑋o, 𝑌o,𝑍o) are center coordinates, and r denotes the radius of the
sphere. By introducing new parameters (i.e., p1 = –2𝑋o, p2 =
–2𝑌o, p3 = –2𝑍o, and p4 = 𝑋2o + 𝑌2o + 𝑍2o – r2), the standard
equation is rewritten as

𝑋2 + 𝑌2 + 𝑍2 + 𝑝1𝑋 + 𝑝2𝑌 + 𝑝3𝑍 + 𝑝4 = 0 (2)

The observation equation to solve for the unknown param-
eters (i.e., p1, p2, p3, and p4) by the least-square method is
expressed as

[[[[[[[
[

−(𝑋12 + 𝑌12 + 𝑍12)
− (𝑋22 + 𝑌22 + 𝑍22)...
− (𝑋𝑛2 + 𝑌𝑛2 + 𝑍𝑛2)

]]]]]]]
]

=
[[[[[[
[

𝑋1 𝑌1 𝑍1 1𝑋2 𝑌2 𝑍2 1... ... ... ...
𝑋𝑛 𝑌𝑛 𝑍𝑛 1

]]]]]]
]
⋅ [[[[[
[

𝑝1𝑝2𝑝3𝑝4

]]]]]
]
+
[[[[[[
[

𝑒1𝑒2...
𝑒𝑛

]]]]]]
]

(3)

𝑌 = 𝐴 ⋅ 𝜉 + 𝑒 (4)

𝜉 = (𝐴𝑇𝐴)−1 ⋅ (𝐴𝑇𝑌) (5)

where 𝑌 represents the observation vector, 𝐴 is a design
matrix, 𝜉 is an estimation of the unknown parameter vector,
and 𝑒 is the error vector. Finally, the center and radius of the
sphere can be computed as follows:

𝑋𝑜 = −𝑝12 ,
𝑌𝑜 = −𝑝22 ,
𝑍𝑜 = −𝑝32

(6)

𝑟 = √(𝑝12 )
2 + (𝑝22 )

2 + (𝑝32 )
2 − 𝑝4 (7)

For an arbitrarily oriented cylindrical surface, the key param-
eters are basically two orientation angles (i.e., horizontal and
vertical angles) of the axis, the center, and the radius of the
cylinder. The orientation angles can be determined by linear
regression in 3D space.The center coordinates and radius can
be estimated directly in a similar way to the sphere surface.

3. Experimental Results and Analysis

3.1. Description of Datasets. Simulated and actual LiDAR
datasets were tested to validate the proposed method. It is
not easy to obtain LiDAR data that include buildings of all
the various roof types to be tested. Therefore, as shown in
Figure 17, buildingswith various roof types, such as gable, hip,
hip and valley, pyramid, gambrel, dormer, sawtooth, dome,
and arch, were simulated.Thebenefit of using simulation data
is that the ground truths are known. However, the simulation
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Figure 17: Buildings generated from simulated LiDAR data.

(a) (b)

Figure 18: Vertical components of cube code. (a) Dongtan data. (b) Calgary data.

data do not perfectly reflect the real-world environment.
For example, the simulation data do not include trees and
vegetation, and the noise characteristics of the simulation
data might differ from that of real data.

The average distance between points in the simulation
data was 0.25m, with ±0.10m random noise. Real datasets
of built-up areas were collected over Dongtan in South
Korea and the University of Calgary in Canada, with average
point distances of 0.50m and 0.60m, respectively. Irregularly
distributed LiDAR points were resampled to the regular grid
by nearest-neighbor interpolation. The grid cell sizes (i.e.,
GSD) were equivalent to the average point distances.

3.2. Removal of Trees and Other Vegetation. Figure 18 shows
the vertical components of the cube code of the real datasets
and Figure 19 shows the building boundaries after remov-
ing trees and other vegetation. There was no vegetation
in the simulation data. Vertical codes exist not only at
the building boundaries but also in the vegetation areas.

However, the cube codes in the latter areas are irregular and
could not form closed polygons. Therefore, most of them
were removed by the thinning process. However, removing
trees and vegetation close to buildings can create boundary
shapes somewhat different from the actual shapes. Unwanted
objects that remained after this process were removed during
segmentation if their size was below a given threshold.

3.3. Results of Segmentation. Figures 20, 21, and 22 present
the segmentation and segmented surface boundaries with
corner points of the test datasets. With the simulation data
(see Figure 20), all the surface patches of the roofs were
properly segmented using the multilevel cube. When a fixed
uniform cube was used, the surfaces with low slope could not
be segmented correctly and could not be distinguished from
planar surfaces. However, the curved surfaces (i.e., dome
and arch roof) were segmented into several patches because
their slope changes from point to point. In this case, the
surface type could be recognized by analyzing slope vectors
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(a) (b)

Figure 19: Building boundaries after removing trees and vegetation. (a) Dongtan data. (b) Calgary data.

(a) (b)

(c) (d)

Figure 20: Results of simulation data. (a) Building model. (b) LiDAR point clouds. (c) Segmentation. (d) Boundaries of segmented roof and
corners.

as described in Section 2.7. In the real datasets (see Figures 21
and 22), most of the roofs have flat surfaces and segmentation
was effective, including on gable and arch roofs. The arch
roof was segmented into several planar surfaces as with the
simulation data.

Most of the corner points of the segmented surfaces were
correctly identified. The MKPs of the building boundaries
were estimated using these corner points as described in
Section 2.6. The MKPs of the building boundaries, deter-
mined by the described method, are displayed in the right

column of Figure 23. The left column of Figure 23 shows the
corner points of the segmented surface patches. The posi-
tional differences between the corner points and the MKPs
were computed in terms of root mean-square difference
(RMSD).

The RMSDs between the corner points of the seg-
mented surfaces and the MKPs are listed in Table 1. RMSDX,
RMSDY, and RMSDXY are the RMSD values of the X-
and Y-coordinates and horizontal distance, respectively
(i.e., RMSDXY = √RMSD𝑋2 + RMSD𝑌2). The RMSDs of
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Figure 21: Results of the Dongtan data. (a) Building model. (b) LiDAR point clouds. (c) Segmentation. (d) Boundaries of segmented roof
and corners.

Table 1: RMSDs between corner points of segmented surfaces and MKPs.

Data GSD[m] RMSDX[m] RMSDY[m] RMSDXY[m]
Simulation 0.25 0.09 0.11 0.14
Dongtan 0.50 0.11 0.18 0.21
Calgary 0.60 0.18 0.19 0.26

the estimated MKPs, compared with the corner points, were
nearly all less than half the respective GSDs.

3.4. Results of Curved SurfaceModeling. Figures 24, 25, and 26
show the dome and arch roofs of the simulation and real data.
The analytical results are presented in Tables 2 and 3. As for
the simulation dataset, simulation data 1 is perfect sphere and
cylinder with ±0.10m random noise, while simulation data 2
is ellipsoidal shape with different point patterns. In Table 2,
(𝑋o, 𝑌o, 𝑍o) are the center coordinates and 𝑟 is the radius
of the sphere. In Table 3, (𝑌o, 𝑍o) are the center coordinates
and r is the radius of the cylinder. It is noted that the center
coordinates (𝑌o, 𝑍o) are the points where the axes intersect
the Y–Z plane. 𝛼 and 𝛽 are the horizontal and vertical angles
of the cylinder axis. 𝜎 values denote a measure of variance.
The mean-square error (MSE) and root mean-square error
(RMSE)measure the quality of the estimated parameters (i.e.,
estimators) and the accuracy of the modeling, respectively.

Alternatively, the curved surfaces might be approximated
by polynomial functions. Both spherical and cylindrical

surfaces can be modeled by second-order polynomial sur-
faces through least-square fitting as shown in Figure 27.

𝑍 = 𝑎5𝑋2 + 𝑎4𝑌2 + 𝑎3𝑋𝑌 + 𝑎2𝑋 + 𝑎1𝑌 + 𝑎0 = 0 (8)

where (𝑋, 𝑌, 𝑍) are the coordinates of the point clouds
and as are coefficients of the fitting function. Even though
the second-order polynomial could not accurately represent
the shapes of the surfaces, which are modeled as parabolic
surfaces, it might be convenient to use this approach in a
situation where high accuracy is not required.

4. Discussion and Conclusions

Segmentation of the LiDAR data, in the form of point
clouds, is an essential procedure for most building modeling
methods. However, segmentation is a challenging task and a
standardmethod is not yet agreed.Manymethods suffer from
under- or oversegmentation problems.The proposedmethod
segments roofs of various shapes using cube code that is a
3D extended version of 2D chain code. The key elements for
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(a) (b)

(c) (d)

Figure 22: Results of the Calgary data. (a) Building model. (b) LiDAR point clouds. (c) Segmentation. (d) Boundaries of segmented roof and
corners.

Table 2: Parameter estimation and accuracy of spherical surfaces.

Data Parameter 𝑋o[m] 𝑌o[m] 𝑍o[m] 𝑟[m] �̂�[m] RMSEZ[m]

Simulation 1 Estimation 70.00 65.01 15.00 5.01 0.24 0.06
MSE of parameter 0.002 0.002 0.003 0.002

Simulation 2 Estimation 140.01 130.02 5.90 14.31 4.62 0.20
MSE of parameter 0.015 0.015 0.054 0.047

Real Estimation 192411.98 448047.89 79.21 34.06 7.85 0.16
MSE of parameter 0.001 0.001 0.004 0.003

shape recognition are the slopes of the surfaces and most
shape descriptors utilize slope information. The approach
described here segments roof surfaces by encoding surface
slopes in 3D space. The described cube operator not only
segments roof surfaces but also removes trees and other veg-
etation, detects building boundaries, and determines MKPs.
The accuracy of the MKPs is enhanced by interpolation with
adjacent ground points.

The drawbacks of the proposed method are as follows:

(1) Interpolation of the point clouds is necessary before
analysis because of the inherent characteristics of the

cube operator. Interpolation reduces the positional
accuracy of the segmentation boundaries and MKPs.
Depending on the interpolation method and grid
size, the correct breaklines along the boundaries of
buildings and roof surfaces might not be wholly
preserved.

(2) Smoothly curved surfaces are segmented into sev-
eral planar patches (i.e., oversegmentation occurs
for such surfaces). However, curved surfaces can
be distinguished from planar surfaces by analyzing
slope vectors and then modeled with appropriate
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Figure 23: Corner points of segmented surfaces and MKPs of building boundaries.
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Figure 24: Spherical surface. (a) Simulation data 1. (b) Real data.

mathematical functions. The characteristics of the
slope vectorswere used to identify the type of a curved
surface, such as sphere or cylinder.

Based on the described method, the following conclusions
were drawn as follows:

(1) It is possible to segment point clouds by classify-
ing coded surface slope information using a cube
operator that is an extension of 2D chain code to
3D.

(2) A multilevel cube can be adaptively created for
identification of more precise slope angles between
points. This can overcome the undersegmenta-
tion problem; i.e., high LoD segmentation becomes
possible.

(3) Multidirectional processing of the cube operator can
solve the rotation variant problem.

(4) The cube operator can be used to separate ground/
nonground features, detect building boundaries and
corner points, and remove unwanted features.

(5) Like 2D chain code, the cube operator provides
topological information (i.e., connectivity) between
points. Therefore, the boundaries of the buildings
can be reconstructed using the corner points of the
segmented surfaces.

(6) MKPs that are close to the real building boundaries
can be determined using both the corner points of the
segmented surfaces and ground points.
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Table 3: Parameter estimation and accuracy of cylindrical surfaces. (a) Orientation angles of axis. (b) Centers and radius of cylinder.

(a)

Data Parameter 𝛼[∘] 𝛽[∘] �̂�𝛼0[∘] �̂�𝛽0[∘]
Simulation 1 Estimation 65.23 15.02 1.61 0.15

MSE of parameter 0.035 0.040

Simulation 2 Estimation -29.36 5.00 1.95 0.10
MSE of parameter 0.010 0.002

Real Estimation 33.60 –0.02 2.94 0.13
MSE of parameter 0.557 0.04

(b)

Data Parameter 𝑌o[m] 𝑍o[m] 𝑟[m] �̂�0[m] RMSEZ[m]

Simulation 1 Estimation 14.67 4.97 5.00 0.24 0.13
MSE of parameter 0.001 0.002 0.002

Simulation 2 Estimation 28.10 -3.42 13.59 6.62 0.32
MSE of parameter 0.014 0.056 0.049

Real Estimation 448047.89 46.91 8.23 3.49 0.23
MSE of parameter 0.031 0.241 0.228
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Figure 25: Cylindrical surface. (a) Simulation data 1. (b) Real data.
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Figure 26: Simulation curved surface. (a) Spherical surface 2. (b) Cylindrical surface 2.
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A frozen or wet road surface is a cause of skidding and accidents, so road surface condition is important information for driving
safety. Some instruments and methods have been developed to investigate road surface conditions based on optical imagery,
although an active sensor is needed, regardless of the time of day. Recently, the laser scanner, which acquires backscattering intensity
data related to reflectivity, has become popular in various fields. There is a need to investigate road surface conditions (frozen, wet,
or dry) using laser backscattering intensity.This study tries to analyze signal characteristicsof laser backscattering intensity to detect
frozen and wet surfaces on roads. An ice target with a 7 cm thickness was placed on a road surface, and a wet surface was made
due to the melting ice. The ice target, wet surface, dry surface, and roadside vegetation were scanned using a laser scanner. As a
result, backscattering signals from the top surface of the ice target were missing due to its smoothness. Dry and wet asphalt surfaces
showed distinguishable intensity ranges in their signals. The thick sidewall of the ice target and vegetation at the roadside showed
overlapping intensity ranges. An ice sheet is only a few millimeters thick on a real road surface, and the roadside vegetation might
be easily distinguished by using texture or auxiliary data.Therefore, laser backscattering intensity can be used to detect frozen, wet,
and dry road surfaces, regardless of the time of day. The laser scanner can be installed to acquire information about road surface
conditions from observation stations and vehicles in an application for transportation.

1. Introduction

Road surface condition is important information for driving
safety. The road surface condition due to weather has been
reported as the primary reason for traffic accidents [1–3].
Frozen and wet conditions cause skidding and subsequent
accidents due to the unexpected loss of traction. In particular,
the rate of traffic accidents is very high at night under frozen
conditions [4]. In the dark, a frozen area of a wet road surface
(called black ice) is generally invisible to drivers. Black ice is a
thin coating of glaze ice on a surface, especially on roads [5].
The ice itself is not black but is visually transparent, so only
the black road below can be seen through it.

Several methods have been developed to investigate
various conditions on road surfaces. Equipment was devel-
oped to measure the condition of the road surface using a

near-infrared (NIR) light source and a detector mounted on
the front of a vehicle [6]. Many studies that tried to classify
road surface conditions (such as dry, wet, and icy) using
visible or NIR imagery showed high classification accuracies
[7–14]. Recently, a system was commercialized for analysis of
the conditions on road and runway surfaces. It consists of a
camera using light-emitting diode (LED) lighting and various
weather sensors [15]. In addition, active sensor technologies
have been developed to classify road surface conditions using
backscattering signals from radar and sonar [16]. Most of
these studies focused on analyzing various road conditions
using imagery from optical sensors. However, the passive
optical sensor has limited use in the dark, even though it
can use artificial light. Therefore, it is necessary to develop
a detection method for black ice and wet road conditions,
regardless of the time of day, because the probability of
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an accident from frozen and wet surfaces is higher at
night.

Radar and light detection and ranging (LiDAR) are
representative active sensors. They can be used regardless of
the time of day, because they have both an energy source and
a detector in a sensor system. Active sensors have limited
use due to their high price, despite the enhancement of
manufacturing and application technology [17]. Recently, the
laser scanner has become popular owing to miniaturiza-
tion, channel increases, price reductions, and high process-
ing speeds. The application areas for laser scanners, such
as industrial manufacturing, healthcare, civil engineering,
entertainment, media, aerospace, and defense [18, 19], are
expanding broadly and growing rapidly. In the surveying
industry, application fields are expanding from aerial or
ground surveys to autonomous surveys based on unmanned
aerial vehicles (UAVs) and motor vehicles [20]. In particular,
the laser scanner is expected to grow rapidly as an essential
sensor for autonomous vehicles [21].

LiDAR is expected to be useful for road surface condition
analysis because it can measure both backscattering intensity
and the range between the sensor and the target. The intensity
is regarded as auxiliary data in the surveying field. LiDAR
sensors are mainly used for 3D surveying and object detec-
tion. Initially, LiDAR was developed to focus on improving
point density by increasing the laser pulse frequency [22,
23]. There has been relatively little interest in the use of
backscattering intensity data, although more information can
be acquired about reflectivity of the target. Some studies
have reported a strong correlation between backscattering
intensity of a laser pulse and the spectral reflectance at the
wavelength of the laser used [24, 25]. Recently, with increas-
ing interest in the use of backscattering intensity, multispec-
tral LiDAR has been developed to simultaneously acquire
both three-dimensional coordinates and types of land-cover
information [26]. The detailed theories about LiDAR and
backscattering intensity are covered in Background.

The aim of this study is investigation into the signal
characteristics of laser backscattering intensity in order to
detect frozen and wet surfaces on roads. For an experiment,
an ice target, a wet surface, a dry surface, and roadside
vegetation were scanned using a laser scanner. Then, signal
characteristics were investigated to detect frozen and wet
surfaces on the road. Finally, we explore the possibilities for
detection or classification of road surface conditions.

2. Background

2.1. LiDAR. LiDAR is a system consisting of a laser scanner
and a global positioning system/inertial navigation system
(GPS/INS) [22, 27]. The laser scanner transmits laser pulses
and receives backscattered laser pulses from the target. It
is a simple principle to calculate the range between sensor
and target using the difference between transmitted time and
received time and the speed of light, as expressed in (1) and
seen in Figure 1:

R = 1
2
× 𝑐 × 𝑡

𝐿
(1)

Transmitter

Receiver

R

）２

）４

Ｎ，

Figure 1: Time-of-flight ranging. IT and IR are the transmitted and
received intensity, respectively. Adapted fromWehr and Lohr [27].

where R is the range between the sensor and the target
surface, tL is the round-trip time of the laser pulse, and c is
the speed of light.

The laser scanner scans a three-dimensional area by
changing the scanning direction rapidly and repeating the
transmission and reception of laser pulses. The scanner
simultaneously measures direction, round-trip time, and
backscattering intensity of the laser pulses. The range res-
olution (ΔR) is determined according to the transmit-and-
receive repetition period (ΔtL) of the laser pulse, as shown in
the following equation:

�R = 1
2
× 𝑐 × �𝑡

𝐿
(2)

When the scanner is moved by the platform, the position and
attitude of the scanner are measured simultaneously using
the GPS and INS. The direction and round-trip time are
used to determine three-dimensional coordinates (X, Y, Z) of
target surfaces, combined with the position and attitude of
the sensor from the GPS/INS.

2.2. Backscattering Intensity. Laser pulses are generated with
a narrow wavelength width in the green, red, and near-
infrared regions. The wavelength of laser pulses affects the
maximumrange and the signal-to-noise ratio (SNR) [27].The
maximum range of the pulses is dependent on the wavelength
of the laser used and the spectral reflectance of the target.
The SNR depends on the wavelength owing to intensive
background illumination, such as sunlight. SNR affects the
accuracy of the range measurement. The laser scanner mea-
sures the intensity of the received laser pulse in addition to the
round-trip time to estimate the effective maximum range of
the laser pulse. The intensity is recorded as a relative digital
number (DN) within the allowed radiometric resolution of
the system [28]. Figure 2 shows the range correction factor of
a laser scanner manufactured by Reigle as an example. Point
A in Figure 2 represents a target with 20% reflectivity which
has a maximum range of only 50% of the one given in the
laser specifications.



Journal of Sensors 3

0 20 40 60 80 100
0

0.2

0.4

0.6

0.8

1.0

1.2

1.6

1.4

RA
N

G
E 

CO
RR

EC
TI

O
N

 F
AC

TO
R

REFLECTIVITY  OF THE TARGET [%]

A

Figure 2: Range correction factor of a laser pulse based on reflec-
tivity of the target. Adapted fromWehr and Lohr [27].

The intensity of the laser pulse at the receiver can be
expressed with the following equation [29, 30]:

𝐼
𝑅
= 𝐼
𝑇
×
cos 𝜃
𝑅2
× 𝜌 × 𝜂

𝑎𝑡𝑚
× 𝐶 (3)

where 𝐼𝑅 is the received intensity, 𝐼
𝑇
is the transmitted

intensity, 𝑅 is the range from scanner to target, 𝜃 is the
effective incidence angle (the angle between the direction of
the laser pulse and the surface normal at the target), 𝜌 is the
reflectance of the target, 𝜂𝑎𝑡𝑚 is an atmospheric attenuation
constant, and 𝐶 is a sensor system constant factor. In (3),
the reflectance of the target might be the only effective factor
of the intensity when the measuring environments (such as
geometric condition, weather, and instruments) are the same.
It is necessary to know the spectral reflectance of the target to
understand the characteristics of the backscattering intensity.

Various materials on the Earth’s surface have their own
spectral reflectance from chemical compositions and physical
structures, which is called the spectral signature [31]. Figure 3
shows spectral reflectance curves (spectral signatures) of
representative surface types for roads and roadsides, which
were collected from the spectral library of Johns Hopkins
University (JHU) and the United States Geological Survey
(USGS) [32, 33]. Ice has high reflectance (over 80%), from 0.4
to 1.4 𝜇m. Asphalt has continuously increasing reflectance,
from 5% to 12% of the whole wavelength range. Water has
about a 5% reflectance in blue and green regions (0.4 – 0.5
𝜇m), and then reflectance decreases to about 0%. Vegetation
shows a small peak in the green (0.55 𝜇m) region and a
rapid increase at the red edge (near 0.7 𝜇m) and then high
reflectance in the NIR region (0.8 – 1.4 𝜇m).

Spectral reflectance is also determined based on surface
roughness compared to wavelength [31]. A smooth surface
shows specular reflection, and a rough surface shows diffused
reflection (Figure 4). In specular reflection, incident energy
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Figure 3: Spectral reflectance curves of asphalt, ice (frost), water,
and grass (vegetation) collected from spectral libraries of JHU and
USGS.

Specular reflection

(a)
Diffused reflection

(b)

Figure 4: (a) Specular reflection on a smooth surface and (b) dif-
fused reflection on a rough surface.

is reflected toward the incident direction with the same
intensity. In diffused reflection, incident energy is reflected in
dispersed directions, and the intensity of the energy returning
to the sensor is weakened. Therefore, surface roughness
affects the strength of the energy returning to the sensor.

One study reported the directional distribution of
reflected energy by various conditions of asphalt surface (dry,
water-covered, ice-covered, and snow-covered) using halo-
gen illumination [34]. The strongest reflection backward, in
the sensor direction, was when an asphalt surface is dry. The
most of incident energywas reflected in the incident direction
when the surface condition was covered with water or ice.
Snow showed diffused reflectance, and energy was reflected
by a rough surface in all directions with a similar intensity.

By this theory, laser backscattering intensity can be used
to analyze road surface conditions. However, there have
been limited such experiments. Therefore, it is necessary
to investigate the possibility of detecting and classifying
road surface conditions by analyzing the characteristics of
backscattering intensity from a laser.
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Figure 5: (a) Adjoining ice cubes as a target and asphalt road surface wet from melting ice. (b) The structure and size of the ice target.

(a) (b)

Figure 6: Laser scanning of the road surface and ice target at (a) 30 m and (b) 5 m distances.

Table 1: Specifications of the ScanStation C10 laser scanner.

Wavelength 532 nm (green)
Laser class 3R (IEC 60825-1)
Range 300 m @ 90%; 134 m @ 18% albedo
Spot (footprint) size 4.5 mm within a 50 m distance
Point spacing 1 mm minimum
Scan rate Up to 50,000 pts/sec
Field of view Horizontal: 360∘, Vertical: 270∘

3. Materials and Methods

3.1. Laser Scanner. To measure laser backscattering intensity,
this study used a ScanStation C10 laser scanner manufactured
by Leica Geosystems, Switzerland. Table 1 shows the specifi-
cations of the laser scanner used. It has a 3R class green laser
(532 nm) with a range of up to 300 m. The scan rate is up to
50,000 points per second, the spot size is 4.5 mm at 0 – 50 m,
and the point spacing is at least 1 mm.

3.2. Ice Target. An ice target was prepared by placing four
ice cubes side by side on an asphalt road (Figure 5(a)). Each

ice cube had a width of 25 cm, a depth of 25 cm, and
thickness of 7 cm (Figure 5(b)). The total size of the target
was 50 cm × 50 cm × 7 cm. The four ice cubes touched,
but there was actually a gap between them. There was an
opaque part at the upper left of the ice target, as shown in
Figure 5(a). Black ice on a road surface has a thickness of only
several millimeters. However, considering the temperature
and production conditions, the ice cubes were made 7 cm
thick. After the ice cubes were placed, a wet asphalt surface
formed from melting ice.

3.3. Laser Backscattering Intensity Measurements. Horizontal
distances between the laser scanner and the ice target were
30 m and 5 m, as seen in Figure 6. Scanning angle was set
to a range of 45∘ horizontally, centered on the target, and
–45∘ to +45∘ vertically. The experiment site was an asphalt
road at Inha University, Incheon, Republic of Korea. Laser
scanning data were acquired between 15:09 and 16:05 hours,
local time, on 2 November 2018. The solar elevation angle
decreased from 25∘ to 16∘ during measurement, and the site
was shadowed by surrounding trees. Temperature was about
15∘C, and humidity was 63%. Figure 7 shows the geometric
configuration for laser scanning. The height of the sensor was
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Figure 7: Geometric configuration for laser scanning at (a) 30 m and (b) 5 m distances.
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Figure 8: Nadir view of backscattering intensity at (a) 30 m and (b) 5 m sensor-target distances.

about 1.5m.Around the ice target, the vertical incidence angle
of the laser pulse was about 3∘ and 17∘ for the 30 m and 5 m
distances, respectively.

4. Results

4.1. Laser Scanning Data. Laser scanning data were obtained
in the form of a point cloud, as shown in Figure 8. The point
cloud data were converted to ASCII XYZI format. In the
XYZI format, each point is separated by a row, and each row
consists of four columns, which are three-dimensional coor-
dinates (X, Y, Z) plus backscattering intensity, where intensity
is a relativeDNvaluewith a 12-bit depth [28]. Figures 8(a) and
8(b) show point clouds of the laser backscattering intensity
data obtained at 30 m and 5 m distances, respectively, on
a two-dimensional plane (X and Y), viewed from the nadir.
For interpretation by eye, the backscattering intensity of each
point is colored red to green between a minimum value of 77
and amaximum value of 380. At the target-sensor distance of
30 m, point spacing was 1.25 cm in the scanning (vertical)
direction and 5 cm in the rotation (horizontal) direction.
When the target-sensor distance was 5 m, point spacing
was 1.25 cm in the scanning (vertical) direction and 2.08
cm in the rotation (horizontal) direction. It is possible to
analyze the characteristics of laser backscattering data from

two aspects: missing backscattering data and backscattering
intensity based on road surface conditions.

4.2. Missing Laser Backscattering Signals. There are some
blank areas without laser backscattering signal in Figure 8.
These are the top surface of the ice target, some parts of the
vegetation area, and the areas occluded by the ice target and
a box.

The top surface of the ice target could not be scanned.
The primary reason might be specular reflection from the
smooth surface. Spectral reflectance and effective incidence
angle are major factors in backscattering intensity under the
same geometric conditions (see (3)). The effective incidence
angle is affected by the target’s structure. Ice has a very high
reflectance in the visible and NIR region, in theory, but
no backscattering signal was observed in the experiment.
The reasons for the missing signals might be absorption
by moisture and specular reflection by a smooth surface,
as shown as Figure 4. Absorption of moisture was not
considered a reason, because the sidewall and the opaque
parts of the ice showed backscattering signals under the
same moisture conditions. Except for absorption, specular
reflection can be considered a key factor in backscattering.
Therefore, the missing backscattering signals from the top of
the ice were caused by specular reflection from smoothness.
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Table 2: Statistics of laser backscattering intensity for surface types at the 30 m distance.

Surface Type Vegetation Dry Asphalt Wet Asphalt Ice (Sidewall)
No. of sample points 208 296 195 223
Mean 328.86 208.09 143.19 157.51
Standard deviation 95.51 7.09 16.94 70.15
Minimum 196 190 93 77
Maximum 634 236 176 852

Table 3: Statistics of laser backscattering intensity for surface types at the 5 m distance.

Surface Type Vegetation Dry Asphalt Wet Asphalt Ice (Sidewall)
No. of sample points 471 535 323 148
Mean 244.43 206.56 131.49 132.33
Standard deviation 21.67 7.96 20.24 66.74
Minimum 200 189 82 78
Maximum 372 233 178 835

In real applications, it is possible to detect black ice by using
a phenomenon where signals are suddenly missing during
periodic scanning of the road surface.

There are two big blank areas; those are the asphalt
surface behind the ice target and the grass behind the box,
respectively. They are areas occluded by the ice target and the
box. The blank areas are longer at the 30 m distance than at
the 5mdistance due to incidence angles.The laser pulses have
a smaller incidence angle at the 30 m distance, as shown in
Figure 7.

Some small blank areas of vegetation might be caused by
the incidence angle. The ratio of blank areas is higher at 30
m than at 5 m. The laser pulses might be blocked by some
leaves of grass with small effective incidence angles, because
they have a vertical structure.

4.3. Backscattering Intensity by Road Surface Conditions.
Laser pulses were backscattered from the surface of the
scanning area except formissed or occluded areas. Some laser
pulses were backscattered at the sidewalls facing the sensor
and at the gaps between the ice cubes, although most of
the missing backscattering signals were from the top of the
ice target. The backscattering signal was concentrated at the
upper left of the ice target in Figure 8. It is the opaque part of
the ice target, as shown in Figure 5(a). There are more points
from the ice target occurring at the 5m distance, compared to
30m, because more opaque partsmight be seen from a bigger
incidence angle.

In Figure 8, colored backscattering intensity looks like it
is classified by road surface conditions, including vegetation
beside the road. Some parts of the ice target and the wet
asphalt are shown in red with a low value. Dry asphalt is
shown as orange, and yellow indicates mid-range intensity.
Vegetation at the roadside is shown in green at high intensity.
These are caused by spectral reflectance of the target in the
wavelength of the laser used, where spectral reflectance is
affected by absorption, transmittance, and surface roughness
[31]. The sum of absorbed, transmitted, and reflected energy

is equivalent to the incident energy. Reflectance is related to
surface roughness, as mentioned above.

In Tables 2 and 3, statistics of backscattering intensity for
each surface type are shown based on sensor-target distance.
Sample points were collected from each surface type, and
then statistics for backscattering intensity were calculated
(mean, standard deviation, minimum, and maximum). The
mean values for surface types have a similar pattern, with
spectral reflectance in the green region (0.5 - 0.6 𝜇m) of
Figure 3 and from a previous study [34]. Mean values were
in the following order: vegetation, dry asphalt, wet asphalt,
and sidewall of the ice. High backscattering intensities for
vegetation could be explained by the wavelength of the laser
and the surface roughness. The laser scanner used a 532
nm equivalent green region where spectral reflectance of
vegetation is higher than other surface types. Vegetation has
the highest surface roughness among the surface types, which
is a reason for higher backscattering intensity than from
other surface types. Dry asphalt showed higher backscat-
tering intensity than wet asphalt due to the absorption of
electromagnetic energy bymoisture. Dry asphalt also showed
a higher backscattering intensity than the sidewall of the
ice, because it has relatively higher roughness, even though
asphalt has a lower spectral reflectance than ice. Additionally,
the backscattering intensity of the sidewall facing the sensor
was low due to transmission from clear ice (a crystal),
although the spectral reflectance of ice is known to be very
high in the visible-NIR region.

The mean intensities are lower at 5 m than at 30 m. The
reason might be that received intensity decreases with an
increasing effective incidence angle by the cosine function
in (3). Vegetation shows a relatively bigger decrease than
other surface types. The sample points were collected from
grass, where leaves are distributed vertically. The vertical
leaves might be able to strongly reflect and block the laser
pulse incident horizontally. This might be the same reason
for small blanks in the vegetation. The dispersed laser pulse
might be weakened when penetrating the bottom through



Journal of Sensors 7
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Figure 9: Difference of homogeneity for vertical grass leaves when a sensor points (a) in a horizontal direction and (b) at the nadir.
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Figure 10: Ranges of 95% distribution for laser backscattering intensity in each surface type: (a) 30 m distance and (b) 5 m distance.
Backscattering intensity of ice is the signal from the sidewall face to the sensor direction.

the leaves when the incidence angle is big. Therefore, sensor-
target geometry and physical structure of the target might be
reasons for the decreased mean in backscattering intensity at
5 m, compared to 30 m.

Standard deviation of vegetation decreased at the 5 m
distance, although the other surface types showed similar
values. The reason might be increasing homogeneity by an
increasing incidence angle, such as in Figure 9. Vertical leaves
of grass might show higher homogeneity from a sensor that
looks at the nadir, rather than a horizontal direction.

It is necessary to check whether the surface condition
can be classified by statistical analysis. Mean and standard
deviation are generally considered as distribution ranges for
classification. Classes were confused when the distribution
ranges were overlapped by a high standard deviation, even
though the means of the two classes were different. Figure 10
shows the ranges of mean ± 2 × standard deviation using
the statistics for each surface type. Wet asphalt and dry
asphalt are classified clearly by the 95% range. However, the
ranges for vegetation and ice (sidewall) are broad and overlap
other surface types. The wide intensity range of vegetation
was caused by multiple backscattering from penetrating laser
pulses. For the ice, some energy of a laser pulse might be
backscattered from the ice surface, and the remaining energy
might be backscattered from the asphalt through the ice
target. For the vegetation, some energy of a laser pulse might
reach through the leaves.These were common phenomena in
the observations at both 30 m and 5 m distances.

5. Discussion

The results showed that backscattered points were missing
for the top surface of the ice target. The mean backscattering
intensity of dry asphalt, wet asphalt, and vegetation, except
for the ice target, showed a pattern similar to the spectral
reflectance at the wavelength of the laser used.The difference
in backscattering intensity according to the sensor-target
distance is considered to depend on the incidence angle and
the structure of the target. The differences are small for a two-
dimensional road surface but relatively large for the complex
three-dimensional vegetation.

The condition of the road surface could be classified as
a dry surface, a wet surface, and a thin ice sheet (such as
black ice) by using laser backscattering intensity within the
road.Therewere limitations to classifying the condition of the
road surface, including vegetation and the sidewall of thick
ice cubes, using intensity. However, an ice sheet is usually
several millimeters thick on the road surface, and vegetation
has height and a rough surface. The road area also might be
extracted with texture or auxiliary data. Consequently, laser
backscattering intensity could be used to detect frozen and
wet road surface conditions.

For applications, the platforms for operating a laser
scanner can be either fixed or mobile. A mobile platform can
represent a vehicle. In the near future, it should be possible to
acquire data easily through LiDAR, which is a key sensor in
autonomous vehicles. There is a limit to this, in that the road
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surface condition will be scanned from a driven vehicle. A
fixed platform can be like the facilities above, or on the side of
the road, such as traffic lights or an intelligent transportation
system (ITS). The fixed platform has advantages in that it is
possible to monitor the road surface condition, in addition
to falling obstacles, through continuous observation of a
predetermined area. However, many stations are needed
to acquire spatially continuous information, which may
be inefficient in terms of cost. Therefore, it is necessary
to maximize efficiency by optimizing the installation site
using information about frequent occurrences of frozen road
surfaces and hydroplaning.

