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+is study aimed to investigate the usability of smartphone camera images in 3D positioning applications with photogrammetric
techniques. +ese investigations were performed in two stages. In the first stage, the cameras of five smartphones and a digital
compact camera were calibrated using a calibration reference object, with signalized points having known three-dimensional (3D)
coordinates. In the calibration process, the self-calibration bundle adjustment method was used. To evaluate the metric per-
formances, the geometric accuracy tests in the image and object spaces were performed and the test results were compared. In
the second stage, a 3D mesh model of a historical cylindrical structure (height� 8m and diameter� 5m) was generated
using Structure-from-Motion and Multi-View-Stereo (SfM-MVS) approach. +e images were captured using the Galaxy S4
smartphone camera, which produced the best result in the geometric accuracy tests for smartphone cameras. +e accuracy tests
on the generated 3D model were also applied in order to examine 3D object reconstruction capabilities of imaging with this
device. +e results demonstrated that smartphone cameras can be easily used as image acquisition tools for multiple
photogrammetric applications.

1. Introduction

In the early 1980s, the advent of digital cameras had a
striking and positive impact on close-range photogram-
metry, immediately expanding the scope of applications and
providing facilities for full measurement automation. +e
development of digital cameras has provided a substantial
acceleration in the processing steps for offline measurement
tasks. In addition, subpixel image operators such as cen-
tering or template matching provided a level of image
measurement accuracy that was routinely better than 0.1
pixel [1].

Digital cameras can be divided into two categories with
respect to their metric properties: comparatively low-cost,
low-resolution, amateur digital cameras, and comparatively
expensive, professional digital cameras with high resolution.
Professional cameras have a wide range of features, such as
good lens quality, a robust structure, a large sensor with high
resolution and sensitivity, and the ability to switch lenses,

while amateur cameras may contain any of these features.
+e main difference between compact and professional
cameras is the lower geometric stability of amateur cameras.
Among the different amateur cameras, smartphone cameras
are the most interesting option because mobiles phones are
light, portable, inexpensive, and fully equipped with high-
resolution digital cameras [2, 3].

+e camera calibration is a process required to extract
accurate and reliable 3D information from images. Various
algorithms have been proposed for camera calibration in the
area of photogrammetry and computer vision. +e developed
algorithms are generally based on the perspective camera
model [3]. In the early 1970s, the self-calibration approach
was initially developed by Brown [4] and has been routinely
used as an efficient technique in photogrammetry [1].

+e photogrammetric camera calibration has been the
subject of many publications. +ese studies are based on
experience acquired over the years that digital cameras have
been used for photogrammetric measurement, and in the
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particular parameter sets, the stability of parameters, camera
configurations, and analysis techniques are suggested [5–7].

Mobile-phone cameras have been used in many research
studies and commercial applications. One of the most
prominent applications is the use of smartphones for rec-
ognizing the two-dimensional (2D) barcodes. Smartphone
cameras are used for capturing and decoding the barcodes of
devices. After decoding, an encoded URL, which auto-
matically directs the users to the source website for further
information, is obtained [8].

One of the first applications in the field of photogram-
metry usingmobile-phone cameras was presented in the work
by Akca and Gruen [9]. +ey investigated the geometric and
radiometric evaluation of the low-resolution mobile-phone
cameras. Furthermore, Azhar and Ahmad [10] carried out the
same tests for a low-resolution mobile-phone camera.

With the advent of high-resolution mobile-phone
cameras in the 2010s, these devices have begun to be used as
imaging tools in photogrammetric tasks. A few studies have
focused on the use of smartphone camera images for pure
photogrammetric processes, e.g., in the work of El-Ashmawy
et al. [2]. +e authors used mobile-phone camera images to
photogrammetrically determine the displacements of sig-
nalized points on a beam under loading.

3D reconstruction procedures using the smartphones
have initiated research in this field [11–13]. Recently, image-
based 3D reconstruction techniques based on the combi-
nation of computer vision and photogrammetric algorithms
have become a robust and efficient solution [14]. +e basic
concept of these methods is to apply an automatic image
orientation by SFM and then a dense image matching. +e
measured point cloud is then converted into a triangular
mesh or textured surface which represents the object surface
shape. Depending on the computational load and the desired
reliability level, the 3D reconstruction process can be per-
formed on a mobile phone directly or on a cloud-based
server or on a PC using the appropriate software. In the PC
and server-based solutions, the mobile phone is used only as
an imaging device to capture images of the scene of interest.
+ere are a wide variety of open-source solutions (Visual
SfM, Bundler, etc.) and free web-based services (e.g., Pho-
tosynth, 123DCatch, etc.) to implement the SfM-MVS ap-
proaches [15]. Although these methods provide automation
and convenient services for users in data processing, they do
not ensure accuracy and robustness in the final results,
lacking georeferencing process and spatial data creation. On
the commercial side, many effective software packages have
also emerged on the market (e.g., Pix4d, Agisoft PhotoScan),
providing a 3D reconstruction of objects from image data
[14, 16]. In the literature, there are a few studies using these
software packages for the processing of smartphone camera
images. In one of these studies, Kim et al. [17] investigated
the possibilities of using smartphone cameras in photo-
grammetric UAV systems. In another study, Micheletti et al.
[18] explored the possibility of obtaining high-resolution
topographic and terrain data using a set of low-resolution
smartphone camera images. +e solution was implemented
on a smartphone, on a server, and also with a commercial
software package.

