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The necessity for an accurate, precise, and quick positioning
capability is growing in modern societies. This feature is
needed on the one side by actively moving objects like people,
vehicles, and robots. On the other side, passively moving
objects may also need to be continuously located and tracked,
such as merchandise and transported goods, kids, and people
with disabilities. Some examples include (1) finding the near-
est exit during emergency events by taking into consideration
the obstacles on the ground, (2) continuous georeferencing
both in outdoor and indoor environments to receive
location-based information, (3) tracking people and goods
for surveillance purposes, and (4) monitoring of people’s
physical activities to encourage an active lifestyle or to facili-
tate medical rehabilitation.

Notwithstanding the big progresses of outdoor position-
ing technologies developed in the last decades, which have
already influenced our lifestyle, new solutions are continu-
ously in demand. Navigation systems should be able to
operate ubiquitously in challenging conditions, including
the possibility of indoor tracking. This function requires the
integration of multiple positioning systems to facilitate
seamless and robust navigation. In indoor environments,
the support fromGlobal Navigation Satellite Systems (GNSSs,
see [1]) cannot be exploited and alternative solutions have to
be explored. For instance, great attention is focused on low-
cost technologies that may be widely used in a sustainable
way. Concurrently, the exploitation of those devices that are
already commonly carried by people (such as smartphones)

gives the opportunity to develop solutions prone to be
quickly adopted by a large number of users.

On the other side, the development of technology for
indoor positioning should be complemented by the accurate
knowledge of the environment’s geometry and semantics,
which are both needed to make intelligent decisions and plan
optimal actions. Spatial 3D information is crucial in under-
standing the scene and context to make technologies truly
autonomous. In the case of modern newly designed build-
ings, the use of existing Building Information Models (BIMs)
may provide extensive data sources for indoor geometry to
support real-time positioning and navigation [2, 3]. Unfortu-
nately, in most existing buildings, the planimetric informa-
tion is not available in digital form. Thus, indoor maps and
3D models should be collected on purpose. Even though
technologies for indoor mapping [4] have reached a high
degree of maturity, due to factors such as scene obstructions,
movement variations, sensor limitations, and model uncer-
tainty, indoor mapping remains to be a highly challenging
problem. Popular techniques for indoor 3D surveying based
on integrated photogrammetric [5] and computer vision [6]
methods, as well as static [7] and mobile [8] 3D scanning sys-
tems, may quickly provide dense and accurate point clouds.
On the other hand, discrete point clouds might not be
directly suitable to support indoor navigation, but they
require a complex modelling stage to obtain 3D vector
models, whose derivation is not yet a fully automated process
[9]. While public and important buildings with high human
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traffic may be worthwhile to organize specific projects for 3D
indoor modeling, the large majority of indoor spaces require
other solutions, such as crowdsourced mapping [10]. Last but
not least, standards for sharing 3D indoor digital mapping
data have to consolidate and be widely used [11]. Beyond
the necessity of such information for indoor positioning
and navigation, the integration of indoor 3D models geore-
ferenced in the geodetic coordinate systems and topologically
connected to the outdoor maps is one of the major challenges
to be resolved in order to support the emerging technology
implemented in smart cities. It is also noteworthy to mention
the establishment of a benchmarking on indoor modelling by
the International Society of Photogrammetry and Remote
Sensing (ISPRS); see more details in [12].

In this special issue, seven papers that illustrate advances
in indoor tracking, mapping, and navigation are published.
Three papers deal with different aspects related to the locali-
zation of nodes in wireless sensor networks (WSNs, [13]), two
papers discuss the state-of-the-art methods for navigation
estimation, and two papers are focused on mapping using
optical instruments.

In “Sequential Monte Carlo Localization Methods in
Mobile Wireless Sensor Networks: A Review,” the authors
first propose a new classification of localization schemes in
mobile WSNs, where the chance of changing spatial position
allows to expand coverage using a smaller number of sensors
while reducing power consumption. In the three suggested
categories, the range-free scheme exploits network connec-
tivity to work out the position, without the need of an exter-
nal device such as an antenna. The paper specifically provides
a survey of the sequential Monte Carlo method to estimate
the location of nodes in range-free WSNs [14]. Three metrics
are used for classifying these methods, that is, localization
accuracy, computational cost, and communication cost.

In the paper “An Analysis of Multiple Criteria and Setups
for Bluetooth Smartphone-Based Indoor Localization Mech-
anism,” the problem of fading impairments in localization of
Bluetooth Low Energy (BLE) 4.0 beacons is addressed. BLE
beacons have become a relevant alternative to Wi-Fi-based
indoor localization mechanisms [15]. After reviewing the lit-
erature about this technology, the paper identifies the main
system parameters to be considered during the design of this
type of localization sensors: the mean localization error, local
prediction accuracy, and global prediction accuracy. A series
of experimental tests prove this conclusion.

The integration of strapdown inertial navigation system
(SINS) and WSN is the topic of the paper “Integrated SINS/
WSN Positioning System for Indoor Mobile Target Using
Novel Asynchronous Data Fusion Method.” SINS sensors
contained in a mobile target can continuously provide
ubiquitous positioning without depending on any external
interaction with other devices. On the other hand, while the
positioning accuracy is very high in the short term, SINS
sensors suffer from drift within time [16]. When GNSS sig-
nals are available, the integration of both technologies is used
to complement the short-term stability of SINS by the long-
term stability of GNSS, but this does not work in indoor
environments. Some authors have already proposed the inte-
gration of SINS and WSN to compensate for the drift [17]

and to obtain continuous indoor positioning. In this paper,
the authors focus on this method by developing an asynchro-
nous data-fusion technique based on an unscented Kalman
filter [18]. Some simulations and experiments with real data
show that this method may perform better than traditional
techniques for both asynchronous and synchronous data.

A topic that is closely related to the previous article is
presented in “Linear Kalman Filter for Attitude Estimation
from Angular Rate and a Single Vector Measurement.”
Indeed, attitude estimation is fundamental in inertial indoor
navigation [19]. In the past, several filtering methods have
been used, mainly on the basis of different versions of the
Kalman filter and complementary filter [20]. In particular,
the latter has been used because the former is difficult to
apply with relatively low-cost hardware. Here the authors
propose the implementation of a Kalman-filtering scheme
along with gyroscopic data and a single vector observation.
Using quaternion algebra, the attitude is estimated together
with its variance-covariance information. The Single Vector
Observation Linear Kalman filter (SVO-LKF) features a flex-
ible design that makes its application faster than other filters
based on linearization, as also demonstrated in simulations
and experiments reported in the paper.

Besides using a variation of the Kalman filter to estimate
the navigation solution, for scenarios where the noise is not
normally distributed and the mathematical model is nonlin-
ear, a particle filter may be considered. In the article “An
Improved Particle Filter Algorithm for Geomagnetic Indoor
Positioning,” the authors presented an improved navigation
solution using the ambient magnetic field processed by a
particle filter. They proposed an improved particle filter algo-
rithm based on initial positioning error constraint, inspired
by the Hausdorff distance measurement point set matching
theory. Since the operating range of the particle filter cannot
exceed the magnitude of the initial positioning error, it
avoids the adverse effect of sampling particles with the same
magnetic intensity but away from the target during the
iteration process on the positioning system.

As mentioned before, 3D mapping of indoor environ-
ments is one of the aspects strictly related to navigation and
tracking. One solution to this problem is to use distributed
mapping agents (e.g., people or robots) that move in and
out of an indoor environment and concurrently may gener-
ate partial maps. In a second stage, independently and par-
tially reconstructed maps need to be unified into a highly
accurate global map. This topic is presented in the paper
“Distributed Monocular SLAM for Indoor Map Building.”
Here the simultaneous localization and mapping (SLAM)
technique is adopted for the acquisition of relatively dense
3D models by using distributed mobile sensors [21]. On the
other hand, constructed maps are used to help navigation
in an interactive way (tracking and mapping problem). Here
the use of monocular visual SLAM is considered for distrib-
uted indoor mapping. If an agent moves into an area that
has already been mapped, it may use the existing geometric
information to support navigation. In the case that an agent
enters an area that has not yet been mapped, it starts the local
mapping process and localizes itself as a part of the SLAM
process. All independently and locally built maps are then
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merged together to complement each other. In particular, the
paper introduces and discusses a distributed framework to
compute map overlaps also in the case no prior knowledge
of the starting positions of the agents is available.

The problem of mapping the indoor environment is also
the final aim of the solution proposed in “Practical In Situ
Implementation of a Multicamera Multisystem Calibration.”
Systems made up of multiple consumer-grade cameras may
offer a low-cost and effective solution for image-based indoor
mobile mapping. In this paper, first, some methods for the
geometric calibration of multicamera systems are reviewed,
including the determination of both interior and exterior ori-
entation parameters for each sensor [22]. Then, the authors
introduce a novel, versatile methodology for multicamera
system geometric calibration, capable of concurrently han-
dling more camera systems as well.
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Geomagnetic indoor positioning is an attractive indoor positioning technology due to its infrastructure-free feature. In the
matching algorithm for geomagnetic indoor localization, the particle filter has been the most widely used. The algorithm
however often suffers filtering divergence when there is continuous variation of the indoor magnetic distribution. The
resampling step in the process of implementation would make the situation even worse, which directly lead to the loss of indoor
positioning solution. Aiming at this problem, we have proposed an improved particle filter algorithm based on initial
positioning error constraint, inspired by the Hausdorff distance measurement point set matching theory. Since the operating
range of the particle filter cannot exceed the magnitude of the initial positioning error, it avoids the adverse effect of sampling
particles with the same magnetic intensity but away from the target during the iteration process on the positioning system. The
effectiveness and reliability of the improved algorithm are verified by experiments.

1. Introduction

With the rapid development of location-based services,
indoor positioning is receiving increased attention. Indoor
positioning technology can be applied to public security,
location tracking, intelligent transportation, and so forth.
For example, a hospital can locate and monitor patients using
indoor positioning technology. Indoor positioning can solve
the problem of finding cars in large complexes and under-
ground parking lots; it can also quickly find an optimal
shopping route in large shopping malls. Indoor positioning
is currently based on technologies such as Wi-Fi, RFID,
Bluetooth, UMB, and geomagnetism. Among different
technologies for indoor positioning, the geomagnetic indoor
positioning approach has broad application prospects
because it is infrastructure-free and has geomagnetic signal
stability [1].