6. Conclusions

In this study, we investigated the possibility of extracting driv-
ing safety information, such as identifying frozen, dry, and
wet conditions on a road surface, from laser backscattering
intensity data. Laser backscattering intensity was measured
for an ice target, dry asphalt, wet asphalt, and vegetation from
ranges of 5 m and 30 m. As a result, the backscattering signal
was missing from the top of the ice due to specular reflection.
A wet asphalt surface showed lower intensity than a dry
asphalt surface. Therefore, it is possible to detect frozen and
wet road surfaces versus dry conditions. The laser scanner
can contribute in the future to improving safety for drivers
by enabling night observation. Further studies are needed
using a smaller and cheaper laser scanner. It is also necessary
to check the possibility of applying the method in various
environments.
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The modeling of solar radiation pressure is the most important issue in precision GNSS orbit determination and is usually
represented by constant and periodic terms in three orthogonal axes. Unfortunately, these parameters are generally correlated
with each other due to overparameterization, and furthermore, the correlation does not remain constant throughout a long-
term period. A total of 500 weeks of GPS daily solutions were estimated with the empirical CODE orbit model (ECOM) to
cover various block types of satellites. The statistics of the postfit residuals were analyzed in this study, which shows the
dominant annual variation of the correlations over time. There is no significant difference between eclipsing and noneclipsing
satellites, and the frequency of the correlation exactly corresponds to the GPS draconitic year. Based on the residual analysis,
the ECOM is the most appropriate for the Block IIR/IIR-M satellites but does not properly account for the behavior of
either older Block IIA or newer IIF satellites. In addition, the daily mean residuals show a different pattern for satellite
orbital planes. Therefore, the orbit model should be customized for the block types and orbital plane for better
representation of multi-GNSS orbits.

1. Introduction

Since the early effort of Fliegel et al. [1] with a ROCK model,
considerable progress has been made in the modeling of the
solar radiation pressure (SRP) on GPS satellites. Colombo
[2] introduced additional parameters to correct the resonant
effects in the GPS ephemerides, which are in the form of
simple empirical acceleration. The approach was adapted
by Beutler et al. [3] in the Bernese GPS Software with slightly
different axes to absorb the unmodeled forces in the acceler-
ation of the satellites. This model, called the empirical CODE
orbit model (ECOM), is composed of nine parameters in
three orthogonal axes including the satellite-Sun vector and
the spacecraft’s solar panel axis. Two periodic terms in each
direction with a frequency of once per revolution are
modeled under the assumption that the same errors will
occur in a specific region of the orbit. The ECOM has consid-
erably contributed to the improvement of SRP modeling, and
thus, this model and its variants are extensively tested for

GPS orbit determination, see Springer et al. [4], Chen and
Wang [5], and Sibthorpe et al. [6], etc. Most of the Interna-
tional GNSS Service (IGS) analysis centers (ACs) provide
the final orbit based on the adopted ECOM-type model as
can be seen in Table 1.

A similar approach was made by the Jet Propulsion
Laboratory (JPL) group, that is, the GPS Solar Pressure
Model (GSPM) series. Following up the GSPM.II.97 model,
Bar-Sever and Kuang [9] introduced an empirical model
based on 4.5 years of in-flight GPS orbit data (GSPM.04),
and a follow-up model for eclipsing satellites was developed
[10]. The GSPM models formulated the SRP as a truncated
Fourier expansion in a GPS satellite body-fixed frame, which
is dependent on the Earth-satellite-Sun angle. In this model,
it turns out that the estimated force parameters show a
periodic characteristic in beta (β) angle that is the elevation
angle of the Sun above the satellite orbital plane.

Despite the high performance of ECOM, a particular
pattern was observed in the Satellite Laser Ranging (SLR)
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residuals as well as several centimeters of bias, mostly from
the radial component, in IGS orbit due to Earth’s radiation
pressure [11]. In addition, a box-wing satellite model esti-
mates the rotation lag that is derived from the misalignment
of the solar panels. It also adjusts the optical properties of the
satellite’s surfaces and the so-called Y-bias, resulting in a
difference at the 1-2 cm level of orbit [1, 12]. However, the
partial derivatives of this model are correlated with each
other (consequently the correlations in the estimated param-
eters) [4]; thus, it needs to constrain the parameters to the a
priori values. Montenbruck et al. [13] demonstrated a new
approach of SRP modeling to reduce the peaks of the radial
orbit errors. It combines the simple CODE model with the
cuboid-shaped body of the satellite to properly describe the
acceleration, which especially improved the orbit estimation
of the Galileo system.

As mentioned above, since the SRP can be decomposed
into three orthogonal axes, the empirical SRP parameters
are strongly correlated with each other due to overparame-
terization; thus, the original 9-parameter ECOM is no longer
used for many years. Many ACs generally estimate five
adjustable SRP terms (called “reduced” ECOM) along with
the 6 initial conditions (see Table 1), that is, position and
velocity at the initial epoch [14, 15]. The reduced ECOM
(5-parameter) has shown a better Root Mean Squared Error
(RMSE) accuracy in its orbit solution expressed in single-
difference observation and the orbit overlap. However, the
final model was rather empirically chosen from various com-
binations of SRP parameters based on a limited amount of
data in the 1990’s [4, 16].

Therefore, we analyzed the GPS orbit model in terms of
the correlation between SRP parameters and the residuals
of orbit estimation. Specifically, almost 10 years of GPS
orbit data were processed to calculate the correlations and
their variation over time. The correlation was calculated
from the normal matrix of the orbit estimation process.
Once the orbit parameters are estimated, the residuals were
analyzed to find out the contribution of each parameter in
the residuals. In addition, it was also investigated to verify
the characteristics of the modeling of the GPS orbit with
respect to the orbital plane and the block types in the
long-term series.

2. Methodology of Data Processing

2.1. Data Collection. For orbit estimation, we generated a
total of 500 weeks of GPS orbits from GPS week 1421 to
1920 (DOY 091, 2007, through DOY 303, 2016). The pub-
lished IGS precise orbits were used as external information
to generate the orbits. Figure 1 shows the availability of
satellites during the study period. Since a satellite can be
replaced by a new one with the same PRN near the end of
its design life, it is plotted by the satellite vehicle number
(SVN). A total of 16 satellites were actively operating for
the entire period, and the average lifetime of each satellite is
about 6.8 years.

Figure 2 shows the block types of GPS satellites used in
this study, which includes four different types, that is, Blocks
IIA, IIR, IIR-M, and IIF. As can be seen in the figure, the
number of IIA satellites keeps decreasing, while twelve IIR
satellites are available throughout the entire period. The
Block IIF satellite was first launched in mid-2010 and rapidly
replaced IIA satellites. A total of 48 different satellites of
almost all block types were used to analyze the parametric
correlations, and the types and number of satellites are
summarized in Table 2.

Table 1: SRP models and parameters for GPS final orbit estimation used in the IGS analysis centers (as of March 2018) [7, 8].

AC SRP model SRP parameters to estimate

CODE CODE RPR Constants in D, Y , and X; once per rev. in X, twice per rev. in D

EMR GSPM_EPS Y-bias and scale in D, stochastic Y-bias, and X/Z solar scale (a priori model GSPM_2013)

ESA CODE RPR Constants in D, Y , and X, periodic terms in X (a priori box-wing model)

GFZ CODE RPR Constants in D, Y , and X, periodic terms in X, 3 stochastic impulse parameters

GRG CODE RPR Scale of modeled force, Y-bias, periodic terms in X and D

JPL GSPM-10
Y-bias, constants in X and Z (small time-varying adjustments in X/Z and tightly constrained empirical

acceleration in Y)

MIT CODE RPR Constants in D, Y , and X, periodic terms

NOAA CODE RPR Constants in D, Y , and X, periodic terms in X, velocity break at noon

SIO CODE RPR Constants in D, Y , and X, periodic terms in each direction
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Figure 1: Availability of satellites by year and satellite vehicle
number (SVN) for the entire period.
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2.2. Solar Radiation Pressure Model. SRP modeling has been
one of the most frustrating tasks in dynamic orbit estimation
due to the complex properties of the satellite and the
unmodeled forces acting on the satellite. Since the surface
properties of the satellite and its attitude about the reference
axes are not known with sufficient accuracy, the empirical
parameters should be solved in the orbit determination
process [17]. Although many SRP models were proposed
and applied by ACs, the ECOM including its variants was
the most successful model in GNSS orbit determination [3].
The model is basically composed of three orthogonal direc-
tions with constant and once per revolution terms in each
direction [4, 16]. The principal direction is along the vector
of the satellite-Sun direction, the second axis points to one
of the solar panel axes of the satellite, and the last axis assures
the orthogonality:

arpr = a0 +D u eD + Y u eY + X u eX , 1

where a0 is the a priori acceleration from a model, u is the
argument of latitude of the satellite, and eD and eY repre-
sent the unit vector of the satellite-Sun direction and the
vector along the spacecraft solar panel axis, respectively.
It assumes a nominal, yaw-steering satellite attitude, and
lastly, eX completes the right-handed system defined by
eX = eD × eY . The a priori model can be obtained from
the previous model [16], although in the case of the
CODE analysis center, no a priori model has been used
since July 2013 [18] due to the lack of reliable coefficients
for new GPS and all GLONASS satellites.

In practice, the accurate control of satellite attitude in
space is difficult; thus, the empirical parameters should be
estimated. The original ECOM is known to be well suited
for the near cubic-shaped GPS satellites but not for the elon-
gated cylinder-shaped GLONASS-M satellites. It uses con-
stant terms along with the once per revolution parameters
in each direction, which is represented by sine and cosine
terms as a function of the argument of the latitude on the sat-
ellite orbital plane. However, the absence of periodic terms in
D is regarded as a major deficit of the reduced ECOM. Since
January 4, 2015, ECOM has been extended to include differ-
ent frequencies of the argument for periodic terms in D- and
X-axes [15] with the assumption of perfect attitude control of
the satellite, as given by the following:

D u =D0 + 〠
nD

i=1
D2i,C cos 2iΔu +D2i,S sin 2iΔu ,

Y u = Y0,

X u = X0 + 〠
nX

i=1
X2i−1,C cos 2i − 1 Δu + X2i−1,S sin 2i − 1 Δu

2

Contrary to the original ECOM, the new extended
ECOM provides information based on twice per revolution
as well as fourfold per revolution terms in some direction.
In addition, the even-order terms are available only in the
D component, while the odd-order periodic terms are
modeled on the X-axis. The arguments of the periodic terms,
Δu = u − uSun, are slightly different from the original model,
that is, the argument of latitude for the satellite with respect
to that of the Sun. It provides even better intuitive formula-
tion of the estimated parameters although the differences
are negligible for short one-day arcs [15]. One thing to be
mentioned is that the acceleration due to SRP should be
turned off when the satellite is in eclipse or scaled down
according to the fractional area of the Sun as seen from the
satellite. The new extended ECOM was applied by CODE
since early 2015, and therefore, the original ECOM was used
in this study throughout the entire period to ensure the
consistency of the SRP model.

2.3. Orbit Integration. The forces acting on the satellite are
generally a function of the position and velocity of the
satellite. The calculated accelerations are integrated to gener-
ate the states of the satellites at later time epochs. For the
reconstruction of the orbit, we developed a bidirectional,
multistep numerical integrator for the acceleration. A total
of about 10 years of GPS orbit data were integrated for the
analysis. Table 3 shows the summary of the orbit integration
strategy. Most of the models refer to the International Earth
Rotation and Reference Systems Service (IERS) Conventions
2010 [19].

2.4. Orbit Validation. It is very important to evaluate the
orbit solutions because the deficiencies in SRP modeling
can be assessed through this process. There are several ways
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Figure 2: Change of the number of satellites by block types during
the test period.

Table 2: Number of satellites by block types used in the analysis.

Block IIA IIR IIR-M IIF Total

Number 16 12 8 12 48
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to check the orbit quality, which are most commonly used in
the orbit validation: (1) the postfit residuals for internal
consistency, (2) the misclosures at midnight epochs, (3) the
satellite laser ranging as an independent validation of the
orbit, (4) the estimates of the geocenter coordinates, (5) the
Earth Rotation Parameter (ERP) differences with respect to
the IERS solutions, and (6) the scale parameters of Helmert
transformations for station coordinates [15, 21, 22].

The orientation of the orbit can be entirely determined by
the IGS orbit as pseudoobservations. However, it is necessary
to verify the quality of the orbit solution with completely
independent external information, that is, SLR data. In
addition, the addition of SLR observations in GNSS orbit
determination does not improve accuracy due to the low
availability of the SLR data [23]. It is reported that there are
no scale issues in the GNSS and SLR technique solution
(consistent at the 1mm level) model [24], although there
are some biases due to the SLR receiver systems. Neverthe-
less, only two GPS satellites were equipped with SLR
reflectors during most of the period. Therefore, we used
the postfit residuals to validate the performance of the
orbit modeling in this study, although the residuals
depend on a priori values to some extent.

3. Experiments

3.1. Cross-Correlation of ECOM Parameters. For the analysis
of the SRP modeling performance, we estimated all 9 param-
eters (3 components of constant/cosine/sine terms in each
axis of the DYX frame, see equation (1)) from the original
ECOM. Figure 3 shows the indices of the correlation between
SRP parameters. Since the autocorrelation should be 1, the
diagonal terms are omitted intentionally. Therefore, a total

of 36 correlations were analyzed to check the variation of
the correlation in time series.

Figure 4 shows the exemplary daily correlation coeffi-
cients averaged for all satellites in absolute sense on DOY
195, 2009, and the autocorrelation was excluded for conve-
nience. The correlation should be, by definition, either
positive or negative. However, since we need to analyze the
magnitude of the correlation for each parameter combina-
tion, and the correlation may be changed day after day, only
the average correlations in absolute sense were considered in
this study. One thing to be noticed is that the averaged
magnitude becomes almost twice with the absolute values,
which can be seen in Figures 4 and 5.

As can be seen in the figure, the parameters in the
X- and Y-axes are highly correlated with each other
(see YC/XS and YS/XC), and the direct Sun-satellite compo-
nent D0 is also correlated as well. These patterns are dis-
tinctly consistent throughout the entire period, although
there are some differences depending on the satellite block
types and individual satellites.

Figure 5 represents the correlation coefficients for all
combinations of SRP parameters for eclipsing and noneclip-
sing conditions, where the indices refer to Figure 3. As
discussed above, the magnitude of the correlation in absolute
sense is almost twice the magnitude of actual correlation
(either positive or negative). It shows that there is no signifi-
cant difference due to eclipsing states for most of the param-
eters. This is partially because the ACs use essentially the
same model to obtain the orbits; thus, the eclipsing satellites
perform equally well.

However, the maximum correlations can be observed for
different parameter sets; for example, the eclipsing satellites
have a maximum correlation for DC/DS and D0/XC (indices
10 and 22, respectively). The sine and cosine terms in the
direct satellite-Sun direction are correlated with each other,
and the nominal yaw attitude does not seem to work properly
while in eclipsing states. On the other hand, the maximum
correlation happens to YS/XC and YC/XS (also indices 28
and 34, respectively) for the noneclipsing satellites, which is
attributed to the fact that the X- and Y-axes are orthogonal
to each other and the sine/cosine terms are shifted 90 degrees
in phase.

Table 4 shows the number of satellites experiencing
eclipses due to the shadow of the Earth, along with the
duration in minutes. Overall, about 7 satellites are in eclipse
conditions each day, reaching a maximum of 12 per day,
and the average duration is over 40 minutes.

Table 3: Summary of the orbit integration strategy used in this
study.

Option Model

Geopotential EGM2008 (tide-free) [20]

Inertial frame J2000.0

Third-body Moon, Sun, Venus, Jupiter, Mars

Solid Earth tide IERS 2010

Ephemeris JPL DE405

Ocean tide CSR 3.0

Solar radiation pressure ECOM

Transformation
IAU1976 precession

IAU2000 nutation

Earth shadow
Conical model (scaled by eclipsing factor

by the Sun’s visible area)

Integration step Variable (output: 15min)

Integration method
Variable order predictor-corrector

(PECE)

Pole tides Applied

Earth albedo Box-wing model [12]

Satellite attitude Nominal attitude

Relativistic effects Applied

D0 Y0 X0 DC DS YC YS XC XS

– 1 2 4 7 11 16 22 29 D0
– 3 5 8 12 17 23 30 Y0

– 6 9 13 18 24 31 X0
– 10 14 19 25 32 DC

– 15 20 26 33 DS

– 21 27 34 YC

– 28 35 YS

– 36 XC

– XS

Figure 3: Indices of the cross-correlation of ECOM parameters.
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Figure 6 shows the different types of correlation coeffi-
cients between SRP parameters. As can be seen in the figure,
the correlation between the D- and Y-axis parameters is
almost constant with only slightly different magnitudes
(Figures 6(a) and 6(c)), although there are fluctuations with
a combination of several frequencies of the signal. This
indicates that there is a constant correlation between two
axes, and these correlations do not show a temporal variation
in the long-term series. It is interesting that the X-axis shows
a temporal periodic variation of almost annual motion with
respect to both the D- and Y-axes (Figures 6(b) and 6(d))
but slightly different characteristics in their patterns. The
X- and D-axes are highly correlated with each other with
an apparent frequency of the signal, while the sine and
cosine terms in the X- and Y-axes show a temporal varia-
tion with a mixture of different signals.

From Figure 6(d), the annual variation in the correla-
tion coefficient between D0 and XS is clear for the entire
period. To find out the frequency of the signals, this cor-
relation was transformed into the frequency domain,
resulting in the dominant once per revolution frequency
(see Figure 7). Other than this frequency, three revolutions
per year are also significant but with a much smaller
amplitude. It is known that a perturbation in the GPS sat-
ellite orbits occurs at harmonics of the GPS draconitic
year due to the relative position of each satellite, Earth,
and Sun [11, 14]. The most dominant frequency in
Figure 7, that is, about 1.04 cycle per year, corresponds
to the GPS draconitic year as pointed out by Ray et al.
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Table 4: Number of satellites and duration of eclipses each day.

Satellite
Eclipse

Max Avg.

Number 12 6.6

Duration (min) 57.2 42.6
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[25]. Therefore, the residual analysis of the orbit model
also supports the harmonic signals in the time series of
IGS orbits.

3.2. Residual Analysis. The orbit representation of this study
refers to the general Gauss-Markov model. The IGS final
orbits were used as external information; thus, the difference
with the obit propagated from the initial conditions becomes
an observation. The design matrix is the partial derivatives of
the observation with respect to the unknown parameters,
which cannot be calculated directly due to the implicit
relationship, as given in

O − C = ∂C
∂rTk

∂rk
∂rT0

∂rk
∂rT0

∂rk
∂pT

dr0
dr0
dp

+ vk, 3

where O and C represent the actual and the computed
measurements, respectively; r and r denote position and
velocity vectors; p is the dynamic parameter of SRP; and vk
is the random measurement error.

Thus, the design matrix of the Gauss-Markov model
can be represented by the variational partials which are
simultaneously integrated with the acceleration by the
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Figure 6: Different kinds of cross-correlation of SRP parameters during the entire period.
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newly developed numerical integrator. The overall RMSE
of the postfit residuals is calculated based on the following
equation [7]:

RMSE = 1
nobs

〠
N

i=1
eTi ei, 4

where e is the residuals after the least squares adjustment,
N is the number of satellites to be integrated, and nobs rep-
resents the total number of observations in the calculation.
Since the estimated orbit uses similar dynamic models to
the IGS final orbit, it can be expected to generate small
residuals, although not all ACs use the same model and
the stochastic pulses.

Once the propagated orbit was fitted to the published
one, the RMSE of the residuals can be calculated for each
day. Figure 8 represents the mean and standard deviation
of the residuals each day, plotted separately, for the entire
period of this study. The mean values are almost constantly
zero but apparently fluctuate with an amplitude of about
±1mm at a frequency of once per year. The first Block IIF
satellite was launched in 2010 (denoted as (1)), and the
number of IIF satellites has overtaken that of IIA satellites
as of mid-2014 (denoted as (2)) as inferred from Figure 2.

On the other hand, the standard deviation of the resid-
uals shows a different behavior from the mean value over
time. The entire period can be divided into three sections
by the vertical lines (1) and (2). In the first part, before
mid-2010, the residuals decrease almost linearly. However,
the RMSE became considerably stable since Block IIA satel-
lites started being replaced by Block IIR-M satellites in
2009. This trend continues until mid-2014 when Block IIF
satellites began to replace more IIA satellites. Since the year
2014, in which Block IIA satellites make up only a small part
of the satellite constellation, the RMSE of the residuals has
almost bounced back up to the level seen at the beginning
of the test period. Therefore, since Block IIR satellites are
predominant during the second section (between (1) and
(2)), it can be concluded that the ECOM is best fitted to Block
IIR/IIR-M satellites.

3.3. Effect of Eclipses and the Orbital Plane. The satellites
experience an eclipse when sunlight is blocked by the shadow
of the Earth or Moon, depending on the geometry with
respect to the satellite. Eclipses caused by the Earth mainly
occur when the beta angle is less than about ±15 degrees,
while lunar eclipses happen regardless of the satellite orbital
plane. Figure 9 shows the RMSE of the residuals with respect
to the beta angle for 3,500 days of all satellite orbit solutions.
Contrary to expectations, the RMSE is slightly larger around
the beta angles of ±40 degrees but not significantly so. For a
clearer interpretation of the values, moving average RMSE
values are plotted every 5 degrees (in terms of beta angles)
with large yellow circles. The result agrees with that of
Figure 5; that is, there are no significant degradations in the
orbit solution caused by eclipses.

Since the satellites in the same orbital plane show a
similar behavior, we checked the residuals by the orbital

plane (see Figure 10). The residuals of each satellite were
grouped into the orbital plane and averaged each processing
day. The mean values by each plane are plotted with an offset
for the entire period as denoted in the figure. Similar to
Figure 8, the residuals show a large fluctuation on each side
but have different patterns for the orbital plane. In particular,
the residuals of the satellites in plane D are considerably
stable since mid-2011, while those in plane B keep increasing
for the period in discussion. Therefore, it may be feasible to
model the SRP parameters considering the characteristics of
the orbital planes.

4. Summary and Conclusions

SRP modeling has been the most important issue for several
decades in satellite orbit determination. Many SRP models
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were proposed, of which the ECOM was the most successful
model. However, the correlation between the SRP parameters
is still a difficult problem to resolve. We calculated 500 weeks
of GPS orbit solutions (year 2007 to 2016) to validate the SRP
models based on the correlation of the parameters and the
residuals. Most block types of GPS satellites were analyzed
during this period including 16 full-time IIR satellites.

Since the orbit solutions by IGS ACs have based on the
ECOM-type SRP parameterization until very recently, we
also adopted this system throughout the study period to
avoid any constraints on specific parameters. The Gauss-
Markov model was applied to estimate the parameters, and
the variational partials were integrated for the design matrix
along with acceleration. Although SLR observation is often
used as independent external information for orbit valida-
tion, the residuals of the orbit solution were analyzed in this
study. This is because the main purpose of this study is to
analyze the correlation between the SRP parameters, and
the amount of SLR observations is not sufficient as well.
All correlations between the original ECOM parameters,
excluding the autocorrelation, were analyzed in time series.

The components in the direct Sun-satellite direction are
correlated with most of periodic terms, while the X- and
Y-axes are highly correlated with each other. The eclipsing
condition does not impair the orbit residuals for most of
the correlations. However, the maximum correlation was
observed for different combinations of SRP parameters.
That is, the X- and Y-axes are highly correlated for noneclip-
sing satellites, while they are related to the direct Sun-satellite
direction for the eclipsing satellites. This suggests that there
may be some problems in nominal yaw attitude control,
and it is necessary to include yaw modeling during eclipses.

The correlation between the D- and Y-axis parameters is
nearly constant in time but shows a small fluctuation of
several different frequencies. On the other hand, the X-axis
is highly correlated with the D- and Y-axes with an apparent
annual variation which precisely corresponds to the GPS
draconitic year. Therefore, it can be mentioned that the resid-
ual analysis of the orbit model also supports the harmonic

signals in the time series of IGS orbits. The time series behav-
ior of the residuals shows the best performance during the
midsection (2010 to 2014) at which Block IIR/IIR-M satel-
lites are dominant in number. Therefore, the ECOM seems
to work better for Block IIR/IIR-M satellites, while other
parameterization may be necessary for Block IIA and/or IIF
satellites. In addition, there is no significant difference by
the eclipsing condition as well as the geometry of the orbital
plane with respect to the Sun. However, the daily mean resid-
uals show a different pattern for each orbital plane, which
should be considered for the customized parameterization
of the SRP.

It was reported that the addition of twice per revolution
terms in the D-axis improves the quality of the orbit. New
extended ECOM reduces the peaks of the draconitic year
harmonics in GNSS-derived Earth Orientation Parameters
(EOPs) and the day boundary misclosures [15]. Some
research argues that multifrequency per revolution can help
the improvement of the quality of the orbit solutions. There-
fore, it is necessary to understand the correlation between the
parameters of higher frequencies, resulting in customized
SRP models for each block types in further study.
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Image coregistration is a key preprocessing step to ensure the effective application of very-high-resolution (VHR) orthophotos
generated from multisensor images acquired from unmanned aerial vehicle (UAV) platforms. The most accurate method to
align an orthophoto is the installation of air-photo targets at a test site prior to flight image acquisition, and these targets were
used as ground control points (GCPs) for georeferencing and georectification. However, there are time and cost limitations
related to installing the targets and conducting field surveys on the targets during every flight. To address this problem, this
paper presents an automated coregistration approach for orthophotos generated from VHR images acquired from multisensors
mounted on UAV platforms. Spatial information from the orthophotos, provided by the global navigation satellite system
(GNSS) at each image’s acquisition time, is used as ancillary information for phase correlation-based coregistration. A
transformation function between the multisensor orthophotos is then estimated based on conjugate points (CPs), which are
locally extracted over orthophotos using the phase correlation approach. Two multisensor datasets are constructed to evaluate
the proposed approach. These visual and quantitative evaluations confirm the superiority of the proposed method.

1. Introduction

Unmanned aerial vehicles (UAVs) have now become com-
petitive platforms for remote sensing-based applications as
they can be easily and cost-effectively deployed while col-
lecting geospatial data with higher temporal/spatial resolu-
tion than other platforms [1–10]. They can also collect
multisensor images by mounting diverse sensors on the
UAV platforms to achieve a wide range of remote sensing
applications [11–14]. To perform efficient geospatial analy-
sis using the multisensor images acquired from a UAV plat-
form, image coregistration, which geometrically overlays the
images, is an essential step [14, 15]. The most stable and

accurate method to achieve coregistration is the installation
of air-photo targets in a study area that coincides with UAV
flight. The targets, whose ground coordinates have already
been measured by global navigation satellite system-
(GNSS-) based surveying, are detected in the images, and a
transformation function is estimated for the ground and
image coordinates. Using ground control points (GCPs),
which are targets with a coordinate relationship between
the ground and image domain, all images are then trans-
formed to ground coordinates. If GNSS-based GCP target
surveying is not performed, a position error occurs between
the multisensor/multitemporal orthophotos or Digital Sur-
face Models (DSMs), which are generated by multiple
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overlapping images captured during UAV flight. However,
there are time and cost limitations related to installing tar-
gets and performing GNSS surveys during all flights. Con-
ducting image coregistration without GNSS-based target
surveying may be possible if we can automatically extract
conjugate points (CPs) that exist simultaneously in the
images and define their spatial relationships [16, 17].

To do this, previous studies have introduced two repre-
sentative methods to extract CPs: feature- and area-based
matching approaches [18]. The feature-based method
extracts CPs based on representative points on the images,
e.g., dominant features, line intersections, or centroid pixels
in close-boundary regions (i.e., segments). The extracted rep-
resentative points between images are matched to each other
using various descriptors or similarity measures along with
the spatial relationships between points. The feature-based
method can be applied when significant distortions and geo-
metric differences occur between images. Thus, the feature-
based method is more effective than the area-based method
when working with VHR multitemporal images [19, 20].
However, applying well-known feature-based matching
methods, such as the scale-invariant feature transform
(SIFT) [21] and speed up robust features (SURF) [22], to
VHR multitemporal images also has several limitations
because these are unable to be used to match an optical image
to heterogeneous nonoptical data [23].

The area-based method uses templates of predefined size
for each image and identifies similarity peaks between the
templates to extract the CPs. This method works well when
images have nonlinear radiometric properties, i.e., multisen-
sor images [24]. Unlike methods such as the correlation-
based approach that directly use pixel values to measure
similarity, methods using phase correlation or mutual infor-
mation to perform similarity calculations between templates
are effective for these types of multisensor images [25, 26].
The area-based method is appropriate when images do not
have severe geometric differences in terms of scale, rotation,
and translation. In this situation, the template search space
used to identify the similarity peak associated with the CPs
can be geometrically limited. The area-based method is
likely to fail when images have significant distortions or geo-
metric differences.

To generate an accurate orthophoto via fine coregistra-
tion of the VHR images acquired from UAVs, navigation
information derived from GNSS-equipped UAVs can be
used to constrain the search space and extract reliable CPs
[27, 28]. This GNSS-based navigation information can also
be used to conduct the area-based coregistration approach
between multisensor images. We propose an automated cor-
egistration approach between orthophotos generated by
multisensor images captured from a UAV platform. Due
to the GNSS navigation data provided at the time of image
capture during UAV flight, the two multisensor orthopho-
tos contain ground coordinate information along with their
spatial resolutions. The spatial information derived from the
GNSS data allows us to effectively conduct the area-based
matching approach. The phase correlation method, which
is a representative area-based matching approach with the
advantage of estimating the similarity between multisensor

data, is exploited based on the condition that the search
space used for matching is limited by the GNSS-based nav-
igation information. Two multisensor datasets, i.e., the
RGB-thermal infrared (TIR) and RGB-multispectral (MS)
sensor images, are constructed to confirm the possibility of
coregistering the multisensor orthophotos without perform-
ing GNSS surveying.

The main contributions of this study are as follows:

(1) The process of installing GCP targets and performing
target surveying on every flight is not necessary, and
therefore, we can dramatically reduce the labor time
and cost related to fieldwork

(2) The proposed coregistration method is applicable to
multisensor orthophotos, e.g., generated by RGB,
TIR, and MS sensor images that have nonlinear
radiometric differences

(3) By constraining the search space for area-based
matching to extract CPs, the proposed method is
applicable to study sites that have similar repetitive
patterns, which is a possible failure to detect reli-
able CPs

The rest of the manuscript is organized as follows: the
methodology is described in Section 2. The constructed two
multisensor datasets are discussed in Section 3. The experimen-
tal results and discussion are illustrated in Section 4. Section 5
concludes the paper with a description of future work.

Reference
orthophoto

Target
orthophoto

Initial alignment by GNSS-based
information

Extraction of conjugate points by
phase-correlation

Image warping

Co-registered
target

orthophoto

Figure 1: A flowchart of the proposed coregistration approach
between multisensor orthophotos.
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2. Methodology

The process of automated coregistration between UAV-
based multisensor orthophotos consists of two main steps.
First, the GNSS navigation data acquired during image
capture is used to initially correlate the coordinates between
orthophotos. Then, a template-based phase correlation
approach is applied to estimate a transformation function
that connects the target and reference orthophotos. Target
orthophotos are then warped to the reference orthophoto
coordinates based on the estimated transformation function.
Figure 1 provides a flowchart of the proposed multisensor
image coregistration approach. The following sections
describe each step in detail.

2.1. Initial Orthophoto Geometric Alignment Based on GNSS
Data.During UAV flight, images are captured at every deter-
mined time interval. When each image is captured, position
information is provided by the GNSS receiver mounted on
the platform. Based on this information, each orthophoto
generated from the captured overlapping images contains
ground coordinates. Therefore, orthophotos generated from
multisensor images have common position information,
which is beneficial when constraining the area-based match-
ing search space for coregistration. Specifically, orthophoto
spatial resolutions, which are estimated while generating
orthophotos from the captured images, are used to minimize
scale differences. The resolution ratio is calculated, and one
orthophoto (target orthophoto) is resampled to the spatial
resolution of the other orthophoto (reference orthophoto).
Then, the resampled target orthophoto is shifted to the refer-
ence orthophoto coordinates based on the amount of transla-
tion in the x- and y-directions derived from the GNSS-based
ground coordinates. Subsequently, phase correlation-based
matching is carried out to detect CPs and precisely coregister
the orthophotos.

2.2. Phase Correlation-Based Coregistration. To detect well-
distributed CPs over the overlapping orthophotos, local
templates are constructed over the entire reference ortho-
photo with identical intervals. The location of correspond-
ing templates for the target orthophoto is determined
based on the coordinate information derived from the GNSS

data. Since the target orthophoto has been roughly trans-
formed to the reference orthophoto coordinates by taking
into account the scale and translation difference using
GNSS-based spatial information, the corresponding local
templates for the target orthophoto are geometrically over-
lapped with the reference templates.

Then, we perform the phase correlation approach to find
similarity peaks, which are associated with the position where
corresponding local templates may exhibit optimal transla-
tion differences. The phase correlation method can extract
translation differences between images in the x- and y-
directions [29]. This method searches for differences in the
frequency domain. If we let Iref x, y and Itar x, y represent
the corresponding local template images of the reference
and target orthophotos, respectively, that differ only by a
translation, (x0, y0), we can derive Iref x, y with the follow-
ing equation:

Iref x, y = Itar x − x0, y − y0 1

The phase correlation (C) between the two template
images is calculated with the following equation:

C = F−1 F Itar x, y
F Iref x, y , 2

where F and F−1 represent the 2-D Fourier and 2-D inverse
Fourier transformations, respectively. Since we assume that
template images only have translation differences, the phase
correlation values are approximately zero everywhere except
at the shifted displacement. We can interpret the location of
this peak as the translation difference between the two corre-
sponding local templates. We use the phase correlation peak

Table 1: Specifications for the UAV and sensors used during RGB-TIR dataset construction.

UAV: Inspire 1 RGB sensor: Zenmuse X3 TIR sensor: FLIR Zenmuse XT

Weight 2,845 g Resolution 4,000 × 3,000 pixels Resolution 640 × 512 pixels
Speed ≤79 km/h Spectral resolution R, G, B Spectral resolution TIR

Flight altitude ≤2500m Flight altitude ~148m Flight altitude ~148m
Flight time ≤18min Weight 150 g Weight 270 g

Table 2: RGB-TIR dataset specifications.

Dataset RGB TIR

Sidelap 80% 80%

Overlap 90% 90%

Number of images 102 263

Scene size 12,676 × 12,135 pixels 3,528 × 3,675 pixels
Spatial resolution ~5 cm ~15 cm
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location between the template images to extract the well-
distributed CPs. More specifically, a centroid for each local
template in the reference orthophoto is selected as a CP for
the reference template. Then, the corresponding CP position
for the target template is determined as a shift in the location
from the centroid of the local target template by the amount
that has the highest similar value with the phase correlation.
After conducting the local phase-correlation process, we can
extract a large amount of well-distributed CPs, i.e., the num-
ber of local templates defined over the reference orthophoto.

Finally, the extracted CPs are exploited to estimate the
affine transformation coefficients and outliers that have large
residuals compared with other CPs are eliminated from the
CP set. The affine transformation coefficients estimated from
the remaining CPs are then used to warp the target ortho-
photo to the reference orthophoto coordinates.

3. Dataset Construction

We constructed two multisensor datasets. The first dataset
is composed of multisensor orthophotos acquired from
overlapping RGB and TIR multisensor images, and the

second dataset consists of orthophotos acquired from
RGB and MS sensors. We used Agisoft Photoscan software
to perform image processing with the goal of generating
the orthophotos.

3.1. RGB-TIR Orthophoto Dataset. The first dataset, com-
posed of RGB and TIR sensor images, is located at Hap-
cheon-gun, Gyeongsangnam-do, South Korea. The site
includes various land cover types, such as man-made struc-
tures, farmland, vegetation, and bare soil. A DJI Inspire 1
quadcopter was flown twice over the test site on June 16,
2017, with a Zenmuse X3 RGB camera (RGB sensor)

Table 3: Specifications for the UAVs and sensors used to construct the RGB-MS dataset.

RGB: Phantom 4 Pro MS: Matrice 100 with SlantRange 3p sensor

Sensor resolution 5,472 × 3,648 pixels Sensor resolution 1,280 × 1,024 pixels

Spectral resolution R, G, B Spectral resolution NIR, red edge, R, G

Flight altitude 40m Flight altitude 50m

Weight 1,388 g Weight 2,781 g
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Figure 2: Generated UAV-based orthophotos for the first dataset (WGS 84 UTM 52N): (a) RGB orthophoto and (b) TIR orthophoto.

Table 4: RGB-MS dataset specifications.