+e geometric accuracy tests of high-resolution smart-
phone camera images and 3D object reconstruction capa-
bilities have not been sufficiently researched in literature.
Herein, the usability of smartphone cameras in photo-
grammetric applications has been investigated. For this
purpose, the geometric accuracy tests for five smartphone
cameras and one compact camera have been performed
using a 3D reference field, followed by a comparison of the
test results. In the second stage, a 3D model of a historical
structure has been reconstructed based on SfM-MVS ap-
proaches using smartphone camera (Galaxy S4) images and
geometric accuracy tests have been performed on the model.
+is produced better results in terms of geometric accuracy.

In the next section, the process of geometric accuracy tests
for the cameras is introduced. Subsequently, the details of 3D
modeling performed using the images captured by Galaxy S4
are provided. Finally, the test results are summarized.

2. Geometric Performance Tests

2.1. Cameras. Today, for purchasing a smartphone, users
have an option to choose from a wide variety of brands and
models. In our research, we studied five smartphones, which
were widely used during the period of the study, and one
digital compact camera. Table 1 lists the technical specifi-
cations of the compact camera and smartphone cameras.

2.2. Comparison of Cameras. In total, 25 images of the
calibration reference object with 80 targets comprising a
white dot on a black background (Figure 1) from approx-
imately the same locations were captured using the compact
camera and each smartphone camera. 3D coordinates of the
marked points installed on a transparent glass plate
(60× 60 cm) at different heights were measured previously
with high accuracy. +e images were taken from a distance
of ∼70 cm. To avoid correlations between the parameters of
interior orientation (IO), exterior orientation, and the co-
ordinates of the object point, the cameras of the smart-
phones were rotated 90° to the left and right around the
optical axis in eight positions while capturing the images.

For photogrammetric evaluation, the Australis photo-
grammetric software package (version 6.06; Photometrix,
2012) was used. It can perform least-squares adjustments of
photogrammetric bundles with photogrammetric-only data.
Alternatively, it uses combined adjustments with either
known camera parameters or by self-calibration. +e self-
calibrating bundle adjustment method used herein is the
most versatile and accurate photogrammetric positioning
and calibration method. +e mathematical model of this
method is based on the following collinearity condition,
which is implicit in the perspective transformation between
the image and object spaces [19, 20]:

x − x0 + Δx � − c
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where x and y are the image coordinates of the point. x0, y0,
and c are the IO parameters. X, Y, and Z are the object
coordinates of the point. X0, Y0, and Z0 are the object co-
ordinates of the perspective center. R is the orthogonal
rotationmatrix built with the three rotation angles (ω, φ, and
κ) of the camera. Δx and Δy are functions of a set of ad-
ditional parameters (AP) to account for the departures from
collinearity due to lens distortion and focal plane distortions
[19, 20].

+e most common set of APs employed to compensate
for systematic errors in digital cameras is the 8-term
“physical” model originally formulated by Brown [4]. +is
model includes the 3D position of the perspective center in
image space (principal distance and principal point), as well
as the three coefficients of radial and two of decentering
distortion. +e model can be extended by two further pa-
rameters to account for affinity and shear within the sensor
system. While a large number of additional parameter sets
has been published in the literature [21], this model has
become an accepted standard for digital camera calibration
[6]. In this study, the standard 10-term “physical” calibration
model described by the following equations has been used to
investigate the geometric accuracy potential of the cameras
used in the research.
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(4)

where k1, k2, and k3 are the first three parameters of radial
symmetric distortion. p1 and p2 are the first two parameters
of decentering distortion. b1 and b2 represent terms for
differential scaling and nonorthogonality between the x- and
y-axes [22].

+e computation is iteratively performed using the
Gauss–Markov least-squares model. +e results of the self-
calibrating bundle adjustment process comprise the 3D
object space coordinates of unknown points and the camera
parameters.

+e results of the self-calibrating bundle adjustment for
multiple comparisons are summarized in Table 2. In the
bundle adjustment process, 10 points from a total of 80 test
field points with known 3D coordinates were used as the
control point and the 3D coordinates of the remaining
points (checkpoints) were calculated. To evaluate the effect
on the positioning accuracy of the APs, we also performed
photogrammetric bundle adjustment without using APs for
each smartphone camera. Using free-network bundle ad-
justment for each camera, another camera calibration
procedure was performed. In this case, the control points
were not used and were included in the adjustment process
as checkpoints.