As early as the 1950s, the geomagnetic positioning
technology based on geomagnetic field vector matching was

applied to large-scale outdoor environment navigation,
including those of surface ships, submarines, and missiles.
In the past, the geomagnetic positioning techniques typically
used the correlation matching algorithms [2–4] or the recur-
sive filtering algorithms [5, 6]. More recent use of the geo-
magnetic positioning technology in the indoor environment
is considered an important breakthrough. The geomagnetic
field in a modern building is disturbed by the steel-
reinforced concrete, steel structure, power systems, electronic
equipment, and other artificial sources, which forms a unique
and spatially continuous geomagnetic signature [7, 8]. The
indoor magnetic field can be collected to construct a finger-
print model based on Wi-Fi fingerprint technology. In
general, the construction of geomagnetic perturbation finger-
print model can use a variety of characteristic variables,
including a single variable (total geomagnetic intensity), dou-
ble variables (H and V direction magnetic field components),
or three variables (X, Y, and Z direction magnetic field
components). The more characteristic variables are included
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for the position determination, the more improvement can
be made on the positioning accuracy [9]. The indoor posi-
tioning technology based on the magnetic field matches the
magnetic field intensity, which is obtained by the indoor
moving carrier, with the geomagnetic disturbance fingerprint
model to enable indoor positioning.

At present, the particle filter algorithm, k-nearest neigh-
bor [10], and extended Kalman filter (EKF) [11] have been
applied in indoor positioning systems based on a fingerprint
model. The particle filter developed by Monte Carlo tech-
niques has been widely used as one effective matching
algorithm, because of its advantages of broad adaptability in
nonlinear and non-Gaussian systems [12–14]. Grand and
Thrun [12] presented a real-time indoor localization method
that utilizes a single 3-axis magnetometer to estimate the
position of a handheld device. Using a particle filter, a
localization accuracy of 0.7 meters in position and 25
degrees in orientation was achieved for a simple straight-
line trajectory. Haverinen and Kemppainen [13] equipped
a robot with a single magnetic sensor that measured three
planes. They ran their robot through a corridor, had it
collect data at a set of locations to create a map of the
hallway, and used Monte Carlo localization (a particle
filter) to accurately determine its location from any start-
ing point. The maximum error was about 28 centimeters,
but the robot needed to travel 25 meters in order to local-
ize itself in general. Kim et al. [15] proposed an indoor
positioning system using smartphones. They used a particle
filter to estimate the users’ location based on geomagnetic
anomalies [15] and used the distance between the user and
the wall as a conditional constraint. The experimental results
in the corridor showed that the positioning accuracy is within
3 meters.

The use of particle filters requires the carrier to complete
a continuous recursive filter location over a period of time,
and it suffers the problem of filtering divergence [16]. The fil-
ter convergence however is affected by the distribution of
indoor geomagnetic, and a divergence would occur if it lacks
indoor geomagnetism signatures. The sparser the character-
istics of the indoor geomagnetic field, as many locations have
similar magnetic field patterns, the more likely the diver-
gence of the particle filter algorithm occurs, which eventually
leads to excessive positioning error.

In response to this challenge, this paperproposes the use of
point set matching in the Hausdorff distance measurement
method to improve the particle filter algorithm as well as the
method of positioning error constraints. In the new particle
filter algorithm, the initial positioning error is used as the
distance constraint, only allowing particles that meet the con-
straints to iterate, and resampling. Coupled with the conver-
gence characteristics of the resampling step, we can suppress
the effect of persistent divergence. The main contributions of
this work include (1) the development of a geomagnetic data
acquisition platform, (2) an improved particle filter algorithm
to prevent filter divergence, and (3) the design of an offline test
system to estimate the location of mobile robots carrying
magnetic sensors.

The paper is organized as follows. The classical particle
filter algorithm is described in Section 2.1. Section 2.2 briefly

outlines the improved algorithm based on the Hausdorff
distance. In Section 3, the data acquisition robot is first briefly
described, then the data collection is presented, and finally
the analysis of the positioning results is provided. The
conclusion is given in Section 4.

2. An Improved Particle Filtering Algorithm

2.1. Classical Particle Filter Algorithm. The particle filter algo-
rithm is an optimal Bayesian estimation method based on
Monte Carlo’s idea [17]. It is often used to estimate the posi-
tion of a target moving along the corridor from an unknown
location. The particle filter uses Monte Carlo localization
(MCL) method to approximate the posterior probability
distribution p xt ∣zt when it is too complex to directly
sampled, but the prior probability density p xt∣xit−1 can be
sampled and the measurement density p zt∣xit can be evalu-
ated, where xt represents the target positioning, x

i
t represents

the particle positioning, and zt is the observation. The entire
particle filtering process consists of three steps, namely, fore-
casting, updating, and resampling.

The particle filter algorithm follows the general frame-
work of a sequential importance sampling (SIS) algorithm,
and it adds the sampling importance resampling (SIR) to
solve the sample impoverishment caused by the iterative
process. It first generates a set of samples with N particles
from the prior probability density and then generates the
weight wi according to the measurement density p zt∣xit
of each particle. The weights are normalized to make their
sum equal to one before the resampling. The basic idea of
resampling is to remove particles with small weight and
concentrate on particles with large weight. Due to easy
implementation, the particle filter widely uses such resam-
pling algorithm. The two-dimensional motion model is
given by

xit = xit−1 +Hl, 1

where l ∼U 0, L , U 0, L which obeys a uniform distribu-
tion; L is the moving distance; and

H =
sin θ 0

0 cos θ
2

In (2), θ is the moving direction. We can roughly
choose the size of L according to the length of the per-
son’s step. The measurement density p zt∣xit is based on
the single variable Gaussian probability density function,
which is given by

p zt∣x
i
t =

1
σr 2π

exp −
zt − f xit

2

2σ2r
, 3

where σr is the covariance of the observation zt . The function
f xit returns the magnetic field intensity of the position xit in
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the fingerprint model. Finally, the position x̂t of the target is
estimated based on the weight w of the sample particles,
which is given by

x̂t = 〠
N

i=1
wi

tx
i
t , 4

and the positioning error is given by

err = xt − x̂t
2 5

For geomagnetic indoor positioning based on the particle
filter, the particle weight is determined by (3) according to
the magnetic field intensity of the target and particle in which
the closer the geomagnetic intensity, the greater the weight.
After removing the particles with the small weights, the
estimated position is then calculated by (4). When the differ-
ence in the weight of the particle is not large, the deviation of
the distance between the particle position xit and the target
position is large [16]. If the particle position is far from the
target position, the error between the estimated position
and the target position is large. In other words, the estimated
position is obtained by weighted sum of the individual parti-
cle positions. The greater the value of the Euclidean distance
dh between the target and particles with large weight, the
greater the value of x̂t . Finally, it will cause greater position-
ing error as shown by (5). We have further explained it in
Section 3.2 by an example.

2.2. An Improved Algorithm Based on Hausdorff Distance.
Increasing the characteristic elements of the geomagnetic
matching can effectively solve the divergence problem in
the particle filter algorithm, but it will also greatly increase
the complexity of the original algorithm and the time
required for positioning. Inspired by the Hausdorff dis-
tance matching, an improved particle filter algorithm
based on the Hausdorff distance is proposed and described
in the following.

We know that the magnetic field at any point is
stable in the static environment and it is unique within
a certain range. If the particle filter starts within a rea-
sonable range, the deviation of estimated position will
be reduced. The Hausdorff distance can then be applied
to determine this reasonable range for the particle filter.
The Hausdorff distance is the maximum value of the dis-
tance between the two sets of points in space which is
defined as follows [4]:

dH A, B =max dh A, B , dh B, A , 6

where dh represents the maximum distance between ai and bi
in the two point sets of dh A, B =maxa∈A minb∈B a − b
and dh B, A =minb∈B maxa∈A b − a , • is a distance
norm, A = a1, a2,… , ap and B = b1, b2,… , bq represent

two finite sets of points. The Hausdorff distance represents
the degree of matching between A and B.

In general, in the geomagnetic feature matching based
on classical particle filtering, we can control the weight of
the particles that participate in calculating the estimated
position in (4) when their weight becomes large. However,
dh is difficult to control, once its value becomes too large.
This will cause filtering divergence. Since dH is the maxi-
mum distance between each particle and the target, it
can be controlled. As a result, if this maximum value
can be controlled within a reasonable range, we can avoid
the problem that dh becomes large. In order to avoid the
effect of human factors, we use the positioning system to
estimate the initial position of the target. The constraint
to be applied is the initial positioning error between the
estimated initial position and the true position of the target
in the measurement environment. Let the initial positioning
error as dH ; the following initial positioning error constraint
can be established:

dh < dH 7

The position x̂t of the target estimated based on the
weight w of the sample particles in (4) must satisfy the con-
dition in (7). Using the improved particle filter algorithm,
the divergence problem can be avoided because we have
removed those particles that had a larger weight but were
far from the target. As a result, the positioning results of
the positioning system can converge more quickly. The
implementation steps of the improved algorithm is given in
Algorithm 1 and the flowchart of the implementation process
is given in Figure 1.

Step 1. Initialization:
t= 0, draw particles xi0 uniformly with wi = 1/N

Step 2. Calculate the positioning error:
t= 1, the initial positioning error is treated as the dH

Step 3. Particle iteration:
For time steps t= 1, 2, …
For particle numbers i= 1: N

IF dh < dH
The particle state is shifted: xit ∼ p xt ∣xit−1
Get mobile vector online observations: zt
Weight update: wi

t = p zt ∣xit
END IF

END FOR
Step 4.

Make CDF of wi
t and

For particle numbers i= 1: N
Draw ui =U 0, 1
Resample xit = CDF ui

END FOR
Step 5. Output the weighted position:

x̂t = 〠
N

i=1
wi

tx
i
t

Algorithm 1
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3. Experiments and Analysis

3.1. Data Collection System Development: A Geomagnetic
Data Acquisition Robot. The construction of a geomagnetic
fingerprint model is a prerequisite for geomagnetic indoor
positioning technology. In order to quickly and effectively
establish a fingerprint model, a data acquisition robot has
been developed by Urban Surveying and Mapping Insti-
tute which includes data acquisition module and control
module as shown in Figure 2 [18]. The robot is loaded
with a HMC5983 three-axis magnetic sensor placed at a

height of 1.3 meters above the floor. The placement of
sensor at such a height is to separate the magnetic sensor
to avoid interference by the robot itself. The robot is
controlled by the control module. Data through the USB
cable real-time are imported to the computer, through
openMAT software to save geomagnetic data and record,
while the magnitude was calculated. Finally, we use the
MATLAB-based software to conduct position determina-
tion in the computer. Since the magnetic sensor itself will
produce a relatively stable interference field when ener-
gized [19], we must correct the HMC5983 magnetic sensor

Initialization

Calculate the positioning
error

Particles
obey the
conditions

Yes

No Discard the
particles

Weight calculating
and normalization

The number
of effective
particles is
sufficient

No

Yes

Resampling Output the weighted position

Figure 1: Flowchart of improved particle filter algorithm.