Dataset RGB MS

Sidelap 80% 70%

Overlap 80% 70%

Number of images 445 846

Scene size 21,408 × 26,430 pixels 10,145 × 15,131 pixels
Spatial resolution 1.04 cm 1.96 cm
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mounted on the first flight and a FLIR Zenmuse XT sensor
(TIR sensor) mounted on the second flight. Table 1 pre-
sents the specifications of the UAV and sensors used during
data acquisition.

The overlap and sidelap were adequately established to
generate orthophotos from both RGB and TIR images. Dur-
ing the flight, 102 RGB and 263 TIR images were captured.
When captured, all images have GNSS-tag information at
the position where the GNSS signal receiver is mounted on
the UAV, such that the generated orthophotos contain
ground coordinates, which are used as ancillary information
to improve phase correlation performance. The spatial reso-
lutions for the RGB and TIR orthophotos are approximately
5 and 15 cm, respectively. Table 2 lists the detailed specifica-
tions of the dataset, and Figure 2 presents the onsite gener-
ated RGB (reference) and TIR (target) orthophotos.

3.2. RGB-MS Orthophoto Dataset. The second dataset,
designed to conduct coregistration between the RGB and
MS orthophotos, is located at the Texas A&M AgriLife
research center farm in Corpus Christi, Texas, USA. This site
includes two crop types (cotton and sorghum) managed by
two different tillage treatments (conventional tillage and
no-tillage). UAV data were collected on April 23, 2018, using
RGB andMS platforms, which comprised the DJI Phantom 4
Pro with a standard RGB sensor and the DJI Matrice 100
with a SlantRange 3p sensor (Table 3). The RGB data were
collected at an altitude of 40m and 80% overlap and sidelap.
The MS data were collected at an altitude of 50m and 70%
overlap and sidelap (Table 4). The numbers of RGB and
MS raw images were 445 and 846, respectively. In addition
to the UAV flights, GNSS surveying was performed on 11
GCP targets that were evenly installed over the entire field.
All GCP coordinates were surveyed twice using a differential

dual frequency GNSSmanufactured by V-Map (http://v-map
.net/). The averaged values of the surveyed coordinates at
each point were used as tie point constraints in Agisoft
Photoscan software to generate a georectified orthophoto
with the RGB platform. On the contrary, orthophotos from
the MS platform were generated using basic GNSS informa-
tion collected by the UAV itself. By coregistering the MS
orthophoto to the georectified RGB orthophoto coordinates,
we can generate the georectified MS orthophoto without per-
forming GNSS surveying. The GNSS surveying data were
additionally used to evaluate the accuracy of the coregistra-
tion results for the MS orthophoto. The RGB and MS ortho-
photo spatial resolutions are 1.04 and 1.96 cm, respectively.
The generated orthophotos from the RGB-MS dataset are
presented in Figure 3.

4. Experimental Results

To conduct the proposed coregistration approach for the
constructed datasets, we empirically set the required environ-
ments and parameters. For an efficient process, orthophotos
initially aligned by GNSS-tagging data were reduced to four
times their original size with an image pyramid-based resam-
pling method. For the RGB orthophoto from the first dataset,
a red-band image was selected to conduct the phase correla-
tion calculation with the TIR orthophoto. For the second
dataset, red-band images from both the RGB andMS datasets
were used for the phase correlation process. The local tem-
plate size was determined as 250 × 250 pixels with the same
interval (250 pixels) in both the x- and y- directions.
Extracted CPs with root mean square errors (RMSE) above
5 were removed from the CP set to estimate the affine trans-
formation coefficients.
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(a)

640700

3074000

3073950

3073900

3073800

3073750

3073850

640750 640800 640850
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Figure 3: Generated UAV-based orthophotos using the second dataset (WGS 84 UTM 14N): (a) RGB orthophoto and (b) MS orthophoto
(displayed with the NIR, R, and G compositions).
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4.1. RGB-TIR Dataset Coregistration Results. Based on the
experiments implemented with the chosen environments,
56 CPs were extracted in the RGB-TIR dataset. Due to
regularly selected template images, which are associated
with CP positions with the same interval, the CPs are
evenly distributed in the image. These CPs were used to
estimate the affine coefficients with which the TIR ortho-
photo was warped to the RGB orthophoto’s coordinates.
To visually inspect the performance of the proposed core-
gistration method, Figure 4 shows some parts of the

(a) (b)

Figure 4: A visual comparison of the coregistration results using the RGB-TIR dataset: (a) original orthophotos and (b) coregistered
orthophotos.

Table 5: Accuracy assessment before and after applying the
proposed coregistration approach to the RGB-TIR dataset.

CC NMI

Before coregistration 0.39 0.06

After coregistration 0.41 0.47
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overlaid RGB and TIR orthophotos. The RGB orthophoto
is displayed in the inset rectangle, and the TIR orthophoto
is displayed outside of the rectangle. Thus, with a visual
assessment of the coregistration, we are capable of verifying
the level of alignment between the rectangle boundaries.
We observe that misaligned linear features and building roofs
in the original orthophoto pair (Figure 4(a)) are prop-
erly aligned using the proposed coregistration approach
(Figure 4(b)).

To quantitatively evaluate coregistration performance,
we calculated representative similarity measures, i.e., corre-
lation coefficients (CC) and normalized mutual information
(NMI) values, between the original multisensor orthophotos
and the coregistered multisensor orthophotos. The CC esti-
mates a covariance-based similarity, and the NMI measures
a statistical correlation using joint entropy between two
images. Larger values correspond to a higher similarity
between images. The CC values for orthophotos Iref and
Itar are calculated with the following equation:

CC Iref , Itar =
σIref Itar

σIrefσItar
, 3

where σIref Itar denotes the covariance between the reference

(a) (b)

Figure 5: A visual comparison of the RGB-MS dataset coregistration results: (a) original orthophotos and (b) coregistered orthophotos.

Figure 6: An example of GCP target digitization used in the
registration accuracy assessment of the RGB-MS dataset.
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and target orthophotos, and σIref and σItar are the standard
deviations associated with each orthophoto. The NMI value
is defined as follows:

NMI Iref , Itar = H Iref +H Itar
H Iref , Itar

, 4

where H Iref and H Itar are the entropy of the reference
and target orthophotos, respectively, and H Iref , Itar is the
joint entropy of the two orthophotos.

The assessment yielded improved CC and NMI values
after applying the proposed approach (Table 5). Specifically,
NMI values significantly increased from 0.06 to 0.47 because
NMI is an effective index that measures the similarity
between multisensor images with dissimilar radiometric
properties. Therefore, visual and quantitative evaluations
confirm that the proposed approach effectively coregisters
RGB and TIR orthophotos.

4.2. RGB-MS Dataset Coregistration Results. For the RGB-MS
dataset, 389 CPs were extracted and evenly distributed in the
entire overlapping region. The affine coefficients were esti-
mated, and the MS orthophoto was transformed to the
RGB orthophoto coordinates using the constructed transfor-
mation model. Similar to the first dataset, we performed
visual inspection (Figure 5). Interior and exterior rectangles
represent the RGB and MS orthophotos, respectively. We
note that the MS orthophoto is displayed with the NIR, R,
and G color compositions. From Figure 5(b), we observe that
the rows of plants are precisely aligned at the boundary
between the rectangles with the application of the proposed
coregistration method. Additionally, we performed an abso-
lute quantitative assessment using GNSS survey data that
was performed on the GCP targets. After processing the cor-
egistration between the RGB and MS orthophotos, we man-
ually digitized the points located at the center of each GCP
target (e.g., marked with a yellow point in Figure 6). The
ground coordinates of the digitized points were then com-
pared with their GNSS survey coordinates to conduct the cor-
egistration accuracy assessment (Table 6). The overall RMSE
was 0.111m, which corresponds to approximately five pixels

in theMS orthophoto. This indicates that the proposed method
is able to provide high precision coregistration results in agri-
cultural fields that have similar repetitive crop patterns with
no artificial features, which poses a problem when searching
for reliable CPs with reasonable RMSE values. These results
are promising because the proposed approach enables the pre-
cise geometrical alignment of the multisensor orthophotos
without conducting GNSS surveying on the targets, which
is the most time-consuming and labor-intensive part of the
entire UAV surveying process.

5. Conclusions

This study proposed an automated coregistration approach
between UAV-based multisensor orthophotos. The phase
correlation approach was employed to coregister multisensor
orthophotos with the aid of GNSS-based navigation informa-
tion derived during UAV flight. Two different multisensor
datasets, composed, respectively, of RGB-thermal infrared
and RGB-multispectral platforms, were constructed to evalu-
ate the efficacy of the proposed method. Visual and quantita-
tive evaluations confirmed that the proposed approach yields
accurate coregistration performance for multisensor ortho-
photos without the need for GNSS surveying, which is the
most time-consuming and labor-intensive part of the entire
UAV surveying process. The overall RMSE for the RGB-MS
dataset was approximately 0.111m, which indicates that the
proposed method works properly on agricultural fields that
have similar repetitive crop patterns, especially areas that
pose problems for the extraction of reliable CPs. For future
work, we will analyze multitemporal datasets to improve
the robustness of the proposed approach. Furthermore, we
will exploit datasets constructed with a diverse combination
of multisensor orthophotos to further verify this approach.

Data Availability

The data used to support the findings of this study are
available from the corresponding author upon request.

Table 6: Accuracy assessment results after applying the proposed coregistration approach on the RGB-MS dataset.

ID Image_X (m) Image_Y (m) GNSS_X (m) GNSS_Y (m) Distance (m)

1 640,827.201 3,074,009.118 640,827.177 3,074,009.035 0.087

2 640,766.929 3,074,007.502 640,766.880 3,074,007.384 0.127

3 640,704.628 3,074,004.092 640,704.604 3,074,003.925 0.168

4 640,784.852 3,073,945.204 640,784.825 3,073,945.105 0.103

5 640,778.538 3,073,893.481 640,778.568 3,073,893.370 0.115

6 640,708.426 3,073,890.784 640,708.475 3,073,890.706 0.092

7 640,781.749 3,073,833.919 640,781.730 3,073,833.815 0.106

8 640,778.396 3,073,784.180 640,778.402 3,073,784.083 0.097

9 640,733.608 3,073,786.161 640,733.617 3,073,786.084 0.078

10 640,841.212 3,073,785.075 640,841.224 3,073,784.955 0.120

11 640,832.417 3,073,895.335 640,832.425 3,073,895.231 0.104

RMSE (m) 0.111
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Rural traffic network (RTN), as a complex network, plays a significant role in the field of resisting natural disasters and emergencies.
In this paper, we analyze the vulnerability of RTN via three traffic networkmodels (i.e., No-power TrafficNetworkModel (NTNM),
DistanceWeightTrafficNetworkModel (DWTNM), and Road LevelWeightTrafficNetworkModel (RLWTNM)). Firstly, based on
the complex network theory, RTN is constructed by using road mapping method, according to the topological features. Secondly,
Random Attack (RA) and Deliberate Attack (DA) strategies are used to analyze network vulnerability in three rural traffic network
models. By analyzing the attack tolerance of RTN under the condition of different attack patterns, we find that the road level weight
traffic network has a good performance to represent the vulnerability of RTN.

1. Introduction

Complex networks play an important role in real life. With
the development of China’s economy, the nationwide trans-
portation network has been continuously improved, and
more emphasis has been placed on the construction and
management of township, town, and county transportation
networks, and the overall goal of the construction of the “Four
GoodRural Roads” has been comprehensively promoted.The
improvement of Rural Traffic Network (RTN) can improve
the connectivity of urban traffic network and promote the
overall economic development. At present, the national
expressway and the dry line network are basically fixed,
and the depth of the urban road network is expanded by
continuously improving the RTN.

For the study of the network characteristics of complex
networks, V. Latora and M. Marchiori describe cost as
a measure of the cost (time, money, manpower, material
resources, etc.) needed to build a network, thereby analyz-
ing the results of economic development in weighted and
unweighted networks in the topology [1]. Ake J. Holmgren
models the network of the Northern European and Western
European power transmission networks, calculates the eigen-
values of the network topology, and compares its errors and
attack tolerance (structural vulnerability) [2]. P. Luathep, A.

Sumalee, and H. W. Ho propose a sensitivity analysis-based
approach to improve computational efficiency and allow
for large-scale applications of road network vulnerability
analysis [3]. J. Wu, Z. Gao, and others’ discovery of scale-
free characteristics are reported on the network constructed
from the real urban transit system data in Beijing. It is shown
that the connectivity distribution of the transit network
decays as a power-law, and the exponent 𝜆 is about equal
to 2.24 from the simulation graph [4]. A. Q. H. Tran and
A. Namatame have shown that some topological properties
of complex networks have a great impact on their stability.
This observation study aims to understand the organization
principle of these networks and the interaction between
topology and network dynamics [5]. R. M. May, S. A. Levin,
et al. mainly evaluated the reliability and vulnerability of the
network. The results showed that the failure of the network
caused by errors, interference of environmental conditions,
or attacks may lead to global economic losses and social order
destruction [6, 7]. O. Woolley-Meza, T. Verma, et al. have
studied the high socioeconomic costs of large-scale disasters
that interfere with global social and technological infrastruc-
tures (such asmobile and transport networks) and havemade
considerable efforts to understand how networks respond to
damage [8, 9]. X. Yang, A. Chen, B. Ning, et al.’s definition of
routes and route diversity and a solution algorithm based on
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characteristics of metro networks are described to calculate
the route diversity index and also develop the route diversity
index for measuring passenger route choice and network
vulnerability [10]. Q. H. Tran and Akira Namatame describe
the application of complex network analysis in theWorldwide
AviationNetwork (WAN) to clarify the hidden characteristics
of the network and provide insights on building stable
networks and improving network recovery capabilities [11].
M. Liu et al. developed a hierarchical model of road circuit
cluster formed at various granularity levels of road network
and proposed a vulnerability index to measure a series of
events in failure scenarios and the damage consequences
caused by these events [12]. Based on the complex network
theory, Li Chengbing et al. analyzed the complex traffic
network structure of urban agglomeration, constructed the
road-track complex traffic network model, and analyzed the
topological characteristics and vulnerability of the complex
traffic network [13]. In summary, the existing methods always
analyze the urban traffic network by using multiple models
without considering the property of roads, especially the
characteristics of rural traffic networks.

Generally speaking, the contributions of this paper are
twofold. Firstly, according to the characteristic of the present
rural traffic network in China, we build a proper rural rating
system, including National Road (G), Provincial Road (S),
County Road (X), Rural Road (Y), and Special Road (Z).
Secondly, three static networks (No-power Traffic Network
Model (NTNM), Distance Weight Traffic Network Model
(DWTNM), and Road Level Weight Traffic Network Model
(RLWTNM)) are modeled in order to explore the vulner-
ability of the RTN in Zhangwu in China. By employing
different attack patterns, we analyze the ability of three
constructed networks in maintaining their connectivity after
being attacked.

2. The Vulnerability Analysis of RTN

In this section, we analyze the vulnerability of RTN in
Zhangwu.The construction processes of three static networks
are introduced in Section 2.1. Section 2.2 gives the topological
feature analysis of the three networks. Section 2.3 implements
the vulnerability analysis by three networks under the condi-
tion of two kinds of attacks.

2.1. Rural Traffic Network Construction. The construction
methods of traffic network mainly include Road Mapping
Method (RMM) and Site Mapping Method (SMM) [14–16].
The RMM is road intersection to the node of the traffic
network according to the actual geographical location, and
the section connecting the intersection to the edge of the
traffic network; the SMM is road intersection to the edge
of the traffic network according to the actual geographical
location, and the section connecting the intersection to the
node of the traffic network. For the RTN, the SMM cannot
be used to connect the whole network well because some
township roads or village roads have no stations so that SMM
cannot express the connectivity of the traffic network. RMM
can reflect the characteristics of the RTN more intuitively.

All the intersections of the traffic network are the nodes
(N), and the lines connecting the nodes are the edges (M),
constructing a topology model of the RTN.

Three traffic network models are established based on the
actual situation of the existing rural traffic network. There
are few important infrastructure and economically developed
areas in rural transportation network, which is generally
the scope of People’s Daily travel activities, and the overall
transportation network has few special properties. Therefore,
the NTNM is established to analyze the characteristics of
the overall rural transportation network. The most obvious
measurement index of rural traffic network is distance factor,
so a DWTNM is established to further analyze the character-
istics of the overall rural traffic network. Considering the fact
that the current rural traffic network includes National Road,
Provincial Road, County Road, and Rural Road, a RLWTNM
is established to analyze the current situation of the rural
traffic network in a more specific way, which is more in line
with the actual application of the rural traffic network, and
the analysis results aremore accurate (the weight of road level
is set according to China’s highway engineering technical
standards (JTG B01-2014)).

(1) No-Power Traffic Network Model (NTNM). All road
networks exist in the study area; there is noweight on the road
side; roads are restricted without direction, constructing the
NTNM.

(2) Distance Weight Traffic Network Model (DWTNM). Based
on NTNM, considering the influence of the spatial distance
on the traffic, the longer walking time of the road affects the
traffic efficiency. The traffic network is weighted by the actual
spatial distance; the road traffic has no direction restriction,
constructing the DWTNM.

(3) Road LevelWeight TrafficNetworkModel (RLWTNM).The
traffic road network is classified to five categories according to
the road administrative level, which are divided into National
Road (G), Provincial Road (S), County Road (X), Rural Road
(Y), and Special Road (Z). Considering the RTN integrity,
the Special Roads are exclusively used for factories, mines,
forests, farms, oil fields, tourist areas, military sites, etc.
Special Roads are built, maintained, and managed by special
units that may cover National Road, Provincial Road, County
Road, and Rural Road. Therefore, instead of using Special
Roads in this study, Village Roads (C) are used to improve
the overall traffic network. According to the traffic volume,
task, and nature of China’s highway engineering technical
standards (JTG B01-2014), different levels of traffic network
have different annual average daily traffic volume (ADT).
National Road is a highway connecting important political,
economic, and cultural centers. It can generally adapt to
ADT = 15,000-55,000 vehicles; Provincial Road is the trunk
highway connecting the political and economic center or
large industrial and mining areas. It can generally adapt to
ADT = 3000-7500 vehicles; County Road is a branch road
linking county or above cities, which can adapt to ADT =
1000-4000 vehicles; Rural Road and Village Road are branch
roads connecting counties or towns and townships, which
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Table 1: Road level weight value.

Road level National Road
(G)

Provincial
Road (S)

County Road
(X)

Rural Road
(Y)

Village Road
(C)

Weight 0.4 0.3 0.2 0.05 0.05

can adapt to ADT less than 1500 vehicles. So the weights of
different levels of traffic network are set as shown in Table 1
(which meets the criterion of weights sum of 1).

Assume that RTN construction is defined as 𝐺 = (𝑉, 𝐸),
where 𝑉 = {V1, V2, V3, ⋅ ⋅ ⋅ , V𝑛}is a set of all road nodes; 𝐸 =

{(V𝑖, V𝑗)|V𝑖, V𝑗 ∈ 𝑉 and 𝑖 ̸= 𝑗} represent the traffic network
edge. The weighting matrix𝑊 is defined with the number of
road nodes as the size of 𝑁 × 𝑁. 𝑉𝑖 and 𝑉𝑗 are any nodes in
the road network, respectively; the adjacency matrix of graph𝐺 = (𝑉, 𝐸) is 𝐴 = (𝑎𝑖𝑗)𝑛×𝑛, and it is defined as follows:

𝑎𝑖𝑗 = {{{
𝑊𝑖𝑗 𝑉𝑖 is directly connected to V𝑗 (Use weight to indicate liquidity)
0 Not directly connected

(1)

2.2. Topological Characteristics Analysis. Currently, it is dif-
ficult to evaluate the vulnerability with a universal metric.
A proper way to quantify the vulnerability of a network
should be designed based on the demand of a real-world
system.Therefore, considering the commuting efficiency and
the underlying network structure, we use three evaluation
metrics to estimate the vulnerability of RTN. The three
metrics include average distribution, clustering coefficient,
and average path length. The definitions of the three metrics
are given as follows.

(1) Average Distribution. At present, many complex networks
have a heterogeneous topology phenomenon; that is, some
network nodes have a very large number of edges connected,
but most network nodes only connect several edges. The
degree 𝑘𝑖 represents the number of connection edges of the
network node 𝑖, and the network node degree is characterized
by a distribution function 𝑃(𝑘), which gives a probability that
the randomly selected network node has 𝑘 edges. Thus, for
a large value 𝑘, the degree distribution is as follows: 𝑃(𝑘) ∼𝑘−𝛾(𝑖𝑓 𝑘 → ∞,𝑃(𝑘)/𝑘−𝛾 → 1). Therefore, the average
distribution of RTN graphics is

⟨𝑘⟩ = 2𝑀𝑁 (2)

where𝑁 is the number of road nodes and𝑀 is the number
of road links between road nodes.

(2) Clustering Coefficient. Many complex networks now show
a tendency to cluster. In social networks, this represents a
circle of friends that each member knows about each other.
The meaning of the clustering coefficient is to express the
local attribute of the triangle “density” in the captured graph.
The two vertices connected to the third vertex are also
directly connected to each other. The degree 𝑘𝑖 of node 𝑖
in the network simultaneously expresses 𝑘𝑖 neighbor nodes.
The maximum number of edges between neighbor nodes is( 𝑘𝑖
2
) = 𝑘𝑖(𝑘𝑖 − 1)/2. The clustering coefficient 𝐶𝑖 of the

network node 𝑖: the ratio of the number of edges𝑀𝑖 actually
existing between the 𝑘𝑖 neighbor nodes to the maximum

number of edges is 𝐶𝑖 = 2𝑀𝑖/𝑘𝑖(𝑘𝑖 − 1). The clustering
coefficient of the entire network is

𝐶 = ( 1𝑁∑
𝑖

𝐶𝑖) (3)

𝐶 = 0 indicates that all nodes are isolated nodes; 𝐶 = 1
indicates that the network is globally coupled; that is, any two
nodes are connected.

(3) Average Path Length. The average path length, represented
as ℓ, refers to the average distance between a pair of nodes in
the giant component. It is defined as follows:

ℓ = ⟨ℓ𝑖𝑗⟩ = [[
1𝑁 (𝑁 − 1) ∑𝑖 ̸=𝑗∈𝑉ℓ𝑖𝑗]]

(4)

where ℓ𝑖𝑗 is the distance between nodes 𝑖 and 𝑗 in a network.
In particular, ℓ𝑖𝑗 is equal to finite value only if the 𝑖 and 𝑗 both
exist in the giant component. A short average path length
means a high effective connectivity of RTN.

2.3. �e Vulnerability Analysis of RTN. At present, domestic
and foreign research scholars have no clear concept of
vulnerability, and some scholars will combine the words of
vulnerability, stability, and risk. Combined with the current
research conclusions, the road network suffers from the unex-
pected external events, resulting in the loss of the use of some
road nodes and road sections, resulting in the redistribution
of load within the road network. The nature of the ability to
resume normal traffic is vulnerability. Therefore, each road
node and road section in the transportation network have
different traffic levels, and the vulnerability analysis of the
traffic network needs to consider the overall network (global
analysis). The traffic level at the time of no accidents is taken
as the initial value, and the traffic volume is redistributed at
the fastest speed after the accident. The traffic level after the
traffic returns to normal operation is used as a vulnerability
analysis value compared with the initial value to analyze the
severity of the vulnerability.
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(a) (b)

Figure 1: Traffic network structure diagram of the experimental area ((a) traffic network containing nodes; (b) traffic network road level).

Table 2: Detailed parameters of the traffic network model.

Traffic
Network
Model

Nodes
number (N)

Links
number (M)

Average
degree (K)

Clustering
coefficient

(C)

Average path
length (L)

Network
efficiency (E)

NTNM 1840 2054 2.177 0.031 25.836 0.039
DWTNM 1840 2054 2.177 0.031 41.181 0.024
RLWTNM 1840 2054 2.177 0.031 15.203 0.066

Based on the research in this paper, 𝑁 is the num-
ber of road nodes in the overall road network. The road
length between road nodes 𝑖 and 𝑗 is 𝑑𝑖𝑗, and ℓ𝑖𝑗 is the
shortest path length from node 𝑖 to 𝑗. That is, ℓ𝑖𝑗 =
min𝑉(𝑖,𝑗)𝑑𝑖𝑗(𝑑𝑖→𝑗 = 𝑑𝑗→𝑖, ℓ𝑖→𝑗 = ℓ𝑗→𝑖 = ℓ𝑖𝑗); therefore, the
road network efficiency between road nodes 𝑖 and 𝑗 is defined
as

𝜀𝑖𝑗 = 1ℓ𝑖𝑗 (5)

Under the overall analysis of the traffic network, consider the
efficiency of all networks:

𝐸 = 1𝑁 (𝑁 − 1)∑𝑖 ̸=𝑗𝜀𝑖𝑗 =
1𝑁 (𝑁 − 1)∑𝑖 ̸=𝑗

1ℓ𝑖𝑗 (6)

Considering the occurrence of an unexpected event, 𝐸0
is the initial efficiency of the initial network traffic state,𝐸𝑖 is the efficiency of the traffic state after the accident,
and 𝐷 is the difference between the efficiencies of the
traffic network before and after; that is, the traffic network
vulnerability:

𝐷 = 𝐸𝑖 − 𝐸0𝐸0 × 100 (7)

The result is a dynamic response to the failure of the
entire network system, and how the location of the fault
propagates as well as the consequences for the entire traffic
network.

3. Experimental Data Analysis

3.1. Experimental Data and Statistical Characteristics.
Zhangwu County, which is affiliated to Fuxin City, Liaoning
Province, is located in the northwestern part of Liaoning
Province, with a total area of 3,641 square kilometers. Among
them, three National Roads pass through the county; the
actual mileage is 250 kilometers; there are two Provincial
Roads; the actual mileage is 169 kilometers, and the total
mileage of the county’s transportation network is 2875
kilometers as shown in Figure 1.

3.2. Statistical Analysis of Traffic Network. We use the afore-
mentioned method in Zhangwu rural road network to build
up a topological model. By Matlab and Pajek software, the
basic topological characteristics of three models are obtained,
as shown in Table 2.

In Table 2, the number of network edges is 2054, and the
number of nodes is 1840. The average value of the vertex
degree is 2.1766, which shows that the intersections aremostly
connected with 3 or 4. The average path length of RLWTNM
is 15.203. It shows that the rural roads account for a large
proportion of Rural Roads, mostly broken roads, and the
road network connection relationship is relatively simple;
the distribution of traffic network degree and the probability
distribution of the node degree are shown in Figures 2 and
3, respectively. As shown in Table 2, the clustering coefficient
of the RTN is C=0.0313. Generally speaking, there are fewer
connecting lines between road nodes in the RTN; thus the
overall accessibility is poor, and the degree of grouping is not
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Figure 3: Probability distribution of traffic network degree.

high; by comparing the average shortest path lengths of the
three traffic network models, the average shortest path length
of the DWTNM has the best performance, indicating that
the RTN connectivity is relatively poor. The average shortest
path length of the RLWTNM is the smallest, indicating that
the RTN connectivity is relatively good; the RLWTNM has
the highest efficiency value of the whole network. Comparing
with the other two traffic network models, different road
levels in the RTN have different traffic carrying capacity and
usage efficiency.

3.3. Analysis of Two Attack Strategies for RTN. In this paper,
we use two attack strategies: Random Attacks (RA) and
Deliberate Attacks (DA). Based on the RTN structure, there
is no protection measure, and the attack cost and capacity
limitation are not considered. When an attack is completed,
the attacked road node can be invalidated, and the connected
road link is disconnected; the road node is deleted, and the

connected road link is deleted. RA randomly selects road
nodes for attack each time until all road nodes have finished
attacking. DA selects attack strategies, which are based on
node-first attack strategies with high efficiency until the road
nodes are attacked.

(1) Random Attacks (RA). The road vulnerability computed
by NTNM is shown in Figure 4(a), and the highest vulnera-
bility value is generated when the 50th road node is randomly
attacked; the vulnerability of the DWTNM is shown in
Figure 4(b). The vulnerability value of the entire RTN varies
with the increase of the distance weight. Compared with
the NTNM, the vulnerability value of the overall RTN has
increased; the vulnerability of the RLWTNM is shown in
Figure 4(c). The traffic network with road level weights
constraint improves the efficiency and carrying capacity of
high-level road networks. Compared with the NTNM, the
trend of vulnerability changes is basically the same, but
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Figure 4: Random Attack traffic network ((a) NTNM; (b) DWTNM; (c) RLWTNM; (d) three traffic network model comparison graphs).

the road node vulnerability of high-level road networks is
enhanced. As shown in Figure 4(d), the three traffic network
models show that the vulnerability value calculated by the
DWTNMchanges greatly, and the value of the RLWTNMhas
a large contrast.

(2) Deliberate Attacks (DA). Figures 5(a)–5(c) show the
vulnerability calculated from the RTN. The three traffic
network models have the same trend, and the attacks are
performed in descending order of the link efficiency. The
higher the efficiency, the greater the vulnerability of the road
link. Traffic links with high vulnerability and high risk needs
to be maintained.

In Figure 5(d), the slope of the vulnerability curve of
the RLWTNM is higher than the other two traffic network
models. In line with the actual traffic conditions, when
the important road sections fail, it will quickly lead to the
overall RTN. The vulnerability of different levels in actual
traffic networks is different. The utilization rate and carrying
capacity of high-level road networks are relatively high, and
they also have high vulnerability.

3.4. Vulnerability Analysis of RTN. With the topological
statistics, the vulnerability of traffic networks can be learned
from the decline of their performance compared to the
initial state. Different network characteristics can be used
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Figure 5: Deliberate Attack traffic network ((a) NTNM; (b) DWTNM; (c) RLWTNM; (d) three traffic network model comparison graphs).

for describing the performance of network. In this section,
we analyze the vulnerability of RTN via those three models,
as described in Figure 6. The results of the vulnerability
analysis of the traffic network in the experimental area
show the following. In the traffic network constructed by
the NTNM, the most vulnerable link of the experimental
area is shown in Figure 6(a). The constructed traffic network
is based on the theoretical model of European space. The
highly vulnerable road link is generated by the high effi-
ciency of the theoretical road link, so the location of the
vulnerable link is deviated from the actual traffic situation.
In the traffic network constructed by the DWTNM, the
most vulnerable link of the experimental area is shown in

Figure 6(b). The weight assignment of the RTN is based
on the length of the actual distance, so the road link with
high vulnerability is caused by the actual distance length.
In the traffic network constructed by the RLWTNM, the
most vulnerable link of the experimental area is shown
in Figure 6(c). The constructed traffic network divides the
weight value according to the road level, and the high-level
road link has a higher utilization rate and a higher relative
weight assignment. Therefore, the highly vulnerable road
links are distributed on the National Road, G101 Jingshen
Line; and the utilization rate is high and the bearing capacity
is strong, which is in line with the actual traffic condi-
tions.
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Figure 6: The severe traffic link of the RTN in the experimental area ((a) NTNM; (b) DWTNM; (c) RLWTNM).

4. Conclusion

Based on the existing complex network theory, this paper
constructs the No-power Traffic Network Model (NTNM),
the Distance Weight Traffic Network Model (DWTNM), and
the Road Level Weight Traffic Network Model (RLWTNM).
By analyzing the distribution results of the Rural Traffic
Network (RTN), the traffic network of Zhangwu County
showed no scale phenomenon. The three types of traffic
network models were attacked by two kinds of manners in
order to analyze the vulnerability. The results show that the

average degree of the three traffic network models is 2.1766,
and the overall trend of single link connection is relatively
simple. The clustering coefficient is 0.0313, indicating the
poor accessibility of the transportation network in Zhangwu.
The average path length of the Road Level Weight Traffic
Network Model is 15.2032, and the median value of the
three models is the minimum. It is most suitable to analyze
the actual traffic network of Zhangwu county (the actual
traffic network of Zhangwu county is not as bad as the
other two models). The road network efficiency of the
Road Level Weight Traffic Network Model is 0.0658, and
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the median value of the three models is the largest, which
better reflects the actual application efficiency of the traffic
network in Zhangwu county. The Road Level Weight Traffic
Network Model of Zhangwu county reflects the actual traffic
situation more, and the road links with high vulnerability
were analyzed on the high-level traffic network (National
Road, G101 Jingshen Line). It is necessary to take protective
measures for high-vulnerability road links, which prevented
natural disasters or unexpected events from affecting traffic.
In the future, we would consider more factors that affect the
Rural Traffic Network and optimize the expansion direction
of the Rural Traffic Network.

Data Availability

The Zhangwu County Traffic Network data used to support
the findings of this study have not been made available
because the original road network data is the traffic situation
of the real county location in China, and it is real and effective
reality data. It can reflect the real data of China’s geographical
location. Therefore, it cannot be made public. However, the
results of the later results can be referenced and applied.
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Thaw slumps are well-developed within a 10 km wide zone along the Qinghai-Tibet engineering corridor, especially along the
Qinghai-Tibet highway and railway. Previous studies have focused on thaw slump instability such as its origin development,
headwall retrogression rate, failure scale, and thermal regime, yet the intrinsic dynamic process of surface movement is relatively
less known. In this study, we used InSAR based on the L-band ALOS PALSAR images acquired from January 2007 to October
2010 to investigate the distribution of thaw-induced slope failures containing retrogressive thaw slumps and active layer
detachment failures along the Qinghai-Tibet highway (QTH). Our InSAR analysis reveals that the maximum annual average
sedimentation rates are even up to -35mm·yr−1 in the slope direction to the K3035 thaw slump, and the K3035W active layer
detachment failure developed on the west side of K3035. The distribution, failure extent, and stability of the slope failures
obtained by our InSAR analysis all agree well with the field investigations. Our study illustrates that InSAR is an effective tool
for studying the distribution and processes of the thaw slump-derived thermokarst and provides useful references for evaluating
permafrost degradation in response to climate warming and external disturbance on the Qinghai-Tibet plateau.

1. Introduction

Permafrost degradation is an important indicator of global
warming, which has drawn considerable attention in recent
decades. Global warming over the last century and further
warming in the following long period of time are an indisput-
able fact according to the Intergovernmental Panel on
Climate Change Fourth Assessment Report (IPCC AR4,
Acquired from IPCC Report: https://www.ipcc.ch/reports/)
[1]. Qinghai-Tibet plateau (QTP) permafrost is characterized
by low-middle latitude, high altitude, and high ground tem-
perature compared to polar permafrost which seems to be
more susceptible and vulnerable to climate change and
external disturbance [2]. Under climatic and human-
induced disturbance, plateau permafrost has been undergo-
ing strong warming and degradation. Thermokarst land-
forms are important indicators of permafrost degradation,
which result from the thawing of ice-rich permafrost or melt-
ing of massive ground ice followed by surface subsidence

results in irregular, depressed landforms. Generally, thermo-
karst landforms can be divided into dozens of types such as
retrogression thaw slumps, active layer detachment slides,
thermal erosion gully, depressions, ice grotto, ice tower, and
thermokarst lakes [3]. Thermokarst landforms are common
in permafrost regions of the QTP. Temporal dynamics and
spatial variability of thermokarst landforms have a strong
impact on hydrologic conditions, ecosystems, ground-air
carbon exchange, and human infrastructures. However,
thermokarst landforms on the QTP, especially nonlake ones,
are seldom studied and poorly understood [4].

Thaw slump is one of the most typical and damaging
nonlake thermokarst landscape in the QTP. On the one
hand, it has a great impact on the cold region environment,
resulting in partial melting of permafrost even wear. Mean-
while, the lateral thermal erosion of the thaw slump will lead
to deepen the permafrost thaw depth. On the other hand, it
has serious damage to infrastructure projects in the QTP,
especially for the large Qinghai-Tibet railway (QTR) and
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QTH, which caused uneven subsidence near the embank-
ment and the embankment toe slip tread. Therefore, in order
to avoid potential geohazards, it is urgent to investigate the
distributions and dynamics processes of the thaw slump.