Compared with other cameras, the Galaxy S4 camera
exhibited the best performance. According to the results of
the bundle adjustment with external constraints using 10
control points, the triangulation misclosures (RMS of image
coordinate residuals) used as precision indicators for in-
ternal accuracy was computed as 0.27 μm for Galaxy S4,
whereas this value for the three other smartphone cameras
and the Canon compact camera was determined to be in the

Table 1: Technical specifications of the camera used herein.

Apple iPhone 5 Nokia C7 Samsung Galaxy
S3

Samsung Galaxy
S4 Sony Xperia S Canon IXUS 960 IS

Sensor type BSI-CMOS CMOS BSI-CMOS BSI-CMOS BSI-CMOS CCD
Sensor size (mm) 4.54× 3.42 4.56× 3.41 4.56× 3.41 4.69× 3.52 4.80× 3.60 7.44× 5.58
Pixel size (μm) 1.40 1.40 1.40 1.14 1.20 1.85

Image format 3264× 2448
8MP

3264× 2448
8MP 3264× 2448 8MP 4128× 3096 13MP 4000× 3000

12MP 4000× 3000 12MP

Focal length
(mm) 4 4 4 4 4 8–28

X 

Z 

Y 

Figure 1: A photograph of the test field.
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range 0.49–0.63 μm. +e relative precision was determined
as 1/40000 for Galaxy S4. Relative precision is the ratio of the
mean target coordinate precision to the largest span of the
target array. For other cameras, this ratio was in the range
from 1/18000 to 1/25000.

With regard to relative accuracy (measured as the mean
RMS coordinate error divided by the largest span of the target
array), the most accurate result in the horizontal was 1 : 25000
for Galaxy S4. A relative accuracy average of 1 :13000 in the
horizontal was achieved with the other four smartphone
cameras and the compact camera.+e best result in the depth
direction was 1 : 22000 for Galaxy S4, whereas those for
iPhone 5, Nokia C7, Sony Xperia S, Galaxy S3, and Canon
IXUS 960 IS were computed as 1 : 9000, 1 : 9000, 1 :13000, 1 :
10000, and 1 :17000, respectively. +e best fit between the
theoretical precision and experimental accuracy was obtained
for Galaxy S4.

Without using APs, we calculated the accuracy in the
image space for all smartphone cameras. +ese values were
in the range 2.26–11.02 pixel. A comparison of bundle

adjustments with and without APs showed that the accuracy
in the image space improved by a factor of 15. +e greatest
improvement was by a factor of 25 for Galaxy S4, and the
minimum improvement was by a factor of 6 for Galaxy S3.
An average of 24-factor improvement in the accuracy was
observed in the object space.

With free adjustments, the photogrammetric network was
not affected by the probable discrepancies between the ref-
erence points. +e object coordinate residuals were only af-
fected by photogrammetric measurements and model quality.
Free-network adjustment thus provides optimal internal
precision [23]. A comparison of the results obtained from
free-network adjustment and from adjustment with control
points showed that the values of the camera parameters are
considerably similar. As expected, the accuracy and precision
values resulting from free-network adjustment were smaller
than those resulting from adjustment with control points.

+e Gaussian radial distortion profiles recovered for
each camera are also shown in Figure 2. +e profiles are
obtained using the following equation:

Table 2: Results of bundle adjustsments.

gcp ap chk r Sigma0
(μm) pixel

σX gcp (mm)
chk (mm)

σY gcp (mm)
chk (mm)

σZ gcp (mm)
chk (mm)

μX gcp (mm)
chk (mm)

μY gcp (mm)
chk (mm)

μZ gcp (mm)
chk (mm)

iPhone
5

10 0 70 2902 4.76 0.166 0.166 0.224 0.211 0.158 0.437
3.40 0.232 0.231 0.373 0.541 0.542 1.198

10 10 70 2874 0.55 0.019 0.019 0.026 0.011 0.028 0.030
0.39 0.027 0.027 0.042 0.055 0.038 0.079

80 10 — 2853 0.53 — — — — — —
Free 0.38 0.023 0.23 0.035 0.044 0.042 0.075

Nokia
C7

10 0 70 2980 6.09 0.219 0.219 0.281 0.232 0.183 0.285
4.35 0.292 0.291 0.406 0.818 0.835 1.040

10 10 70 3016 0.56 0.019 0.019 0.025 0.013 0.018 0.042
0.40 0.027 0.026 0.036 0.046 0.040 0.075

80 10 — 2987 055 — — — — — —
Free 0.39 0.023 0.022 0.029 0.047 0.040 0.079

Galaxy
S3

10 0 70 3090 3.14 0.109 0.110 0.153 0.148 0.113 0.165
2.24 0.160 0.160 0.310 0.598 0.600 0.719

10 10 70 3218 0.49 0.017 0.017 0.024 0.011 0.014 0.013
0.35 0.026 0.025 0.048 0.043 0.032 0.071