Magnetic
sensor 

Control
panel 

Computer

USB data cable

(a)

Drive
motor

Odometer

(b)

Figure 2: Geomagnetic data acquisition robot platform. (a) Front view. (b) Bottom view.
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in the data acquisition module to ensure the authenticity
of the data before collecting data. The rotation of the mag-
netic sensor around the z-axis of its own coordinate sys-
tem will generate the corresponding circle based on the
magnitude of the x-axis and the y-axis magnetic field.
However, due to the presence of an interference field,
the location of the center of the circle will move a short
distance. The interference can be eliminated by adding a
fixed value to the output value of the magnetic sensor,
as shown in Figure 3.

The method to correct the value xsf , ysf of the
HMC5983 magnetic sensor and the x-axis and y-axis mag-
netic field offset xof f , yof f is given as follows:

xsf = max 1,
ymax − ymin
xmax − xmin

,

ysf = max 1,
xmax − xmin
ymax − ymin

,

xof f =
xmax − xmin
2 − xmax

xsf ,

yof f =
ymax − ymin
2 − ymax

ysf ,

xυ = hxxsf + xof f ,
yυ = hyysf + yof f ,

8

68 m1.8 m

Figure 4: Floor map of the Institute of Surveying and Mapping.
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where xmax, xmin and ymax, ymin are the maximum and
minimum values, respectively; hx, hy is the original mag-
netic field value on the x-axis and y-axis; and xυ, yυ is the
compensation of the x-axis and y-axis direction of the
magnetic field value.

3.2. Experimental Data Collection and Fingerprint Model
Construction. The experimental data acquisition was
conducted in the 2nd floor of the Institute of Surveying and
Mapping at Beijing University of Civil Engineering and
Architecture (BUCEA). The frames of the building are rein-
forced concrete. Figure 4 shows a simple plan of the corridor
with a total length of 68 meters. The magnetic field was
measured every 25Hz producing a three-dimensional vector
m = mx ,my ,mz , in units of μT.

In order to prove the defect of particle filter algorithm, we
randomly collected a row of data in the corridor. Figure 5
shows the magnetic field distribution in the corridor which
is linear and continuous, and the magnetic field intensity of
different locations is likely to be the same. This proves that
when the particle position xit is far from the target, it will lead
to biased estimate x̂t in the particle filter algorithm. An exam-
ple is shown in Figure 6.

In the corridor, we collected geomagnetic data along four
lines of 60 cm apart. For building the fingerprint model, we
control the acquisition robot along the planned route to
move forward which the step length of robot is 0.2m with
geomagnetic data measurement at a sampling rate of 5Hz.
To perform localization, we use the norm of the magnetic
field m = mx ,my ,mz as the observation, because magnetic
field intensity m is a rotation invariant scalar quantity.
The m is given by

m = m2
x +m2

y +m2
z 9

The final fingerprint model is created by applying a linear
interpolation to the magnetic field intensity using a 0.02m
step size in the computer, as shown in Figure 7, and the
map adds the grid coordinates as its relative coordinate frame
after it is generated.

4. Positioning Results

The acquisition robot used to take measurements was con-
trolled to travel straight along the corridor, with a step length
of 0.6m. It recorded data every second, iteration times t=16.
In the positioning system, the number of sample particles
N is set to 400; each test set was conducted using the same
value of the standard deviation of the measurement model
σr = 5 0μT, and a total of 20 time tests. The SIS algorithm
and the particle filter algorithm with the SIR algorithm are
used to investigate the geomagnetic matching precision
and the degree of continuous filtering divergence.

The burr in Figure 8 shows that the SIS algorithm has the
problem of filtering divergence and geomagnetic matching
instability in the geomagnetic matching process. Although
the positioning error shows an overall decreasing trend, there
is no convergence.

As shown in Figure 9, the addition of the SIR algorithm
makes the filtering divergence more serious, and the con-
tinuous filtering divergence phenomenon results in the loss
of positioning (see ①, ②, ③ in Figure 9). Most of the
experiments began to converge after t=5. The average
matching accuracy was 1.78m and the average run time
was 10.9 s. We can see from the comparison of Figures 8
and 9 that after the SIR algorithm is added, the particle is
convergent after iteration calculation for a period of time
due to its resampling step. The matching accuracy is far
superior to that of the SIS algorithm, although positioning
loss is also inevitable.

The idea of the positioning error constraint method is
shown in Figures 10 and 11. In Figure 10, the dots indicate
the sample particles that are randomly selected in the posi-
tioning area; the hollow circle represents the initial position
of the weighted position and the ∗ sign indicates the position
of the moving carrier at time t=1. In Figure 11, the circle
which is deformed due to the limitation of the geomagnetic
fingerprint model range represents the initial positioning
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Figure 5: Distribution of the magnitude of the magnetic field in a
row of the corridor. Blue spots indicate points with the same
magnetic field intensity.
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Figure 6: According to (4), we find that if the w of number 1 is the
same as that of number 2, but the distance between number 1 and
the true position is very far, will cause the estimated position away
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error range. It can be concluded from Figures 10 and 11 that
with the establishment of the positioning error constraint
after the initial positioning, the sampling particles have a
restriction on their maximum distance dH . It does not use
the particles which are far from the true location of target
in the positioning process. Due to the reduction in the
number of particles, the time of the whole system iterating
16 times is saved (the average running time is 9.1 s).

Figure 12 shows that the initial positioning errors are all
within 10m, which is acceptable for indoor positioning.
The experimental results and the positioning error analysis
based on the improved particle filter algorithm are shown

in Figure 13. In the experiments using the improved algo-
rithm, most particles began to converge at t=2 and have no
loss of positioning as in Figure 9, with an average matching
accuracy improved to 0.62 meters. Compared to the particle
filter with the SIR algorithm, the improved algorithm can
effectively prevent the filter divergence, eliminating location
losses. Its convergence rate is faster than that of the classic
particle filter algorithm, with an average running time of
the whole system iterating 16 times is reduced by 16.15%.

5. Conclusions and Future Work

Indoor geomagnetic disturbance prevents the classical parti-
cle filter algorithm from stably finding the location in real
time. Although the particle filter algorithm has a strong
convergence in the matching accuracy, the particle iteration
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process is accompanied by the loss of positioning. In this
paper, we add the position error constraint to the particle
filter algorithm and compare and analyze the advantages
and disadvantages of the classical particle filter algorithm

with the improved algorithm in matching accuracy, running
time, and other aspects by real-field test. The results show
that the improved algorithm can solve the persistent
divergence problem in the particle filter and avoid the loss
of positioning. Under the premise of the single variable
feature, it can improve the indoor positioning speed and
effectively solve the technical defect in geomagnetic match-
ing. In the future work we will try to combine WLAN and
other technologies to achieve effective initial positioning
accuracy better than 5 meters.
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Consumer-grade cameras are generally low-cost and available off-the-shelf, so having multicamera photogrammetric systems for
3D reconstruction is both financially feasible and practical. Such systems can be deployed in many different types of
applications: infrastructure health monitoring, cultural heritage documentation, bio-medicine, as-built surveys, and indoor or
outdoor mobile mapping for example. A geometric system calibration is usually necessary before a data acquisition mission in
order for the results to have optimal accuracy. A typical system calibration must address the estimation of both the interior and
the exterior, or relative, orientation parameters for each camera in the system. This article reviews different ways of performing
a calibration of a photogrammetric system consisting of multiple cameras. It then proposes a methodology for the simultaneous
estimation of both the interior and the relative orientation parameters which can work in several different types of scenarios
including a multicamera multisystem calibration. A rigorous in situ system calibration was successfully implemented and tested.
The same algorithm is able to handle the equivalent to a traditional-style bundle adjustment, that is, a network solution without
constraints, for a single or multicamera calibrations, and the proposed bundle adjustment with built-in relative orientation
constraints for the calibration of a system or multiple systems of cameras.

1. Introduction

A photogrammetric system consists of one or multiple digital
cameras. In the case of a single camera [1], it would have to
be moving or sequentially occupying varying camera sta-
tions. This scenario would only work for objects that remain
shape-invariant throughout the image recording session due
to the time lapse between the varying camera station expo-
sures. Preferably, an array or a cluster of cameras should be
used in the scenarios where the shape of the object of interest
may be changing with time [2]. The availability of inexpen-
sive digital cameras has made the use of such multisensor
systems more and more common. Their employment in
mobile mapping applications [3, 4], dense matching of
imagery [5, 6], biomedical and motion-capture metric
applications [2, 7], infrastructure health monitoring [8, 9],

and the generation of photo scenes from multiple sensors
[10] has become frequent occurrence.

Sensor calibration is known to be a critical quality
assurance measure to maximize photogrammetric accuracy.
This is even more so in the case of a multicamera system. A
correct system calibration is essential for the accurate recon-
struction of 3D object space required in photogrammetric
applications. For this purpose, a mathematical model based
on built-in relative orientation constraints (ROCs) is
reviewed and further improved by modifying it to handle
both single and multiple reference camera(s).

The next section summarizes the different types of
system calibrations depending on whether the cameras are
precalibrated or calibrated in situ and whether the estimation
of the relative orientation parameters is performed in a two-
or a one-step procedure. The preferred system calibration
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method for the simultaneous estimation of all system cal-
ibration parameters is proposed and tested.

2. System Calibration Methodology

The geometric calibration of a system comprising multiple
cameras has two components: a camera calibration of each
camera in the system and an estimation of the position
and orientation of the cameras involved in the system with
respect to a reference camera. The next subsections discuss
various options for accomplishing the estimation of a
system calibration.

2.1. Solution for the Interior Orientation Parameters. The
camera calibration necessitates estimating the interior
orientation parameters (IOPs) of each camera, which include
the principal distance, the principal point offset, and any
necessary distortion or additional parameters. This has been
heavily addressed in photogrammetric literature. For
consumer-grade digital cameras that can be purchased off-
the-shelf, the preferred procedure for estimating the IOPs
is a bundle adjustment with self-calibration [11, 12]. The
distortion models are found in Brown [13] and Brown
[14], while the analytical basis for the adjustment is pub-
lished in Kenefick et al. [15] and Granshaw [16]. Clarke
and Fryer [17] and Remondino and Fraser [18] include
recommendations on how to carry out the calibration
procedure for a single camera. In addition, Chandler
et al. [19] and Fraser [20] show examples for the calibra-
tion of digital cameras that are specifically low-cost/off-
the-shelf.