Previous investigation on thaw slump mostly reply on in
situ observations, including spirit leveling, GPS, and bore-
holes [5], and only focused on instability such as its origin
development, headwall retrogression rate, failure scale, and
thermal regime in the local area, yet the long-term intrinsic
dynamic process of surface movement and the eventual
stabilization in the regional scale are relatively less known.
Liu et al. have successfully applied Interferometric Synthetic
Aperture Radar (InSAR) to map localized thermokarst
subsidence trends at a thermokarst landform from 2006
to 2010, which are induced by constructing a pipeline
access road [4]. So InSAR is an effective tool for mapping
and studying thermokarst processes at both local and
regional spatial scales.

The objectives are as follows: (1) to validate and investi-
gate the distributions and active level of the thaw-induced
slope failures with field observations; (2) to quantify spatial-
temporal variability in surface deformation at K3035 and
K3035W thaw slumps from 2007 to 2010; and (3) to extend
time series InSAR application to map and study thaw slumps
in the QTP, which have not been well investigated in
previous studies.

2. Methods

2.1. Study Area. Considering available ground-based mea-
surements, our study area is located in a 10 km wide zone
along the QTH in the Beiluhe basin region; it extends from
92°56′ to 93°02′E and from 34°56′ to 35°02′N. In a regional

setting, this area is mainly underlain by continuous per-
mafrost [6]. The Beiluhe basin region is relatively flat;
most elevations distributed between 4500 and 4700m.
The average air temperature is about −5.2°С, where the
maximum low and high air temperature reach approxi-
mately −38°С and 23°С, respectively, and the frozen period
is from September to April. The mean annual ground
temperatures are from -2.0 to -0.5°С, and the thickness
of the active layer is from 1.5 to 2.0m [7]. Compared with
the scarce precipitation (approximately 290.0mm·yr−1),
evaporation is much higher (approximately 1316.9mm·yr−1),
resulting in arid conditions characterized by a negative water
budget [5, 8, 9].

Thermokarst landforms, especially thaw-induced slope
failures, are well-developed in the Beiluhe basin region.
Thaw-induced slope failures are usually initiated by a reduc-
tion in shear strength of ice-rich sediments in sloping terrain
[10]. Slope failures have two major categories; one is the
retrogressive thaw slump and another is the thaw-induced
shallow landslides. Retrogressive thaw slumps are usually
triggered by the thaw of exposed massive ice, which leads to
the development of a steep frozen head scarp that recedes
with additional thaw of ice-rich material, while thaw-
induced landslides commonly occur when high pore water
pressures develop at the permafrost table as a result of excess
water release from the thaw of ice-rich permafrost [7, 11].

According to previous field investigations, there are
25 slope failures within our study area, wherein a part
of slope failures was in a stable state [5]. In this study,
we focus on the typical K3035 slope failures (location:
34°59′N, 92°58′E), which are located at K3035 mileage
of the QTH (see Figure 1). It extends from 92°56′ to
93°2′E and from 34°56′ to 35°02′N.
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Figure 1: (a) The sensing image of the study area, produced with Landsat image by using ArcGIS. The black solid rectangle and black point
represent the study area and the K3035 thaw slump site. The red solid line indicates the Qinghai-Tibet highway (QTH). (b) Photographs of
the K3035 thaw slump on August 2011 from [5].
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The formation of the K3035 thaw slump was triggered
by digging for pavement material of the QTH in 1992. The
digging slope toe blocked the normal thermal equilibrium
and resulted in underground ice directly exposed at the
surface and permafrost melting. In addition, the under-
ground ice provides a good sliding surface. The saturated
clay soil losing freeze strength can easily form slump
between the ice surface and the clay soil underwater lubri-
cation. Currently, it has formed a 117m long and 86m
wide thaw slumping zone. Based on field observation and
aerial photographs taken in 2006 and 2010, the thaw
slump was still developing [5].

2.2. SBAS and Datasets. In this section, we review the funda-
mental concepts behind the SBAS algorithm. An exhaustive
description of the SBAS algorithm can be referenced in
Berardino et al. [12]. This technique is based on the com-
bination of multiple differential interferograms, which is a
postprocessing algorithm to generate the date by date dis-
placements and the mean deformation velocity [13].

Let us start by assuming a set of single-look complex SAR
images acquired by the same satellite over the same area; the
imaging time was t0,… , tN−1; K interferograms are gener-
ated with small temporal and spatial baselines to suppress
spatial decorrelation and the residual phase. The differential
phase for a generic coherent pixel in the interferogram,
generated by combining SAR acquisitions at times, can be
expressed in

δϕj = A ·
v

Δh
+N 1

In formula (1),

A ·
v

Δh
= 4π

λ
d tB − d tA + 4π

λ

B⊥j

r sin θ
Δh,

N = 4π
λ

dAPS tB − dAPS tA + nj,

d = v · t,

2

where v is the deformation rate, λ is the transmitted radar
wavelength, ϕ tB and ϕ tA are the phases corresponding
to the times tB and tA, respectively, and d tB and d tA are
the radar line of sight projections of the cumulative deforma-
tion at tB and tA with respect to the first scene t0 assumed as a
reference. Δh is the DEM residuals, which is proportional to
the perpendicular baseline for each interferogram B⊥j, θ, is
radar satellite look angle. dAPS tB and dAPS tA are the
possible atmospheric delay signal corresponding to the times
tB and tA, respectively. Other unknown decorrelation effects
and noise sources are included in nj.

The following step is to implement the SBAS inver-
sion, retrieving the estimate of the displacement rate and
the residual topography. Usually, three main different fit-
ting models can be considered: linear, quadratic, and
cubic. The most robust inversion model is the linear

model; the other models need high coherent interfero-
grams to provide reliable results. Typically, without any a
priori knowledge on the displacement behavior, the best
choice is to choose the linear model. In this study, we
chose the linear model to inverse the deformation param-
eters and the height residuals. Then the atmospheric
artifacts are mitigated through high-pass filtering in the
temporal domain and low-pass filtering in the spatial
domain [14, 15]. In the end, SBAS uses the singular value
decomposition (SVD) approach based on a minimum
norm criterion of the deformation rate to derive time
series deformation measurements.

A total of 21 L-band ALOS PALSAR images acquired
with ascending orbit from January 2007 to October 2010
were used in this study. The SAR data were obtained from
the Japan Aerospace Exploration Agency (JAXA), collected
with a nominal radar look angle of 34°. Only the HH channel
from two fine modes was used for interferometric processing
after the FBS data were doubly downsampled in range
direction, as listed in Table 1. Compared to other C or X
band satellite images, L band ALOS PALSAR penetrates
better, which formed high-quality interferograms. Besides
the SAR datasets, an accurate reference digital elevation
model (DEM), in an ellipsoidal reference system, is needed
before going on with the differential processing. We used a
DEM to remove the topographic contribution to the inter-
ferograms and in geocoding the results (transforming
Range-Doppler coordinates into Universal Transverse
Mercator map geometry system). If a better DEM is not
available, the free shuttle radar topography mission (SRTM)
from the United States Geological Survey (USGS) can be
used. In this study, we used the 3-arcsecond (~90m)
SRTM, which has a posting 90m and a vertical accuracy
of 16m. In data processing, we oversampled the DEM to
a posting of 25m to match the interferograms. To improve
the signal-to-noise ratio (SNR), all the interferograms were
multilooked by the factors of 1 and 5 along the range and
azimuth directions, respectively. The ground range pixel
dimensions of the resulting products are therefore about
16 × 16m in the range and azimuth directions.

Table 1: ALOS PALSAR data used in this study.

No.
Acquisition time
(yy/mm/dd)

No.
Acquisition time
(yy/mm/dd)

1 2007-01-07 12 2008-10-22

2 2007-03-04 13 2009-01-22

3 2007-07-20 14 2009-03-09

4 2007-09-04 15 2009-07-25

5 2007-10-20 16 2009-09-09

6 2008-01-20 17 2009-10-25

7 2008-03-06 18 2010-01-25

8 2008-04-21 19 2010-07-28

9 2008-06-06 20 2010-09-12

10 2008-07-22 21 2010-10-28

11 2008-09-06
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3. Results

SBAS analysis using temporal baseline smaller than 10
months and spatial baseline smaller than 3500m was based
on 21 PALSAR images from January 2007 to October 2010.
This analysis identified 15 master and 78 candidate SAR
image pairs. After manual inspection, 11 low-quality inter-
ferograms (large phase discontinuities and low coherence)
were identified and discarded, which could significantly
decrease the precision in the subsequent parameter estima-
tion (e.g., displacements, DEM residuals, and atmospheric

artifacts). 67 interferograms were used for further deforma-
tion estimation and time series analysis. The final interfer-
ogram network shows that all the pairs are in one subset
(see Figure 2).

As no ground control points are available in this area, a
high coherent point in a stable region was chosen as a refer-
ence and marked by the black triangle in Figure 3(a). Since
the thaw slump deformation mainly occurs along the slope
direction, the SBAS-derived deformation was transformed
from the line of sight (LOS) into the slope direction. The
SBAS-derived mean surface displacement rate along the
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Figure 2: The temporal and spatial baselines of the formed SBAS interferograms. One dataset acquired on 4 September 2007 (yellow dot in
the graphs) had been chosen as the super master.
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Figure 3: (a) SBAS-derived mean displacement velocity map over the study area in slope direction based on the reference point (marked by
the black triangle). A, B, C, and D indicate four feature points in different kinds of deformation zone for the time series analysis. The solid and
dotted lines mark the QTH and QTR; the yellow star represents the K3035 thaw slump site. (b) The Google Earth image of the study area. The
red stars mark the K3035 and K3035W thaw slump sites, respectively.
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slope over K3035 thaw slump site is illustrated in Figure 3(a).
The negative sign of the deformation rate stands for an
increasing distance with time away from the satellite (e.g.,
subsidence), whereas the positive sign of the deformation
rate stands for a decreasing distance with time towards the
satellite (e.g., uplift). It can be observed in Figure 3(a) that
there are two larger settlement areas in our study. Point A
(34°59.38′N, 92°58.88′E) is located in K3035 thaw slump
central area, less than 100 meters away from QTH, in which
the surface motion along the slope reaches -35mm·yr−1. It
can be found that the deformation induced from thaw
slumping has been extended to another side of the QTH.
Point B (34°59.16′N, 92°59.06′E) is located in another side
of the QTH, in which the surface motion along the slope
reaches -30mm·yr−1. Point C (35°4.13′N, 92°58.12′E) is
located in the K3035W active layer detachment failure
site, in which the surface motion along the slope reaches
-35mm·yr−1. Point D (34°59.09′N, 92°58.24′E) is located
in a relatively stable area, in which the surface motion
was primarily in the range of −5mm·yr−1 to 5mm·yr−1 in
the observation period (from January 2007 to October
2010). Compared to the field observation and aerial photo-
graphs taken in 2006 and 2010 [5], the estimated subsi-
dence center location, failure scale obtained by our InSAR
analysis all agree well with the development of the K3035
thaw slump.

The total time series deformation of the study area is
presented in Figure 4. The spatial-temporal changes of the
thaw slump in the period from January 2007 to October
2010 can be seen. We also observe that the areal extent and
the mean rate of the thaw slump were increasing for the
period from January 2007 to October 2010. In addition, the

time series of four feature points (A, B, C, and D in
Figure 3) was further analyzed and the results are illustrated
in Figures 5(a)–5(d), respectively, and simultaneously, four
trend lines were added to reflect the deformation tendency
of these feature points. From Figure 5(a), the cumulative
deformation of point A has exceeded 140mm in the period
from January 2007 to October 2010. That is to say, the thaw
slump continued to develop. From Figure 5(b), although
there is a seasonal fluctuation (uplifting from October to
April and sinking from April to October), it is shown that
there is a sinking tendency of point B and the cumulative
deformation has exceeded 120mm by combing the time
series curve and trend line. As we know, point B is located
in another side of the QTH, which meant that in this location
there is instability.

Wang et al. have monitored a thaw slump of the QTP and
analyzed the solifluction creep characteristics. The results
show that, due to the reduction of the buffering effects of
the active layer on heat transfer influenced by thaw slump,
the ablation of underlying ice-rich permafrost is increasing
and also brings about the increase of the thaw settlement
[16]. According to preliminary inference, this phenomenon
may be caused by the heat conduction effect of the thaw
slump, but the real fact needs further verification. Point C
is located in the central area of another thaw slump we found
in this study. The location of thaw slump was verified by
an optical image from Google Earth image. Obviously,
Figure 5(c) shows the same seasonal fluctuation as B, but
the cumulative deformation of point C, whose tendency
is subsiding, has exceeded 100mm according to its trend
line and time series analysis. In addition, it is clearly found
that this newfound thaw slump was developing fast from

−14 −10 −6 −2 2 6 10 14

Figure 4: Time series deformation maps of the study area, with the observed date labeled at the top of each subplot.
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Figure 4. Point D is located in a relatively stable area, in
which cumulative deformation was no more than 20mm
in the observation period (see Figure 5(d)).

4. Discussion

Slope failures are common in permafrost regions of the QTP,
especially during human activities and construction of large-
scale projects, e.g., QTH, QTR. In this study, we investigated
the distribution of thaw-induced slope failures and analyzed
the temporal dynamics and spatial variability of the K3035
and K3035W thaw slumps along the Qinghai-Tibet highway
(QTH) in the Beiluhe section based on SBAS method. To val-
idate the reliability of the results, we compare the results from
the previous study and analyze the causes of thaw slumping.

A total of 33 slope failures were identified by InSAR in the
study area (Figure 6). Of these, twenty-five slope failures
whether the location distributions or the level of activity were
consistent with the field observations; eight slope failures
need further verification. Eleven black circles represent inac-
tive slope failures; fourteen red crosshairs mark the still active
landslides; eight red triangles are slope failures which need to
be verified; the yellow rectangle represents the position of the
K3035 and K3035W thaw slumps. In addition, we focus on
analyzing the temporal dynamics and spatial variability of
the K3035 thaw-induced slope failures, which is the retro-
gressive thaw slump developed at Kilometer Post K3035.
Previous studies of the K3035 thaw slump focused on its
headwall retrogression rate, thermal regime, and stability.
The thaw slump was initialed by the digging for pavement
material of the QTH in 1992. The thaw of exposed massive

ice leads to the development of a steep frozen head scarp that
recedes with additional thaw of ice-rich material. Niu et al.
have done years of field observation (ground temperature
measured and boreholes) on the K3035 thaw slump. They
found that during the initial years from 1992 to 2000, the
retrogression rate of the thaw slump was fast, with an average
retrogression rate of the headwall about 11mm·yr−1; from
2000 to 2002, the headwall retrogression rate was about
4.5m·yr−1; the headwall retrogression rate has slowed down
in recent years after 2002 [5, 7, 17].

5. Conclusions

This paper has demonstrated the capability of the small
baseline InSAR technique for monitoring active thaw slump
processes and offers new insights on permafrost degradation
on slopes in response to external disturbance. It is suggested
that this technique could be also used on a continuous basis
to monitor other kinds of thermokarst process (active layer
detachment slides, thermal erosion gully, etc.) and hazard
along the Qinghai-Tibet engineering corridor.

Our InSAR analysis focused on the dynamics of the thaw
slump, which is a complement to previous studies by Niu
et al. Overall, we draw the following conclusions:

(1) It is proved that InSAR is an effective tool for detect-
ing the location distribution and processes of the
thaw slump-derived thermokarst

(2) Time series SBAS results can detect the active level of
the thaw slumps
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Figure 5: Displacement history for the four typical points (A, B, C, and D marked in Figure 3), and dash lines are the trend line of those
points, which show tendency of their deformation.
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(3) Quantify spatial-temporal changes of the K3035 and
K3035W thaw slumps during the period from 1992
to 2000 using SBAS

(4) It is found that there was relative large subsidence
onto the other side of the QTH at K3035 thaw slump,
which may be resulted from a mixture of mudflows
or water flows induced from thaw slump through
road culvert
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More and more synthetic aperture radar (SAR) satellites in orbit provide abundant data for remote sensing applications. In August
2016, China launched a new Earth observation SAR satellite, Gaofen-3 (GF-3). In this paper, we utilize a small stack of GF-3
differential interferograms to map land subsidence in Beijing (China) using the time-series SAR interferometry (InSAR)
technique. The small stack of differential interferograms is generated with 5 GF-3 SAR images from March 2017 to January
2018. Orbit errors are carefully addressed and removed during differential InSAR (DInSAR) processing. Truncated singular-
value decomposition (TSVD) is applied to strengthen the robustness of deformation rate estimation. To validate the results of
GF-3 data, an additional deformation measurement using 26 Sentinel-1B images from March 2017 to February 2018 is carried
out using the persistent scatterer interferometry (PSI) technique. By implementing a cross-comparison, we find that the
retrieved results from GF-3 images and Sentinel-1 images are spatially consistent. The standard deviation of vertical
deformation rate differences between two data stacks is 11.24mm/y in the study area. The results shown in this paper
demonstrate the reasonable potential of GF-3 SAR images to monitor land subsidence.

1. Introduction

Synthetic aperture radar (SAR) has been widely used for
Earth remote sensing for more than 30 years. Currently,
more than 15 spaceborne SAR sensors are being operated
and several new SAR systems are now under development
or in planning [1, 2]. On November 19, 2012, China launched
its first civil SAR satellite with an S-band imaging radar
onboard, HuanJing-1C (HJ-1C) [3]. HJ-1C is the third
satellite of China’s Environmental Protection and Disaster
Monitoring Constellation. The overall objective of this con-
stellation is to establish an operational Earth observing sys-
tem for disaster monitoring and mitigation using remote
sensing technology. On August 9, 2016, the Gaofen-3 (GF-
3) high-resolution satellite was launched from the Taiyuan
Satellite Launch Center. The Gaofen satellite series began in
2013 and are part of the China High-resolution Earth

Observation System (CHEOS) which is aimed at forming
an earth observation constellation consisting of 9 satellites
to provide high-resolution data. The GF-3 satellite is China’s
first C-band fully polarimetric SAR satellite [4, 5]. The satel-
lite is designed by the China Academy of Space Technology
(CAST). The SAR payload is designed and built by the Insti-
tute of Electronics, Chinese Academy of Sciences (IECAS).
The GF-3 satellite has a designed lifespan of eight years flying
in a highly inclined orbit. It has the ability of using its 12
imaging modes to scan swaths varying from 10 km to
650 km with a corresponding resolution varying from 1m
to 500m [4]. The primary objective of GF-3 is to make mul-
timode and high-resolution C-band data available for a wide
spectrum of both scientific and civilization applications in
such fields as ocean monitoring, disaster reduction, and
water conservancy [6]. The GF-3 satellite was officially put
into operation in January 2017. During the trial run in orbit,
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GF-3 has provided various users with close to 40,000 images
taken from 150 million square kilometers of ocean and land.

SAR interferometry (InSAR) has been widely used for
investigating surface deformation phenomena over the last
two decades [7]. More and more in-orbit SAR sensors
provide abundant data for InSAR applications. With the
accumulation of repeat-pass SAR images, various advanced
time series InSAR (TS-InSAR) approaches have been pro-
posed [7–10]. The TS-InSAR approaches require multiple
SAR images to extract high-precision surface deformation
measurements. The classical PSI (Permanent Scatterer
Interferometry) approach has been proposed by Ferretti
et al. [11, 12]. Persistent scatterers used in PSI suffer little
from temporal and geometric decorrelation. The PSI method
allows a displacement time series measurement with submil-
limeter accuracy [13]. The small baseline method (for exam-
ple, Small BAseline Subset (SBAS) [14, 15]) is a multiple-
master TS-InSAR approach. The SBAS approach imposes
constraints on the maximum temporal and spatial separation
between orbits during the interferometric pair combination.
Coherent Pixel Technique (CPT) [16] and Interferometric
Point Target Analysis (IPTA) [17] have been proposed later
in 2003. Subsequently, Spatio-Temporal Unwrapping Net-
work (STUN) [18], Stanford Method for Persistent Scatterers
(StaMPS) [19, 20], SqueeSAR [21], Temporarily Coherent
point InSAR (TCP-InSAR) [22], and other specific TS-
InSAR approaches [7–10] have been proposed to extend
the scope of application of TS-InSAR approaches.

TS-InSAR has been used for the land subsidence mea-
surements of many populated cities in China, for instance,
Beijing [23–27], Tianjin [28], and Shanghai [29, 30]. Beijing,
the capital city of China, has suffered from the groundwater-
induced subsidence since the late 1950s [23]. Ng et al. studied
the long-term displacements over the metropolitan area of
Beijing City from 2003 to 2009 using 41 Envisat ASAR
images and 24 ALOS-1 PALSAR images [26]. They carried
out the three-dimension analysis to discriminate the vertical
and horizontal deformation components. Their results
pointed out that ground deformation over Beijing was
mainly in the vertical direction ranging from -115mm/y to
6mm/y. Chen et al. exploited the SBAS method to investigate
land subsidence in Beijing due to overextraction of ground-
water from 2003 to 2010 using 41 Envisat ASAR images
and 14 TerraSAR images [25]. They analyzed the relation-
ships between land subsidence and geoinformation, for
instance, groundwater level, active faults, accumulated soft
soil thickness, and different aquifer types. Gao et al. investi-
gated the surface deformation in Beijing Plain from 2003 to
2013 using Envisat and TerraSAR images [23]. They pointed
out that land subsidence shows obvious seasonal characteris-
tics as the groundwater level changes. The land subsidence
time series lags several months behind the groundwater level
change. Du et al. studied the ground deformation over the
eastern Beijing city using 19 ALOS-1 PALSAR images (June
2007-January 2011), 24 Sentinel-1 images (June 2015-
November 2016), and 9 ALOS-2 PALSAR images (Septem-
ber 2014-February 2017) [24]. The study pointed out an
increasing trend in the rate and extension of land subsidence
in most existing subsiding regions. The previous studies

basically reached a consensus that the land subsidence over
Beijing is caused by overextraction of groundwater. There-
fore, it can be assumed that land subsidence in Beijing is
mainly in the vertical direction.

The data used in the previous studies with respect to the
land subsidence in Beijing mainly focus on the time period
before the year of 2017. In this paper, five GF-3 SAR images
are utilized to investigate the surface deformation of the met-
ropolitan area in Beijing from March 2017 to January 2018
for demonstrating the interferometric ability of GF-3 SAR
data. An additional deformation rate measurement is carried
out using the PSI method on 26 Sentinel-1B images from
March 2017 to February 2018. We compared the deforma-
tion rate maps derived from the GF-3 data and the
Sentinel-1 data. The deformation rate maps are consistent
in terms of the spatial distribution. The results demonstrate
the reasonable potential of GF-3 SAR to monitor surface
deformation. Although there have been many studies show-
ing surface deformation measurements in Beijing [23–27],
the surface deformation results over the Beijing area using
GF-3 data are shown for the first time.

This paper is organized as follows. Section 2 introduces
the GF-3 data and the study area. The applied methodology
is described in Section 3. Parameters used in the TS-InSAR
processing followed by the experimental results and analysis
in details are illustrated in Section 4. The discussions of the
experimental results are provided in Section 5. The conclu-
sions are presented in Section 6.

2. Data and the Study Area

The high-resolution SAR images can be applied for a multi-
tude of scientific research ranging from geoscience to Earth
system monitoring. GF-3 SAR images have been utilized for
several applications, such as wind and wave retrieval [31]
and vessel detection [32]. The SAR images enable full-time,
all-weather ocean and land monitoring, disaster reduction,
water conservancy, and meteorology. Moreover, GF-3 data
has achieved the ability for InSAR applications [33, 34].

In order to meet the accuracy of SAR imaging, the orbit
restitution accuracy of the GF-3 satellite is better than 10m
(1σ), and the precise orbit accuracy is better than 20 cm
(1σ) [4]. The inaccuracy of the orbit causes significant orbit
errors in the InSAR processing. The inaccurate baseline
would lead to the flat-earth phase errors, the topographic
phase errors, and incomplete topographic contribution
removal for D-InSAR [35]. Therefore, orbit errors should
be carefully addressed and removed during DInSAR process-
ing. Since the GF-3 satellite is not designed for InSAR appli-
cations, repeat-pass SAR images are few. Currently, due to
few repeat-pass data and the orbit errors of the satellite plat-
form, the ability to perform time series interferometric mea-
surements using GF-3 data remains to be tested.

Five fine stripmap I mode (FSM_I) GF-3 images are
acquired in ascending mode, from March 2017 to January
2018 over the metropolitan area of Beijing (China). The
map of the study area and the footprints of the GF-3 SAR
images are shown in Figure 1. The details of the acquired
GF-3 data are listed in Table 1. The incidence angle at the
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center of the image scene is 34.9°. The FSM_I image has a res-
olution of 5m and a swath of 50 km [4]. In the TS-InSAR
processing, the image acquired on August 22, 2017, is
selected as the reference image.

Beijing, the capital of China, is located in the northern
region of the North China Plain. The geographical coordi-
nates of Beijing are 39°28′-41°05′N and 115°25′-117°35′E.
The elevation of the urban area in Beijing is 40 to 60m.
The average annual precipitation is approximately 570mm,
concentrated in the summer season from June to September
[27]. Due to the long-term groundwater withdrawal, land
subsidence has been one of the most serious geological haz-
ards in Beijing. Many TS-InSAR techniques and different
satellite datasets such as Envisat ASAR, TerraSAR-X,
RadarSat-2, ALOS-1, and Sentinel-1 have been applied to
the surface deformation measurement of Beijing [23–27].
However, it is the first time that GF-3 data are used for the
land subsidence measurement in Beijing.

3. Methodology

Workflow of a feasible time series InSAR processing chain
based on approaches proposed in [14, 36] is shown in
Figure 2. The processing chain is mainly divided into two
stages, namely, DInSAR processing and time series process-
ing. In DInSAR processing, SAR images are coregistered to
the selected reference image. The DInSAR processing steps,
i.e., interferogram generation, flat earth phase removal,
topographic phase removal, interferogram filtering, phase
unwrapping, and baseline refinement, are carried out on each
small-baseline InSAR pair sequentially. The DInSAR

processing obtains unwrapped differential interferograms
from the input single look complex (SLC) SAR data. The pri-
mary objective of DInSAR processing is to keep the deforma-
tion phase and minimize the unwanted artefacts. In time
series processing, a cubic deformation model in the typical
SBAS-DInSAR approach [14] is implemented to separate
the temporal low-pass deformation and residual topography.
Truncated singular-value decomposition (TSVD) [37] is
applied to retrieve the deformation rates robustly. Time
series processing acquires deformation parameters from the
unwrapped differential interferograms. In the following, a
brief overview of the noteworthy processing steps is given.

3.1. The Mitigation of Decorrelation and Orbit Errors in
DInSAR Processing. The limited number of GF-3 images
and satellite positioning errors need to be carefully addressed
in DInSAR processing. The decorrelation and the orbit errors
caused by the aforementioned two questions are identified as
the main challenges in retrieving surface deformation using
GF-3 images.

In the generation of interferograms, range spectral shift
filtering and azimuth common band filtering are applied
to reduce the decorrelation [38]. These two filtering steps
can keep the correlated phase contributions and avoid los-
ing coherence. A complex multilook operation is exploited
to reduce the impact of uncorrelated noise due to tempo-
ral decorrelation, baseline decorrelation, and volume dec-
orrelation. Through the multilook operation, the speckle
noise is reduced and the signal-to-noise ratio of interfero-
gram is improved.

The flat-earth phase is removed from the original
interferogram. Inaccurate satellite positioning gives rise to
time variant errors of the spatial baseline. As a result,
there are residual fringes in the flattened interferograms.
The residual fringe rates are used for baseline estimation
[39, 40], and the flattened interferograms are reflattened.
However, there are still few residual orbit errors in the
interferogram. After the topography removal and spatial
filtering, the differential interferograms are unwrapped. A
polynomial-based method is used to perform accurate
baseline re-estimation and residual orbit errors removal
on unwrapped differential interfergrams [40]. Through
the removal of the orbital residuals, the deformation rates
can be estimated more accurately. The details will be pre-
sented in Section 4.1.

3.2. Truncated Singular-Value Decomposition. The critical
linear system (Equation (1)) of the SBAS-DInSAR approach
[36] is formed for each high coherent pixel. The mean phase
velocities vector v can be estimated from the M redundant
InSAR observations δϕobs with the rank-deficient design
matrix A from the following formation:

AM× N−1 v = δϕobs, 1

where N represents the number of SAR acquisitions and v
represents the mean phase velocities between time-adjacent
acquisitions. In the SBAS approach, the mean phase velocity
vector is obtained from v =A‐1δϕobs, where A‐1 is the

Beijing
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20170428
20170330
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Hebei

Figure 1: Location of Beijing city. The footprints of five GF-3 SAR
images are marked with rectangles.

Table 1: Basic parameters of the used GF-3 images in the study.

No.
Imaging
mode

Orbit
ID

Swath
width (km)

Spatial
resolution

(m)

Acquisition
date

1 FSM_I 3351 50 5 2017/3/30

2 FSM_I 3770 50 5 2017/4/28

3 FSM_I 5441 50 5 2017/8/22

4 FSM_I 6695 50 5 2017/11/17

5 FSM_I 7530 50 5 2018/1/14
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pseudoinverse of the design matrix A. This problem can be
solved by applying singular-value decomposition (SVD) to
the design matrix A as follows:

A =UΣVT ,
Σ = diag σ1, σ2,… , σN−1 ,

σ1 ≥ σ2 ≥⋯≥ σr > σr+1 =⋯ = σN−1 = 0,

2

where the left and right singular matrices U ∈ RM×M and
V ∈ RN−1×N−1 are orthogonal and r = rank A . The trun-
cated singular-value decomposition (TSVD) of A is
defined as the rank-k matrix

Ak =UΣkVT = 〠
k

i=1
uiσiv

T
i ,

Σk = diag σ1,… , σk, 0,… , 0 ∈ RM×N−1,
3

where ui and vi are the columns of the matrices U and V,
respectively. Σk equals Σ with the smallest n-k singular
values replaced by zeroes, and k < r. The pseudoinverse
of the design matrix can be replaced by A−1

k as follows:

A−1
k =VΣ−1

k UT ,
Σ−1
k = diag σ−11 ,… , σ−1

k , 0,… , 0 ∈ RN−1×M
4

The neglected components have a large impact on the
solution. By neglecting these components, the errors of
solution are mitigated.

4. Results

4.1. DInSAR Processing of the GF-3 Data. First of all, four GF-
3 images are coregistered to the selected reference image
(20170822). To make full use of the available data stack, all
ten interferograms were generated. In order to mitigate the

decorrelation, range spectral shift filtering and azimuth com-
mon band filtering were applied during the generation of
interferograms. A complex multilook operation with 5 looks
in the slant range direction and 5 looks in the azimuth direc-
tion was exploited to further mitigate the uncorrelated phase
noise. Next, the flat-earth phase was removed from the orig-
inal interferogram (see Figure 3(a)) according to the initial
baseline. Due to the errors of the initial baseline, there were
residual horizontal fringes in the flattened interferograms
(see Figure 3(b)). Most of the study area has a relatively
flat terrain. The residual orbit errors were removed by
subtracting the residual fringes from the flattened interfer-
ogram, and the flattened interferogram was refined (see
Figure 3(c)). Then, the topographic phase, which was gener-
ated using the Shuttle Radar Topography Mission (SRTM)
digital elevation model (DEM), was removed from the flat-
tened interferograms. Generic Atmospheric Correction
Online Service (GACOS) data [41] was used to remove the
atmospheric artefacts from the differential interferogram.
Finally, we obtained the differential interferograms (see
Figure 3(d)) that contain the deformation phase, residual
topographic phase, residual orbit errors, and partial atmo-
spheric artefacts.

The coherence coefficient maps were generated using the
differential interferograms and their corresponding intensity
maps. Then, two InSAR pairs with poor coherence were
deleted. The perpendicular baselines of these deleted InSAR
pairs are more than 1500m (1976.9m and 2315.1m, respec-
tively). Long perpendicular baseline causes serious geometric
decorrelation. Eight InSAR pairs were left for the time series
processing (see Figure 4). The details of the surplus InSAR
pairs are listed in Table 2.

The corresponding coherence coefficient maps are used
to calculate the average coherence coefficient for each pixel.
Pixels, whose average coherence coefficient is greater than
0.4 and average intensity is greater than 1000, were selected
as candidate pixels of the time series processing. Goldstein
filtering [42] was performed on each differential interfero-
gram. To ensure a spatially smooth filtering effect, different

SAR images Coregistration
Interferogram

generation 

Pixels
identification 

Phase
unwrapping

Phase estimation

LP deformation
& residuals Noise 

TSVD

Time series deformation

Data input DInSAR processing

Time series processing

Flattening&
reflattening

Elevation residuals

Topography
removal

Baseline
refinement Filtering

Figure 2: Diagram block of the TS-InSAR processing chain. The noteworthy processing steps are marked with red rectangles.
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window sizes (128, 64, and 32 pixels) were used for iterative
filtering operations. The window size was reduced by half
in each iteration. The phase unwrapping operation was
guided by the generated candidate pixels’ mask using the
minimum-cost flow (MCF) algorithm [43]. Because of inac-
curate baseline estimation of GF-3, there were still residual
orbit errors in the unwrapped interferogram. A polynomial
surface was modeled and subtracted from the unwrapped dif-
ferential interferogram to remove the residual orbit errors. At
this point, the unwrapped differential interferogram, which
mainly contains the deformation phase, the residual topogra-
phy phase, the residual orbit errors, and the atmospheric
artefacts, were obtained. Except for the deformation phase,

the three unwanted artefacts have been minimized in the
DInSAR processing as much as possible.

4.2. Deformation Parameter Inversion. The unwrapped dif-
ferential interferograms are used for deformation parameter
estimation. A cubic deformation model in the typical SBAS
approach [14] was used to separate the temporal low-pass
deformation and residual topography. To reduce the contri-
butions from the unwrapping errors of the unwrapped differ-
ential interferometric phase, we neglected the smallest
singular value in the deformation velocity retrieval according
to (4). Here, the number k is chosen manually (k = 3 in (3)).
Thus, the solution is more stable using the TSVD algorithm.

(a) (b)

−Л 0 Л

(c)

−Л 0 Л

(d)

Figure 3: The interferogram and differential interferogram of 20170330-20170428 interferometric pair. (a) The original interferogram, (b)
the flattened interferogram, (c) the flattened interferogram after residual fringe removal, and (d) the wrapped differential interferogram
after topographic phase removal.
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4.3. Experimental Results. The deformation in the study area
is assumed mainly in vertical direction, and the line-of-sight
(LOS) deformation rates are directly back-projected into the
vertical direction using a local incidence angle. The reference
point was selected over a relatively stable region in the north-
east corner of the Third Ring Road of Beijing. The vertical
deformation velocity map of GF-3 data over the study area
is shown in Figure 5.

According to the deformation results of GF-3, the
deformation rates are very small in the metropolitan area
of Beijing. The majority of the subsidence rates in the metro-
politan area of Beijing are between -2.0 and 2.0 cm/y, which
agree with the measurement from previous studies [24, 26].
In region A (the metropolitan area near imperial palace) of
Figure 5, the mean deformation velocity is -7.8mm/y. The
land subsidence of Chaoyang district in eastern Beijing is
obvious. Two obvious subsidence regions (Cuigezhuang
and Taipingzhuang) marked with red circles in Figure 5

(B and C regions) are observed. The mean deformation
velocities of region B (Cuigezhuang) and region C (Tai-
pingzhuang) are -54.2 and -52.3mm/y, respectively. Since
B and C regions are at the edge of the GF-3 data coverage,
the estimated deformation velocities cannot represent the
maximum deformation velocity of the subsidence bowls.
Therefore, the results of Sentinel-1B using the PSI technique
were acquired to evaluate the quality of the GF-3 results.

Twenty-six Sentinel-1B images from March 2017 to
February 2018 (see Table 3) are used in PSI processing
to get the deformation velocity map. The Sentinel-1B images
are acquired in descending orbit (relative orbit 47). The
image acquired on July 6, 2017, was selected as master image.
The vertical deformation velocity map of Sentinel-1 data is
shown in Figure 6. The reference point is the same as the ref-
erence point of GF-3 data. The results of GF-3 data and
Sentinel-1 data are very similar to those of the previous liter-
atures [25–27] in terms of the spatial distribution. There are
several obvious subsidence areas in Chaoyang district and
Changping district in Figure 6. Deformation rates in obvious
subsidence areas reach or exceed -100mm/y. From the com-
parison of the spatial deformation patterns in Figures 5 and
6, we found that the GF-3 results have similar spatial distri-
bution with Sentinel-1 results.