80 10 — 3195 0.49 — — — — — —
Free 0.35 0.023 0.023 0.041 0.078 0.058 0.216

Galaxy
S4

10 0 70 3172 6.71 0.229 0.230 0.301 0.213 0.174 0.441
5.89 0.315 0.318 0.436 0.512 0.837 1.242

10 10 70 3216 0.27 0.009 0.009 0.012 0.012 0.015 0.018
0.24 0.013 0.013 0.018 0.026 0.022 0.031

80 10 — 3197 0.27 — — — — — —
Free 0.24 0.011 0.011 0.014 0.028 0.028 0.035

Xperia
S

10 0 70 3262 13.22 0.447 0.448 0.623 0.338 0.248 0.917
11.02 0.607 0.607 1.120 1.479 1.550 3.176

10 10 70 3112 0.57 0.019 0.019 0.027 0.013 0.018 0.016
0.48 0.027 0.027 0.048 0.048 0.047 0.052

80 10 — 3095 0.57 — — — — — —
Free 0.48 0.024 0.024 0.041 0.051 0.043 0.053

IXUS
960 IS

10 10 70 2742 0.63 0.018 0.019 0.026 0.026 0.022 0.027
0.34 0.021 0.021 0.029 0.045 0.051 0.040

80 10 — 2761 0.66 — — — — — —
Free 0.36 0.017 0.017 0.022 0.046 0.050 0.039

gcp/chk: number of control points/independent checkpoints, respectively. ap: number of additional parameters. r: redundancy. sigma0: standard deviation of image
observations a posteriori. σX, σY, σZ: average theoretical precision values of chk/gcp coordinates. μX, μY, μZ: empirical accuracies of chk/gcp coordinates.
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dr � k1r
3

+ k2r
5

+ k3r
7
, (5)

where dr is the radial distortion and r is the radial distance
[24]. +e plots were derived using a free-network self-cal-
ibrating bundle adjustment. +e profiles have been plotted
only for the maximum radial distance encountered in the
self-calibration.

+e lowest values for radial distortion (∼9 μm at the
corners) were obtained for Galaxy S3, whereas the highest
value was obtained for Canon IXUS 960 IS (∼180 μm at the
corners). +e obtained decentering lens distortion value was
less than 1 μm for the cameras, except for Sony Xperia S.+is
value for Sony Xperia S was calculated as 3 μm at the corners.
+e calculated principal point locations and their standard
deviations are listed in Table 3. +e highest values for the
principal point position were obtained for Galaxy S4 and
Canon IXUS 960 IS. Imperfect mounting of the lenses may
have led to these high values.

3. Image-Based 3D Modeling Tests

+e integration of photogrammetric methods and computer
vision algorithms is leading to attractive procedures which
have increasingly automated the whole image-based 3D
modeling process [24]. Recently, automatic solutions based
on SfM-MVS techniques have been extensively used in
image-based 3D reconstruction tasks [16, 25, 26]. +e
process principally involves image orientation and dense
model reconstruction with a high level of automation.

3.1. Structure from Motion. Structure from motion can be
described as the determination of orientation parameters
and 3D scene’s model at the same time. Traditionally, the
SfM pipeline consists of two main stages. First, a set of point
correspondences between image sequences is detected as a
consequence of feature detection and image matching.
Second, the SfM is operated to determine the orientation
parameters and scene structure [27].

+e aim of correspondence estimation phase is to obtain
sets of matching pixel positions between image sequences.
Each set of matching pixels ideally represents a single point
in 3D space. Currently, the scale-invariant operators such as
SIFT or SURF provide the state-of-the-art methodology for
extracting point features from the images. +e features in
each image are invariant with respect to image scaling,
translation, rotation, and partially illumination changes. For
each of these features, the detector also computes a “sig-
nature” for the neighborhood of that feature, also known as a
feature descriptor [27]. +ese descriptors are unique enough
to allow features to be matched in large datasets [28].

Next, for each pair of images, a set of matching features is
determined. +e matches are generally obtained on the basis
of a kd-tree procedure based on the approximate nearest
neighbours [29].

After matching features for an image pair, the funda-
mental matrix is robustly estimated for the pair using
RANSAC with the eight-point algorithm [30, 31]. After
finding a set of geometrically consistent matches between
each image pair, the matches are organized into tracks,
where a track is a connected set of matching key points
across multiple images [32, 33].

+e second stage of the pipeline comprises determining a
set of camera parameters and a 3D position for each track.
+e recovered parameters should be coherent, in that the
reprojection error is minimized. +is minimization problem
is considered as a nonlinear least-squares problem and
solved using bundle adjustment [33].