The calibration process can be performed in a specialized
laboratory or on the job (i.e., in situ). Which type of calibra-
tion should be chosen depends on the project specifics. In the
case of a photogrammetric system comprising a few cameras
(e.g., two to three), the calibration process can successfully be
carried out individually for each camera before the
commencement of any data collection. Yet, if many cameras
are involved in the system in question (e.g., four or more),
precalibrating each one of them individually might be too
time-consuming. Additionally, it may not be desirable to
dismount and then remount the cameras from the system
platform every time they need to be recalibrated. In such
circumstances, performing the camera calibration on the
job or in situ may be more practical and/or feasible. The chal-
lenge of such an in situ system calibration is the first order
network design problem, that is, having a network geometry
that will produce a solution for the unknown parameters
with an acceptable variance-covariance matrix. For instance,
sufficient number of target points with a well-distributed
spread within the image format must be present for each
camera. At the same time, multistation convergent images
must be taken such that isotropic coordinate precision for
the object space reconstruction is achieved. For a stationary
camera system, this network configuration can be emulated
by conducting numerous translations and rotations of a por-
table test field within the field of view of the cameras in the
system [21–25]. It is worth clarifying that even though the
camera system is physically stationary and the test field is

the one translated and rotated, the adjustment is handled
inversely as if the test field is kept stationary and the camera
system is the one moving. In this way, for each instance of
translation and rotation, the number of exterior orientation
parameters (EOPs) added to the adjustment is lesser than
the number of 3D coordinates for the object space target
points, and the total number of unknowns in the adjustment
is thus minimized. Note that ideally this portable test field
should be in 3D so that any projective compensation or high
correlations within and between the IOPs and EOPs can be
decoupled [15, 22–25].

2.2. Solution for the Camera Mounting Parameters. Before
the beginning of a data collection campaign, the position
and the orientation of the cameras in the systemmust be esti-
mated in addition to the IOPs. This can be done with respect
to a reference camera or some other type of a reference frame
(e.g., an IMU body frame). These parameters are referred to
as the relative orientation parameters (ROPs) or the camera
mounting parameters (CMPs), that is, the parameters
describing how each camera is attached to the system
platform. Assuming that the CMPs are defined relative to a
reference camera, they consist of positional, r, and rotational,
R, offsets between each camera and the reference camera.
These components can also be referred to as the lever
arm (baseline) and (angular) boresight, respectively. The
estimation of the CMPs can be done in a two-step or a
one-step process [26]. Both type of processes are reviewed
in the next two subsections.

2.2.1. Two-Step CMP Estimation. The first step in the two-
step procedure for providing a solution for the CMPs is
estimating the EOPs for each of the cameras in the system.
A traditional-style bundle adjustment, that is, a network
solution based on the collinearity equations and without
any constraints, is normally used for the purpose of
completing this first step (see (1) and (2)). Note that time
dependency is assumed here in order to have a general
model, that is, a model that can handle both stationary
or moving sensors or objects.

rmI = rmck t + λ
ck
i · Rm

ck
t · rcki t , 1

where rmI contains the coordinates of object space point, I,
with respect to the mapping frame m; rmck t and Rm

ck
t

are the time-dependent positional and rotational parame-
ters or the EOPs of camera ck with respect to the mapping
frame m at time t; λ is the image to object space scale;
and the expression

rcki t =
xcki − xckp − Δxcki
ycki − yckp − Δycki
−cck

2

contains the distortion-free coordinates of image space point,
i, or the distortion-free projection of point I in the frame of
camera ck, where xcki , y

ck
i are the observed or distorted

image coordinates for point i; xckp , yckp is the principal point

2 Journal of Sensors



offset; cck is the principal distance; and Δxcki , Δy
ck
i are the

image space distortions for point i.
The second step in this process uses the estimated EOPs

at time t to compute the CMPs using (3) and (4) [4].

rcrck t = Rm
cr
t

T
· rmck t − rmcr t , 3

where rcrck t is the time-dependent 3D lever arm/positional
offset or translation between camera ck and the reference

camera cr , that is, ΔXcr
ck ΔY

cr
ck ΔZcr

ck

T
rmcr t and Rm

cr
t are

the time-dependent positional and rotational parameters or
the EOPs of the reference camera cr with respect to the
mapping frame m; and rmck t is the time-dependent posi-
tional component of the EOPs of camera ck.

Rcr
ck
t = Rm

cr
t

T
· Rm

ck
t , 4

where Rcr
ck t is the time-dependent 3D boresight/rotational

offset between camera ck and the reference camera cr , which
is a function of Δωcr

ck , Δφcr
ck
, and Δκcrck , and Rm

ck
t is the time-

dependent rotational component of the EOPs of camera ck.
If the EOPs are estimated in a single observation epoch,

there would accordingly be a single set of computed CMPs.
If the EOPs are, however, estimated in two or more observa-
tion epochs, the resultant redundant sets of time-dependent
CMPs can be averaged and their standard deviations can be
calculated [4, 22–25]. Note, however, that rotation averaging
should not be performed with Euler angles [27]. The point of
averaging is to compute the best estimate of a random
variable while minimizing the sum of squared errors. Averag-
ing Euler angles, that is, sequential rotational parameters,
does not minimize a meaningful cost function. Instead, for
sound rotation averaging, quaternions or angle-axis repre-
sentation must be used as they can minimize several cost
functions, which are listed in Hartley et al. [27]. In addition,
the rotational and positional parameters are often correlated.
It should also be highlighted that if the reference camera does
not observe the test field in certain observation epochs, these
observation epochs cannot contribute to the estimations of
the CMPs. Moreover, if the field of view of a particular
camera does not overlap with the one for the reference
camera (i.e., the two cameras cannot observe the test field
simultaneously in any of the observation epochs), the CMPs
of the camera in question cannot be directly estimated as in
(3) and (4). A work-around procedure exploiting the overlap
with other cameras in the system must be then implemented.

Using constraint equations for the EOPs in the network
solution in order to enforce an invariant geometrical rela-
tionship between the cameras at different times [10, 28–33]
may mitigate some of the mentioned problems. The benefit
of using EOP constraint equations in the bundle adjustment
is that it is not necessary to perform any averaging. This is the
case since no matter which observation epoch is used, the
same values for the CMPs would be computed with (3) and
(4). The disadvantages of this method are that it is still
technically a two-step process, a work-around procedure is
necessary for computing the CMPs of any cameras, which

do not overlap with the reference camera in any of the obser-
vation epochs, and the complexity of the implementation
procedure intensifies with the increase of the number of cam-
eras in the system and the number of observation epochs [4].
Given these drawbacks, especially the complexity consider-
ation, this type of network solution is not implemented as
part of this research.

2.2.2. One-Step CMP Estimation. A one-step procedure for
estimating the CMPs is desired in order to avoid a separate
estimation step for the CMPs and potential work-around
procedures for addressing situations where a camera does
not have any overlap with the reference camera in any obser-
vation epoch. This can be accomplished by directly incorpo-
rating ROCs among all cameras and the reference camera in
the collinearity-equation-based network solution [4, 29, 30].

rmI = rmcr t + Rm
cr
t · rcrck + λcki · Rm

cr
t · Rcr

ck
· rcki t 5

The CMPs, rcrck and R
cr
ck , in (5) are now explicitly treated as

time-independent parameters. In other words, it is assumed
that the CMPs for the system of multiple cameras remain
stable during all observation epochs within a given system
calibration campaign. Also, the EOPs of the reference
camera, rmcr t and Rm

cr
t , now represent the EOPs of the

system platform. This model is relatively straightforward to
implement as it preserves its simplicity regardless of the
number of cameras employed or the number of observation
epochs used. As the number of cameras and the number of
observation epochs increase, it significantly reduces the num-
ber of unknowns to solve compared to the traditional-style
bundle adjustment. It should be noted that when the observa-
tion equations for the reference camera, cr , are established,
(5) reduces to (6), because the lever arm vector is set to zero,
rcrcr = 0 0 0 T , and the boresight rotation matrix is set to iden-
tity, Rcr

cr = 1 0 0 0 1 0 0 0 1 . The difference between
the mathematical models for the traditional-style bundle
adjustment (1) and the one with built-in ROCs (5) is visually
summarized in Figure 1.

rmI = rmcr t + λcri · Rm
cr
t · rcri t 6

2.3. Simultaneous IOP and CMP Estimation. There are four
possible types of a calibration of a system with multiple cam-
eras that can be performed given the options for estimating
the IOPs and the CMPs. Recall that individual cameras can
be either precalibrated or multiple cameras can be calibrated
in situ and that the CMPs can be either estimated via the
EOPs in a two-step process or directly in a one-step process.
The four scenarios are summarized in Table 1 and explained
in more detail as follows:

(1) The first system calibration scenario involves precali-
brating all cameras individually and computing the
CMPs in a two-step procedure via the EOPs. It is
not desirable, because it may not be practical to pre-
calibrate many cameras and/or the IOPs of the preca-
librated cameras may not be stable. In addition, in
situations where the reference camera does not
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observe the test field in certain observation epochs, or
certain cameras do not have any overlap with the
reference camera, the CMP estimation may be
ambiguous or not even possible.

(2) The second system calibration scenario involves
calibrating all cameras in situ and computing the
CMPs in a two-step procedure via the EOPs. Note
that the IOPs and the EOPs here are estimated
simultaneously. As long as the necessary network
configuration can be provided, this procedure is
more practical in terms of the camera calibration
aspect. It is, however, still not a preferred approach
due to the drawbacks listed with regard to the two-
step CMP estimation.

(3) The third system calibration scenario involves preca-
librating all cameras individually and estimating the
CMPs in a single step. This procedure may be accept-
able for a system with a low number of cameras (e.g.,
one to three) as long as the individual camera IOPs
remain stable from the point in time when the IOPs

are estimated to the point in time when the cameras
are set up for the CMP estimation.

(4) The fourth system calibration scenario involves
calibrating all cameras in situ and estimating the
CMPs in a single step. Note that the IOPs and the
CMPs here are estimated simultaneously. Again, as
long as the necessary network configuration can be
provided, this procedure is the most desirable one
because all unknown parameters are estimated
simultaneously in a single step.

2.4. Multicamera Multisystem Calibration. The ability to
handle multiple reference cameras in the bundle adjustment
with built-in relative orientation constraints is a valuable
contribution of the proposed procedure for system calibra-
tion. Essentially, all cameras participating in the system
calibration adjustment are assigned to or selected as a
reference camera, and there can be as many reference
cameras as the total number of participating cameras. Thus,
the adjustment is not limited to a single reference camera.

�휆 c1 Rc1
 (t) · r c1 (t)i

m
�휆

c2 Rc2
 (t) · r c2 (t)i
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�휆
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Figure 1: Mathematical model for 3D reconstruction using the traditional-style collinearity-equation-based bundle adjustment with no
constraints (a) versus the one using built-in ROCs (b); (0,0,0) denotes the origin of the mapping frame; c1, c2, and c3 are example cameras
1, 2, and 3, respectively; and cr is the reference camera.

Table 1: Possible types of system calibrations.