A cross-comparison of estimated deformation velocities
between GF-3 and Sentinel-1 is investigated to validate the
consistency in the study area (yellow rectangle in Figures 5
and 6). The deformation velocities are resampled on a 60-
meter geographic coordinate grid for a reasonable compari-
son. The cross-comparison results between two data stacks
are shown in Figure 7. In Figure 7(a), when the absolute value
of the deformation rate is small (the absolute value less than
40mm/y), the points are distributed along the line y = x.
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Figure 4: Distribution of the interferometric InSAR pairs in the temporal/perpendicular baseline plane.

Table 2: GF-3 InSAR pairs used in time series InSAR processing.

No. Master Slave
Bperp

(meters)
Btemp
(days)

Altitude of
ambiguity (meters)

1 20170330 20170428 -136 29 -104.99

2 20170330 20170822 -1055.6 145 -13.53

3 20170330 20171117 921.3 232 15.50

4 20170330 20180114 1259.6 290 11.34

5 20170428 20170822 -919.5 116 -15.53

6 20170428 20171117 1057.3 203 13.50

7 20170428 20180114 1395.6 261 10.23

8 20171117 20180114 338.3 58 42.21
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When the absolute value of the deformation rate is large
(the deformation rate less than -40mm/y), the points are
mainly distributed above the line y = x. It is indicated that
GF-3 results are underestimated on the pixels whose
deformation rate is large. In Figure 7(b), the mean of the
deformation rate difference is -1.95mm/y. The standard
deviation of the differences is 11.24mm/y. It is shown that
the deformation rates detected by two data stacks show a
relative good agreement.

In Figure 8, three small characteristic regions marked
with red circles in Figure 5 are selected for comparison in
details. Region A is located in the metropolitan area near
the imperial palace. Region B is located in the subsidence area
near Cuigezhuang. Region C is located in the subsidence area

near Taipingzhuang. Regions B and C suffer from obvious
land subsidence. It can be seen from Figure 8 that the spatial
deformation patterns of GF-3 (Figures 8(a)–8(c)) are similar
with those of Sentinel-1 (Figures 8(d)–8(f)). The mean
time series deformation in three small characteristic
regions (A and A′, B and B′, and C and C′) are plotted
in Figures 8(h)–8(j), respectively. The time series deforma-
tion results of GF-3 and Sentinel-1 have a similar pattern,
and both result have subsidence direction.

We assume that the deformation rates using Sentinel-1
data and the PSI method are true values. Inverse distance-
weighted spatial interpolation is performed on the deforma-
tion velocity results of Sentinel-1. The interpolated deforma-
tion velocities are then extracted to the pixels of GF-3 results
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Figure 5: Linear deformation velocity map of the study area in vertical direction using 5 GF-3 SAR images. Background image: Google Map.
The reference point is highlighted by a white triangle. Three regions (a to e) marked with red circles are selected for cross-comparison with
Sentinel-1 results.

Table 3: Information of the used Sentinel-1 data.

No. Date Bperp (meters) Btemp (days) No. Date Bperp (meters) Btemp (days)

1 20170308 16.3 -120 14 20170823 38 48

2 20170320 66.8 -108 15 20170916 80 72

3 20170401 27.1 -96 16 20170928 28.1 84

4 20170425 81.8 -72 17 20171010 11.7 96

5 20170507 71.1 -60 18 20171022 74.8 108

6 20170519 20.1 -48 19 20171103 107 120

7 20170531 129.1 -36 20 20171115 64.3 132

8 20170612 43.2 -24 21 20171127 11.3 144

9 20170624 37.7 -12 22 20171209 16.3 156

10 20170706 0 0 23 20171221 93.7 168

11 20170718 1.9 12 24 20180102 121.8 180

12 20170730 0.3 24 25 20180207 6.8 216

13 20170811 1.9 36 26 20180219 10.2 228
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for cross-comparison. As shown in Table 4, the deformation
rates of GF-3 and Sentinel-1 results are numerically approx-
imate. In metropolitan areas, differences of the deformation
velocity are small. There are 3036 analyzed pixels in region
A used for the cross-comparison. The absolute difference of
mean deformation velocities (DV) in region A is
2.18mm/y, and the standard deviation of differential DV
from the two results is 2.39mm/y. The results in region A
are highly consistent between two data stacks. In regions
where land subsidence is obvious, the mean of DV

differences in regions B and C is 18.1mm/y and 16.8mm/y,
respectively. The standard deviations of DV differences
between the derived results in regions B and C are
5.51mm/y and 2.97mm/y, respectively. The large mean of
regions B and C shows that the results of GF-3 data in subsi-
dence bowls are underestimated. A small amount of the GF-3
data stack leads to the bias in GF-3 deformation estimation.
The absolute mean of deformation velocity difference of
regions D and E is 19.6mm/y and 19.7mm/y, respectively.
In these two regions, the surface deformation estimation of
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Figure 6: Subsidence of Beijing (China) in the vertical direction mapped by Copernicus Sentinel-1 time series interferometry from March
2017 to February 2018. The reference point is highlighted by a white triangle.
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Figure 7: Cross-comparison results between two data stacks. (a) The cross-comparison of the deformation rate between Gaofen-3 and
Sentinel-1 data stacks. (b) The histogram of the deformation rate difference for the study area.
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GF-3 data shows a bias. The bias is probably caused by the
atmospheric phase.

5. Discussion

The spatial deformationmaps derived fromGF-3 images have
a similardistributionpatternwithSentinel-1 results.However,
we found that GF-3 results derived from the small stack of
differential interferograms are underestimated in the obvi-
ous subsidence areas. The reasons are analyzed as follows.

Firstly, the number of GF-3 SAR images is small. There-
fore, the deformation inversion of GF-3 images is affected
more seriously by atmospheric artefacts than that of
Sentinel-1 images. In this paper, we used GACOS data to
remove the atmospheric artefacts from the differential inter-
ferogram. But it cannot guarantee that all atmospheric arte-
facts are removed. These residual errors may bias the
deformation estimation results. To mitigate the phase noise,
the GF-3 differential interferograms are spatially filtered;
the spatial filtering operation eliminates phase noise and also
causes the spatial deformation component to be smoothed.
This also degrades the deformation inversion of GF-3 results.

Secondly, some seasonal deformation signals are observed
in Sentinel-1 results. The time series deformation shows an
uplift signal between July and September 2017. This may be
because the groundwater level rises during the rainy season.
GF-3 results do not demonstrate the uplift signal because of
data limitation. In addition, the SVD algorithm in the SBAS
method provides a minimum-norm solution; however, some
nonlinear movements would be underestimated [16].

Again, the GF-3 images and Sentinel-1 images are
acquired in ascending and descending orbits, respectively.
The results of the two datasets have to be converted to the
vertical direction for comparison. The results of cross-
comparison between data sets are usually worse than those
of the comparison between individual data sets and in situ
measurements. In [25], the standard deviation between
TerraSAR-X and Envisat ASAR InSAR-derived subsidence
rates is 7.48mm/y. In [26], the standard deviation of the dis-
placement rate difference on the common pixels between
Envisat ASAR and ALOS-1 PALSAR is 13mm/y. In [24],
the derived RMSE of the displacement rate difference
between Sentinel-1 and ALOS-1 PALSAR is 2.3 cm/y. Con-
sidering that the amount of GF-3 data we use is small, a stan-
dard deviation of 1.1 cm/y is acceptable. As can be seen in
Figure 7(a), the large bias of deformation rate difference
mainly occurs in the region where the absolute value of the

deformation is large. Compared to the absolute value of
deformation rate, the bias can be acceptable.

Finally, large perpendicular baselines of GF-3 InSAR
pairs have a negative impact on deformation estimation.
Firstly, the large perpendicular baseline causes geometric
decorrelation, which affects the accuracy of the deformation.
In addition, the large perpendicular baseline amplifies the
influence of the DEM errors. The residual topographic phase
in DInSAR observation will also reduce the deformation esti-
mation accuracy. The GF-3 satellite performs maneuvering
to correct the orbit track. With the increase in the number
of GF-3 images, the retrieved errors of the deformation rates
could be reduced in the future.

However, the differences in the estimated results are still
acceptable compared with the value of the deformation
velocities. With such a small amount of GF-3 SAR images,
the precision of derived deformation rates is satisfactory.
Moreover, the resolution of GF-3 data is higher than that of
Sentinel-1 data, and the GF-3 deformation rate distribution
is more detailed.

6. Conclusions

In this paper, surface deformation monitoring in Beijing city
is investigated using five GF-3 SAR images. The correspond-
ing InSAR processing using a small stack of GF-3 images is
demonstrated. The capability of DInSAR interferometry
using GF-3 data for detecting and monitoring ground defor-
mation is validated. More importantly, it is the first time that
China’s SAR images are used for time series InSAR analysis.
Because the main task of a GF-3 satellite is ocean observation,
repeat-pass data of land areas have a relatively long temporal
and spatial baseline. Therefore, several issues need to be
addressed carefully in InSAR processing.

This paper describes the processing of the surface defor-
mation measurement using GF-3 data. The main processing
stages are summarized in the following:

(a) InSAR Pair Selection. In the urban area, GF-3 InSAR
pairs with a long perpendicular baseline hold a
moderate correlation. However, two interferograms
with a perpendicular baseline above 1500m are not
used for deformation inversion because they are
affected by an obvious decorrelation. Therefore,
GF-3 InSAR pairs with a perpendicular baseline
above 1500m is not recommended to be used in
surface deformation monitoring

Table 4: Cross-comparison results between GF-3 with Sentinel-1 deformation maps in the selected regions.

Area
Number of
points

Mean DV of
GF-3 (mm/y)

Mean DV of
S1 (mm/y)

Abs. mean of
DV difference (mm/y)

Standard deviation of
DV difference (mm/y)

A 3036 -7.8 -5.6 2.18 2.39

B 1709 -54.2 -72.3 18.1 5.51

C 1615 -52.3 -69.1 16.8 2.97

D 1050 -17.7 1.9 19.6 2.11

E 1063 -17.6 2.1 19.7 1.64

DV: deformation velocities.
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Figure 8: Continued.
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(b) Atmospheric Phase Removal. The differential
interferometric phase of GF-3 data is affected by an
atmospheric phase screen effect. In the DInSAR
processing, GACOS data are used to partially remove
the atmospheric phase

(c) Robust Estimation. Truncated singular-value decom-
position (TSVD) is applied to strengthen the
robustness of deformation rate estimation. This
method has been proved to be effective even if
the dataset is small

This research provides more recently information about
the surface deformation in Beijing city using new GF-3 and
Sentinel-1 SAR data. By cross-comparison between GF-3
and Sentinel-1 deformation maps, it shows that GF-3 data
have the ability to monitor surface deformation. Due to the
limitation of data amount, the overall deformation inversion

accuracy is not satisfactory. However, this method provides a
verification scheme for a small SAR dataset in the absence of
in situ data.

In the conclusion section, we discuss the impact on
InSAR result difference of the data amount, atmospheric
phase, seasonal deformation signals, satellite illumination
direction, and long perpendicular baseline.
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Figure 8: Linear vertical deformation rate map comparison of three selected areas between GF-3 and Sentinel-1 results. GF-3-derived linear
deformation rate map of (a) the metropolitan area near the imperial palace. (b) The subsidence area near Cuigezhuang. (c) The subsidence
area near Taipingzhuang. Sentinel-1-derived linear deformation rate map of (d) the metropolitan area near the imperial palace. (e) The
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Much navigation over the last several decades has been aided by the global navigation satellite system (GNSS). In addition, with the
advent of the multi-GNSS era, more and more satellites are available for navigation purposes. However, the navigation is generally
carried out by point positioning based on the pseudoranges. The real-time kinematic (RTK) and the advanced technology, namely,
the network RTK (NRTK), were introduced for better positioning and navigation. Further improved navigation was also
investigated by combining other sensors such as the inertial measurement unit (IMU). On the other hand, a deep learning
technique has been recently evolving in many fields, including automatic navigation of the vehicles. This is because deep
learning combines various sensors without complicated analytical modeling of each individual sensor. In this study, we
structured the multilayer recurrent neural networks (RNN) to improve the accuracy and the stability of the GNSS absolute
solutions for the autonomous vehicle navigation. Specifically, the long short-term memory (LSTM) is an especially useful
algorithm for time series data such as navigation with moderate speed of platforms. From an experiment conducted in a testing
area, the LSTM algorithm developed the positioning accuracy by about 40% compared to GNSS-only navigation without any
external bias information. Once the bias is taken care of, the accuracy will significantly be improved up to 8 times better than
the GNSS absolute positioning results. The bias terms of the solution need to be estimated within the model by optimizing the
layers as well as the nodes each layer, which should be done in further research.

1. Introduction

In recent years, the autonomous navigating vehicle has been
a most popular topic in the field of positioning. It is usually
categorized as a vehicle that is navigating by introducing
information & communication technology (ICT) to self-
recognize the driving condition, make decisions, and finally
control the route with minimal user intervention. Although
there are many assistive systems for the driver such as
Advanced Driver Assistance Systems (ADAS) or Colli-
sion Avoidance System (CAS), the full operational self-
navigation is still not yet available.

The first autonomous navigation vehicle was initiated
from the Grand Challenge in 2004 hosted by the Defense
Advanced Research Projects Agency (DARPA) and after-
wards held in a complex urban area [1]. As is well known,
the global navigation satellite system (GNSS) has been

playing an important role in ground vehicle navigation.
Further improvement was achieved in positioning accuracy
due to the introduction of correction information in the
mid-1990s: differential GPS (DGPS) for pseudoranges and
real-time kinematic (RTK) for carrier phases [2, 3]. However,
the GNSS solution is vulnerable to signal blockage from such
surrounding environments as tunnels and urban canyons, or
unpredictable multipaths.

Although a decimeter or better accuracy is expected from
RTK for short baselines, even more accurate positioning is
possible in real time due to sophisticated correction methods,
called the network RTK (NRTK) [4, 5]. However, this level of
accuracy can only be attainable for the “static” processing,
while the vehicle navigation is generally performed in a
“kinematic” mode with tens of meters.

Autonomous navigation is generally on the premise of
accurate positioning, but it cannot be guaranteed by GNSS
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only. Many different types of sensors are combined to sup-
port accurate positioning, which includes RADAR or LiDAR
for viewing which way to go, and inertial measurement unit
(IMU) to track the linear and/or rotational movements of
the vehicle. Therefore, it is necessary to integrate various
sensors to make up for the weakness of GNSS and to
estimate accurate position of the vehicles [6]. A detailed
case study of autonomous car was discussed based on
the distributed architecture [7]. In addition, numerous
researches of integrating GNSS/IMU and RTK technique
have been conducted for the applications of Unmanned
Aerial Vehicles (UAVs), but most of them apply a single-
frequency GNSS receiver [8, 9].

The filter to integrate sensor data requires an analytical
model for each specific sensor. Currently, it includes GNSS,
IMU, and onboard wheel speed sensor (WSS), but a great
deal of sensors will be available in near future [10]. Therefore,
the estimation filter needs to be redesigned to incorporate all
those sensor data to integrate the position of the vehicle,
resulting in extremely increased complexity of the filter.

The accurate and reliable position information for
self-navigating vehicles is sometimes unachievable due to
the vulnerability of the GNSS signal as mentioned above.
The objective of this study is to develop a model to estimate
the position of the vehicle without redesigning the analytical
model of each individual sensor with constraints. We applied
the deep learning technique to predict the position of the
vehicle based on multisensor data including GNSS. The field
experiment was carried out using the mobile mapping system
(MMS) [11] with onboard sensors where the high-end
GPS/INS system was used as a reference truth. The concept
of deep learning is described in the next section, and the test
results and discussion follow.

2. Framework of Deep Learning

Since the introduction of the neural events and the compli-
cated logical means for nets [12], many researchers have been
investigating how to mimic the human brain into the system.
Although a perceptron algorithm based on supervised learn-
ing was already developed in mid-20th century [13], the deep
learning technique was not applied in practice due to lack of
computational resources for a long time. A new learning
procedure, called back-propagation for networks, was sug-
gested to repeatedly adjust the weights of the nodes in the
network to minimize the difference between the actual out-
put vector and the generated labeled data sets [14]. This
back-propagation learning was applied to a practical problem
of a handwritten zip code with short learning time and
improved performance [15].

Most of the deep learning studies focus on the image-
based applications such as remote sensing, image matching
and classifications, and detection of road features by combin-
ing different sources [16–19]. The long short-term memory
(LSTM) methods and a variance of recurrent neural net-
works (RNN) were mostly applied for the navigation of
ground vehicles, UAVs, and robotics [20–22]. This is because
the navigation data is provided in time series, which is suit-
able for the LSTM model. The MEMS IMU data is usually

integrated with GNSS observations to complement the
weakness of each sensor. Therefore, the deep learning tech-
nique can filter two sources of data without setting up the
complicated analytical models [23].

The (artificial) neural network theory has tremendously
impacted on many fields including the autonomous naviga-
tion of vehicles and many intelligent applications. Although
the theory was suggested long ago, the neural network tech-
nique was only available in recent years due to the limitation
of the computing resources as mentioned above.

The neural network is defined as a network of neurons,
which imitates a structure of human neuron to make various
decisions. The neurons transmit a signal if it exceeds a
threshold value. For a simple model, we assume that a neuron
receives signals from input neurons. It is necessary to con-
sider three factors: the intensity of the input signal, the
threshold value, and finally the intensity of the output signal.
Once the input signals are received by the neurons, they are
multiplied by the weight of each neuron, then combined into
the output signal, which may or may not be transmitted
depending on the threshold value. Figure 1 shows a basic
framework of a neural network.

The process can be represented by the following
equation:

σ =W ⋅ x + b, 1

where f σ represents the activation function that decides
whether the neuron passes the value of σ or modifies it,
and the term b represents the bias value to be added to
the product of the input x times the weight W. Our goal
is to estimate the weight of each neuron and the bias
vector to better represent the output signal.

Figure 2 shows one of the activation functions, that is, a
sigmoid function and its time derivative. The sigmoid func-
tion can be used to mimic a cumulative distribution function,
and the output values are between 0 and 1, which is realistic
in general cases. However, as we can see in Figure 2, the
maximum value of the time derivative of the sigmoid func-
tion evaluated at 0 is about 0.25, which makes the system
insensitive if we deal with the multiple hidden layers [24].
Therefore, in some cases, it is favorable to introduce dif-
ferent types of activation function such as Rectified Linear
Unit (ReLU) [25]. The ultimate goal is to find the weight
vector and bias by minimizing the cross-entropy function,
that is, the amount of error under optimal condition. The

x(input)

W(weight)

×

+ f (𝜎)

b(bias)

Figure 1: Basic framework of a single neuron.
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process can be done iteratively based on the gradient
descent principle.

For linear nonseparable problems, the “multilayer” per-
ceptron (MLP) was suggested to solve the nonlinear problem
through the error propagation training process [14, 26]. The
MLP algorithm is composed of input, hidden, and output
layers, which can be described as follows:

hn = f n W1n ⋅ x1 +W2n ⋅ x2+⋯+Wmn ⋅ xm + bn ,

yn = gn Wn ⋅ hn + bn ,
2

where xi is a vector variable for input data, W is the weight
matrix, hn is the output variable for the nth hidden node,
and f n and gn are the activation functions for input and
output layers, respectively. The most important characteristic
of MLP is its flexibility of input data types, resulting in vary-
ing number of hidden layers as well as number of nodes in
the hidden layer depending on the input data. Since the
weights of the internal hidden layers are adjusted during
the process, the significance of each nodes is reflected, which
is a useful feature of the back-propagation process [26].

A recurrent neural network (RNN) is an algorithm that is
composed of a circulation structure [20, 22, 23, 27]. The
hidden nodes have directional information; thus, past and
current data are connected to constitute a circulation. There-
fore, it is useful to analyze the time series data due to the
inherent time information. The RNN algorithm has a flexible
structure and diverse characteristics because the length of a
sequence does not matter in this case. In addition, the RNN
can be affected by the output of the previous data. Figure 3
shows the structure of the RNN framework.

Long short-term memory (LSTM) [20, 21, 23] is an
expansion of the RNN algorithm by adding more gates to
RNN hidden layers (see Figure 4) [28]. The gates are com-
posed of three types, that is, input, output, and forget gates.
One thing to be mentioned is that the forget gate has a role
of determining whether to remove the past information or
not depending on the output of activation function (ranges
from 0 to 1).

3. Results and Discussion

3.1. Strategy of Experiment. As mentioned in Section 1,
GNSS-only positioning cannot guarantee the required
accuracy due to the availability of the signals in urban canyon
or tunnels. For the experiment of the deep learning of ground
vehicle navigation, we used the mobile mapping system
(MMS) data to generate a model for estimating the vehicle
tracks (see Figure 5). The experiment was conducted at the
elongated shape of a parking lot in Daegu Gyeongbuk Insti-
tute of Science and Technology (DGIST) on November 9,
2015 (Figure 6).

The GPS/INS-integrated system, namely, POSLV, was
mounted on the MMS vehicle, along with the additional
independent GNSS receiver. The onboard sensors operate
together through Controller Area Network (CAN) commu-
nication, which includes the wheel speed and turning speed
sensors, the gravity sensor, the steering sensor, and the
speedometer of the vehicle. The NovAtel GNSS receiver
provides a navigation solution based on the pseudoranges.
A more precise and accurate solution was calculated by the
POSLV based on the carrier phase measurements and the
integrated IMU sensors, which was used as a reference in this
study. MTi-G-700 sensor [29] generates the accelerometer
and gyroscope data, and the atmospheric pressure data are
available as well. We used the yaw data at epoch t − 1 to
estimate the position of vehicle at epoch t . Since the
position and the velocity are basically resulted from the
integration of the acceleration of the vehicle, the output of
the accelerometer is tightly coupled with the position/
velocity. However, for a simple implementation of deep
learning technique, we trained the model based on the posi-
tion from the GNSS absolute position (transformed into the
planar coordinates), the wheel speed sensor data, and the
yaw information obtained from the MTi-G-700 sensor. For
more elaborate training of the model, the accelerometer data
should be incorporated in further analysis. Table 1 summa-
rizes the specification and the output of the sensors used in
this study.

The open source library, Keras [16, 30], implemented
using TensorFlow and Theano based on Python, was used
for training and testing the data to evaluate the deep learning
algorithm. In addition, since the modules in Keras are
independently running, the user-defined model can be easily
generated by combining the modules.

Figure 7 shows the graphical representation of the deep
learning testing scheme used in this study. Two thirds of data
were used to train the model, and the remaining was reserved
for evaluating the performance and accuracy of the model.
The raw data includes GNSS, IMU, and from the onboard
vehicle sensor. The LSTM model was used in this study,
which is specifically useful for the time series data as
mentioned above. It is a supervised learning, and the model
is optimized by the training process. Finally, the predicted
position of the vehicle was compared with the reference
position to calculate the accuracy of the model.

3.2. Analysis of the Results. Figure 8 shows the trajectory of
the vehicle where two solutions are plotted together, one for

−6 −4 −2 0 2 4 6
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Figure 2: Example of the activation function also called a sigmoidal
function, or just a sigmoid (blue) and its time derivative (red).
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the postprocessed POSLV solution and the other which is the
absolute positioning based on pseudoranges. Both solutions
represent the absolute coordinates of the vehicle in a global
reference frame. The difference between solutions at each
epoch is around 3.5m (horizontal accuracy) in terms of Root
Mean Squared Error (RMSE), while the North-South compo-
nent takes most part of the errors (see Table 2). The antenna
of the GNSS receiver is installed in the front, and the POSLV
for the reference solution is equipped in the rear of the
vehicle, resulting in an (lever arm) offset between two
reference points. Since the shape of the parking lot for data
acquisition is elongated in the N-S direction, it seems that
the offset immediately affects the mean error in that direc-
tion. Therefore, the offset needs to be calibrated beforehand,
and furthermore, it is necessary to estimate the amount of

xt−1

yt−1 yt−1

ht−1ht−1 ht

yt
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Figure 3: Structure of recurrent neural networks (RNN). The circle and the rectangle represent the node and the layer in the
process, respectively.
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Figure 4: The schematic diagram of LSTM [28].

Figure 5: The MMS vehicle to collect data in this study (courtesy of
Dr. J. H. Han).
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bias in the GNSS solution during the deep learning training
process, which should be investigated further.

As discussed above, the LSTM model generally performs
better than any other model, especially for the time series
data. However, the (assumed) input data from NovAtel
pseudorange solution is clearly biased from the reference
data as seen in the trajectory plot. The interesting point is
that the “errors” have an almost circular shape as can be seen
in Figure 9, even though the testing site is elongated in the
North-South direction.

Even in the LSTM model, the bias can affect the final
predicted solution. Therefore, the bias term as well as the
circular deviation was estimated using the conventional
Least-squares Solution (LESS) to isolate the systematic errors
from the solution based on the deep learning technique. The
biases are estimated as 2.54m and -0.95m for North and East
components, respectively, along with the radius of 2.73m.
Once the bias is corrected, the RMSE drops down to 0.83m
in the horizontal plane, although most of the errors are
attributed to the North-South component.

The LSTM algorithm is a recurrent neural network in
which the data in the past can affect the current data. There-
fore, it generally performs well for the vehicle navigation,
which is basically a time series data. Through several experi-
ments, we set up the training model with two hidden layers
with 4 and 2 nodes each. In addition, the mean squared error
was used to calculate the loss function, while the Adam was
used for the activation function. The input data is composed
of 4 features, that is, two horizontal components, the speed
and the yaw information.

3.3. Prediction for Vehicle Navigation. For the vehicle naviga-
tion based on deep learning, we prepared the input data from
the sensor output. The GNSS sensor (NovAtel DL-V3-
GENERIC) provided an absolute positioning solution in the
Cartesian coordinate system of a global frame at the 1Hz
interval. However, the IMU and onboard sensors have higher

rates at 100Hz, thus the gaps of GNSS output should be filled
up to match the time interval. For the training stage, the
GNSS solution was interpolated at a 100Hz interval using
the (future) output solution (corresponds to Interpol. in
Table 2). However, since it is not available for interpolation
in real-time application, we generated an extrapolated posi-
tion based on the speed of the vehicle from onboard sensors
and the previous positions (corresponds to Extrapol. in
Table 2). Both interpolated and extrapolated cases are com-
pared with the reference solution, that is, POSLV solution,
to analyze the solution characteristics after transforming into
the horizontal frame (North-East-Up local reference frame).

Table 3 shows the statistics of the prediction results for
the horizontal component by the LSTM model. The original
GNSS absolute positioning result shows an RMSE of about
3.8m, but it drops down to 2.3m with extrapolated posi-
tion based on the previous results. There is almost 40%
of improvement in the predicted horizontal coordinates
(North-East frame given in unit of meters) once the interpo-
lated position is available. Interestingly, there is no significant
difference between interpolation and extrapolation in terms
of positioning accuracy. Therefore, it can certainly be applied
to real-time applications.

As mentioned above, there is a systematic bias in the
GNSS absolute solution due to the (lever arm) offset. Once
this bias is removed from the input position information,
the magnitude of the bias is clearly decreased, and almost
more than 80% of improvement was observed. The RMSE
of planar coordinates is about 0.45m in real situations, and
the interpolated and extrapolated solutions show a similar
performance in all statistics. Therefore, instead of estimating
the bias terms in a separate process as done in this study, it
may further improve the results if they are incorporated in
the deep learning model as a system.

The most critical issue in the prediction of vehicle loca-
tion is the accuracy and reliability of the solution. The GNSS
signal is sometimes blocked by the surrounding environ-
ment, for example, skyscrapers in urban areas or tunnels.
Therefore, the problem may be solved by establishing a
model to combine the IMU data as well as onboard sensors.

Figure 10 shows the loss and the accuracy of the LSTM
model at each epoch to check the training and the test pro-
cesses. As can be seen in the figure, the loss function quickly
drops down and converges to zero, and conversely the
accuracy gets closer to 1.0 and continues to stay. Therefore,
it can be concluded that the learning process of the model
was conducted properly.

3.4. Discussion of the Results. As a preliminary study to apply
deep learning technique for the positioning of ground
vehicle, the conventional GNSS absolute solution was used
as an input for the training purpose. However, the GNSS
receiver was installed separately from the POSLV system;
thus, there is an inevitable offset in the comparison result.
This virtual bias, caused by a lever arm, was absorbed by
the deep learning technique in this study (about 40%),
regardless of interpolation or extrapolation of the speed of
the vehicle. Once the bias is removed before training a model,
only several decimeters of error were achieved, which has

Figure 6: Test bed of this study (parking lot of DGIST).
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significant importance for the autonomous ground vehicle
navigation.

One thing to be mentioned is that the experiment of this
study was done in a limited environment, that is, a small area
parking lot. Therefore, there are many factors to consider the

application of real road conditions, which includes varying
speed, rapid and/or sharp turns, and in unfavorable cases
the loss of GNSS signals due to the surrounding environ-
ment. For general application, we need to secure enormous
data for training where the acceleration and the rotational
information from IMU data will play an important role to
reduce time and upgrade the performance.

The LSTM model was applied for the time series data of
vehicle navigation to reflect the information in the past. We
adopted only two hidden layers with 4 and 2 nodes for
simplicity although numerous trainings were applied to find
better results. The number of layers and nodes in each layer
should also be optimized, which is still an open question in
deep learning technique.

4. Conclusion

While most researches on deep learning technique were
focused on image-based applications, we proposed an
integrated navigation algorithm with various sensors (GNSS
and onboard sensors) in this study. Since the GNSS itself

Table 1: Specification of sensors used in this study.

GNSS IMU OBD GNSS/INS∗

Sensor NovAtel DL-V3 MTi-G-700 OBD-II POSLV520

Specification Dual-frequency GPS/GLONASS
Roll/pitch (0.3°, dynamic),

yaw (1.0°)
Wheel speed,
Steering angle

Dual frequency GPS/GLONASS,
Roll/pitch (0.005°), Yaw (0.015°)

Frequency 1Hz 100Hz 100Hz 100Hz

Output XYZ (m) Yaw (deg) Speed (km/h) XYZ (m)

The symbol ∗ represents the reference truth for comparison of the results.

67%

33%

Train data

Raw
data 

Long short-term
memory

TrainingPreprocessing
PredictionTest

Modeling Predicted
location 

(i) Selection and normalization of
features

(i) Model optimization
(ii) Supervised learning

Test data

GNSS/IMU/OBD data Longitude/latitude

Figure 7: Overall scheme of the deep learning process used in this study [31].
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Figure 8: Trajectory of the test vehicles in the parking lot where the
absolute positioning results are dotted in red and the postprocessed
POSLV in green was used as a reference.

Table 2: Statistics of the absolute positioning solution compared to
the reference POSLV solution.

North East Horizontal

Mean (m) 2.53 -0.95 3.33

Std. dev. (m) 2.46 1.16 1.91

RMSE (m) 3.53 1.49 3.83
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does not provide sufficiently accurate positioning informa-
tion, additional information should be provided for the
autonomous navigation of vehicles. The deep learning

algorithm was studied to test the performance and the accu-
racy of the positioning based on neural network theory.
Instead of setting up a complex mathematical model for the
measurements, the deep learning technique was applied to
predict the vehicle location to improve the accuracy and the
expandability. Since the navigation data is mostly given in
time series, the LSTM algorithm was applied.

The GNSS sensor only provides the RMSE of about 3.8m,
which is the absolute positioning result based on the pseu-
dorange data. When the GNSS position was interpolated at
100Hz, its output was improved to about 2.3m with the
LSTM model (but only available in a postprocessing mode).
Even in a real-time application with the extrapolated posi-
tion, a comparable accuracy was obtained with no prior
bias information. The MMS used in this study has a pos-
sible bias due to the lever arm of the GNSS sensor. The
bias was removed using the conventional LESS approach.
Once the bias was removed from the input data, the
LSTM model results were significantly improved to about
0.45m, which is almost identical for both cases of interpo-
lation and extrapolation.

In this study, a complex mathematical model was not set
up for each individual sensor, which gives high flexibility in
the integration of different kinds of sensors for practical
application of future autonomous ground vehicle navigation.
Although much progress was shown in this study, it still
needs to be elaborated to incorporate sensors with more
features as input data and the strategy on how to balance
the weight between sensor data. Since the current experiment
is slightly limited in the amount as well as the pattern of data
(for example, data acquisition on the same trajectory), it is
necessary to conduct the experiment in real road situations
with enormous training data. In addition, the bias infor-
mation should also be integrated into the model to be
estimated during the training process, which is antici-
pated to generate a more practical prediction model for
the autonomous vehicle navigation.
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Sun position and the optimum inclination of a solar panel to the sun vary over time throughout the day. A simple but accurate solar
position measurement system is essential for maximizing the output power from a solar panel in order to increase the panel
efficiency while minimizing the system cost. Solar position can be measured either by a sensor (active/passive) or through the
sun position monitoring algorithm. Sensor-based sun position measuring systems fail to measure the solar position in a cloudy
or intermittent day, and they require precise installation and periodic calibrations. In contrast, the sun position algorithms use
mathematical formula or astronomical data to obtain the station of the sun at a particular geographical location and time. A
standalone low-cost but high-precision dual-axis closed-loop sun-tracking system using the sun position algorithm was
implemented in an 8-bit microcontroller platform. The Astronomical Almanac’s (AA) algorithm was used for its simplicity,
reliability, and fast computation capability of the solar position. Results revealed that incorporation of the sun position
algorithm into a solar tracking system helps in outperforming the fixed system and optical tracking system by 13.9% and 2.1%,
respectively. In summary, even for a small-scale solar tracking system, the algorithm-based closed-loop dual-axis tracking
system can increase overall system efficiency.

1. Introduction

With the rapid growth of population and economic develop-
ment, there is an increasing concern due to the energy crisis
and environmental pollution; researchers are trying to
explore new technologies for the production of electricity
from clean and renewable sources such as solar and wind.
Solar energy is one of the primary sources of clean, abundant,
and inexhaustible energy that not only provides alternative
energy resources but also improves environmental pollution.
Moreover, the accessibility of this energy is significantly
higher in a subtropical country, like Qatar. Annual Direct
Normal Irradiance (DNI) of 1800 kWh/m2/y is enough for
concentrated solar power plants, where Qatar has DNI value
of 2008 kWh/m2/y. DNI between the range of 2000 to 2800
kWh/m2/y is considered feasible [1]. Thus, Qatar has a huge
potential for harnessing the solar energy via a solar

photovoltaic (PV) power plant. It is possible to convert solar
energy into mechanical energy or electricity with adequate
efficiency. Information about the quality and amount of solar
energy available at a specific location is of prime importance
for the development of a solar energy system. However, the
amount of electricity that is obtained is directly proportional
to the intensity of sunlight falling on the photovoltaic panel.

To get a larger amount of solar energy, the efficiency of
photovoltaic systems has been studied by a large number of
scientists and engineers. In general, there are three ways to
increase the efficiency of photovoltaic systems [2]. The first
method is to increase the efficiency of power generation of
the solar cells, the second is related to the efficiency of the
control algorithms for the energy conversion, and the third
approach is to adopt a tracking system to achieve maximum
solar energy. The focus area of this paper is to increase
efficiency by combining the second and third approaches.
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Several solar controlling and tracking systems are proposed
in the literature; one can classify them according to their
degrees of freedom (DoFs) and/or control strategy. Regard-
ing DoF, there are three main types of trackers [3]: fixed
devices [4], single-axis trackers [5], and dual-axis trackers
[6]. Different researchers have reported the potential system
benefits of using a simple single-axis tracking solar system
[7, 8]. The data acquisition, control, and monitor of the
mechanical movement of the photovoltaic module were
implemented based on a programmable logic-controlling
unit. Some researchers [9–15] also present the design and
construction of a two-axis solar tracking system in order to
track the photovoltaic solar panel according to the direction
of beam propagation of solar radiation. To achieve maximum
solar energy, solar power systems generally are equipped with
devices, which are calculating the maximum power point
tracking (MPPT) [16–19].