3.2. Dense Scene Reconstruction. SfM is capable to construct
a sparse geometric structure consisting of the 3D positions of
matched image features. While this is adequate for some
applications such as the image-based visualizations, the
reconstruction of a highly detailed and accurate 3D model
demands producing a dense point cloud, which requires to
apply dense image matching methods between oriented
images [27, 34].
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+e image matching problem is generally resolved by
utilizing stereo pairs or via determination of correspon-
dences in multiple images. Stereo methods can be local or
global. Local methods determine the disparity at a given
point depending only on intensity values within a local
window, while global methods make explicit smoothness
assumptions and then solve an optimization problem over a
global cost function. Most of these procedures apply con-
sistency measures only to single stereo pairs. On the other
hand, geometric constraints are applied only during the
fusion of the point clouds derived by the stereo pairs [24, 35].

+e last steps of the 3D reconstruction process consist of
meshing and texturing. Various approaches can be used to
derive a photorealistic 3D model from a dense point.
Remondino and El-Hakim [36] expressed that polygonal
meshing is generally the most efficient solution to accurately
represent the results of 3D measurements, providing an
optimal surface description. One of the most popular po-
lygonal 2D mesh algorithms is the Delaunay triangulation
method. In general, these methods require a starting point
such as the visual hull model, a calculation of additional
information such as a vertex normal, and a sufficient number
of points [34].

3.3. 3D Modeling and Performance Testing. A second ap-
plication was implemented to examine the potential use of
mobile-phone images for 3D modeling applications. In this
application, 3D modeling of a historical cylindrical structure
(height� 8m and diameter� 5m) was first performed based
on SfM-MVS techniques using the images captured using
Galaxy S4, and then accuracy tests were conducted on the 3D
model.

+e historical building, which is said to have been built
in the mid-14th century, is known as Sircali cupola. Today,
this cupola is located in the garden of Kayseri Technical and
Industrial Vocational High School in Kayseri (Figure 3).

For 3D modeling, a closed five-point polygon network
was first created and measured the coordinates of the 96
signalized points on the historic cupola using a reflectorless
total station with high accuracy. In addition to the signalized
points, 280 natural points, clearly identified and well dis-
tributed on the cupola, were also measured. Herein, we took
69 overlapping images of the cupola. +e images were
captured from a distance of 5–20m. +e average shooting
distance was ∼8m. +e ground resolution at this shooting
distance was an average of 2.06mm/pixel.

+e Agisoft PhotoScan Professional software package
(version 1.4.3; Agisoft, 2018) was used to generate a 3D

photorealistic model of the historical structure based on SfM
and MVS algorithms. +e workflow of the software for 3D
modeling comprised four primary steps: (1) align photos, (2)
optimization, (3) build dense point cloud, and (4) surface
reconstruction (3D polygonal model). +e align photos
process consists of detecting the common tie points in the
images, matching them on the images, and then the pho-
toalignment process. In our study, the photoalignment ac-
curacy was selected as “high” (the software package uses
photos in their original size). To optimize the performance,
the number of matching points for each image was limited to
the default value of 4000. +e outputs of the photoalignment
process are the camera position and orientation parameters
for each image, camera calibration parameters, and a sparse
point cloud model.

For the optimization step, firstly, 3D coordinates of the
marked points were added to the input data set. Twenty-
eight of these points were used as ground control points
(GCPs), while the remaining sixty-eight points were used as
the checkpoint. +e coordinates of the marks were manually
associated with the corresponding marker center. +is
procedure georeferenced the sparse point cloud model.
Nonlinear deformations of the model can be eliminated by
optimizing the calculated sparse point cloud and camera
parameters based on the known control point coordinates.
+roughout this optimization procedure, the software

Table 3: Principal point offsets.

Camera Adjustment type x0 (μm) σx0
(μm) y0 (μm) σy0

(μm)

iPhone 5 Free − 2.70 0.76 2.60 0.72
Nokia C7 Free − 4.30 0.79 − 3.30 0.80
Galaxy S3 Free − 10.97 0.52 − 53.93 0.53
Galaxy S4 Free 64.60 0.36 − 22.20 0.38
Sony Xperia S Free 24.20 0.91 − 35.80 0.93
Canon IXUS 960 IS Free 39.00 1.16 57.40 1.24

Figure 3: +e Sircali cupola.
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updated estimated point coordinates and camera parameters
minimizing the sum of reprojection error and reference
coordinate misalignment error.

+e third step involved the generation of a dense point
cloud using the estimated camera positions and the images.
+e software calculated the depth map for each image and
combined into a final dense point cloud. To obtain a more
detailed and accurate geometry, the reconstruction quality
was set to “high.”

+e final step in the process was the reconstruction of the
3D polygonal model representing the surface of the object
based on the dense point cloud.+e surface type was selected
as “arbitrary,” which was suitable for modeling any object.
+e user could also determine the maximum number of
polygons in the final mesh. +is parameter was set to “high”
to optimize the number of polygons for a mesh with the
corresponding level of detail [37].

From the optimization step, the average precision of the
coordinates of the control points was calculated as 0.59mm
and 0.71mm for the in-plane (x-z) and out-of-plane (y)
components, respectively. +e empirical accuracy in the object
space calculated from the checkpoints was found to be 1.04mm
and 1.33mm for the in-plane and out-of-plane components,
respectively. +e RMS of reprojection error (residuals of image
coordinates) was 0.54 pixels for all tie points.