IOPs/CMPs Two-step CMP estimation One-step CMP estimation

Individual cameras, precalibrated (1) Not desirable IOPs→ EOPs→ CMPs (3) May be acceptable IOPs→ CMPs

Multiple cameras, calibrated in situ
(2) More practical but still not preferred

(IOPs & EOPs→ CMPs) (4) Most desirable (IOPs & CMPs)
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This is significant, because it provides the flexibility of
performing the following types of calibrations within the
same algorithm:

(i) Calibration of a single camera—the camera in ques-
tion is selected as a reference camera; this scenario
reduces to a regular single camera calibration, where
the unknowns are the IOPs of the camera, the EOPs
for each image, and the X,Y,Z coordinates for all the
target points.

(ii) Calibration of a single system of multiple cameras—all
the available cameras are assigned to the same refer-
ence camera; other than the IOPs for all the cameras
and the X,Y,Z coordinates for all the target points,
the unknowns here are the EOPs for the one refer-
ence camera and the CMPs for all other cameras with
respect to the reference camera.

(iii) Calibration of multiple systems with multiple cam-
eras within the same adjustment—the cameras are
divided into groups where each group is assigned a
different reference camera; note that in the most
general case, each group corresponds to a physically
different system. Other than the IOPs and X,Y,Z
coordinates already mentioned, the unknowns in
this scenario are the EOPs for the multiple reference
cameras and the CMPs for the remaining cameras in
each system with respect to their corresponding
reference camera; note that the observations coming
from a particular camera affect the EOPs of only its
corresponding reference camera.

(iv) Calibration of multiple cameras without any ROCs
within the same adjustment—if multiple cameras
need to be calibrated, but they are not employed
within a stable system, each camera is selected as a
reference camera; this scenario reduces to a regular
multiple camera calibration, and it is basically a
special case of the previous one where each camera
is treated as its own system.

3. Experiment Setup

A multicamera system was employed in a structures labora-
tory for the purposes of this research initiative. This system
is described here, as are both a newly designed calibration test
field and a routine for acquiring calibration data.

3.1. Example System Setup. The photogrammetric system
employed in this research work consisted of eight digital
cameras. The camera bodies used were Canon EOS 1000D/
Rebel XS DSLR with Canon EF-S 18–55mm f/3.5–5.6 zoom
kit lenses. A 22.2mm× 14.8mm complementary metal oxide
semiconductor (CMOS) solid state sensor was present in
each camera body [34]. Image resolution of 10.1 mega pixels
(i.e., 3888 pixels along the image width and 2592 pixels along
the image height) was possible. A square pixel size with a
nominal dimension of 5.71μm was assumed. The pixel size
was computed by dividing the dimensions of the effective

sensor size by the number of pixels in the corresponding
direction. For this research project, the cameras were
mounted on a steel frame via tripod heads with three degrees
of freedom. The tripod heads were necessary to point the
cameras towards the specimen of interest. The cameras were
configured and synchronized so that nonblurred images of
both stationary/static and kinematic/dynamic objects could
be taken. After the cameras were focused on the specimen
surface, the focus and zoom rings of the lenses were locked
with electrical tape, and the auto-focus, the vibration reduc-
tion, and the sensor cleaning functions of the cameras were
disabled in order to minimize any potential camera instabil-
ity as much as possible.

The camera system was suspended from an overhang-
ing metal frame (see Figure 2). This configuration was
chosen so that the system can observe the top surface of
a concrete beam while it was being deformed by a hydrau-
lic actuator. The array of cameras was set up in such a
way that the optical axes of the cameras were converging
as much as possible at the object of interest. The conver-
gence angle between consecutive cameras varied from 0°

to 20° and was approximately 70° between the first and
last cameras (see Figure 3). This convergent network
geometry allows for near-isotropic coordinate precision to
be achieved. The nominal principal distance of the cam-
eras varied between 22mm and 28mm. Principal distances
on the lower end were used for the central cameras, while
ones on the higher end were set for the end cameras.

3.2. Portable Calibration Test Field and Routine for In Situ
System Calibration. Before the commencement of any actual
experiments, in situ calibration data had to be collected by
the system. The time allocated for the collection of the cali-
bration data was approximately 15 to 30 minutes. The in situ
calibration data collection involved translating and rotating a
portable test field above the object(s)/surface(s) of interest.
The test field used in this research was a 2D reinforced
plywood sheet with a four by three grid of coded targets
and an eleven by eight grid of checkerboard targets (see
Figure 4(a)). While a 3D test field would have been pre-
ferred, the use of a 2D test field was more practical given
the laboratory conditions and the object of interest at
hand. The coded targets were only used for automating
the target labelling and solving the image-point corre-
spondence problem. The target coding system and the soft-
ware used to automatically identify the codes were created
in-house. The image point measurements for the checker-
board targets were first made with the Harris corner detector.
Then, a subpixel optimization algorithm in OpenCV [35]
was used to further refine them. The centre of the test
field was the origin of the local coordinate system. If the
test field was placed in front of the system, the orientation
of the X-, Y-, and Z-axes was chosen so that the Z-axis
would point in the general direction of the z-axis of the
reference camera (see Figure 4(b)). Additionally, a piece
of the test field was cut out by design. This allowed for
the test field to fit around the piston of the hydraulic
actuator at the cost of losing only three checkerboard
targets (see Figure 5).
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(a) (b)

Figure 2: Suspended setup showing the hydraulic actuator, the concrete beam specimen (a), and a close-up of the camera system (b); note
that the circular targets on the floor and the circular checkerboard targets on the actuator frame were placed for another project and are
not relevant for this research.
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Figure 3: Camera configuration for the suspended system setup; the camera stations are shown as black circles, and the convention used for
the camera axes is as follows: x-axis (red) is along the object of interest, y-axis (not shown) is across the object of interest, and z-axis (blue) is
away from the object of interest.

(a) (b)

Figure 4: The portable calibration test field showing the origin and the orientation of the local coordinate system (a) and the coordinate
system used for a particular camera (b).
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Series of images of the test field were taken simulta-
neously from as many cameras as possible. Given the test
field employed was in 2D, care was taken to partially mitigate
any projective compensation or high correlations between
the interior and exterior orientation parameters, namely,
convergent network geometry, and rolls of the test field were
implemented. In each observation epoch, the position and
orientation of the test field with respect to the reference cam-
era were altered. For example, with κ ≅ 0° or 180° (i.e., in
“landscape” mode), the test field was translated under each
camera with ω and φ being nominally 0°. Four more transla-
tion rounds were repeated where the test field was rotated
around the X- and Y-axes in such a way that the range in ω
and φwas between 30° and 65°. The test field was then rotated
with κ ≅ +90° or −90° (i.e., in “portrait”mode), and five more
similar translation rounds were performed.

In order to evenly fill out the entire usable image format
of each camera with targets, the described translations and
rotations of the test field were performed under each camera.
This target distribution was required so that the lens distor-
tion coefficients for each camera could be estimated reliably.
Figure 6 shows two examples of all the image coordinate
measurements acquired within the format of a particular
camera superimposed on a photograph taken by that camera.

4. Experimental Results

The experimental results related to the proposed multica-
mera multisystem calibration methodology are presented
next. The tests for estimating the IOPs, the CMPs, or the
IOPs and CMPs simultaneously are as follows:

(i) Estimation of IOPs in an individual camera calibra-
tion versus calibration of multiple cameras simulta-
neously with no ROCs versus calibration of
multiple cameras as a system with built-in ROCs

(ii) Estimation of CMPs in a two-step calibration versus
a one-step calibration with or without prior knowl-
edge of the IOPs

(iii) Estimation of all system calibration parameters (i.e.,
IOPs and CMPs) simultaneously for individual mul-
ticamera systems versus for multiple multicamera
systems within the same adjustment

Comparison of the various calibration parameter out-
comes is also performed using a previously developed system
stability analysis tool [26].

Note that for all the bundle adjustments run in the exper-
imental results, the coordinate frame was always the same.
The datum was defined by fixing six coordinates and by
including observations for the six spatial distances between
the four outermost targets on the test field. Thus, the datum
definition was minimally constrained (with redundancy for
the scale). Also note that except for the six fixed coordinates,
all coordinates for the targets on the board were used as
unknowns in the adjustments. Also, note that while not all
targets were observed in each acquired image, all targets were
used in all solutions.

4.1. IOP Estimation Test. After an in situ system calibration
data set was acquired using the portable test field, the data
were processed in three different ways in order to assess the
estimation quality of the IOPs.

(i) A separate bundle adjustment was run for each cam-
era in order to calibrate each camera individually.

(ii) A single bundle adjustment without using any ROCs
was run with all cameras in order to calibrate all the
cameras simultaneously.

(iii) A single bundle adjustment with a reference camera
and built-in ROCs was run in order to calibrate the
cameras as a system.

The results from the IOP estimation test are summarized
in Table 2. A “per camera normalization” was applied to
some of the adjustment quantities in the multiple camera cal-
ibration and system calibration columns, that is, the quantity
in question was divided by the number of cameras for a more
objective comparison. Note that even though some variation
in the quality of the image coordinate measurements was
present in the different adjustments, a thorough investigation
as to whether it is necessary to perform any reweighting of
the measurements has not yet been conducted. While the
three types of adjustments had similar overall image coordi-
nate measurement precision, RMSExy, the range for the IOP
standard deviation values, σ, improved for the multiple cam-
era calibration and for the system calibration. The extra
intersecting light rays, coming from the increased number
of image point observations for the same object space targets,
increased the redundancy and strengthened the adjustment
geometrically [36]. Figure 7 shows a comparison between
the network geometry for a single camera calibration versus
all cameras involved in the system. Additionally, the decrease
in the number of unknowns for the system calibration further
improved the redundancy compared to the multiple camera
calibration. It can be thus concluded that in terms of the
IOP estimation, the proposed system calibration yielded the
strongest solution.

The same additional parameter (AP) model was used in
all three types of bundle adjustments for the conducted IOP
test. It was decided that the k1, k2, p1, and p2 coefficients were
sufficient to adequately model the systematic error present in

Figure 5: Sample placement of the portable test field around the
piston of the hydraulic actuator.
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the image coordinate observations for the cameras involved
in the system. Without these APs, the size of some of the
residuals was several times the size of a pixel, which was
deemed unacceptably large.

4.2. CMP Estimation Tests. The quality of the CMP estima-
tion was also tested with the in situ system calibration data
set. Four system calibration scenarios were tested.

(1) A traditional-style bundle adjustment where the
IOPs for all the cameras were taken from the individ-
ual camera calibrations in the previous subsection
and were kept as fixed constants

(2) A self-calibrating traditional-style bundle adjustment

(3) The proposed bundle adjustment with a reference
camera and built-in ROCs where the IOPs for all
cameras were again taken from the individual camera
calibrations in the previous subsection and were kept
as fixed constants

(4) The proposed bundle adjustment with a reference
camera and built-in ROCs in self-calibrating mode

Note that these four system calibration scenarios corre-
spond to the types of system calibrations described in Section
2.3 and listed in Table 1. The results from the CMP estima-
tion test are summarized in Table 3. As previously explained,
the former two approaches require two steps for the CMP
estimation. For this system, there were many observation
epochs where the reference camera did not observe the test
field, and the majority of the cameras did not have any over-
lap with the reference camera in any of the observation
epochs; in fact, the test field was only seen by two to four
cameras at a time. Thus, none of the CMPs can be derived
for all observation epochs, and the CMPs of some cameras
can only be derived through a daisy chain with one or more
intermediate cameras. It is suggested that some sort of
weighted averaging or an additional higher level adjustment
must be performed in order to avoid an arbitrary solution,
that is, to achieve a proper CMP estimation. Such solution
was however not implemented for this paper.