Regarding the control strategy, three main types of solar
trackers exist: passive, open-loop, and closed-loop controlled
trackers. The passive trackers have no electronic sensors or
actuators, but rather, various properties of matters (thermal
expansion, pressure control, or other mechanical arrange-
ments) have been used for the solar position prediction
[20, 21]. The passive sensor-based solar positioning system
does not measure the solar position accurately, although they
are reliable and simple in design due to exclusion of any elec-
tronic control or motors and are almost maintenance-free
[20]. However, the system is not able to track the temperature
variability that happens from one day to another. In addition,
the system can lead to unpredictable movement due to the
mechanics. Such unpredictable movement happens espe-
cially on overcast days, when the sun is visible and invisible
due to the clouds or when the sun is randomly covered by
clouds. Moreover, real-time implementation of the solar
positioning system accurately is difficult due to the calibra-
tion required for the smooth operation of the system. The
open-loop ones have no sensors either but use a micropro-
cessor and are based on the sun position algorithm using a
mathematical formula to obtain the station of the sun at a
particular location and time, and it does not need to sense
any physical quantity [22–24]. The third kind of trackers uses
the information of electrooptic sensors [25–29] (auxiliary
bifacial solar cell panel, charge-coupled device (CCD) cam-
era, photocell, light-dependent resistors, etc.). These systems
are popular as these have positive effect on increasing effi-
ciency in sunny days. However, these systems fail to measure
the solar position in a cloudy day or intermittent sunny day.
Such systems are complex due to the usage of different
and/or numerous sensors. Moreover, it requires a very pre-
cise installation. An open-loop type of controller does not
observe the output of the processes that it is controlling. Con-
sequently, an open-loop system cannot correct any errors
and thus may not compensate for disturbances in the system.
The system is simpler and cheaper than the closed-loop type
of sun-tracking systems [30]. In the open-loop mode, the
computer or a processor calculates the sun’s position from
the formula or algorithms using its time/date and geo-
graphical information to send signals to the electromotor.
However, in some cases, many sensors are used to identify

specific positions [31, 32]. Among the many works done in
the design and implementation of a low-cost dual-axis auton-
omous solar tracker, recently, Gabe et al. have worked on
designing a complete autonomous solar tracker [33] which
is an example of a closed-loop controlled tracker using
light-dependent resistors (LDRs) and has the same issues
which are discussed earlier.

A good number of real-time solar position measurement
algorithms have been developed (sun position algorithm
(SPA) [34], Astronomical Almanac’s (AA) [35], and Roberto
Grena’s Energy and Sustainable Economic Development
(ENEA) [36]) which are more accurate to measure the solar
position than the sensor-based solar positioning system. Sev-
eral researchers [37, 38] have implemented the sun position
algorithm to detect the sun position accurately in a micro-
processor and personal computer platform. These algorithms
are mainly developed for locating the sun position using a
standard microprocessor-based system which is not standa-
lone and not applicable in remote areas due to power and
management requirements. It is difficult to implement stan-
dard algorithms in the standalone electronic control system
due to computation complexity of the sun position algo-
rithms, which could offer highly reliable real-time sun posi-
tion information without much increasing system cost and
avoiding the requirement of time-to-time calibration.

A solar position system that can work standalone with-
out the necessity of being developed in a powerful micro-
processor with the standard solar positioning algorithm
used for positioning is worthwhile. In this work, a simple,
cost-effective algorithm-based reliable two-axis tracking
system has been developed for real-time solar position
measurement on an 8-bit microcontroller platform. Firstly,
a comparative MATLAB-based (The MathWorks, Natick,
MA) simulation study was carried out between three popular
solar positon algorithms: SPA, AA, and ENEA. Secondly, the
most feasible and relatively accurate algorithm was imple-
mented in an 8-bit microcontroller to compare its perfor-
mance in comparison to simulation. Thirdly, three different
tracking systems, fixed orientation PV solar panel, four
light-dependent resistor- (LDR-) based optical sensor, and
AA algorithm-based dual-axis closed-loop solar tracker, were
designed and implemented in an 8-bit microcontroller plat-
form. Finally, the dual-axis solar tracker’s performance was
compared with the fixed orientation PV solar panel and
optical solar tracking system. The prototyped system was
evaluated with the MATLAB-based simulated results and
real-time sun position results from the prototype system.

This paper is organized into sections. Section 2 is describ-
ing the system materials and methods along with the com-
parisons between the proposed and popular sun position
algorithms. Section 3 shows the comparisons of outcomes
between the fixed orientation PV solar panel and optical solar
tracking system with the proposed solution, and finally, the
conclusion is drawn in Section 4.

2. Materials and Methods

2.1. System Block Diagram. The main elements of a typical
solar tracking system are the sun-tracking system, control
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unit, positioning system, drive mechanism, and sensing
devices. The system architecture of the optical sensor-based
and proposed systems is shown in Figure 1. The main differ-
ence in both systems is that the first one requires a signal con-
ditioning circuit and LDR sensors; however, the latter one
does not need any sensor except a real-time clock (RTC) to
input real-time to the algorithm. The system block was
implemented in the ATmega382P microcontroller along
with the Arduino development board. The ATmega328 is a
single-chip microcontroller created by Atmel (known as
Microchip Technology now). It has a modified Harvard
architecture 8-bit (reduced instruction set computer) RISC
processor core. ATmega328P, in 28-pin narrow dual in-line
package (DIP-28N) version, was used in the implementation.
Arduino integrated development environment (IDE) v1.6.12
in the Windows platform was used to compile the code writ-
ten in C++ language. The compiled program was uploaded
on the Arduino UNO, an open-source microcontroller board
based on the Microchip ATmega328P microcontroller and
developed by Arduino.cc. It was uploaded on the ATme-
ga328P with the Arduino IDE via a type B USB cable. The
motor controllers were implemented in the Arduino motor

shield. The tracker has two degrees of freedom, which is
required to track the solar position using its azimuthal and
elevation angles.

The PDV-P8001 photoresistors (made from cadmium
sulfide (CdS)) from Adafruit were used in this work. The
diameter of the LDRs is 5mm, while the height is 2.09mm.
The LDRs are placed at the top of the centre of the solar panel
in the arrangement shown in Figure 1. The horizontal sepa-
ration between the LDRs 1 and 2 and LDRs 3 and 4 is
5mm, whereas the diagonal separation between LDRs 1
and 4 and LDRs 2 and 3 is 10mm. The solar panel was a
small uxcell polycrystalline solar panel (6V, 120mA, and
0.65W) to proof the concept of the tracker. The YMT22
Optical Encoder hollow shaft incremental motor servomotor
encoder was used with the FS5106R FEETECH Continuous
Rotation Servo. Figure 2 summarizes the components used
in this work.

The basic operation of the systems is described as follows.
The microcontroller sends signals (as pulse width modula-
tion (PWM)) to the servomotors, which have integrated
gears and a shaft that can be controlled. Two servomotors
are for rotating the solar panel about the horizontal and
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Figure 1: System block diagram: (a) using optical tracking and (b) proposed sun position algorithm-based tracking.
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vertical axes so that it can move the solar panel toward the
sun. The microcontroller calculates the sun position from
the algorithm using the geographical location, time, and date
(using a DS1302 real-time clock (RTC) module) as shown in
Figure 1(b). Elevation and azimuth angles were calculated,
and the microcontroller commanded the servomotors to
the desired angles. Optical encoders were attached to the
shaft of each motor so that the amount of rotation accom-
plished by each motor can be tracked, and if any deviation
occurred, the controller would fix that.

2.2. Sun Position Algorithms. The sun position algorithms
calculate the solar azimuth (φ) and elevation (EL) (e) angles
of the sun. These angles are then used to position the solar
panel toward the sun. The zenith angle (θ) is the angle
between the direction of the sun (direction of interest) and
the zenith (straight up or directly overhead). The sun eleva-
tion or altitude (e) is the angle from the horizontal plane

and the sun’s central ray or just the compliment of the zenith
angle (90°-zenith angle). The azimuth angle (Az) (ϕ) is mea-
sured clockwise from true north to the point on the horizon
directly below the object.

Figure 3 depicts the parameters associated with the sun
position measurement. The elevation angle (e) is calculated
using any one of the following formulas (depending on the
algorithm such as eSPA is the elevation angle calculated using
the SPA, eAA is the elevation angle calculated using the AA
algorithm, and eENEA is the elevation angle calculated using
the ENEA algorithm):

eSPA = a sin sin φ sin δt + cos φ cos δt cos ha′ ,

eAA = a sin sin φ sin δ + cos φ cos δ cos ha ,
eENEA = a sin sin φ sin δt + cos φ cos δt cht ,

1

Exp. no Features Details Image

FS5106R FEETECH
Continuous Rotation

Speed @ 6 V 95 rpm

Stall torque @ 6 V 83 oz-in

Size Round, 5 mm (0.2″) diameter and 2.09 mm
height.

Resistance range 200KΩ (dark) to 10KΩ (10 lux brightness)

Sensitivity range CdS cells respond to light between 400 nm
(violet) and 600 nm (orange) wavelengths,

peaking at about 520 nm (green).
Uxcell Poly Mini Solar
Panel 

Technical
specification 

6 V, 120 mA, and 0.65 W 

Dimension 120 × 56 mm/4.72″ × 2.2″ (L⁎W)

�ickness 2.5 mm/0.1 inch

YMT22 Optical
Encoder Supply voltage DC5V (±10%)

Max. response
frequency 

30 Hz

Resolution Up to 300 pulse per rotation (ppr)

Max. rotation
speed 3000 revolution per minute (rpm)

DS3231 Real-Time
Clock Module Board 

Real-time clock Counts seconds, minutes, hours, date of the 
month, month, day of the week, and year 

with leap year (up to 2100)
Serial I/O I2C communication

Supply voltage 2.0 V to 5.5 V (battery back-up)

Arduino Sensor Shield Interface Analogue pins A0 to A5, I2C, serial

Connectable
modules 

Sensor modules, servo's, or I2C LCD

PDV-P8001
photoresistors 

Servo

Figure 2: List of the major components with their basic features.
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and the azimuthal angle is calculated by any algorithm (such
as ΦSPA is the azimuthal angle calculated using the SPA,
ΦAA is the azimuthal angle calculated using the AA algo-
rithm, and ΦENEA is the azimuthal angle calculated using
the ENEA algorithm) as follows:

ΦSPA = a tan 2 cos ha′
cos ha′ sin φ − tan δt cos φ

,

ΦAA = a sin −cos δ sin ha
cos e ,

ΦENEA = a tan 2 sht , cht sin φ − tan δt cos φ ,

2

where φ is latitude, δ is the declination angle, δt is the topo-
centric declination angle, ha is the hour angle, ha′ is the topo-
centric hour angle, and sht and cht are approximate sine and
cosine of the hour angle, respectively.

The comparison of the three algorithms is necessary for
feasibility study of the electronic implementation of the algo-
rithms in an 8-bit microcontroller. Therefore, a comparative
simulation study, in terms of both implementation complex-
ity and computational cost, of those algorithms was carried
out, and results are described in Section 3.

2.3. Simulation Study. Simulations of the three popular algo-
rithms (SPA, AA, and ENEA) have been carried out in
MATLAB (R2015a) [18], and the in-house built MATLAB
codes were tested in a Windows machine with Pentium
Dual-Core 2.2GHz CPU, 2GB RAM, and 64-bit Windows
7 operating system.

MATLAB script for each algorithm (AA, ENEA, and
SPA) was tested separately to get the sun position (e and ϕ
angle) at three randomly chosen days over the year (March
21, July 10, and December 15, 2016) which represent win-
ter, beginning of summer, and midsummer. The location
(lat: 25.37463 and long: 51.49128) of Qatar University (QU)
was used for simulation and experimental study. In the AA
algorithm, the sun position was calculated for the mentioned
dates using date, time, latitude, and longitude as input param-
eters. However, both ENEA algorithm and SPA require one

additional parameter altitude (31m) of the location. The
absolute difference between the simulated elevation and azi-
muth angle among each other for ENEA, AA, and SPA was
calculated to evaluate the performance of the algorithms.
SPA is capable of calculating the solar elevation and azimuth
angles in the period from the year -2000 to 6000, with uncer-
tainties of ±0.0003, which reflects a very high accuracy [34].
However, the algorithm is a slow algorithm for the computa-
tion of the sun position with respect to an observer at the
ground surface.

2.4. Experimental Study. The AA algorithm was used in this
work for implementation because of its simplicity, reliability,
and fast computability of the solar position valid for the
long period of time (1950-2050) (with uncertainty of greater
than ±0.01°) [35] compared to another fast algorithm ENEA
(valid for only 2003-2022) (with the minimum uncertainty
of ±0.002°) [36]. On the contrary, SPA is very accurate
and valid until year 6000 but is a slow algorithm for the
computation of the sun position. Moreover, implementation
of SPA in an 8-bit microcontroller is not possible because
of its complexity whereas the accuracy of AA is compara-
ble to SPA, and AA is well recognized for computing the
sun position. Moreover, the AA algorithm has been com-
pared with other standard algorithms (ENEA and SPA)
using MATLAB simulation to show the relevance of using
AA for implementation.

To evaluate the performance of the algorithms and to
decide whether it is worth to implement AA or ENEA algo-
rithms experimentally, the simulated elevation and azimuth
angle for the three mentioned dates were plotted against the
hours of the day. Figure 4 shows e and ϕ angle for the three
algorithms on March 21, July 10, and December 15, 2016,
respectively.

2.5. System Implementation. Implementation of the most
accurate SPA in an 8-bit microcontroller was not possible
because of its complexity whereas AA is also very accurate
and well recognized for computing the sun position using
mathematical equations, implementable in an 8-bit micro-
controller. The “AA algorithm” must be implemented as a

Zenith
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Sun

West
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East

�휃

�휙

e

Figure 3: Parameters of the solar position algorithm.
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function of the location and time of the specific site where
the equipment will be placed. A prototype of the fixed
inclination solar panel, closed-loop dual-axis tracking system
(as shown in Figure 5(a)) was developed using the conven-
tional optical-based (LDRs) tracking and sun position
algorithm-based tracking (Figure 5(b)) to compare the per-
formance of the systems. The optical tracking system is based
on four LDRs that will detect the light levels and convert
them to voltages which were compared by the microcontrol-
ler to determine the brightest region. On the contrary, the
location of the sun was calculated using the AA algorithm
to find azimuthal (Az) and elevation (EL) angles of the sun

to adjust the orientation of the solar panel. The advantage
of using the ATmega328P microcontroller for implementa-
tion is that there are several trigonometric functions, which
are essential to implement the AA algorithm, which are
already available as built-in functions. To compare the
tracking-based systems with the fixed system, the solar sys-
tem was placed at 81° fixed inclinations to the zenith. The
voltage measured by the microcontroller onboard 10-bit
analog-to-digital converter (ADC) is the open-circuit voltage
measured across the PV panel. The photovoltaic (PV) termi-
nals were connected to the ADC input of the microcontroller
through a voltage divider network to make sure that the
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Figure 4: Variation of EL and Az angles for simulated results on 21 March, 10 July, and 15 December 2016, respectively, for Qatar. Note that
the positive values of the elevation angles represent daytime, whereas the negative angles represent nighttime.
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voltage applied at the input of ADC remains smaller than 5V
while the PV panel is producing maximum voltage. This is
because the ADC input of the microcontroller can withstand
maximum of 5V. The voltage reading acquired using the
microcontroller was compared with the Fluke 117 Electri-
cians True RMS Multimeter, which shows a good agreement
between the microcontroller reading and the Fluke meter
reading. For further quantification of the performance of
the proposed system with respect to contemporary systems,
this study calculated the area under the voltage-time curve
(AUC) of the panel voltage vs. time graphs obtained from
the three systems. AUC was calculated by the trapezoidal
rule. It consists in dividing the voltage-time profile into sev-
eral trapezoids and calculating the AUC by adding the area
of these trapezoids. Several experimental data were taken
from the three systems which were placed at the same loca-
tion and time to make sure that all systems are illuminated
under the same condition. Each experimental data was
acquired in a different day, but operating duration was the
same (sunrise to sunset).

3. Results and Discussion

Figure 4 shows that the solar positions simulated at different
hours of three different days were very similar. Figure 6
shows that the ENEA algorithm’s accuracy is higher than that
of the AA algorithm, but the ENEA algorithm will not be
valid after 2022. The overall difference in the solar position
using AA from SPA is not higher than 0.4°. Since the SPA
is computationally expensive and not implementable in a
low-speed, low-power-consuming microcontroller, the com-
putationally cost-effective AA algorithm was implemented
for the experimental study. The difference between the simu-
lated and experimental values for the elevation and azimuth
angles obtained in three individual days was calculated and
plotted in Figure 7, where in all cases the difference was less
than 0.6°. So, the outcome of the proposed implemented sys-
tem has almost the same performance compared to the ideal
case which was simulated in the computer. This error could
be introduced due to the 8-bit implementation of the AA
algorithm. Furthermore, the experimental results shown in
Figure 8 were recorded from the prototype systems at the
same time on an intermittently cloudy day in three scenarios:
with the solar system placed at 81° fixed inclinations to the

zenith, with optical tracking, and with solar position-based
tracking. The results confirmed that the proposed system
outperforms significantly from the fixed solar system and
also the conventional optical tracker. Furthermore, the
algorithm-based proposed system was more stable than the
optical one. The operation of this system is independent of
periodic calibration, and it can be made independent of geo-
graphical location by adding a Global Positioning System
(GPS) receiver in the system.

The panel voltage acquired in a sunny day is shown in
Figure 7. However, it is obvious that the uncertainty in the
voltage reading of the microcontroller-based voltmeter is
2.44mV (half of the resolution of the ADC, 5V/(210/2)).
Therefore, the uncertainty in the reading is quite small.
Moreover, with the advancement of embedded electronics,
it is possible to get a cheap and miniature microcontroller
with a higher number of ADC bits which can measure volt-
age with much higher accuracy. The area under the panel
voltage-time curve (AUC) (an example is shown in
Figure 8) reflects the actual energy harnessed by the solar
panel after positioning the system toward the sun and is
expressed in V∗hr. This AUC is dependent on positioning
of the tracker toward the sun, time of the operation, and
the energy-harnessing capability by the system. The total
amount of energy harvested by the system may be assessed
by adding up or integrating the amounts eliminated in each
time interval, from time zero (time of the initial operation
of the system) to infinite time. This total amount corresponds
to performance of the tracker in terms of the energy
harvested from the sun by the system. The AUC is directly
proportional to the incidence of solar radiation falls on the
panel. That is, it has high value during noon of a shiny day
but zero value at night.

Table 1 shows the AUC values of the three systems which
shows that our proposed algorithm-based system (has the
highest average AUC value) outperformed over other con-
ventional systems. Therefore, the tacker with the highest
average AUC value indicates the best performance in terms
of energy harvesting from the sun which indicates the best
positioning of the system toward the sun. It is therefore
apparent from the table that the algorithm-based tracker out-
performs over fixed tracking and optical tracking by 13.9%
and 2.1%, respectively. Moreover, the standard deviation cal-
culated over the trials showed that the algorithm-based

(a) (b)

Figure 5: Prototype of the solar tracker system (a) and the microcontroller with a sensor shield and RTC (b).
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tracker provide the least variation in the trials, which
reflects the highest throughput of the system with stable
system response.

4. Conclusions

A real-time solar position tracking system was successfully
implemented using the AA algorithm, which is implementa-
ble in an 8-bit microcontroller. The additional hardware
requirement for identifying the solar position using the AA
algorithm is minimum while the solar tracking code was

executed in less than a second, which makes it suitable for
real-time application using an 8-bit microcontroller. More-
over, the algorithm is valid till 2050, and therefore, this algo-
rithm will be usable in the next three decades. In order to
show the accuracy of the AA algorithm, it was compared to
other standard algorithms (ENEA and SPA), where it was
proved that the accuracy of the AA algorithm is comparable
to other algorithms in measuring the sun position. Moreover,
the measured solar panel voltage also reflects that a
close-loop algorithm-based dual-axis tracker can be imple-
mented using an 8-bit microcontroller, which outperforms
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Figure 6: Differences of SPA and AA, ENEA and AA, and SPA and ENEA for the variation of EL and Az angles for the simulated results on 21
March, 10 July, and 15 December 2016, respectively, for Qatar.
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a conventional optical tracker without adding system cost.
Other benefits of the proposed system are that it is standalone
with high accuracy in tracking the sun position (maximum
uncertainty of position detection is 0.6°). In this small-scale

prototype implementation, we did not consider the lead
resistance of the photoresistors. For a large full-scale opera-
tional system, the designer needs to consider lead resistance
for the photoresistors. However, this limitation can be easily
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removed by incorporating a wireless photoresistor data
transmission system to the main controller using radio fre-
quency (RF) chips (e.g., nRF24L01) or a miniature microcon-
troller with an embedded Bluetooth module (e.g., RFduino).
Therefore, in the small-scale prototype implementation, we
did not consider this aspect of the design, which we believe
can be minimized easily for large-scale implementation. In
the future, the proposed electronic implantation of the algo-
rithm will be validated for the solar concentrator system.
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Los Angeles has undergone tremendous deformations over the past few decades, mainly due to human factors such as natural
disasters and earthquakes, urban construction, overexploitation of groundwater, and oil extraction. The purpose of this study is
to map the temporal and spatial variations of land subsidence in Los Angeles and to use the improved SBAS (small baseline
subset) technique and multisensor SAR datasets to analyze the causes of deformations in this area from October 2003 to
October 2017. At the same time, the deformation results of SBAS inversion are compared with the GPS measurements and the
multisensor SAR dataset deformation, and the results are highly consistent. During the period from 2003 to 2017, there were
several subsidence regions and one uplift region in Los Angeles. The cumulative subsidence was -266.8mm at the maximum,
and the average annual subsidence velocity was -19mm/yr, which was mainly caused by groundwater overexploitation. The
maximum amount of accumulated lift is +104.8mm, and the average annual lifting velocity can reach +7.5mm/yr. Our results
have very strong practical application value and can provide a significant basis for local government services in disaster
prevention and mitigation decision-making.

1. Introduction

The Los Angeles area, located in Southern California, is one
of the most developed and densely populated areas in the
United States. At the same time, it is located in the world’s
largest seismic zone, the Pacific Rim seismic zone. What is
more, there are many faults distributed. On January 17,
1994, a 6.7M earthquake struck the Los Angeles area and
caused more than 1500 aftershocks [1]. 62 people died, more
than 9000 people were injured, 25,000 were homeless, trans-
portation facilities were seriously damaged, and cumulative
economic losses amounted to more than 30 billion U.S.
dollars. So far, many earthquakes have occurred in the area.

Los Angeles is a Mediterranean climate zone that is
generally dry throughout the year and has an annual precip-
itation of only 378mm, but there is slightly more rainfall in
winter. Since only a small amount of rainfall can penetrate
the groundwater and many people continue to extract
groundwater, it eventually leads to an imbalance in ground-
water circulation. At the same time, the fault can prevent
the movement of groundwater to a certain extent and the

land subsidence, and uplift of the local area are caused. In
the first half of the 20th century, scientists from the US
Geological Survey recorded large-scale land subsidence for
the first time and found that most of the subsidence was
caused by overexploitation of groundwater. Later, the gov-
ernment tried to restore groundwater aquifers by transferring
abundant water from the north to the dry south, thereby
reducing the amount of subsidence. Regrettably, the subsi-
dence is still continuing, even surpassing the historical high
of 30 cm/year.

Whether the earthquake or groundwater exploitation
causes surface changes, it will cause huge losses to infrastruc-
ture, bridges, roads, underground pipelines, and other infra-
structure. At present, the problem of land subsidence has
been spread throughout China. Serious land subsidence
occurred in cities such as Beijing, Shanghai, and Taiyuan,
causing huge economic losses. The continued overexploita-
tion of groundwater is the main reason for the rapid subsi-
dence of the ground in Beijing. At present, there are two
main subsidence centers in the north and south, and the
surface continues to settle at a rate of 30-60mm/yr [2].
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Therefore, it is of great significance to carry out long-span,
high-precision, short-period, and large-coverage monitoring
to provide the latest subsidence information to urban moni-
toring in urban construction.

Compared with conventional measurement technology,
InSAR, as a kind of space observation technology, has been
widely used in earthquake monitoring and urban subsidence
monitoring, because of its all-weather, high-precision, wide
monitoring area and low cost [3]. In order to solve the prob-
lem that conventional InSAR technology is limited by spatio-
temporal and atmospheric delays, researchers have proposed
time series InSAR technology, such as Permanent Scatterer
(PS) [4, 5] and SBAS [6]. SBAS solves all the interference
pairs that satisfy the baseline requirements and uses the
singular value decomposition (SVD) method to get the
minimum solution. It can monitor long-term surface defor-
mation and overcome the effects of temporal and spatial
irregularities and atmospheric delays, thus improving the
monitoring accuracy to the millimeter level. Its ability to
detect slow deformations accumulated over a long period of
time shows great potential.

Many papers have been published on the monitoring
of InSAR technology in Los Angeles [7–11]. However,
the above papers only focus on deformation monitoring
in the short term, without long-term monitoring and anal-
ysis. More than one hundred SAR images, including Envi-
sat ASAR, ALOS-1 Palsar, TerraSAR-X, and Sentinel-1
datasets, are involved to analyze the characteristics of
ground deformation from 2003 to 2017 by using the SBAS
technique. Our results have a very strong practical applica-
tion value which can quickly monitor the deformation
anomaly area and provide significant data to serve the
decision-making of disaster prevention and mitigation for
the local government.

2. Methodology

SBAS is a newly developed MT-InSAR method, which was
first proposed by researchers such as Lanari et al. [12, 13].
This paper uses the improved SBAS method for processing.
The adaptive filtering method is used to improve the quality
of the interferogram. The high quality interferogram is
selected to remove the image with poor interference quality,
and the Delaunay Minimum Cost Stream (Delaunay MCF)
is used to improve the robustness of the algorithm. SBAS
combines the image pairs of a small baseline to generate a
series of interferograms with different master image time
series. It can increase the time sampling rate by using all
the data included in different small baseline subsets to solve
the problem that the temporal sampling is too sparse. Then,
using the singular value decomposition (SVD) method of
the matrix, multiple small baseline subsets are combined to
solve the least-quadratic least-squares solution [14]. The fre-
quency characteristics of the delay phase due to atmospheric
delay are different in the time domain and the spatial
domain. The atmospheric phase is spatially correlated and
appears as a low frequency signal in the spatial domain. In
the time domain, the atmospheric disturbances during image
acquisition are random, and the atmospheric phase is irrele-
vant in the time domain, which is represented by high fre-
quency signals. Therefore, the effects of atmospheric delay
are effectively improved by high-pass filtering in the time
domain and low-pass filtering in the spatial domain. Finally,
the deformation sequence covering the entire observation
time and the land subsidence rate were obtained. The basic
principle of SBAS:

(1) first, obtain N + 1 SAR images of the same area, in
order of acquisition time t0,… , tN . At the same time,

N + 1 SAR
images

Generate M
interferograms

Select high-quality
interferograms

Phase unwrapping by
Delaunay MCF

Low-pass time
deformation and
residual terrain

phase estimation

Residual topography and 
low-pass phase removal

Phase unwrapping by
Delaunay MCF

Deformation estimation
by SVD

Time deformation
sequence

Spatial-domain low-pass
filtering and

time-domain high-pass
filtering

Figure 1: SBAS processing flow.
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it is assumed that each image can interfere with at
least another image. Select one of the images as the
master image and interfere with the rest of the SAR
images to form a small baseline subset. Then, the
N + 1 SAR image can generate M multiview inter-
ferograms with N + 1 subsets. M is the sum of the
number of interference pairs in each small baseline
subset, and the formation of interferograms between
SAR images is determined by the time baseline and
the spatial baseline

(2) taking the images tA and tB as examples, the j-th dif-
ferential interferogram is generated from the SAR
images acquired from the slave image tA and the
master image tB tA > tB , the interference phase of
the pixel with the azimuth coordinate x and the range
coordinater can be rewritten as

δϕ j x, r = ϕB x, r − ϕA x, r

≈
4π
λ

d tB, x, r − d tA, x, r + ΔΦtopo x, r

+ ΔΦj
APS tB, tA, x, r + ΔΦ j

noise x, r
1

In the formula, j ∈ ,⋯,M , λ is the center wave-
length of the signal; d tB, x, r and d tA, x, r are tB
and tA moments relative to the accumulated visual
variables of the radar line of sight d t0, x, r = 0;
ΔΦ j

topo x, r denotes the residual topographic phase
in the differential interferogram; assuming that the
DEM introduced in the differential interference
process is of high precision, most of the terrain
phases can be removed and the residual topo-
graphic information in the differential interfero-
gram is small and can be ignored in the subsidence
process; ΔΦj

APS tB, tA, x, r is the atmospheric delay

phase; and ΔΦ j
noise x, r denotes decoherence noise

(such as system thermal noise). If we do not consider
the atmospheric delay phase, residual topography
phase, and noise phase, (1) can be simplified as

δϕj x, r = ϕB x, r − ϕA x, r

≈
4π
λ

d tB, x, r − d tA, x, r
2

(3) in order to obtain a physically meaningful settling
sequence, the phase in equation (2) is expressed as
the product of the average phase velocity and time
between the two acquisition times:

vj =
Φj −Φj−1
t j − t j−1

3

The phase value of the j-th interferogram can be
rewritten as

〠
tB ,j

k=tA, j+1
tk − tk−1 vk = δϕj 4

Immediately the integration of speed at each time
interval between master image and slave image inter-
vals. Written in matrix form:

Bv = δϕ, 5

Equation (5) is a matrix of M ∗N . Since the multi-
primary image strategy is adopted for the differential
interferogram of the small baseline subset, the matrix
B is prone to rank loss. By using the SVDmethod, the
generalized inverse matrix of matrix B can be
obtained. And then the minimum norm solution of
the data vector can be obtained. Finally, the integral
of the velocity in each time period can obtain the
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Figure 2: The coverage of the radar image data used in this research overlaid on the Los Angeles map.
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Table 1

(a) Basic parameters of Envisat ASAR dataset

No. Date Polarization Baseline (m)

1 2003-10-29 VV -213

2 2004-06-30 VV 621

3 2004-09-08 VV -148

4 2004-11-17 VV 366

5 2004-12-22 VV 619

6 2005-01-26 VV -428

7 2005-03-02 VV 490

8 2005-05-11 VV -683

9 2005-06-15 VV 73

10 2005-07-20 VV -486

11 2005-09-28 VV -628

12 2005-12-07 VV 676

13 2006-01-11 VV -212

14 2006-02-15 VV 397

15 2006-03-22 VV 770

16 2006-04-26 VV -713

17 2006-05-31 VV 673

18 2006-10-18 VV -281

19 2006-11-22 VV 531

20 2006-12-27 VV 295

21 2007-07-25 VV -11

22 2007-08-29 VV 300

23 2007-10-03 VV -166

24 2007-11-07 VV 0

25 2007-12-12 VV -332

26 2008-01-16 VV 99

27 2008-02-20 VV -219

28 2008-03-26 VV 180

29 2008-04-30 VV -92

30 2008-06-04 VV -73

31 2008-07-09 VV -149

32 2008-08-13 VV 79

33 2008-09-17 VV -231

34 2009-02-04 VV -273

(b) Basic parameters of ALOS-1 Palsar dataset

No. Date Polarization Baseline (m)

1 2006-06-30 HH -3053

2 2006-08-15 HH -177

3 2006-09-30 HH -316

4 2006-11-15 HH 454

5 2006-12-31 HH -1372

6 2007-02-15 HH 324

7 2007-05-18 HH 518

8 2007-07-03 HH 883

9 2007-08-18 HH 1101

Table 1: Continued.

No. Date Polarization Baseline (m)

10 2007-10-03 HH 1257

11 2007-11-18 HH 1640

12 2008-01-03 HH 1575

13 2008-02-18 HH 2506

14 2008-04-04 HH 2836

15 2008-05-20 HH 2731

16 2008-07-05 HH 0

17 2008-08-20 HH -2469

18 2008-10-05 HH -1589

19 2008-11-20 HH -1261

20 2009-01-05 HH -992

21 2009-02-20 HH -671

22 2009-04-07 HH -115

23 2009-07-08 HH -904

24 2009-08-23 HH 349

25 2009-10-08 HH 626

26 2010-01-08 HH 1011

27 2010-02-23 HH 1525

28 2010-04-10 HH 1751

29 2010-05-26 HH 1646

30 2010-07-11 HH 1703

31 2010-10-11 HH 2443

32 2010-11-26 HH 2529

33 2011-01-11 HH 2850

34 2011-02-26 HH 3446

(c) Basic parameters of TerraSAR-X dataset

No. Date Polarization Baseline (m)

1 2011-03-05 HH 208

2 2011-06-12 HH 356

3 2011-09-19 HH 508

4 2011-10-11 HH 151

5 2011-12-16 HH 77

6 2012-02-20 HH 321

7 2012-04-15 HH 746

8 2012-07-01 HH 435

9 2012-09-27 HH 383

10 2013-01-15 HH -66

11 2013-06-07 HH 323

12 2013-07-21 HH 149

13 2013-08-12 HH -72

14 2013-10-28 HH -130

15 2013-12-11 HH 10

16 2014-01-13 HH 49

17 2014-03-09 HH 92

18 2014-04-22 HH 0

19 2014-06-27 HH 443

20 2014-07-19 HH 404
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deformation variables of each time period. The SBAS
timing processing data flow is shown in Figure 1.

3. Study Area and Datasets

The research area is located in Los Angeles, Southern
California. It is one of the core areas of the United States. It

contains dense high-rise buildings, high population density,
and convenient transportation. The scope of this study is
shown in Figure 2.

In order to study the surface changes in Los Angeles over
the past 14 years, SAR images of four different satellites were
used. The Envisat ASAR images were acquired from 2003 to
2009, and the specific parameter information is shown in
Table 1(a). The ALOS-1 Palsar images were acquired from
2006 to 2011, and the specific parameter information is
shown in Table 1(b). The TerraSAR-X images were acquired
from 2011 to 2015, and the specific parameter information is
shown in Table 1(c). The Sentinel-1 images were acquired
from 2015 to 2017, and the specific parameter information
is shown in Table 1(d).

GPS data was obtained from Nevada Geodetic Labora-
tory (http://geodesy.unr.edu/index.php).

This paper select DEM data with 30m resolution for
external reference for simulating and eliminating the topo-
graphic phase. In the process, multiview processing is carried
out to reduce the amount of data storage, improve the speed
of operation, and suppress phase noise. The improved adap-
tive Goldstein filtering method is used to filter the generated
interferogram so as to improve the quality of the interfero-
gram [14]. The interferogram is phase unwrapped using the
Delaunay Minimum Cost Flow.

4. Result and Analysis

For multisensor SAR datasets already processed, the annual
average displacement velocity map of the Los Angeles area
(see Figures 3(a)-3(d)) and time series displacement map
were obtained (see Figures 4(a)-4(d)). Eight regions are
found and named as regions I to VIII by order. Statistical
analysis of the annual average velocity map for different
periods. During 2003 to 2009, the average annual velocity
of Los Angeles is +0.35mm/yr, the average annual velocity
of the monitored pixel points is between -78.5mm/yr and
+65.7mm/yr, and the standard deviation among all pixel
values is ±4.6mm/year. During 2009 to 2011, the average
annual velocity of Los Angeles is +1.5mm/yr, the average
annual velocity of the monitored pixel points is between
-128.5mm/yr and +161.2mm/yr, and the standard deviation
among all pixel values is ±7.3mm/yr. During 2011 to 2015,
the average annual velocity of Los Angeles is +0.7mm/yr,
the average annual velocity of the monitored pixel points is
between -17.6mm/yr and +21.3mm/yr, and the standard
deviation among all pixel values is ±3.3mm/yr. During
2015 to 2017, the average annual velocity of Los Angeles is
-0.1mm/yr, the average annual velocity of the monitored
pixel points is between -58.7mm/yr and +23.4mm/yr, and
the standard deviation among all pixel values is ±3mm/yr.
It can be seen from the above data that most of the Los
Angeles areas were in a stable state (slight uplift and subsi-
dence) from 2003 to 2017, and at the same time, they proved
that the processing results have good monitoring accuracy
(see Figures 5(a)-5(d)).