+e SfM-MVS process produced a 3D dense point cloud
containing 21.8 million points (with an average density of 17
points/cm2). +is point cloud was triangulated to create a
mesh model with 4.3 million faces and 2.18 million vertices
(Figure 4).

To assess the final positional accuracy of the geometric
model, 68 signalized checkpoint coordinates were measured
within the 3D point cloud. +ese measurements were per-
formed by measuring the closest points to the center of the
targets. RMSEs at checkpoint coordinates were calculated as
2.05mm and 2.38mm for the in-plane and out-of-plane
components, respectively.

Besides point measurements at checkpoints, an assess-
ment of positional accuracy was performed bymeasuring the
spatial differences between the meshed point cloud and the
point cloud, which consists of both the checkpoints and
natural points using the cloud-to-mesh distance function of
the CloudCompare software package. +is function is
considered more robust to local noise. +e distance to the
nearest triangle was calculated as follows. If the orthogonal
projection of the checkpoint fell inside the triangle, the
distance was defined as the orthogonal distance from the
point to the triangular plane; however, if the projection fell
outside the triangle, the distance to the nearest edge was
considered. Figure 5 illustrates the results of distance
computation with a color scale display.

Each surface deviation depiction is followed by a graph
showing the deviation distance frequency of the occurrence
along with the mean distance and standard deviation (σ) of
the measured checkpoints [38]. It is worth noting that the
comparison resulted in Gaussian-like distributions. +e
average mean distance between the 3D mesh model and the
checkpoints was 0.12mm, whereas the standard deviation of
the checkpoints was 3.83mm.

3.4. Automatic Camera Calibration. Currently, a conve-
nient, stand-alone targetless camera calibration is achievable
via a process that combines SfM methods with rigorous
photogrammetric orientation and self-calibration [39]. An
attempt was made to evaluate the performance of the tar-
getless camera calibration method based on the SFM al-
gorithm on Galaxy S4 camera images. A total of 40 images of
the cupola were used in the study and camera calibration
parameters were calculated automatically in Agisoft Pho-
toScan software. For comparison with the targetless ap-
proach, the camera calibration parameters were recalculated
in the Australis software using the same images and sig-
nalized points having known 3D coordinates. Twenty-five of
the signalized points were used as ground control points,
while the remaining 50 points were used as the checkpoint.
+e self-calibration results are given in Table 4.

+e calibrated values for focal length (c) and principal
point offsets (x0, y0) are listed in the table, together with the
estimated standard errors. In addition, the radial distortion
correction values (Δr) at the two selected radial distances,
and the two decentring distortion profile values P (r) for the
same radial distances are listed. +e RMS value (vxy) of
image coordinate residuals and the number of object points
for each case are also shown in the table. +e repeatability
between the target-based and targetless cases can be seen to
be high for the interior orientation and lens distortion
parameters. Regarding the internal accuracy indicators, as
expected, there was a two-fold discrepancy between the
accuracy of the image coordinate measurement in both
cases, with the RMS vxy values being 0.33 pixel for the target-
based case and 0.67 pixels for the targetless case. +e ac-
curacy tests were also performed by using checkpoints for
the target-based case and as a result of the improvement in
image coordinate measurement accuracy, the relative object
point accuracy was determined as l :11000 in-plane and
0.012% of average depth.

4. Conclusions

We investigated the usability of mobile-phone camera im-
ages in photogrammetric applications in two stages. In the
first stage, five different mobile-phone cameras and a digital
compact camera were compared in terms of their accuracy
and precision. For this purpose, both self-calibration with
the control points and free-network bundle adjustments
were performed for each camera. With external constraints
using 10 control points, the accuracy of the image space was
calculated to be ∼1/4 pixel for Galaxy S4. For other cameras,
this value was in the range 1/2–1/2.9 pixel. +e relative
accuracy in the object space for Galaxy S4 was l : 25000 in-
plane and 0.004% of average depth, whereas these ratios for
other cameras ranged from l :10000 to l :13000 in-plane and
from 0.01% to 0.006% of average depth. +e 3D object point
accuracy was less than 0.1mm for all cameras. +e best
results in all evaluations were obtained for the Galaxy S4
smartphone camera. For the mobile-phone cameras used in
the study, we think that the principal influence on accuracy
is the resolution of the camera sensor and the pixel size.
Luhman et al. [1] stated that values consistent with
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Figure 4: Reconstructed three-dimensional (3D) mesh model of the historic Sircali cupola.
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Figure 5: Color-encoded surface deviation of the historic cupola and distance deviation distribution graphs.

Table 4: Results of self-calibration of the Galaxy S4 camera for target-based and targetless cases.