The latter two approaches, as previously explained, were
able to solve for the CMPs in one step. It should be empha-
sized that while the method where precalibrated cameras
were used seemed to have better CMP standard deviation
values, σ, especially for the rotational CMPs; the method with

Table 2: Results for the IOP estimation test of the cameras belonging to the system.

Adjustment quantities/types of camera calibration Individual camera calibration Multiple camera calibration System calibration

RMSExy [μm] 0.78–1.05 0.90 1.03

Number of images 17-18 139 139

Norm’d number of images 17-18 17.4 17.4

Number of image points 783–1086 7649 7649

Norm’d number of image points 783–1086 956.1 956.1

Average number of points/images 45.7–63.9 55.0 55.0

Number of epochs 17-18 41 41

Average number of images/epochs 1 3.4 3.4

cck , xp, yp, σ range [μm] 2–8 2–5 2–4

Number of unknowns 364–370 1145 599

Norm’d number of unknowns 364–370 143.1 74.9

Redundancy 1196–1808 14,153 14,699

Norm’d redundancy 1196–1808 1769.1 1837.4

(a) (b)

Figure 6: Examples of an entire image format (a) and of a usable portion of an image format (b) for different cameras being filled with targets.
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self-calibration is still the preferred one. This is because the
system consists of eight cameras, and it is not practical
to run nine different adjustments in order to solve for all
the IOPs and CMPs. Also, if the cameras were truly preca-
librated (i.e., they were calibrated in a different location
prior to being installed in the structures laboratory), there
would be no guarantee that the previously estimated IOPs
would still be valid.

In addition to analyzing the standard deviations of the
estimated CMPs, the two one-step system calibration
approaches can also be compared using a method for system
stability analysis referred to as “object space parallax in image
space units” [26]. While the issue here is not a matter of
actual (in)stability, this system stability analysis tool can be
used to check the compatibility between the two different
system calibration approaches. This method quantifies/pro-
vides a numerical measure of the differences between two sets
of calibration parameters based on a number of image and
object space simulations. The results are shown in Table 4.
Note that Habib et al. [26] output an image space RMSE only,

while here an object space RMSE is also shown. The object
space RMSE is computed by scaling the image space RMSE
by the ratio of the object-to-camera depth over the average
value of the principal distance. Since the object-to-camera
depth could vary, reasonable “near field” and “far field”

Table 3: Results for the CMP estimation test.

Adjustment quantities/types of system calibration (1) Pre + trad (2) Trad + self (3) Pre + prop (4) Prop + self

RMSExy [μm] 0.99 0.90 1.20 1.03

Number of images 139 139 139 139

Number of image points 7661 7649 7661 7649

Average number of points/images 55.1 55.0 55.1 55.0

Number of epochs 41 41 41 41

Average number of images/epochs 3.4 3.4 3.4 3.4

Positional CMP σ range [mm] N/A N/A 0.02–0.4 0.04–0.3

Rotational CMP σ range [″] N/A N/A 2–12 4–40

Number of unknowns 1089 1145 543 599

Redundancy 14,233 14,153 14,779 14,699

pre: precalibration of individual cameras; trad: traditional-style bundle adjustment; prop: proposed bundle adjustment with built-in ROCs; self: self-
calibration mode.
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Figure 7: Example network geometry for the calibration of a single camera (a) versus the simultaneous calibration of all cameras
involved in the system (b). The camera stations are shown as black circles, the camera x-axis is in red, its y-axis is in green, and its z-axis
is in blue. The checkerboard targets on the portable test field are shown as black crosses, and the magenta lines indicate distance
measurements used for scale definition.

Table 4: Check for the image and object space compatibility
between the two system calibration approaches (i.e., calibration
scenarios three and four).

Camera pairs/total
RMSEs

Image space RMSE
[px]

Object space RMSE
[mm]

Cams 1 & 2 1.00 0.37–0.44

Cams 2 & 3 0.49 0.20–0.24

Cams 3 & 4 0.36 0.19–0.23

Cams 4 & 5 0.47 0.25–0.30

Cams 5 & 6 0.26 0.11–0.13

Cams 6 & 7 0.36 0.15–0.17

Cams 7 & 8 0.63 0.23–0.28
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values are picked and a range of object space RMSEs is
reported. The total image space RMSE value for any
camera pair was one pixel or less, while the total object
space RMSE value ranged from 0.11mm to 0.44mm
depending on the camera pair and the camera to object
distance. Since the 3D reconstruction for the beam in this
research initiative was based on pixel level image match-
ing, and the sought after object space precision was
0.5mm, the compatibility between the two types of system
calibration solutions was considered satisfactory.

4.3. Individual versus Multisystem Calibration Tests.
Additional system calibration data sets were acquired during
a multiday beam deflection experiment. Each calibration data
set was collected before any actual deflection observations
were made on that particular day. Three calibration data sets
referred to as Day 1, Day 2, and Day 3 were processed in two
different ways which are as follows:

(i) As three individual multicamera system calibrations
where each calibration data set was treated as a
separate system

(ii) As a multicamera multisystem calibration where the
three calibration data sets were combined in a single
adjustment, but the data sets from the different days
were treated as separate systems

The results from the individual system calibrations can
be seen under the Day 1, Day 2, and Day 3 columns of
Table 5. The proposed multicamera system calibration was
applied, where the IOPs and CMPs for all the cameras in
the system were estimated simultaneously. Since the network
geometry of the different data sets was kept consistent, the
standard deviations for the estimated parameters had similar
ranges. The only noticeable differences in the adjustment
quantities were in the total number of image points. This

was due to the slight difference in the number of observation
epochs and thus the number of images.

The result from the multisystem calibration can be seen
under the Days 1+ 2+3 column of Table 5. Note that a
“per system normalization” was applied to some of the
adjustment quantities in the last column of the table, that
is, some of the quantities were divided by the number of sys-
tems in order to make the comparisons more objective. It
should also be noted that the object space coordinates of
the portable test field were what tied the three systems in this
adjustment. Thus, the assumption for this type of solution
was that the test field did not deform during the multiday
experiment. In the individual versus multicamera calibration
test in Section 4.1, there was an improvement in both the net-
work geometry and the redundancy of the bundle adjust-
ment. Since the network geometry between the different
systems was similar, in this individual versus multisystem
calibration test, the improvement was only in the redun-
dancy. Due to the greater redundancy, it would be expected
that the precision values for the IOP and CMP ranges would
improve for the Days 1+2+ 3 calibration compared to the
calibrations for the individual days. According to Table 5,
however, this was not the case. A speculation as to why this
was would be that the test field did experience some level of
deformation during the multiday experiment. Nevertheless,
the multisystem calibration is still a practical option as mul-
tiple data sets can be run in the same adjustment (i.e., three
versus one runs in this case). Also, since all the data sets share
the same object space, potentially more realistic system sta-
bility analysis can be performed.

In addition to analyzing the adjustment quantities
from the two system calibration approaches, the results from
the individual versus multisystem calibrations can be com-
pared again via a system stability analysis method. More
specifically, the Day 1 individual versus Day 1 multisystem,
Day 2 individual versus Day 2 multisystem, and Day 3

Table 5: Results for the individual versus multisystem calibration test.

Adjustment quantities/system calibrations Day 1 Day 2 Day 3 Days 1 + 2 + 3

RMSExy [μm] 1.33 1.27 1.27 1.43

Number of images 220 229 217 666

Norm’d number of images 220 229 217 222

Number of image points 12,653 13,188 12,526 38,330

Norm’d number of image points 12,653 13,188 12,526 12,776.7

Average number of points/image 57.5 57.6 57.7 57.6

Number of epochs 68 67 66 201

Norm’d number of epochs 68 67 66 67.0

Norm’d number of images/epochs 3.2 3.4 3.3 3.3

cck , xp, yp, σ range [μm] 1.4–3.8 1.3–3.4 1.3–3.5 1.4–3.9

Positional CMP σ range [mm] 0.04–0.44 0.04–0.41 0.04–0.41 0.04–0.47

Rotational CMP σ range [″] 3.6–40.6 3.4–37.5 3.5–37.7 3.6–42.0

Number of unknowns 755 749 743 1749

Norm’d number of unknowns 755 749 743 583

Redundancy 24,551 25,627 24,309 74,911

Norm’d redundancy 24,551 25,627 24,309 24,970.3
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individual versus Day 3 multisystem comparisons are listed
in Table 6. The total image space RMSE value for any camera
pair was under one pixel, while the total object space RMSE
ranged from 0.05mm to 0.44mm. Again, the compatibility
between the two types of system calibration solutions was
considered acceptable for the work in this research initiative.

5. Conclusions

A mathematical model for a more straightforward-to-
implement multicamera system calibration was described in
this paper. The model was based on the use of a single or
multiple reference camera(s) and built-in relative orientation
constraints where the IOPs and the CMPs for all the cameras
were explicitly estimated simultaneously in a single step. The
complexity of the system calibration model is not affected by
the number of cameras in the system or the number of obser-
vation epochs. The implemented adjustment for this model
was able to handle an individual camera calibration, a
calibration of multiple nonconstrained cameras, an individ-
ual multicamera system calibration, and a multicamera
multisystem calibration. Moreover, an in situ multicamera
system calibration routine was carried out, where a newly
designed portable calibration test field was used. A notable
feature of the test field was that it had a piece cut out of it
in order for it to fit around otherwise obstructing objects.
This routine fulfilled the requirements for a successful
calibration, that is, it ensured that a suitable network geome-
try is present and that the usable image format for all cameras
involved in the system had an even distribution of targets. It
also proved that the multicamera system or multicamera
multisystem calibration yielded the most practical and the
strongest adjustment solutions due to the increased number
of observations, the reduced number of unknowns, and the
improved network geometry.

While the precision achieved by the system was con-
sidered sufficient for the 3D reconstruction in this research
work, there are a few aspects of the calibration that can
be improved.

(i) Explore different AP models in order to further
optimize the precision of the results.

(ii) Investigate if the image coordinate measurement
precision differs between cameras or images.

(iii) Experiment with modifying the test field in order
to turn it from a 2D one to a 3D one so as to reduce
the level of projective compensation or high correla-
tions between and within the interior and exterior
orientation parameters and also to make it less prone
to any deformations.