The purpose of this experiment is to find high-risk areas
with large deformation. Based on general engineering experi-
ence and experimental results, the area from -5mm/year

Table 1: Continued.

No. Date Polarization Baseline (m)

21 2014-08-10 HH 275

22 2014-10-26 HH 60

23 2015-01-22 HH 283

24 2015-04-09 HH -132

25 2015-06-03 HH -82

26 2015-08-19 HH 95

27 2015-10-02 HH -78

28 2015-12-07 HH 55

(d) Basic parameters of Sentinel-1 dataset

No. Date Polarization Baseline (m)

1 2015-01-26 VV 28

2 2015-05-14 VV -123

3 2015-06-07 VV 32

4 2015-07-01 VV 112

5 2015-08-18 VV -46

6 2015-09-11 VV -16

7 2015-10-05 VV -53

8 2015-11-22 VV -14

9 2015-12-16 VV -35

10 2016-01-09 VV 59

11 2016-02-02 VV -25

12 2016-03-09 VV 0

13 2016-04-02 VV -16

14 2016-05-08 VV 16

15 2016-06-01 VV 3

16 2016-07-19 VV -20

17 2016-08-12 VV -66

18 2016-09-05 VV -54

19 2016-10-11 VV 12

20 2016-11-04 VV 35

21 2016-12-10 VV 7

22 2017-01-03 VV 15

23 2017-02-08 VV 56

24 2017-03-04 VV -124

25 2017-05-03 VV 10

26 2017-06-08 VV 48

27 2017-07-14 VV -65

28 2017-08-07 VV 33

29 2017-09-12 VV -19

30 2017-10-18 VV -12
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to +5mm/year was defined as a relatively stable area,
such as region I-IV (see Figures 5(a)-5(d)). Regions over
±5mm/year are classified as potentially disaster-inducing
areas, and further research is conducted such as region
V-VIII (see Figures 5(e)-5(h)).

By using Google Maps contrast, it was found that stable
regions I-IV are located inWest Covina, Pasadena. In the sta-
ble regions I-IV, the maximum deformation is less than
25mm, and the annual average rate is less than 5mm/yr from
2003 to 2017. This shows that the area has a stable texture
structure and a balanced groundwater system.

Regions V-VII are Pomona, Ontario, and Upland. From
Figures 5(e)-5(g), it shows that regions V-VII have existed
serious subsidence from 2003 to 2017, accumulated
-266.8mm, -105.1mm, and -82.6mm, and the annual aver-
age velocities are -19mm/yr, -7.5mm/yr, and -5.9mm/yr,
respectively. What is more, the subsidence center of region
V moves to the northeast. By consulting the data, we can
see that the area is an urban area with a high population den-
sity and a large demand for water. People continue to use
groundwater for their lives, resulting in an imbalance in the
groundwater circulation system. As early as the 1970s, when
the local government discovered the adverse consequences of
overexploitation of groundwater, there was a “North-South
Water Transfer” project to transfer water from Southern
California to reduce groundwater use. Unfortunately, from
the point of view of subsidence, the project is still insufficient
because the surface still continues to settle and the rate of
subsidence is not small. Based on the current results of the
settling rate, the subsidence will reach the meter level within
a few decades. Land subsidence is not conducive to urban
construction, and it is easy to cause the foundation of the
building to be unstable, resulting in the collapse of the

building. When the subsidence is severe, the urban facilities
will be destroyed, resulting in the shutdown, rupture, defor-
mation, and even collapse of the engineering facilities. The
ground subsidence of the road will be uneven or cracked,
and the bridge will sink and deform, which will cause poten-
tial safety hazards.

Region VIII is located in Santa Fe Springs, where cumu-
lative deformation is +104.8mm, and the annual average
velocities are +5.9mm/yr. It is speculated that the uplift of
the earth’s surface is related to the tectonic movement, oil
extraction, and recharge. This area is close to the Whittier
fault, and the vertical movement of the fault will cause the
surface to rise. In the oil extraction process, water injection
and recharge are usually performed to increase the extraction
efficiency. The reinfusion of water injection will cause the
surface to rise slowly.

5. Result Verification

In order to assess the accuracy of the SBAS results, we
compared SBAS processing results for GPS data and
Sentinel-1 data between 2015 and 2017, as shown in
Figures 6(a) and 6(b). At station CIT1, the median error
between GPS and SBAS data is 0.89mm, and the Pearson
correlation coefficient is 0.892. At station PRKD, the
median error between GPS and SBAS data is 0.77mm,
and the Pearson correlation coefficient is 0.740. It can be
shown that there is a strong consistency between the SBAS
results and the GPS monitoring data, and the reliability of
the experimental results is high.

In the SBAS results from the Envisat ASAR and ALOS-1
Palsar data processing, Figures 7(a) and 7(b) show time series
deformation results at Pomona West Side and Rowland
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Figure 3: Annual average displacement velocity map from October 2003 to October 2017 by multisensor SAR datasets.

6 Journal of Sensors



117°40'0"W117°50'0"W118°0'0"W

34
°1

0'0
"N

34
°0

'0"
N

117°40'0"W117°50'0"W118°0'0"W

34
°1

0'0
"N

34
°0

'0"
N

117°40'0"W117°50'0"W118°0'0"W

34
°1

0'0
"N

34
°0

'0"
N

117°40'0"W117°50'0"W118°0'0"W

34
°1

0'0
"N

34
°0

'0"
N

117°40'0"W117°50'0"W118°0'0"W

34
°1

0'0
"N

34
°0

'0"
N

117°40'0"W117°50'0"W118°0'0"W

34
°1

0'0
"N

34
°0

'0"
N

117°40'0"W117°50'0"W118°0'0"W

34
°1

0'0
"N

34
°0

'0"
N

117°40'0"W117°50'0"W118°0'0"W

34
°1

0'0
"N

34
°0

'0"
N

117°40'0"W117°50'0"W118°0'0"W

34
°1

0'0
"N

34
°0

'0"
N

117°40'0"W117°50'0"W118°0'0"W

34
°1

0'0
"N

34
°0

'0"
N

117°40'0"W117°50'0"W118°0'0"W

34
°1

0'0
"N

34
°0

'0"
N

117°40'0"W117°50'0"W118°0'0"W

34
°1

0'0
"N

34
°0

'0"
N

117°40'0"W117°50'0"W118°0'0"W

34
°1

0'0
"N

34
°0

'0"
N

117°40'0"W117°50'0"W118°0'0"W

34
°1

0'0
"N

34
°0

'0"
N

117°40'0"W117°50'0"W118°0'0"W

34
°1

0'0
"N

34
°0

'0"
N

117°40'0"W117°50'0"W118°0'0"W

34
°1

0'0
"N

34
°0

'0"
N

117°40'0"W117°50'0"W118°0'0"W

34
°1

0'0
"N

34
°0

'0"
N

117°40'0"W117°50'0"W118°0'0"W

34
°1

0'0
"N

34
°0

'0"
N

117°40'0"W117°50'0"W118°0'0"W

34
°1

0'0
"N

34
°0

'0"
N

117°40'0"W117°50'0"W118°0'0"W
34

°1
0'0

"N
34

°0
'0"

N

117°40'0"W117°50'0"W118°0'0"W

34
°1

0'0
"N

34
°0

'0"
N

117°40'0"W117°50'0"W118°0'0"W

34
°1

0'0
"N

34
°0

'0"
N

117°40'0"W117°50'0"W118°0'0"W

34
°1

0'0
"N

34
°0

'0"
N

117°40'0"W117°50'0"W118°0'0"W

34
°1

0'0
"N

34
°0

'0"
N

117°40'0"W117°50'0"W118°0'0"W

34
°1

0'0
"N

34
°0

'0"
N

117°40'0"W117°50'0"W118°0'0"W

34
°1

0'0
"N

34
°0

'0"
N

117°40'0"W117°50'0"W118°0'0"W

34
°1

0'0
"N

34
°0

'0"
N

117°40'0"W117°50'0"W118°0'0"W

34
°1

0'0
"N

34
°0

'0"
N

117°40'0"W117°50'0"W118°0'0"W

34
°1

0'0
"N

34
°0

'0"
N

117°40'0"W117°50'0"W118°0'0"W

34
°1

0'0
"N

34
°0

'0"
N

117°40'0"W117°50'0"W118°0'0"W

34
°1

0'0
"N

34
°0

'0"
N

117°40'0"W117°50'0"W118°0'0"W

34
°1

0'0
"N

34
°0

'0"
N

117°40'0"W117°50'0"W118°0'0"W

34
°1

0'0
"N

34
°0

'0"
N

Displacement (mm)

−130 to −110
−110 to −90
−90 to −70
−70 to −50
−50 to −30
−30 to −10
−10 to 10
10 to 30
30 to 50
50 to 70
70 to 90
90 to 110
110 to 1300

(a)

Figure 4: Continued.
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Figure 4: Continued.
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Heights from December 2006 to June 2009. The medium
errors were 2.70mm and 1.92mm, and the Pearson correla-
tion coefficients were 0.810 and 0.758, respectively. This
shows that there is a strong consistency between the moni-
toring results of the two data sources.

In the SBAS results from the TerraSAR-X and Sentinel-1
data processing, Figures 8(a) and 8(b) show time series defor-
mation results at Pomona and Ontario in 2015. The medium
errors were 1.22mm and 0.51mm and the Pearson correla-
tion coefficients were 0.878 and 0.981, respectively. This also
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Figure 4: Result of SBAS in the study area. (a) describes the time series displacement in Los Angeles from 2003 to 2009. (b) describes
the time series displacement in Los Angeles from 2006 to 2011. (c) describes the time series displacement in Los Angeles from 2011 to
2015. (d) describes the time series displacement in Los Angeles from 2015 to 2017.
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Figure 5: The time series displacement of region I-VIII. In Figures 5(e)-5(h), because the data coverage is not completely coincident, a part of
data is missing. For the continuity of time-series analysis, the data of the dotted line in the figure is a prediction using a nonlinear curve fitting.

2015 2016 2017

−4

−2

0

2

4

D
ef

or
m

at
io

n 
(m

m
/y

r)

Time (year)

CIT1

GPS
SBAS

(a)

2016 2017
−10

−5

0

5

10

D
ef

or
m

at
io

n 
(m

m
/y

r)

Time (year)
GPS
SBAS

PKRD

(b)

Figure 6: (a) CIT1 and SBAS deformation results. (b) PKRD and SBAS deformation results.
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shows that there is a strong consistency between the moni-
toring results of the two data sources.

In summary, it can be seen that the results obtained
by the multisensor data processing of this experiment
are reliable.

6. Conclusion

This paper uses the SBAS technology and multisensor SAR
data (Envisat ASAR, ALOS-1 Palsar, TerraSAR-X, and
Sentinel-1) to perform long-term land subsidence monitor-
ing over the Los Angeles area from 2003 to 2017. Through
the sequence analysis of the deformation evolution process
of the surface, uneven deformation was found. When the

deformation reaches a certain level, it may cause the collapse
of the building and underground pipes and wires and cause
breakage and damage to other basic equipment. At the same
time, by monitoring the surface variables, timely feedback to
the local departments to provide relevant departments with
decision-making basis. Among them, there are serious subsi-
dences in areas V-VII, which are prone to disasters because of
the overexploitation of groundwater and the need for timely
prevention and control measures. Regional uplift occurred in
region VII, which was presumed to be caused by water injec-
tion and tectonic movement. However, further research and
analysis are needed. At the same time, the cross-validation
of the deformation results obtained by multisensor data was
performed, and the GPS data and Sentinel-1 deformation
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Figure 7: (a) Pomona West Side time series deformation result. (b) Rowland time series deformation result.
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Figure 8: Pomona time series deformation result. (b) Ontario time series deformation result.
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results were further compared to verify the reliability of
the deformation results. In summary, the results reflect
the advantages of SBAS technology and indicate that multi-
sensor SAR data has a certain application value in urban city
subsidence monitoring.
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Image-based measurement has received increasing attention as it can substantially reduce the cost of labor, measurement
equipment, and installation process. Instead of using optical flow, pattern, or marker tracking to extract a displacement signal,
in this study, a novel noncontact machine learning-based system was proposed to directly predict vibration frequency with high
accuracy and good reliability by using image sequences acquired from a single camera. The performance of the proposed
method was demonstrated through experiments conducted in a laboratory and under real-field conditions and compared with
those obtained using a contacted sensor. The vibration frequency prediction results of the proposed method are compared with
industry-level vibration sensor results in the frequency domain, demonstrating that the proposed method could predict the
target-object-vibration frequency as accurately as an industry-level vibration sensor, even under uncontrollable real-field
conditions with no additional enhancement or extra signal processing techniques. However, only the principal vibration
frequency of a measurement target is predicted, and the measurement range is limited by the trained model. Nonetheless, if
these limitations are resolved, this method can potentially be used in real engineering applications in mechanical or civil
structural health monitoring thanks to the simple deployment and concise pipeline of this method.

1. Introduction

Vibration signals contain key information for fault diagnosis
and health condition monitoring in mechanical or civil struc-
tures, such as high-rise buildings, long-span bridges, trans-
mission towers, electricity pylons, and high cranes. As the
vibration signals can provide critical information related to
structural dynamics, such as the mass properties, stiffness,
and their corresponding distributions, their measurement
and analysis are important. Modal parameters, the most
important being resonant and natural frequencies, obtained
from long short-term monitoring can be used in design vali-
dation, early fault warning, and preventive maintenance of
mechanical or civil structures.

Generally, the vibration measurement techniques can
be categorized as contact and noncontact methods. Contact
vibration measurement methods include techniques that
use conventional sensors, such as accelerometers, strain
gauges, velocity transducers, and global positioning systems

(GPS) [1, 2]. In fact, the use of contact sensors is a
labor-inducing and time-consuming task, especially for those
large-scale or high-rise structures, in which the installation
of such sensors or the wiring of power or data transmis-
sion cables is complicated and impractically expensive.
The noncontact methods use different types of electromag-
netic radiations to obtain vibration signals. For example, a
laser Doppler vibrometer (LDV) [3–6] utilizes laser, inter-
ferometry techniques [7, 8], and microwaves, and image-
based methods [9–25] use cameras to capture visible light.
Image-based measurement methods have undergone rapid
development in recent decades with advancements in both
image sensor performance and image processing algorithms.
Such methods are also called vision-based, photometry, or
computer vision measurement methods and are mainly
divided into three categories based on the type of measure-
ment target: digital image correlation (DIC), target tracking,
and nontarget methods. DIC is a technique that utilizes the
brightness variations of specific speckle patterns [26–31];
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the patterns must be printed or projected on the target object
prior to the measurement. The displacement of the interest
region can be calculated from the correlation between the
current and reference frame patterns. Target-tracking tech-
niques require an optical target, such as an LED light, a
high-contrast or high-reflective marker mounted or printed
on the measurement target [22, 32, 33]. The targets are found
and tracked using an image processing algorithm to obtain a
vibration signal. For the nontarget methods, no optical
target is required on the measurement target, and edge
detection, feature detection, blob detection, template match-
ing, and other computer vision techniques are employed
to capture the natural internal feature on the measure-
ment target surface. Then, image processing and signal
analysis algorithms are used to obtain vibration signals or
modal parameters.

Recently, Liu and Yang [34] proposed an image-based
nontarget vibration frequency measurement method by
using the concept of machine learning instead of using image
processing techniques, which explicitly extract vibration sig-
nals. This method can directly predict vibration frequencies.
However, this method is not robust enough in the unfavor-
able noisy real-world condition and additional edge enhance-
ment must be applied to obtain a good result. Following the
concept of adopting machine learning in image-based mea-
surement, this paper presents a new idea of using a confi-
dence kernel for redesigning a neural network to achieve
robust vibration frequency prediction. The proposed method
has several advantages over the method by Liu and Yang [34]
as well as other image-based methods; that is, the proposed
method produces almost no trivial result at the pixel level,
and the output result map is more obvious and accurate. In
particular, the histogram for predicted frequency distribution
and additional edge enhancement is not required. Moreover,
the redesigned network and dataset are more robust to noise
and have a much faster convergence speed. Compared to
other image-based methods, the proposed method can
provide pixel-level vibration frequency without explicitly
extracting the vibration signal and no additional image or
signal processing algorithm is required. The advantages of
the proposed method (e.g., nontarget, noncontact, low cost,
concise algorithm, and easy deployment) could potentially
popularize it in real-field engineering applications.

2. Methods

In this section, we present the proposed method and experi-
mental setup for validating the method. Then, the artificial
neural network utilizing a confidence kernel is introduced,
and the kernel’s detailed algorithm is described. Then, this
section describes the dataset preparation and training proce-
dure. Lastly, we present the pipeline of the proposed method
and experimental setup.

2.1. Neural Network Architecture. Here, we propose a neu-
ral network with a confidence kernel, carefully devised for
image-based vibration frequency measurement. Figure 1
depicts the overall architecture of the proposed network, con-
fidence kernel, and the computational relationship between

them. The main task of the proposed network is to classify
input information into different classes, which are the exact
values of the predicted frequencies. The proposed network
consists of sets of 1D convolution layers, and every convolu-
tion layer is followed by batch normalization (BN) [35] and a
rectified linear unit (ReLU) [36]. Skip connections [37, 38]
are assumed to speed up the training process and improve
the performance and are more suitable in a symmetric
designed network. We added skip connections in our net-
work, represented by the red “+” symbol in Figure 1(a).
Two fully connected layers were applied to connect all input
neural nodes to the number of measurement frequency range
(MFR), which is the product of the frequency range and the
reciprocal of the measurement frequency precision step.
The fully connected layers serve as high-level reasoning in
the neural network correlating the activation from different
parts of the signal. To prevent overfitting, dropout [39] was
applied to randomly set 50% of the neural nodes to zero
between these two fully connected layers, since overfitting
can easily happen in dense layers like a fully connected layer.
The MFR of the outputs from a fully connected layer is pro-
vided to a softmax function yielding vibration frequency pre-
diction. All the results of the pixel-level vibration frequency
prediction were reconstructed to the spatial position of the
original image to generate the initial unconfident result
map. The confidence kernel was applied to the unconfident
result map to obtain the final result map, as shown in
Figure 1(b). Section 2.2 details the confidence kernel.

The input of our neural network is a 1D vector of size
L × 1, where L is determined by sampling rate fs and dura-
tion T of the original input video clip: L = fs × T . The input
was filtered by eight 1D convolution layers with kernels of
size 11. The number of filters gradually increased from 2 to
8 and then decreased from 8 to 2, as shown in Figure 1(a).
In addition, we padded the input of every 1D convolution
by 5 pixels, with 0 on both sides to retain the length of the
input signal.

2.2. Confidence Kernel. Liu and Yang [34] presented trivial
pixel-level results over the whole output result map. The triv-
ial results were the random vibration prediction output
values, which were incorrect and irrelevant. In the complex
measurement condition, an additional edge enhancement
algorithm must be applied to obtain a reliable measurement
result. In the current study, a confidence kernel was intro-
duced and combined with the redesigned neural network to
solve this problem.

As illustrated in Figure 2, the confidence kernel is a small
matrix, with the confidence kernel size (CKS) shifting by
stride S over the whole input. For each confidence kernel,
CKS × CKS kernel elements were collected from the unconfi-
dent result map, and the number of occurrences of each
result value R in the kernel was counted as Or . This study
introduces the concept of confidence value, defined as CVr ,
which for each result, is expressed as

CVr =
Or

CKS2
, 1
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where CVr will be compared with a tunable parameter confi-
dence threshold (CT). If CVr > CT, result value R will be
decided as the confidence kernel output; otherwise, the out-
put will be decided as 0.

For better demonstration, an example is presented to
show the decision-making process of the confidence kernel.
In this example, the CKS and stride S were set to 3 and 1,
respectively, and the confidence threshold was set to CT =

So
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1D convolution

Fully connected

Input

L
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Figure 1: (a) The proposed neural network with (b) confidence kernel for vibration frequency measurement.
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Figure 3: Examples of simulated signals: (a) from top to bottom: signal with 6.6Hz frequency, random noise with a standard deviation of
1.16, and a simulated signal of 6.6Hz; (b) from top to bottom: signal with 11.6Hz frequency, random noise with a standard deviation of
2.16, and a simulated signal of 11.6Hz.
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0 5. The first four confidence kernels are marked in different
colors in Figure 2. The first confidence kernel is represented
by the blue square, comprising five types of result values: 5,
13, 16, 28, and 46Hz, and the corresponding numbers of
occurrences: 1, 2, 4, 1, and 1; hence, the corresponding con-
fidence values are CV = 1/32, 2/32, 4/32, 1/32, and 1/32, which

are calculated to be 0.11, 0.22, 0.44, 0.11, and 0.11, respec-
tively. The result of 16Hz has the highest confidence value
among all the confidence values in the blue kernel, while it
is smaller than confidence threshold CT, which was set at
0.5 in this example. Thus, the results in the blue kernel are
assumed to be trivial, and the output of this blue kernel is
decided as 0. Then, the stride of 1 pixel was used to obtain
the second confidence kernel (marked in red). Similar to
the first kernel, three types of results are obtained through
the second kernel, namely, 5, 13, and 16Hz, with the cor-
responding confidence values CV of 0.33, 0.11, and 0.55,
respectively. The highest confidence value CV = 0 55 is
larger than the confidence threshold CT = 0 5. Therefore,
the red-colored confidence kernel is believed to be reliable,
with the output confidently decided as 16Hz. The same
decision-making rule was applied to the blue- and yellow-
highlighted kernels, as shown in Figure 2, yielding outputs
of 16 and 0Hz. The following confidence kernels use the
same rule to decide the output results. All the outputs
from the confidence kernels are provided to the corre-
sponding center position in the final result map, as shown
in Figure 1(b).
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Figure 4: Pipeline of the proposed method: (a) readout pixel brightness variation signals of ROI image sequences. (b) Signals are fed into the
neural network with confidence kernel to achieve a result. (c) Flowchart of the proposed method.

(a) (b) (c)

Figure 5: Experimental setup of the verification test [34]: (a) industrial camera, laptop, and steel structure; (b) exciter and ROI is represented
by a red rectangle; (c) waveform generator.

(a) (b)

Figure 6: Experimental setup of the laboratory-based experiment
[34]: (a) laptop, camera, carbon plate, and vibrometer; (b) field of
view of the camera (ROI represented by a red square).
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2.3. Dataset and Training. The proposed neural network was
trained with the simulated data. All the data used in training
and testing stages were simulated through an algorithm using
a random process. To simulate real-world vibration signals,
we used simulated signals with preset frequency and added
random noises, as illustrated in Figure 3. The random noises
were sampled from a zero mean Gaussian distribution with
standard deviation varying randomly between 0.5 and 2.2.
The mathematical model of the simulated signals is defined
in Equation (2), where T is the discrete time value with even
steps of 1/fs increase from zero to the end of signal duration;
fs is the signal sampling rate; f is the specific frequency of the
simulated signals; and S is the signal amplitude. Furthermore,
GN is the Gaussian noise randomly sampled from Gaussian
distribution, and its probability density function is given
in Equation (3), where GN represents the noise amplitudes
and σ is the standard deviation. All the simulated signals
were normalized to −1 to 1 before training or testing the
neural network.

To achieve better generalization capability of the pro-
posed network, we simulated 8000 signals with different
noises for each frequency precision step. For example, the
vibration range was 0–50Hz with a frequency precision step

of 0.1Hz, MFR of 500, and 4,000,000 signals were generated
for training the proposed network.

S = sin 2πf × T + GN, 2

p GN =
1

σ 2π
e− GN 2/2σ2 3

We used negative log likelihood loss and the adaptive
moment estimation (Adam) [40] optimizer in our training.
The learning was fixed at 1 × 10−4 with a batch size of
4096. The training was performed using PyTorch [41] on
an nVidia GTX1060 and usually converged to a good model
within 8 h.

2.4. Pipeline. After selecting the region of interest (ROI) from
the original video recorded in experiments, the brightness
value of each pixel was readout along the time dimensions
and saved as individual brightness variation signals. For
instance, Figure 4(a) shows an ROI with a width of W pixels
and a height of H pixels. In addition, the duration of the
input video is T with sampling rate fs. We will get W ×H
numbers of readout signals with length N= fs × T . All the

(a) (b) (c)

Figure 7: Experimental setup of the field experiment [34]: (a) camera and laptop; (b) contact vibrometer (represented by a blue circle); (c)
field of view of the camera (ROI is represented by a red rectangle).
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Figure 8: Three representative results of the verification test: (a) ROI for vibration frequency measurement; (b) results by Liu and Yang [34],
left column from top to bottom: 15, 30, and 45Hz excitations; (c) results of the proposed method, right column from top to bottom: 15, 30,
and 45Hz excitations.
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signals were fed into the proposed neural network with the
confidence kernel, directly yielding a pixel-level vibration fre-
quency prediction result map, as shown in Figure 4(b).

To better illustrate the proposed method, a flowchart of
the proposed method is shown in Figure 4(c). From the video
recording to the frequency prediction result map, these steps
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Figure 9: Three representative results of the histogram of predicted frequency distribution: (a) result by Liu and Yang [34], left column
from top to bottom: 15, 30, and 45Hz excitations; (b) result from the proposed method, right column from top to bottom: 15, 30, and
45Hz excitations.

6 Journal of Sensors



are concise and straightforward. Simply by reading out the
brightness variation signals within the ROI and feeding the
neural network with the confidence kernel, we can directly
obtain the frequency prediction result map without the need
for additional algorithms or signal processing techniques.

2.5. Experimental Methods. To compare with a previous
work, the same experiments used by Liu and Yang [34] were
performed, including a verification test, laboratory experi-
ment, and field experiment. The image sequences were cap-
tured by an industrial camera with an Aptina MT9P031
image sensor with a 10 s duration at a 100Hz sampling rate
in all the experiments. In addition, an industrial vibrom-
eter DongHua5906 was used as reference to compare the
vibration frequency prediction result obtained through the
proposed method. The frequency measurement range was
0–50Hz, and the measurement precision was 0.1Hz.

In this work, we used the same raw video clips used
by Liu and Yang [34], and the vibration prediction
results obtained using the proposed method were com-
pared with those by Liu and Yang [34], without additional
edge enhancement.

2.5.1. Verification Test. The verification test was conducted
using a vibration test system, consisting of a waveform
generator (RIGOL DG1022), an amplifier (MB Dynamics
SLV500VCF), and an exciter (MB Dynamics MODAL 50).
A modular steel structure was excited by a standard sine sig-
nal from 0 to 50Hz in steps of 5Hz. The ROI was selected
near the exciter with a resolution of 468 × 14 pixels, as shown
in Figure 5. The proposed method was applied to the video
captured from this setup and compared with the result
obtained by Liu and Yang [34].

2.5.2. Laboratory Experiment. The first experiment was
conducted in a laboratory with adequate lighting and sta-
ble background of the measurement target, as shown in
Figure 6. A simple supported carbon plate was used as the
measurement target, and the vibrometer was attached on its
midpoint. The carbon-plated vibrations excited using an
impact hammer on the left support were recorded using the
vibrometer and industrial camera. The midpoint of the plate
was selected as the ROI with a resolution of 176 × 304. The
proposed method was applied to the video captured from this

setup and compared with the result obtained in [34] and
through the vibrometer.

2.5.3. Field Experiment. The field experiment was conducted
on Wuyuan Bridge, Xiamen. As the vibration frequency of
the bridge cable is an important parameter for predicting
the tension force of the structural components and modal
shape, a bridge cable was selected as the test object. The
excitation sources in the field experiment were the ran-
domly passing vehicles and pedestrians. The vibrometer
was attached on the cable near the bridge fence for easy
installation, and the ROI with a resolution of 72 × 86 was
selected on a higher region of the cable to avoid infer-
ence from passing pedestrians and vehicles, as shown in
Figure 7. The proposed method was applied to the video
captured from this setup and compared with the results
obtained in [34] and through the vibrometer.

3. Results

3.1. Verification Test. The frequency prediction result maps
of 15, 30, and 45Hz, obtained in [34] and by using the pro-
posed method are shown in Figure 8; they are organized side
by side for a better comparison. For quantitative comparison,
Figure 9 shows the corresponding histogram of the predicted
frequency distribution pixel counts from both methods. The
frequency measurement results from nine excitation fre-
quencies are summarized in Table 1: 5, 10, 15, 20, 25, 30,
35, 40, and 45Hz.

Compared to that by Liu and Yang [34], the result map
obtained using our proposed method is visually clean and
only a slight trivial result was generated, as shown in
Figure 8(c); the map is less noisy than that in Figure 8(b).
We can easily read the pixel-level vibration measurement
result as the trivial results are removed and set to 0.
Figure 9 quantitatively confirms that the proposed method
almost generates no trivial results like the method by Liu
and Yang [34], and more pixels were confidently predicted
around the excitation frequency.

3.2. Laboratory Experiment. Figure 10 shows the result map
of frequency prediction obtained using the method in [34]
and the proposed method. The corresponding histograms
of both laboratory experiments are plotted in Figure 11.
Figure 12 shows the vibration measurement result obtained
through the industrial vibrometer; the normalized vibration
signal is plotted in Figure 12(a), and the power spectrum den-
sity (PSD) via fast Fourier transform (FFT) with peak picking
is shown in Figure 12(b).

Figure 10(b) shows that the map of the frequency predic-
tion results obtained using the proposed method is almost
free of trivial results. Moreover, the histogram of the pre-
dicted frequency distribution in Figure 11(b) confirms this
result with respect to the output of the frequency around a
single value. In particular, the direct result from the proposed
method is 12.7Hz, which is closer to 12.75Hz obtained
through the vibrometer than the direct result obtained using
the method by Liu and Yang [34], i.e., 12.4Hz, as shown in
Figures 11(b), 12(b), and 11(a).

Table 1: Verification test result summary.

Scenario Excitation frequency (Hz) Predicted frequency (Hz)

1 5.0 5.0

2 10.0 10.1

3 15.0 14.9

4 20.0 20.0

5 25.0 24.9

6 30.0 30.0

7 35.0 35.0

8 40.0 40.0

9 45.0 45.0
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Figure 10: Prediction result map obtained through laboratory experiments: (a) ROI for vibration frequency measurement, (b) result from
[34], and (c) result of the proposed method.
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Figure 12: Vibrometer result of the laboratory experiment: (a) time history of normalized vibration signal; (b) normalized power
spectrum density.
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Figure 11: Histogram of predicted frequency distribution of the laboratory experiment: (a) result from [34] and (b) result obtained using the
proposed method.

8 Journal of Sensors



3.3. Field Experiment. In the field experiment, the direct out-
put of the prediction result map of [34] and the proposed
method were compared, as shown in Figure 13. The corre-
sponding histograms of the predicted frequency distributions
are plotted in Figure 14. The vibration signals from the
vibrometer are normalized and plotted in Figure 15(a); the
corresponding PSD through FFT with peak picking is plotted
in Figure 15(b).

The real-field application environment is always chal-
lenging for many image-based methods because of the
presence of various noise sources and uncontrollable condi-
tions. As shown in Figure 13(a), the direct result obtained
using the method in [34] appears to be noisy, and the histo-
gram of its predicted frequency distribution in Figure 14(a)
indicates that most pixels were predicted under 1Hz; this is
attributed to the uncontrollable lighting condition and other
types of mechanical or electrical noises. To solve this problem
and obtain a reliable result, an additional edge enhancement
process must be applied to their method [34]. The result of

the proposed method in Figure 13(b) shows that although
not many pixels were confidently outputted, the result is free
of trivialities. In addition, noises under 1Hz are not observed
in the direct output of the prediction result map. The histo-
gram of the predicted frequency distribution of the proposed
method in Figure 14(b) also confirmed that most pixels are
predicted around 12.8Hz, which is also closer to the vibrom-
eter result of 12.97Hz than the result obtained in [34]:
12.6Hz (as shown in Figures 14(b), 15(b), and 14(a)).

4. Discussion

The experiments were conducted under different conditions
and by using different excitation sources and different test
objects vibrating at various frequencies. The results demon-
strate the following findings about the performance of the
proposed method: (1) The proposed method can directly uti-
lize the video clips containing the target object to predict
vibration frequency within a minor-error range. (2) Under
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Figure 13: Prediction result map of the field experiment: (a) ROI for vibration frequency measurement, (a) result of [34], and (b) result of the
proposed method.
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Figure 14: Histogram of predicted frequency distribution of the field experiment: (a) result of [34] and (b) result of the proposed method.
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both ideal laboratory conditions and uncontrollable
real-field application condition, the proposed method can
generate reliable result maps with little trivialities. More-
over, we noticed that the performance of the proposed
method was more robust in real-field conditions even when
using the direct output; additional enhancement was not
required as in [34].

Compared to the conventional image-based vibration
frequency measurement method, the proposed method does
not explicitly extract vibration signals to obtain vibration
frequency. We directly obtained pixel-level vibration fre-
quency results by using a feedforward neural network with
a confidence kernel and no additional image or signal pro-
cessing algorithm. Compared with a previous method [34],
the measurement accuracy was slightly increased owing to
the use of a novel network architecture and better training
dataset. In particular, the confidence kernel greatly improved
the applicability and robustness of this method as only a
small amount of trivial result was generated, and the map
of the pixel-level vibration frequency result was clearly pre-
sented with high accuracy. Moreover, no statistical operation,
such as a histogram or edge enhancement [34], was required.
Thus, the output result map is directly useable without any
additional operation.

The major limitation of the proposed method is that if
a different measurement range is required, a new model
must be trained. Another important limitation is that only
the principal frequency can be measured; if the measure-
ment target is vibrating with more than one frequency
component, all frequency components except the principal
frequency component will be ignored. Moreover, the pro-
posed method is vulnerable to lighting variation, camera
shake, disturbances caused by background or foreground
moving objects, and other types of electric or mechanical
noise; these are common limitations of all image-based
measurement methods.

Nevertheless, the presented work opens up many oppor-
tunities for future research. The adoption of machine learn-
ing in image-based engineering measurement is relatively

new and can be explored in other types of measurements,
such as rotation speed measurement and displacement
measurement. Hence, our dataset is limited that it does
not contain any real vibration signals and the signal simula-
tion algorithm is very simple. A dataset augmented with
real-world signals or the use of a better simulation algorithm
may further improve this method. More advanced neural
network architecture or deep learning techniques can also
be incorporated to improve the performance of this method.

5. Conclusions

In summary, the authors presented a novel method to
measure the vibration frequency based on machine learn-
ing and confidence kernel by using an industrial camera
as a sensor. The performance of the measurement system in
terms of reliability and accuracy was evaluated through
experiments. The experimental results demonstrated that
the proposed method can accurately and stably measure
vibration frequency with the advantage of noncontact, tar-
get-less, and simple hardware and a concise pipeline. We
expect a future work to provide a flexible measurement range
and estimation of multiple vibration frequency components
by using a single trained model.
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Figure 15: Vibrometer result of the field experiment: (a) time history of normalized vibration signal; (b) normalized power spectrum density.
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Precipitable water vapor (PWV) content detection is vital to heavy rain prediction; up to now, lots of different measuring methods
and devices are developed to observe PWV. In general, these methods can be divided into two categories, ground-based or space-
based. In this study, we analyze the advantages and disadvantages of these technologies, compare retrieved atmosphere parameters
by different RO (radio occultation) observations, like FORMOSAT-3/COSMIC (Formosa Satellite-3 and Constellation Observing
System for Meteorology, Ionosphere, and Climate) and FY3C (China Feng Yun 3C), and assess retrieved PWV precision with a
radiosonde. Besides, we interpolate PWV from NWP (numerical weather prediction) reanalysis data for more comparison and
analysis with RO. Specifically, ground-based GNSS is of high precision and continuous availability to monitor PWV
distribution; in our paper, we show cases to validate and compare GNSS retrieving PWV with a radiosonde. Except GNSS PWV,
we give two different radio occultation sounding results, COSMIC and FY3C, to validate the precision to monitor PWV from
space in a global area. FY3C results containing Beidou (China Beidou Global Satellite Navigation System) radio occultation
events need to be emphasized. So, in our study, we get the retrieved atmospheric profiles from GPS and Beidou radio
occultation observations and derive atmosphere PWV by a variational retrieval method based on these data over a global area.
Besides, other space-based methods, such as microwave satellite, are also useful in detecting PWV distribution situations in a
global area from space; in this study, we present a case of retrieved PWV using microwave satellite observation. NWP
reanalysis data ECMWF (European Centre for Medium-Range Weather Forecasts) ERA-Interim and the new-generation
reanalysis data ERA5 provide global grid atmosphere parameters, like surface temperature, different-level pressures, and
precipitable water. We show cases of retrieved PWV and validate the precision with radiosonde results and compare new
reanalysis dataset ERA5 with ERA-Interim, finding that ERA5 can get higher precision-retrieved atmosphere parameters and
PWV. In the end, from our comparison, we find that the retrieved PWV from RO (FY3C and COSMIC) and ECMWF
reanalysis data (ERA-Interim and ERA5) have a high positive correlation and that almost all R2 values exceed 0.9, compare
retrieved PWV with a radiosonde, and find that whether it is RO and ECMWF reanalysis data, ground-based GNSS, or
microwave satellite, they all show small biases.