Case Focal length, c
(σc) mm

x0 (σx0
)

mm
y0 (σy0

)
mm

Δr
r� 1.50mm μm

Δr
r� 2.50mm μm

P (r)
r� 1.50mm μm

P (r)
r� 2.50mm μm

RMS vxy No.
of pts

Target-
based 4.2100 (0.0010) 0.0623

(0.0018)
− 0.0295
(0.0016) − 15.82 − 26.09 0.32 0.88 0.33 pixel 75

Targetless 4.2120 (0.0005) 0.0613
(0.0003)

− 0.0283
(0.0003) − 14.91 − 22.01 0.38 1.07 0.60 pixel

32000
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anticipated accuracy of image coordinate measurement are
in the range of 0.03–0.1 pixels for automatically measured
targets, and the quality of the camera calibration will provide
a relative accuracy of 1 : 50000 with the precondition of a
strong multi-image geometry. +ere was about twofold
discrepancy between the accuracy values obtained for the
Galaxy S4 and recommended for digital cameras in both
image and object space. On the other hand, in an earlier
study using test field data, Akca and Gruen [9] demonstrated
that relative accuracies of 1 : 8000 in-plane and 0.03% of
average depth can be achieved with low-resolution mobile-
phone cameras. +erefore, it can be said that there is an
appreciable improvement in relative accuracy as a result of
developments in image resolution and mobile-phone
technology.

In the second stage, we used the SfM-MVS techniques to
reconstruct the 3D model of the historical Sircali cupola
using the images captured using the Galaxy S4 smartphone
camera, which yielded the best performance in the geometric
accuracy tests. After aerotriangulation block adjustment,
relative accuracy values were determined as 1 : 7500 and 1 :
6000 for the in-plane and out-of-plane components, re-
spectively. In SfM-based approaches, there are two main
problems associated with measurement applications. Firstly,
imperatives of avoiding wide base-lines means that a weaker
network geometry results. Secondly, descriptor-based fea-
ture point matching leads to the lower accuracy image
measurement [39]. +e disparity in accuracy is likely related
to these disadvantages of the sfm approach, the lower image
scale, and the manual image measurements of targets. In-
deed, as also stated by Fraser and Shortis [40], the accuracy
of vision metrology systems based on digital cameras is
dependent on the image resolution, image scale, image
measurement precision, and a number of other factors, such
as network design. +e problems of the sfm approach were
also seen in the automatic calibration process. Although the
compatibility between the target-based and targetless cases
was high for the camera calibration parameters, there was
about twofold discrepancy between the accuracy of the
image coordinate measurements.

+e final positional accuracy tests of the geometric
model showed a reasonable accuracy (mm level) of the dense
point cloud and the resulting mesh model. +e data eval-
uation phase demonstrates that it is possible to obtain high-
quality results from numerous images captured by smart-
phone cameras using appropriate software solutions. Fur-
thermore, the generated 3D model demonstrated the
feasibility of the SfM-MVS approaches in low-budget dig-
itization or documentation projects.

Consequently, with an appropriate imaging configura-
tion, calibration, and data processing software performance,
these devices can be used in multiple photogrammetric
measurement applications demanding high accuracy. +is
option is being explored because mobile-phone cameras
have good resolution and are economical and flexible. In
addition, in line with the technological advancements, the
quality and performance of mobile-phone cameras will
develop further along with their built-in image processing
functions. +erefore, it will be possible to obtain high-

quality results for 3D modeling applications in which these
devices are used alone as both photogrammetric data ac-
quisition and processing tools for at least small projects.
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Bejarano, and F. Berenguer-Sempere, “Comparing two photo-
reconstruction methods to produce high density point clouds
and dems in the corral del veleta rock glacier (Sierra Nevada,
Spain),” Remote Sensing, vol. 6, no. 6, pp. 5407–5427, 2014.

[27] N. Snavely, I. Simon, M. Goesele, R. Szeliski, and S. M Seitz,
“Scene Reconstruction and visualization from community
photo collections,,” Proceedings of the IEEE, vol. 98, no. 8,
pp. 1370–1390, 2010.

[28] D. Lowe, “Distinctive image features from scale-invariant
keypoints,” International Journal of Computer Vision, vol. 60,
no. 2, pp. 91–110, 2004.

[29] L. Barazzetti, F. Remondino, and M. Scaioni, “Automation in
3D reconstruction: results on different kinds of close-range

blocks,” International Archives of Photogrammetry, Remote
Sensing and Spatial Information Sciences, vol. 38, pp. 55–61,
2010.

[30] C. Orrite and E. Pollo, “Feature-based scaffolding for object
tracking,” in Pattern Recognition and Image Analysis. IbPRIA.
Lecture Notes in Computer Science, L. Alexandre, J. Salvador
Sánchez, and J. Rodrigues, Eds., Vol. 10255, Springer, Cham,
Switzerland, 2017.

[31] R. Hartley and A. Zisserman, Multiple View Geometry in
Computer Vision, Cambridge University Press, New York,
NY, USA, 2nd edition, 2003.