(iv) Perform RMSE analysis for the 3D object space
coordinates of the target points or distances between
them; the ground truth values should be provided by
a coordinate measuring machine or laser interfer-
ometry, that is, techniques which can achieve accu-
racy at the micron level.

(v) Test if the calibration procedure can be run on a
divergent multicamera system; this is important as
some multicamera systems are being set up with
divergent geometry due to preferences of coverage
over network strength.
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Bluetooth Low Energy (BLE) 4.0 beacons will play a major role in the deployment of energy-efficient indoor localization
mechanisms. Since BLE4.0 is highly sensitive to fast fading impairments, numerous ongoing studies are currently exploring the
use of supervised learning algorithm as an alternative approach to exploit the information provided by the indoor radio maps.
Despite the large number of results reported in the literature, there are still many open issues on the performance evaluation of
such approach. In this paper, we start by identifying, in a simple setup, the main system parameters to be taken into account on
the design of BLE4.0 beacons-based indoor localization mechanisms. In order to shed some light on the evaluation process using
supervised learning algorithm, we carry out an in-depth experimental evaluation in terms of the mean localization error, local
prediction accuracy, and global prediction accuracy. Based on our results, we argue that, in order to fully assess the capabilities of
supervised learning algorithms, it is necessary to include all the three metrics.

1. Introduction

A large number of proposals have been reported in the
literature aiming to develop accurate indoor localization
mechanisms. Most recent studies are being developed using
the Received Signal Strength Indication (RSSI) of various
reference wireless transmitters as a mean of estimating the
position of a smartphone device. Among the technologies
being considered, Wi-Fi networks have attracted the atten-
tion of many researchers and practitioners over the last years.
Many experimental studies have been conducted to construct
radio maps and models enabling the estimation of the
distance between a reference transmitter and a smartphone
device. Due to the characteristics of the wireless signal, the
use of Kalman filters [1, 2], among others, have been required
to remove the noise. Novel Bluetooth Low Energy (BLE)
devices have become a strong alternative to Wi-Fi-based
indoor location mechanisms. Their lower cost, low energy
consumption, and size of the Bluetooth devices are among the

most important design features involving battery-operated
smartphone devices, mainly smartphones and tablets.

Several studies have been conducted aiming to develop
RSSI-based localization systems [3, 4] or simply computer
vision using Kalman [5] or particle filters [6]. Early studies
limited the use of Bluetooth localization mechanism to
determine the locations of stationary smartphone devices at
a room level [7]. Moreover, recent studies have shown that
BLE4.0 signals are very susceptible to fast fading impairments
making it difficult to apply the RSSI/distance models com-
monly used in the development of Wi-Fi-based localization
mechanisms [8, 9]. In [10] the authors explore various
methods used in smartphone-based indoor localization with
different techniques and technologies, analyzing in-depth
map, trilateration, and fingerprint techniques.

Other recent studies reported in the literature have
explored alternative methods. In [11], Pei et al. have proposed
a hybrid method combining fingerprinting with trilateration.
In [12], the same authors have explored the impact of the
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presence of people over the wireless signal used on the
development of the localization mechanism. In [13], Guo
et al. have analyzed the RSSI in different indoor environ-
ments, improving the accuracy and mean positioning error
for smartphones with BLE4.0 beacons. The authors of [14]
evaluate the mean localization error under various scenarios.
In [15], the authors distribute efficiently the BLE4.0 beacons
and make use of the information provided by additional
sensors attached to the smartphone devices. Finally, Pagano
et al. have proposed a system based on the ranging time of
arrival, between anchor nodes and BLE4.0 beacon node [16].

In this work, in order to properly justify our proposal,
we first study the signal propagation of the BLE4.0 beacon.
From this first analysis, we justify the use of supervised
learning algorithm as a feasible methodology to characterize
the BLE4.0 beacon signal propagation to be used as a basis
to develop indoor localizationmechanisms. Later, we analyze
the main configurable parameters based on BLE4.0 beacons
and algorithms.The results obtained in a real-world scenario
validate the proposal.

Figure 1 shows the overall schema proposal in this work.
The rest of the paper is organized as follows. Section 2

reviews the related work and describes the main contri-
bution of our work. Section 3 analyzes the BLE4.0 signal
propagation and justifies the use of classification algorithms
on developing BLE4.0 beacons-based indoor localization
mechanisms. Section 4 shows an in-depth RSSI attenua-
tion study analyzing the impact of physical materials in
our laboratory and noise introduced by other peripheral
devices. Subsequently, Section 5 describes the experimental
tools including the challenges to be faced when develop-
ing a BLE4.0 fingerprint-based localization mechanism. We
also include a brief description of the two classification
algorithms used on our proposal, experimental setups and
survey campaign characteristics. Based on these preliminary
results, Sections 6.1 and 6.2 present the results obtained in
two different scenarios using BLE4.0 beacons as transmit-
ter and smartphone as receiver. Moreover, we analyze the
performance of the two algorithms in terms of three main
metrics: (i) global accuracy; (ii) mean positioning error;
and (iii) local accuracy. Section 7 briefs the results obtained
in the two previous experimental areas and highlights the

main findings and lessons learned in two main areas: (i)
the system configuration of a BLE4.0 beacons-based indoor
localization setup and (ii) the performance evaluation of
supervised learning algorithms on the development of indoor
localization mechanisms. Finally, we conclude the paper in
Section 8 exhibiting the final conclusions and our future work
plan.

2. Related Work

Wireless indoor localization is a hot topic of research nowa-
days. Depending on the wireless sensor network technology,
the use of a technique/algorithm may be more suitable
or feasible with respect to others. In this section, we first
overview the major trends and results. We then overview
the various approaches being explored when using BLE4.0
beacons.

2.1. Standard Wireless Positioning. Nowadays, the main three
technologies being explored to develop indoor localization
mechanisms are ZigBee [17, 18], Wi-Fi, and Bluetooth. Main
localization techniques for indoor localization are based on
trilateration or indoor channel propagation models [9] or
by means of classification algorithms [19, 20]. Main metrics
used in indoor localization are global accuracy and mean
positioning error [19, 21].

In [22], the authors compare the performance of Wi-
Fi and BLE4.0 beacons and conclude that BLE4.0 beacons
outperformWi-Fi by 27% in terms ofmean positioning error.
In [19], the authors show that the positioning error of Wi-Fi
is around 5–10m and 1-2m using BLE4.0, that is, an overall
50% improvement. Nevertheless, in [23] good results are
presented for Wi-Fi fingerprint, obtaining an average error
of 2.5 meters. In [6], the authors make use of RANSAC with
the aim of improving the quality of the information to be
used to feed a particle filter. Their main goal has been to
enhance the mean positioning error and accuracy of Wi-Fi-
based indoor localization mechanisms. In [24], the authors
have shown that the use of particles filters or Kalman filter
algorithms may not always be a good choice for BLE4.0
beacon, where the use of different classification algorithms
seems to provide better results. From the above, it is clear
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that the development of accurate and robust wireless indoor
localization mechanisms is still a long way to go. Besides
the technological development, mainly radio systems and
antennas, the use of filtering and/or classification algorithms
is still one of the main research topics [25].

2.2. BLE4.0-Based Localization Mechanisms. Nowadays, it
is widely recognized that multipath fading is one of the
main challenges faced on the development of robust and
accurate BLE4.0-based indoor localization mechanisms [12].
In order to overcome this challenge, the research community
is actively exploring on defining the best system configu-
ration, for example, density of BLE4.0 beacons and relative
placement [26], and on identifying the most suitable data
processing methodologies, that is, filtering and classification
algorithms.

Some works have explored the use of regression model,
separate channel fingerprints supplemented by Extended
Kalman filters (EKF) [27] or particle filters [28]. In the later
work, the mean positioning error of less than 4m has been
reported. Both works have shown that the physical area plays
a major role on the results, not only the materials but also the
dimensions.

In order to reduce the mean positioning error, different
classification algorithms have been studied as new localiza-
tion techniques based on fingerprinting. However, one of the
main challenges is to properly tune the various parameters
of the classification algorithms, since they play a major
role in the achievable accuracy and mean positioning error
[29, 30]. In [29], the authors have compared three different
classification algorithms, Neural Networks, SVM, and 𝑘-NN.

Their results have shown that 𝑘-NN reports the best mean
positioning error, approximately 4m. In [30] better results
are presented by using a combination of BLE4.0 beacon and
Wi-Fi technologies and the same classification algorithms.
A more in-depth analysis on the parameters of different
classification algorithms is presented in [31], where the best
results have been obtained using a weighted distance (WD)
for 𝑘-NN. In [32], Peng et al. have obtained similar results
using 𝑘-NN, testing different values for “𝑘.”

In summary, all the abovementioned works present
localization results studying different parameters, ranging
from the dimensions of the area under study to the hyper-
parameters of the classification algorithms. In this paper,
we discuss in depth the impact of two sets of parameters:
(i) system configuration: the deployment and setting of the
BLE4.0 beacons, namely, density and transmission power,
and (ii) algorithms: the parameters governing the different
classification algorithms. In this context, Figure 2 shows the
overall system and algorithmic parameters studied in this
paper.

3. BLE4.0 Signal Characterization

Recent studies have shown that BLE4.0 beacon signals are
highly sensitive to interference and fast fading. Similar to
Wi-Fi, BLE4.0 operates in the 2.4GHz band divided into 40
channels, each 2MHz wide. In order to avoid interference
between BLE4.0 and Wi-Fi devices, BLE4.0 mainly uses
channels 37 (2402MHz), 38 (2426MHz), and 39 (2480MHz)
[21]. BLE4.0 devices transmit on these channels cyclically, and
they only make use of other channels when paired with other
devices.
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Figure 3: RSSI-distance correlation for three different transmission power (Tx) levels.

As for the multipath effect, it requires the development
of tools and methodologies enabling the setup planning
of robust and accurate BLE4.0-based indoor localization
systems. In this section, we experimentally study the channel
propagation of BLE4.0 signal. Our main goal is setting
a baseline experimental prototype allowing us to identify
the key system parameters. We then motivate the use of
supervised learning algorithms as a viable methodology to
enhance the accuracy and robustness of BLE4.0-based indoor
localization mechanisms.

3.1. Radiopropagation Model. A large number of recent
efforts on developing RSSI-based localization mechanisms
have made use of a RSSI-distance mapping function [9]
depicted in the following equation:

RSSI = 𝑈𝐿 − 10 ⋅ 𝑛 ⋅ log( 𝑑𝑑0) , (1)

where 𝑈𝐿 denotes the RSSI in dB at 𝑑0 distance (typically
1 meter), 𝑛 is the path loss coefficient factor, and 𝑑 is the
distance inmeters between twowireless devices: a transmitter
and a receiver.