1. Introduction

Precipitable water vapor content change plays an important
role in atmospheric water transport, energy conversion, and
climate change, so it is meaningful to monitor and under-
stand its change situation and mechanism [1, 2]. Nowadays,
lots of methods and platforms can be used to detect atmo-
spheric PWV; in general, there are two categories: ground-
based and space-based devices or sensors. Ground-based

methods, like radiosonde, sun photometry, and microwave
radiometry, and space-based observation methods, such as
COSMIC radio occultation, moderate-resolution imaging
spectroradiometry (MODIS), SCIAMACHY, and atmo-
spheric infrared sounder (AIRS), have the capability to detect
PWV, for example, MODIS which provides daytime and
night PWV products over land and ocean areas [3–9]. Tradi-
tional atmosphere sensing techniques such as radiosonde
and microwave radiometer have shortcomings in reflecting
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the continuous transformations of atmospheric PWV due to
their low, inhomogeneous spatial distribution and insuffi-
cient time availability. But the radiosonde has been thought
to be a useful reference tool for atmospheric sounding [10].
In contrast, the ground-based GNSS technique has several
advantages: it has been recognized as an efficient approach
to estimate PWV change situations in nearly real time, and
it can keep tracking and sensing continuously [11–16].
However, GNSS stations, for example, IGS stations, still have
low spatial resolution, especially in the ocean area. Some
other ground-based PWV detection technologies, like sun
photometry and microwave radiometry, are used some-
where, but actually, due to the cost and observation condi-
tion limitation reasons, these devices cannot be used
extensively, and it is impossible to get a continuous and wide
range of observations. In these years, space-based methods,
like radio occultation and microwave satellite-borne passive
microwave detectors, provide availability to measure meteo-
rology parameters and PWV distribution from space [3, 17,
18]; they have lots of advantages compared to ground obser-
vation methods. Like RO, it has high vertical resolution and
RO measurements are not significantly affected by clouds
and precipitation [19–22]; besides, its observation coverage
is global, not a matter of land or ocean area, so radio occul-
tation is applied to obtain PWV in a global area under all-
weather conditions [23–25]. Precision statistical related
studies reveal over ocean-dominated geographical areas;
PWV retrieved from RO and ground-based GNSS exhibits
a global mean difference of around 1mm, a root-mean-
square deviation of about 5mm, and a correlation above
0.9 [26]. ECMWF and National Centers for Environmental
Prediction (NCEP) have developed some numerical weather
prediction models based on historical multiple data sources
and provided a global reanalysis dataset, such as the most
used ERA-Interim. ERA5 is a new-generation ECMWF-
retrieved reanalysis product; it has higher temporal and spa-
tial resolutions [27]. ECMWF analysis represents optimal
humidity estimates from high-quality observations among
multisatellite sounders, imagers, and conventional in situ
observations through a data assimilation system [28–30];
researchers have validated global ERA-Interim integrated
precipitable water using ground-based GNSS observations
and related techniques, which showed a high correlation
[8]. Except radio occultation, microwave satellite infrared
observations can also be used to provide PWV distribution
and change situations.

Up to now, the radiosonde and radiometer are mostly
thought to be efficient atmospheric observation techniques.
In this study, we present some comparison and analysis work
between these observations and reference results obtained
from the radiosonde; besides, we derive PWV from the IGS
GNSS station’s observations and present PWV of ATVOS
measurements; what is more, we retrieve PWV from ERA-
Interim and ERA5 reanalysis datasets and perform a global
comparison of PWV from the collocated COSMIC and
FY3C radio occultation profiles. We compare these results
with the radiosonde to check their applicability and preci-
sion. In this paper, background information and methodol-
ogy are described in Section 2. Analysis, comparison, and

discussion of PWV results from these data sources ground-
based GNSS, COSMIC and FY3C RO, microwave satellite,
ECMWF ERA-Interim, ERA5 and radiosonde are presented
in Section 3. Conclusions are presented in Section 4.

2. Data Source and Methodology

2.1. Ground-Based GNSS. GNSS is widely used in positioning
or navigation areas; in recent years, several regional or global
satellite navigation systems have been built. In relation to
this, lots of ground GNSS observation networks are running
for multiple scientific tests, such as EUREF Permanent GNSS
Network (EPN), US Constellation Observation System for
Meteorology, Ionosphere, and Climate (SuomiNet), and
Hong Kong Satellite Positioning Reference Station Network
(SatRef). These GNSS networks provide sufficient and con-
tinuous observations for space monitoring. We all know
that raw GNSS observations contain different types of
errors due to signal transmission from satellite to receiver,
so researchers try to use GNSS observations and related
data processing algorithms to get troposphere delay, then
combine meteorology parameters like pressure and tem-
perature to get a PWV distribution situation [31]. The tro-
posphere delay effect on the GNSS signal can be divided
to a hydrostatic part and a wet part by

ZTD = ZHD + ZWD, 1

where ZTD is the zenith total delay, ZHD is the zenith
hydrostatic delay, and ZWD denotes the zenith wet delay.
Usually, ZHD can be calculated with high accuracy based
on the Saastamoinen model, which can be expressed as

ZHD =
0 0022768P

1 − 0 00266 cos 2φ − 0 00028H
, 2

where P,∅, and H represent the station total pressure and
station height, respectively. PWV is related to ZWD via a
conversion factor by

PWV = π ∗ ZWD, 3

π =
106

ρwRv K3/Tm + K ,
2
, 4

where π is the conversion factor, ρw is the density con-
stant of liquid water (103kg/m3), Rv is the gas constant
for PWV (461 J · kg−1 · K−1), K2′ and K3 are the atmo-
spheric refractivity constants, where K2′ = 16 48K · hPa−1

and K3 = 3 776 ± 0 014 ∗ 105K2 · hPa−1, respectively, and
Tm is the weighted mean temperature of the troposphere.

Tm can be expressed as

Tm =
e/T dz

e/T2 dz
, 5

where e is the precipitable water pressure, T is the absolute
temperature, and dz is the integral path. Generally, it can
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be calculated by empirical equation from the Bevis formula
using the ground surface temperature Ts, as follows:

Tm = a + bTs 6

2.2. Space-Based GNSS Radio Occultation. The GNSS radio
occultation technique provides wealthy data for monitoring
the global atmosphere. RO measures the time delay in the
occulted signal using the GNSS receiver on board a low
Earth orbiting (LEO) satellite, which can be transformed to
atmospheric bending angle and refractivity; then, the verti-
cal profiles of atmospheric pressure, temperature, and
PWV are obtained. The GNSS radio occultation sounding
technique provides the other possibility to monitor air
PWV distribution from space. Up to now, there are several
radio occultation satellite constellations, such as CHAlleng-
ing Minisatellite Payload (CHAMP), Gravity Recovery and
Climate Experiment (GRACE), COSMIC, and FY3C. In this
paper, we use COSMIC and FY3C radio occultation obser-
vations to retrieve PWV, so here we introduce more about
COSMIC and FY3C constellations; the COSMIC radio
occultation mission had been successfully launched on April
14, 2006. Receivers were installed on board the six small
FORMOSAT-3/COSMIC satellites to capture the phase
and amplitude of radio waves at two GPS frequencies.
Termed as the FORMOSAT-3/COSMIC mission [32], the
new constellation’s primary science goal is to obtain the near
real-time vertical profiles of temperature, pressure, refractiv-
ity, and PWV in the neutral atmosphere and electron den-
sity in the ionosphere with global coverage at different
altitudes [3, 33]. The measurements during five years of mis-
sion existence will provide about 2500 soundings per day,
thus generating an extensive body of information to support
operational global weather prediction, climate change mon-
itoring, ionospheric phenomena, space weather research,
and estimations of connections of meteorological and iono-
spheric processes with solar activity and human impact. The
FY3C satellite was launched at 03:07 UTC on September 23,
2013, from the Taiyuan Satellite Base, Shanxi province,
China. The Global Navigation Satellite System Occultation
Sounder (GNOS) is installed in Feng-Yun 3 (FY3) satellites.
The FY3C/GNOS is capable of tracking the occultation sig-
nal of the Beidou from space for the first time.

Assuming that the effects of ionization have been
completely corrected and that scattering due to water
droplets is negligible, refractivity is related to temperature
(T), partial pressure of dry air (Pd), and precipitable water
(e) through

N = K1 ∗
Pd
ZdT

+ K2 ∗
e

ZwT
2 + K3 ∗

e
ZwT

, 7

where K1 = 77 643K/hpa, K2 = 3 75463 ∗ 105K2/hpa, and
K3 = 71 2952K/hpa are empirically determined constants,
and Zd and Zw are the dry air and wet air compressibility
factors. The compressibility factors correct for nonideal gas
effects. Zd and Zw may be up to 0 05% smaller than unity
in the denser parts of the atmosphere. Below 7~8 km

altitude, PWV is nonignorable; formula (7) cannot resolve
atmosphere temperature and PWV simultaneously. Raw
measurements of GNSS radio occultation can be used to
retrieve atmospheric parameters such as temperature, pres-
sure, and humidity. The one-dimensional variational (1D-
Var) method provides an effective way to combine observa-
tions and background information that are retrieved from
ECMWF forecast datasets [29, 34, 35]. The method consists
of finding the most probable atmospheric state by minimiz-
ing a cost function (J):

J x = h x − y0
T
O + F −1 h x − y0

+ x − xb B−1 x − xb ,
8

where y0 donates the observation vector; h is the observa-
tion operator (nonlinear); xb is the background reference
information; O, F, and B are the error covariance matrices
of observations, observation operator, and background
information, respectively; and h x is an estimate of obser-
vations that would be made with a state of atmosphere x.
The minimum variance problem can be solved by Quasi-
Newton iteration.

As a result, we get statistically optimal pressure, tem-
perature, and humidity profiles and their respective errors.
The vertical integral of the absolute vapor mass density
yields the PWV per square meter, and it can also be con-
verted to the unit of millimeter or centimeter by dividing
by the density of liquid water, 1 g/cc; the following is the
PWV formula:

PWV =
Ps

0

q
g
dP, 9

where N denotes the refractivity index; K1, K2, and K3 are
constants; e expresses the precipitable water pressure; Zd
is the dry delay; T is the temperature; Zw is the wet delay;
Pd represents dry air pressure; and PWV is the precipitable
water vapor: PWV (kg/m2or mm/cm).

The vertical integral of the humidity, both vapor and
condensed moisture, yields the column water per m2. The
total atmospheric PWV contained in a vertical column of
unit cross-sectional area extends from the earth’s surface to
the “top” boundary of the atmosphere. It is generally
expressed in terms of the height to which the water sub-
stance would stand if completely condensed and collected
in a vessel of the same unit cross section. Mathematically,
PWV contained in a layer bounded by pressures p1 and p2
is given by this formula:

PWV =
Z

Z0=0
qh z ρm z dz 10

qh z denotes the specific humidity in elevation z, and
ρm z denotes the moist air density in elevation z. The atmo-
sphere is approximately divided to lots of layers from surface
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to top, so the PWV formula can be converted to follow the
equation, expressed by pressure:

PWV = −
1
g

p Z

p Z0=0
qh p dz ≅ −

1
g
〠
N

i=1
qh,iΔp 11

The average specific humidity is calculated by layer bot-
tom–specific humidity and layer top–specific humidity:

qh,i =
qh,i−1 + qh,i

2
12

COSMIC wet atmosphere profiles provide multiple
levels of precipitable water pressure data, so we can use the
following formula to calculate specific humidity:

q =
ε ∗ e

p − e ∗ 1 − ε
, 13

where ε is a constant, which equals 0 622g kg−1, r is the mix-
ing ratio of precipitable water, e is the precipitable water
pressure, ε is the ratio of the molecular weight of precipitable
water to dry air, p is the total atmospheric pressure, and q is
the specific humidity.

2.3. NWP Reanalysis Data. ERA-Interim is a global atmo-
spheric reanalysis data from 1979 to the present, produced
by a numerical weather prediction model run at ECMWF.
The horizontal resolution of ERA-Interim is 0 75° × 0 75°,
with a temporal resolution of 6 h [36]. ERA-Interim is one
of the most advanced global atmospheric reanalysis data
which represents the state of the atmosphere using the 4D-
Var method [37] and assimilates a number of different
sources of observations such as radiosonde humidity, atmo-
spheric infrared sounder radiance (AIRS), GNSS RO-
bending angle profiles, and Special Sensor Microwave/
Imager (SSM/I), ERS- (European Remote Sensing Satellite-)
1 and -2 [36]. Here, we use monthly ERA-Interim data with
a horizontal resolution of 1 5° × 1 5° on 37 pressure levels
between 1hPa and 1000 hPa [36]. The spatial resolution of
the dataset is approximately 80 km (T255 spectral) on 60 ver-
tical levels from the surface up to 0.1 hPa [29]. This model is
one of the most advanced in operational use and capable of
predicting the global atmosphere with accuracy just barely
less than what is theoretically possible [37]. ERA5 will be
the fifth generation of ECMWF atmospheric reanalysis of
the global climate, which starts with the reanalysis produced
in the 1980s, followed by ERA-15, ERA-40, and the most
used ERA-Interim. The new ERA5 reanalysis will span the
modern observing period from 1979 onward, with daily
updates continuing forward in time. ERA5 will eventually
replace ERA-Interim. ERA5 data will be at a much higher
resolution than ERA-Interim; hourly analysis fields will be
available at a horizontal resolution of 31 km on 137 levels,
from the surface up to 0.01 hPa (around 80 km). ERA-
Interim and ERA5 both provide surface and multiple pres-
sure levels of data; users can select different types of atmo-
sphere datasets, such as temperature, pressure, or column
precipitable water profiles. In the paper, we use the total

column precipitable water data from 0 75° × 0 75° 6h ERA-
Interim reanalysis and 0 25° × 0 25° 3h ERA5 datasets.

2.4. Microwave Satellite. Based on satellite-borne passive
microwave detectors, it is possible to observe the atmo-
spheric PWV over the vast oceanic regions where only
limited ship-based and buoy-based observations were pre-
viously available [38]. Microwaves are less affected by scatter-
ing and absorption from cloud, allowing for PWV
measurements in most weather conditions. Unlike the infra-
red measurements, the passive microwave detector is able to
measure the atmospheric PWV content under both cloud-
free and cloudy conditions since the microwave can pene-
trate cloud. Lots of studies had presented that the data
sources from satellite measurements can be used to retrieve
PWV distribution with varying accuracy; for example,
researchers use microwave satellite data to retrieve PWV in
polar winter conditions and analyze the global PWV trend
and its diurnal asymmetry based on GPS, radiosonde, and
microwave satellite measurements. The High-Resolution
Infrared Radiation Sounder (HIRS) unit in the TIROS-N
Operational Vertical Sounder (TOVS) package is designed
to sense the amount of PWV in the upper troposphere with
high quality [11]. In this paper, we use TOVS-detected data
for PWV retrieval and analysis.

2.5. Radiosonde. Radiosonde balloon measurements are
launched globally, although with sparse coverage in lots of
areas, such as over oceans or in the Southern Hemisphere.
Most radiosonde locations are in land; in addition, there
are also some radiosonde observations made on ships over
oceans, but actually it is not easy and convenient for users.
Radiosonde can get high precision atmosphere observations
and has high vertical resolution, and its observation covers
the range from the ground surface to an altitude of 30 km.
However, the data quality varies strongly depending on the
sensor type; now, many different types of sensors are used
globally, and each one has its unique known and unknown
biases. Besides, sensor types at different locations change over
time, which can lead to artificial trends or jumps. Most sta-
tions provide twice observations in one day, one is in 00 : 00
and the other one is in 12 : 00, while some stations can also
provide four times observations per day. From radiosonde
observations, we can get pressure, temperature, relative
humidity, wind direction, and wind speed these parameters,
and then we can use formula (13) to calculate the PWV in
each site.

2.6. PWV Horizontal and Vertical Interpolation. When we
do PWV comparison and precision evaluation between dif-
ferent datasets, the direct issue is to match them to the same
site, which means we need to do horizontal and vertical
interpolation. In our paper, we use five different types of
datasets: radio occultation, ECMWF reanalysis data, GNSS
observation, microwave satellite, and radiosonde. All these
data, in horizontal, often express location using geographic
coordinates latitude/longitude. If we want to interpolate
PWV to RO sites using ERA-Interim reanalysis data, firstly
we need to pick up the total column PWV values of four
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grid points surrounding RO location and then calculate the
comprehensive value using the following equations:

PWV = 〠
4

i=1
WiPi, 14

Wi =
1/di

∑4
j=1 1/di

15

di denotes the distance grid point to the target point,Wi
is the weight of each grid point PWV value, Pi is the grid
point retrieving PWV, and PWV is the end target point
PWV.

Actually, different datasets use multiple height systems,
like ERA-Interim or ERA5, geopotential height is used to
express different layer observations, the GNSS station often
uses geodetic height, and the radiosonde uses altitude. How-
ever, in our paper, we need the total column precipitable
water vapor, which means from ground surface to top no
matter what kind height systems they used.

2.7. Evaluation. In the paper, we use mean bias and RMSE
(root-mean-square error) to analyze and evaluate the
retrieved PWV precision of different types of measurements.

Mean bias =
∑n

i=1 xobs,i − xmodel,i
n

, 16

RMSE =
∑n

i=1 xobs,i − xmodel,i
2

n
17

3. Results and Discussion

In this paper, mostly we focus on analyzing PWV retrieved
by multiple data sources. We show cases and analyze the pre-
cision of ground-based GNSS and space-based monitoring
methods, like microwave satellites and radio occultation.
We try to use the retrieved atmospheric profiles of FY3C
and COSMIC radio occultation soundings on the day of
February 4, 2016 for PWV calculation and analysis. Besides,
we also interpolate the “total column precipitable water
vapor” data from ECMWF ERA-Interim and ERA5 for com-
parison and validation. Same as lots of related research, we
still use the retrieved PWV from ground-based radiosonde
as the reference, for precision analysis and validation. The
following sections will show more details and analysis.

3.1. GNSS Retrieved PWV Comparison and Analysis. Lots of
studies have been done for PWV content and distribution
monitoring by the ground-based GNSS network. Especially
in recent several years, the precise point positioning (PPP)
technique developed rapidly; some researchers try to use
the near real-time satellite orbit, clock, and ionosphere
streams, for example the International Geodetic Service
(IGS) RT-PP product, to monitor atmosphere zenith total
delay, then combine atmospheric temperature and pressure
observations to convert to PWV. In this paper, we just give
a case to show the statistical dependence of retrieved PWV

of IGS stations by GNSS and the nearby radiosonde’s obser-
vations [33, 39–41].

We select the GNSS station SVTL for our test as well as its
coordinates (latitude: 60 53 deg, longitude: 29 78 deg, eleva-
tion: 60 64m) and location in Europe; the nearby radiosonde
station ID is 26063, its coordinates are latitude: 59 95 deg,
longitude: 30 70 deg, and elevation: 78 00m. The two types
of observations are completely in 2017, so we choose the
whole year’s observations to do analysis.

GNSS can get high-frequency ZTD nearly real-time,
which depends on receiver antenna and hardware process
ability, which means it has a possibility of getting high-
frequency PWV. In this case, the SVTL station provides
retrieved PWV 30min each. In the whole year of 2017, it gets
15,410 observation values; however, in each day, the radio-
sonde just measures twice, one at 00 : 00 and the other at
12 : 00 a.m., so each day we can get only two PWV values in
the 26063 station. Totally, we get 730 PWV values in 2017,
so it is easy to find GNSS providing much more PWV obser-
vations compared to the radiosonde.

In the paper, so as to compare and analyze the retrieved
PWV bias and accuracy by the two types of observations, we
select each day’s 00 : 00 and 12 : 00 observations from GNSS
PWV to do statistical analysis. The following is the distribu-
tion map of matched PWV values in each month of 2017.

From Figures 1 and 2, we can see in the whole year of
2017 GNSS retrieving PWV and radiosonde retrieving
PWV; their correlation is up to 0.95. The max PWV of GNSS
and RS are both produced between July and September, and
the local season is in the summer. Table 1 lists the statistical
information min bias, max bias, mean bias, and mean RMSE
of matched RS retrieving PWV and GNSS retrieving PWV.

From Table 1, we can easily see that the mean bias is
only 0.23mm and the mean RMSE is 2.41mm; they are
very small, which means GNSS-retrieved PWV values have
high precision. It is a useful method to monitor PWV situ-
ation changes.

3.2. Microwave Satellite Inferred PWV Analysis. We use the
day January 1, 2014 (00 : 00), ATOVS (The Advanced TIROS
Operational Vertical Sounder) data (Figure 3) and radio-
sonde data to investigate and analyze PWV content distribu-
tion status and interpolate ATOVS-detected PWV in 589
radiosonde locations, so we can get the statistical results.
In Table 2, the min bias is 0.003mm, the max bias is
12.068mm, the mean bias is −0.348mm, and the mean
RMS is 3.461mm.

3.3. PWV Retrieval from RO and NWP Reanalysis Data

3.3.1. Distributions of COSMIC and FY3C RO Events. On
February 4, 2016, COSMIC produced 891 radio occultation
events and FY3C had 410. Figure 4 shows the distribution
map of these radio occultation event locations; we can see
that these occultation event locations nearly cover the entire
world from the North Pole to the South Pole.

3.3.2. Retrieved Atmosphere Parameters of FY3C and
COSMIC. In Figure 5, we select two nearby FY3C and COS-
MIC radio occultation events as an example for comparison
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analysis; (a), (b), and (c) are the retrieved specific humidity
profile, pressure profile, and temperature profile, respec-
tively, of FY3C radio occultation on the site latitude
24 99°, longitude −11 68° at 11 : 51 : 03 of the day February
4, 2016, so we find the nearest COSMIC radio occultation
event regardless of the location but also the event time
which occurred latitude 26 95°, longitude −11 35° at
14 : 10 : 41 of February 4, 2016; (d), (e), and (f) list the

COSMIC-retrieved specific humidity profile, pressure pro-
file, and temperature profile, respectively. From (a) and (d),
we can see that radio occultation detected specific humidity
whether it is FY3C or COSMIC; in nearly ground height,
the value exceeds 4 k/kg and the height is between 2 km
and 7 km. COSMIC detected that specific humidity has a big-
ger jump than FY3C, above 10 km, both of which detected a
specific humidity reduction to 0, which means no PWV
exists in the upper layer. From (b) and (e), the graphics show
FY3C and COSMIC retrieving pressure from the ground sur-
face to the upper atmosphere; FY3C shows a pressure of
0~60 km and COSMIC gives 0~40 km. We can see that above
20 km, the air pressure becomes very small; from the ground
surface to 20 km, the pressure degrades rapidly. The max
value of pressure is located at the ground surface, both show-
ing no more than 1000Mb; besides, the pressure variation
tendencies of both pressure data are in substantial agreement.
(c) shows FY3C retrieving temperature from the surface to
60 km; from the graphic, we can see that the highest temper-
ature is in the ground surface, and then from the surface to
20 km, the temperature becomes lower and lower, with the
lowest temperature being nearly 20 km in height. However,
from 20km, the temperature (205K) increases, reaching
255K in the 42 km height layer. From 42km, the temperature
decreases again until reaching 220K in the 60 km layer. The
same situation occurs in graphic (f); from the ground surface
to 20 km, the temperature decreases, especially between the
ground surface and the 12 km height layer, in which the tem-
perature variation trend is nearly linearly decreasing; from
20 km to 40 km, the temperature becomes linearly increasing,
although FY3C and COSMIC events have more than a 2h
gap, but as can be easily seen, their variation trends are basi-
cally the same.

3.3.3. Evaluation of COSMIC and FY3C Retrieved PWV. The
paper uses radiosonde measurements as the reference stan-
dard to do analysis; due to this reason, radiosonde observa-
tions can only be measured at around 11 : 00 and 23 : 00.
We use the following three rules to collect nearby matched
RO and RS observations for comparison and do statistical
analysis. In the first rule, we set latitude and longitude differ-
ences between radiosonde observation sites and radio occul-
tation event which produced sites below 1°; for the temporal
resolution, we limit it to a ±2h difference. For example, if we
use 11 : 00 radiosonde observations, the related radio occul-
tation events must be produced at 9 : 00~13 : 00. That is to
say, all of these observations we selected are produced in
the time range 9 : 00~13 : 00 and 21 : 00~01 : 00 on February
4, 2016. For the second and third standards, we change the
search range from latitude-longitude difference 1°/1° to 2°/
2° and 3°/3° individually.

On February 4, 2016, COSMIC produced 891 radio
occultation events and FY3C had 410. We use the above three
standards to collect matched data from FY3C, COSMIC
radio occultations, and radiosonde observations in the global
area. Statistical results are listed in Table 3, whether it is
FY3C- or COSMIC-retrieved PWV; compared to nearby
radiosonde observations, their RMSE values are no more
than 10mm. From our statistical data, we find that RMSEs

Table 1: Precision statistic of retrieved PWV from ground-based
GNSS station (STVL) compared with the nearby radiosonde.

Min bias
(mm)

Max bias
(mm)

Mean bias
(mm)

RMSE
(mm)

RS_PWV-
GPS_PWV

−0.01 15.15 0.23 2.41
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Figure 1: The graphic shows SVTL GNSS station and the nearby
radiosonde station 26063 PWV time series distributions of the
whole year of 2017.
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Figure 2: PWV correlation analysis of the ground-based GNSS
(SVTL) and the matched radiosonde (26063) in the whole year of
2017.
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at 23 : 00 are all larger than 11 : 00, whether it is FY3C or
COSMIC; it is not sure if RO measurements have big biases
at 23 : 00 or RS produces large bias. In the future, we will do
more deep research about this phenomenon.

3.3.4. PWV Retrieved from ECMWF ERA-Interim and ERA5.
Figure 6 shows the retrieved PWV distribution in the global
area from ECMWF ERA-Interim and ERA5 in four periods
(00 : 00, 06 : 00, 12 : 00, and 18 : 00); we can see that surround-
ing the equator, the PWV content exceeds 40mm, and the
PWV distribution decreases along the latitude from the equa-
tor to the South Pole to the North Pole.

3.3.5. Evaluation of ERA-Interim and ERA5-Retrieved PWV.
In Figure 7, it shows the retrieved PWV statistical coefficients
between different data sources; we present the statistical anal-
ysis using two groups’ observations; respectively, one is in
00 : 00 and the other one uses 12 : 00 observations, so from
these graphics, we can see that graph (a) shows the retrieved
PWV coefficient between ERA5 and radiosonde at 00 : 00,
with R2 equal to 0.9444. From (d), at 12 : 00, R2 equals
0.9708, so we can see that the retrieved PWV by ERA5 and
radiosonde has a higher linear correlation. In (b) and (e),
they show a retrieved PWV relationship of ERA-Interim
and ERA5 at 00 : 00 and 12 : 00, and their R2 values are

Time: 201401010000 Unit: (kg/m2)
0.3 13.7 27.0 40.4 53.8 67.2

Vertically integrated water vapor

Figure 3: Distribution of the PWV detected by microwave satellite on January 1, 2014 (00 : 00).

Table 2: Precision statistic of retrieved PWV from the ATOVS product compared with radiosondes.

Min bias (mm) Max bias (mm) Mean bias (mm) RMSE (mm)

RS_PWV-Sat_PWV 0.003 12.068 −0.348 3.461

COSMIC radio occultation distribution map
Time: 2016-02-04

FY3C radio occultation distribution map
Time: 2016- 02-04
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Figure 4: The two graphics show the locations of COSMIC radio occultation and FY3C radio occultation events produced on
February 4, 2016.
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0.9833 and 0.9325. Respectively, in theory both methods can
get nearly the same results; ERA5 is little superior compared
to ERA-Interim, due to the reason that it uses more data
sources and new technology for assimilation analysis. (c)
and (f) express the relationship of PWV between ERA-
Interim and radiosonde, and their R2 values are 0.8699
and 0.9539, respectively, which means they have a higher
linear correlation.

3.3.6. PWV Intercomparison between RO and ERA-Interim
and ERA5. In Figure 8, these graphics show the retrieved
PWV distribution along the latitude: (a) shows obtained
COSMIC-retrieved atmospheric profiles, (b) shows interpo-
lated PWV in the site COSMIC radio occultation events that

occurred based on ERA-Interim data, (c) shows interpolation
in the same sites from ERA5, (d) shows obtained FY3C radio
occultation–retrieved atmospheric profiles, and (e)-(f) show
interpolated PWV in FY3C radio occultation events produc-
ing sites from ERA-Interim and ERA5 data. From the above
graphics, we can easily see that the PWV has symmetrical
distribution along the equator; from latitude 0° to the North
Pole or South Pole, the retrieved PWV decreases to nearly 0
in the South or North Pole. The biggest PWV is detected in
the equator area which exceeds 60 g/m2. In (a), (b), and (c),
these graphics show that they have nearly the same variation
tendency in these sites by different data sources; (d), (e), and
(f) have the same situations.

We calculate the mean bias and mean RMSE of COSMIC
and FY3C-retrieved PWV with interpolated PWV from
ERA-Interim and ERA5 datasets; these results are listed in
Table 4.

As can be seen from Table 4, the mean bias of COSMIC-
retrieved PWV and ERA-Interim is −2.3mm, RMSE is
4.5mm, compared to COSMIC-ERA5 results, the statistical
value has only −0.2mm bias, and RMSE has 0.3mm bias;
the same situation occurs in FY3C observations, but on
the whole, FY3C-retrieved PWV has smaller mean bias
values and mean RMSE than COSMIC-retrieved results.
COSMIC has 891 observations, and FY3C contains 410
observations; whether in COSMIC radio occultation sites
or FY3C, ERA-Interim and ERA5 have stable statistical
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Figure 5: The above group graphics show the retrieved atmosphere profiles from FY3C and COSMIC radio occultation observations on
February 4, 2016.

Table 3: Retrieved PWV precision statistic between FY3C,
COSMIC, and radiosonde.

RO
Latitude/longitude
difference (deg)

RMSE (mm)
11 : 00 23 : 00

FY3C

1/1 0.34 6.64

2/2 1.09 5.28

3/3 1.26 4.65

COSMIC

1/1 3.03 6.03

2/2 4.30 5.32

3/3 3.29 6.92
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results, and the mean bias is around 0 and RMSE is approx-
imately 2.0mm.

In the paper, we also analyze the bias distribution of radio
occultation and ECMWF reanalysis data; as can be easily
seen in Figure 9, the most departures of COSMIC-retrieved
PWV and ERA-Interim or ERA5 are no more than 10 cm,
and with the same situation to FY3C, most time departures
are below 10mm. For the two data sources of ECMWF, the

departures between ERA-Interim and ERA5 mostly are no
more than 5mm.

4. Conclusions

In this paper, generally, we analyze and compare retrieved
PWV from ground-based GNSS and RS and space-based
observation methods, such as microwave satellite, radio

ERA-Interim = 06:00

ERA5 = 00:00 ERA5 = 06:00

0.29 15.73 31.17 46.61 62.06 77.49

ERA5 = 12:00

Total column water vapor (kg/m2)

Total column water vapor retreived from ECMWF
2016-02-04

ERA5 = 18:00

ERA-Interim =12:00 ERA-Interim = 00:00 ERA-Interim = 18:00

Figure 6: These graphics show the retrieved PWV in global by ECMWF ERA-Interim and ERA5 reanalysis data on February 4, 2016.
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Figure 7: The PWV correlation statistical of the ERA-Interim, ERA5, and RS. (a, b, c) 00 : 00 observations and (d, e, f) 12 : 00 observations.

9Journal of Sensors



occultation and ECMWF reanalysis data, ERA-Interim, and
ERA5. This section will show more detailed conclusions:

(1) We analyze the ground-based GNSS retrieved PWV
and compare its results with radiosonde; GNSS can
not only get high-frequency PWV values, but still
they are of high precision, and the mean RMSE is
about 2.41mm, so it is real useful and meaningful
to monitor PWV distribution and change situations
by the ground-based GNSS technique

(2) We analyze the PWV from microwave satellite
ATOVS and interpolate it to global 589 radiosonde
sites, compare the detected PWV of ATOVS with
radiosonde, and get a statistical min bias of
0.003mm, a max bias of 12.068mm, a mean bias
of −0.348mm, and a mean RMS of 3.461mm. It

can satisfy the PWV detection requirement and
should be a valuable method to get PWV distribu-
tion from space

(3) We verify China FY3C radio occultation observa-
tions and compare its retrieved atmospheric parame-
ters with COSMIC; we find that there is no big bias
regardless of whether these are FY3C-retrieved atmo-
spheric parameters, such as temperature, pressure, or
water vapor pressure profiles. Besides, although
FY3C can provide retrieved atmosphere observations
above 40 km, for the retrieved PWV of FY3C, we
compare it to COSMIC’s results and find that on
the whole it has a smaller bias, compared to the refer-
ence radiosondes, and their average RMSE values are
both no more than 10mm. From our statistic results,
whether it is FY3C or COSMIC, on the whole, the
RMSE value at 11 : 00 (day) is smaller than 23 : 00’s
results (night). We need do more future research to
understand the reasons in detail

(4) We also analyze the NWP reanalysis data with a tra-
ditional radiosonde, interpolate the PWV from ERA-
Interim and new reanalysis dataset ERA5 to radio-
sonde sites, and find that on the whole they have high
consistency and no big biases. However, relatively,
for the PWV of ERA5, we find that it has higher pre-
cision compared to ERA-Interim data, and it is also
reasonable, because ERA5 assimilates more different
types of observations and has higher spatial and tem-
poral resolution
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Figure 8: The six graphics show the retrieved PWV in global along the latitude by COSMIC radio occultation (a), FY3C radio occultation (d),
ERA-Interim (c, f), and ERA5 (b, e) reanalysis data on February 4, 2016. (a, b, c) Retrieved PWV from COSMIC RO and interpolated total
column water vapor from ECMWF ERA-Interim and ERA5 reanalysis data on COSMIC radio occultation sites. (d, e, f) Retrieved PWV from
FY3C RO and interpolated total column water vapor from ECMWF ERA-Interim and ERA5 reanalysis data on FY3C radio occultation sites.

Table 4: Retrieved PWV precision statistic between FY3C,
COSMIC, and ERA-Interim, ERA5.

Mean bias
(mm)

Mean RMSE
(mm)

COSMIC RO sites

COSMIC-Interim −2.3 4.5

COSMIC-ERA5 −2.5 4.8

Interim-ERA5 −0.1 2.0

FY3C RO sites

FY3C-Interim 0.9 3.6

FY3C-ERA5 1.0 3.8

Interim-ERA5 0.1 1.9
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(5) We try to detect the retrieved PWV bias between RO
and ECMWF reanalysis data, so we compare FY3C
and COSMIC radio occultation results with ERA-
Interim and ERA5. From the precision statistical
results and correlation analysis, we know that the
mean bias is 0.9mm and the mean RMSE is 3.6mm
between FY3C results and ERA-Interim; comparing
FY3C results to those of ERA5, the mean bias and
mean RMSE are 1.0mm, 3.8mm, respectively; how-
ever, the mean bias (around 2.5mm) and mean
RMSE (around 4.5mm) between COSMIC and
ECMWF reanalysis data are both larger than those
of FY3C results. But on the whole, regardless of
whether it is COSMIC, FY3C, ERA-Interim, or
ERA5, their PWV all have a higher correlation
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