[32] N. Snavely, S. M. Seitz, and R. Szeliski, “Modeling the world
from internet photo collections,” International Journal of
Computer Vision, vol. 80, no. 2, pp. 189–210, 2008.

[33] N. Snavely, S. M. Seitz, and R. Szeliski, “Photo tourism: ex-
ploring photo collections in 3D,” ACM Transactions on
Graphics, vol. 25, no. 3, pp. 835–846, 2006.

[34] B. S. A. Alsadik, “Guided close range photogrammetry for 3D
modelling of cultural heritages sites,” vol. 260, Enschede: ITC
Faculty of Geo-Information Science and Earth Observation
University of Twente, Enschede, +e Netherlands, 2014,
Dissertation.

[35] D. A. Altantawy and S. Kishk, “Non-Local versus Bilateral:
multi-adapting disparity map estimation framework,” in
Proceedings of the Computer Engineering Conference (ICE-
NCO), pp. 10–15, Cairo, Egypt, December 2014.

[36] F. Remondino and S. El-Hakim, “Image-based 3D modelling:
a review,” �e Photogrammetric Record, vol. 21, no. 115,
pp. 269–291, 2006.

[37] M. Jaud, S. Passot, R. L. Bivic, C. Delacourt, P. Grandjean, and
N. L. Dantec, “Assessing the accuracy of high resolution
digital surface models computed by PhotoScan® and
MicMac® in sub-optimal survey conditions,” Remote Sensing,
vol. 8, no. 6, p. 465, 2016.

[38] A. Koutsoudis, B. Vidmar, G. Ioannakis, F. Arnaoutoglou,
G. Pavlidis, and C. Chamzas, “Multi-image 3D reconstruction
data evaluation,” Journal of Cultural Heritage, vol. 15, no. 1,
pp. 73–79, 2014.

[39] C. S. Fraser, “Advances in close-range photogrammetry,” in
Proceedings of the 57th Photogrammetric Week, Stuttgart,
Germany, September 2015.

[40] C. S. Fraser and M. R. Shortis, “Metric exploitation of still
video imagery,” Photogrammetric Record, vol. 15, no. 85,
pp. 107–122, 1995.

10 International Journal of Optics



Hindawi
www.hindawi.com Volume 2018

 Active and Passive  
Electronic Components

Hindawi
www.hindawi.com Volume 2018

Shock and Vibration

Hindawi
www.hindawi.com Volume 2018

High Energy Physics
Advances in

Hindawi Publishing Corporation 
http://www.hindawi.com Volume 2013
Hindawi
www.hindawi.com

The Scientific 
World Journal

Volume 2018

Acoustics and Vibration
Advances in

Hindawi
www.hindawi.com Volume 2018

Hindawi
www.hindawi.com Volume 2018

Advances in  
Condensed Matter Physics

Optics
International Journal of

Hindawi
www.hindawi.com Volume 2018

Hindawi
www.hindawi.com Volume 2018

Astronomy
Advances in

 Antennas and
Propagation

International Journal of

Hindawi
www.hindawi.com Volume 2018

Hindawi
www.hindawi.com Volume 2018

 International Journal of

Geophysics

Advances in
Optical
Technologies

Hindawi
www.hindawi.com

Volume 2018

Applied Bionics  
and Biomechanics
Hindawi
www.hindawi.com Volume 2018

Advances in
OptoElectronics

Hindawi
www.hindawi.com

Volume 2018

Hindawi
www.hindawi.com Volume 2018

Mathematical Physics
Advances in

Hindawi
www.hindawi.com Volume 2018

Chemistry
Advances in

Hindawi
www.hindawi.com Volume 2018

Journal of

Chemistry

Hindawi
www.hindawi.com Volume 2018

Advances in
Physical Chemistry

International Journal of

Rotating
Machinery

Hindawi
www.hindawi.com Volume 2018

Hindawi
www.hindawi.com

 Journal ofEngineering
Volume 2018

Submit your manuscripts at
www.hindawi.com

https://www.hindawi.com/journals/apec/
https://www.hindawi.com/journals/sv/
https://www.hindawi.com/journals/ahep/
https://www.hindawi.com/journals/tswj/
https://www.hindawi.com/journals/aav/
https://www.hindawi.com/journals/acmp/
https://www.hindawi.com/journals/ijo/
https://www.hindawi.com/journals/aa/
https://www.hindawi.com/journals/ijap/
https://www.hindawi.com/journals/ijge/
https://www.hindawi.com/journals/aot/
https://www.hindawi.com/journals/abb/
https://www.hindawi.com/journals/aoe/
https://www.hindawi.com/journals/amp/
https://www.hindawi.com/journals/ac/
https://www.hindawi.com/journals/jchem/
https://www.hindawi.com/journals/apc/
https://www.hindawi.com/journals/ijrm/
https://www.hindawi.com/journals/je/
https://www.hindawi.com/
https://www.hindawi.com/