All the parameters in (1) can be experimentally measured
except 𝑛, which needs to be estimated. Classical approaches

determine the 𝑛 value that minimizes the estimation error in
a set of ground truth preliminary measurements [24]. This is
usually done using the lowest squared error as metric.

3.2. BLE4.0 Beacon RSSI Distance Modelling. In order to
verify the suitability of applying this approach using BLE4.0
beacons, we conducted a preliminary experimental test. We
initially placed the smartphone device at 1m from the BLE4.0
beacon and, progressively, moved it away from the BLE4.0
beacon in steps of 1m up to the maximum distance of
15m. At each location, we sampled the RSSI level for a
period of one minute. We made use of an Android 5.1
smartphone, from now on referred to as the receiver. We
conducted three sets of independent measurements by vary-
ing the transmission power (Tx) level of the BLE4.0 beacon,
namely 0x01, 0x02, 0x03, 0x04, 0x05, 0x06, and 0x07, which,
respectively, correspond to 4 dBm, 0 dBm, −4 dBm, −8 dBm,
−12 dBm, −16 dBm, and −20 dBm [33]. All measurements
were conducted under Line-of-Sight (LoS) conditions.

Figures 3(a), 3(b), and 3(c) show the results for Tx = 0x01,
Tx = 0x04, and Tx = 0x07 transmission power levels,
respectively. As seen in the figures, the RSSI decreases as a
function the distance between the BLE4.0 beacons and the
target receiver. We also include in the figures the results of
adjusting the samples to the model given by (1).
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Table 1: Mean squared error and standard deviation obtained for a
distance of up to 15m for all transmission power (Tx) levels.

Tx Mean squared error (m) Standard deviation (m)
0x01 7.81 0.68
0x02 5.99 0.60
0x03 6.66 0.70
0x04 4.31 0.40
0x05 5.75 0.59
0x06 5.55 0.57
0x07 1.53 0.13

Table 2: Mean squared error and standard deviation obtained for a
distance of up to 8m for all transmission power (Tx) levels.

Tx Mean squared error (m) Standard deviation (m)
0x01 6.71 0.58
0x02 5.25 0.52
0x03 6.01 0.65
0x04 2.49 0.23
0x05 4.10 0.40
0x06 3.49 0.39
0x07 1.44 0.14

Table 1 provides the mean squared error and standard
deviation for all Tx tested. The results show the infeasibility
in looking for a direct relation using the aforementioned
RSSI-distance model in combination with a triangulation
technique: a given RSSI value may correspond to different
distance estimates [6]. Nevertheless, the results obtained
establish the basis to explore alternative solutions, as well
as the guidelines on setting the BLE4.0 beacons. In fact, a
closer look to the results depicted in Figure 3(c) show that the
RSSI-distancemodelmay hold up to an approximate distance
between 7 and 8 meters. In all cases, we notice that the RSSI
drops substantially between one and three meters, but it then
exhibits smaller variations in the range between three and
six meters. In the case when the transmission power is set
to Tx = 0x04 and Tx = 0x07, we notice a higher decrease
on the RSSI in the 6 to 8m interval than in the case when
Tx = 0x01. Beyond the distance of 8m, the RSSI levels show
severe discrepancy with the RSSI/distance model.

Table 2 provides the mean squared error and standard
deviation for all transmission power levels for a maximum
distance of 8m. According to these results, it is clear that
the use of the lowest transmission power, Tx = 0x07,
offers the best solution. This is an important result, since
one of our main aims is to limit the power consumption
as a means to span the lifetime of the BLE4.0 beacons. The
results also show that limiting the size of the experimental
area will play an important role in the localization process.
For instance, in the case of Tx = 0x07, a mean RSSI value of
−96 dBm may correspond to a distance of 8m when limiting
the maximum distance to 8m, while −95 dBm, a higher
RSSI, may correspond to 11m or 12m when we consider a
maximum distance of 15m.These results provide the basis on
determining the initial deployment and power setting of the

BLE4.0 beacons. In fact, this analysis provides us the basis to
configure the setup to obtain the data required to guide the
supervised learning algorithms.

4. Bluetooth Signal Attenuation

In this section we analyze in depth the RSSI fingerprint
throughout the experimental area and its behaviour at differ-
ent times of the day. Our main aim is to get an insight on the
factors that may drastically affect the localization process [23,
30]. For this experiment we choose a medium transmission
power level, that is, Tx = 0x04. We defined an experimental
area fragmented into 15 zones, of 1m2 each, separated by a
guard zone of 0.5m2 to better differentiate the RSSI of joint
sectors (see Figure 4 for details). The experimental setup
consists of a total area of 9.6m by 6.3m, where the minimal
distance between a BLE4.0 beacon and the receiver will be
1.5m.

In Figure 5, four different views of the physical area
represented in Figure 4 (our laboratory) are shown, which
are the perspective images taken from four different BLE4.0
beacons positions. As seen in the picture, BLE4.0 beacons
“Be10” and “Be11” have been placed by the window side while
BLE4.0 beacons “Be07,” “Be08,” and “Be09” have been placed
by the drywall side.

4.1. RSSI Fingerprint. During our first survey, we monitored
the RSSI of each BLE4.0 beacon at each one of the fifteen
sectors of our experimental area.

Figures 6(a)–6(e) depict the RSSI average values of each
of the five BLE4.0 beacons over the experimental area. Note
that the RSSI reported by the BLE4.0 beacons placed close to
the windows, namely, BLE4.0 beacons “Be10” and “Be11,” are
characterized by a lower signal strength; see Figures 6(d) and
6(e). In the case of BLE4.0 beacon “Be11,” the signal vanishes
quickly starting at neighbouring sectors.

Hence, from these figures we can extract the following
conclusions:

(i) We can easily identify the location of each BLE4.0
beacon from the RSSI fingerprint.

(ii) The RSSI level of the beacons placed by the drywall
side is higher than the one reported by the beacons
located by the window side.

These results show the need to evaluate the attenuation of
the BLE4.0 beacons under different conditions.

4.2. Intraday RSSI Surveys. In order to illustrate the chal-
lenges faced on developing RSSI-based indoor localization
mechanisms, we carried out three survey campaigns. Similar
to our previous survey campaign, we monitored the RSSI
levels of the various BLE4.0 beacons throughout the experi-
mental area.The campaignswere carried out at three different
times throughout a day: morning, midday, and afternoon.
We will refer to the sample traces as Take 1, Take 2, and
Take 3, respectively. In the following, we will discuss our
main findings on the analysis of the data obtained for BLE4.0
beacon “Be09.” Our choice has been based on the fact that
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Figure 4: Experimental area for Bluetooth signal attenuation experiments.

(a) From BLE4.0 beacon “Be07” (b) From BLE4.0 beacon “Be08”

(c) From BLE4.0 beacon “Be10” (d) From BLE4.0 beacon “Be11”

Figure 5: Pictures, each one of each of the four corners of the laboratory.

BLE4.0 beacon “Be09” was placed at the midpoint of the
drywall side. This should allow us to compare the RSSI levels
at the two opposite sides of the experimental area over the
same distance.

Figure 7 shows the RSSI traces for Sectors 1, 3, 9, and 15.
Recall that BLE4.0 beacon “Be09” is located at the right side of
Sector 7.We have also included themean RSSI corresponding

to each one of the traces. Table 3 summarizes the main
statistics of all three traces. From the analysis of the traces,
we can make the following observations:

(i) The RSSI varies substantially throughout the time.
The values reported for Sector 13, located close to the
corridor, exhibit the major differences between the
highest and lowest RSSI value; see Table 3.This clearly
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Table 3: Statistics for three different RSSI values (dBm) traces of BLE4.0 beacon “Be09” using Tx = 0x07.
Sector Take 1 Take 2 Take 3

Mean/variance Min/Max Mean/variance Min/Max Mean/variance Min/Max
1 −84.1/6.9 −106.0/−72.0 −84.5/7.1 −109.0/−72.0 −82.9/6.4 −105.0/−73.0
3 −90.7/6.9 −108.0/−76.0 −90.9/5.6 −108.0/−80.0 −88.6/6.8 −105.0/−74.0
7 −83.0/11.9 −110.0/−66.0 −85.0/9.2 −105.0/−67.0 −82.7/8.7 −107.0/−69.0
9 −86.8/7.3 −105.0/−73.0 −88.5/7.4 −110.0/−75.0 −82.0/9.4 −109.0/−68.0
13 −85.1/9.8 −110.0/−64.0 −88.2/10.1 −106.0/−68.0 −82.1/9.1 −110.0/−68.0
15 −84.0/7.3 −109.0/−70.0 −83.5/7.4 −101.0/−68.0 −80.4/7.4 −105.0/−70.0
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Figure 6: RSSI fingerprint for the BLE4.0 beacons.

shows the need of taking into account the floor plan
when developing an indoor localization mechanism.

(ii) The mean RSSI levels of sectors located at the same
distance from Be09 substantially vary from one to
another. For instance, the RSSI levels of Take 3 of
Sectors 3 and 15 located both at the same distance
from BLE4.0 beacon “Be09” exhibit a difference as

high as 8 dBm. The gap between mean of the three
traces for these two sectors consistently report a high
value.

(iii) The RSSI varies substantially from one survey cam-
paign to another in the sectors located by the win-
dows. We notice that the RSSI level of Sector 1, the
one located at the corner of two drywalls, exhibits a
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Figure 7: RSSI intraday traces for BLE4.0 beacon “Be09.”

more constant value. From these results, we confirm
that counting with the floor plan of the experimental
area is amust to be able to properly analyze the results.

According to the previous analysis and the experimen-
tation carried out in Section 3, we can remark the following
characteristics for the RSSI using BLE4.0 beacons:

(i) Some of the levels of the RSSI for the sectors close
to the window side are more than 10% lower than
the ones reported for the sector located close to the
drywall. This behaviour of the RSSI affects the classi-
fication process since the RSSI varies substantially.

(ii) The RSSI from BLE4.0 beacons is very sensitive
and depending on structural characteristics of the
surrounding walls.

(iii) The levels of the RSSI reported for sector located at
the same distance from the reference BLE4.0 beacon,

“Be09” in our case, may substantially vary from one
sector to another.

Our results show the need of exploring alternative data
processing mechanisms towards the development of a RSSI-
based localization solution. In order to be able to focus on
the characterization of the signal in an indoor environment
taking into account only the floor plan, we have restricted the
access to the lab premises during our experiments.

5. Experimental Apparatus and Algorithms

In this section, we introduce the specifications and technical
details of our experimental setting. Firstly, we describe the
experimental tools developed in our research. Next, the
two classification algorithms used in our experiments are
explained with their configurations and metrics analyzed in
the third and fourth part, respectively. Finally, we described
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the physical layout of the testbed we have used to carry out all
the indoor localization experiments.

5.1. Experimental Tools. From the previous sections analysis,
we argue that the following holds:

(i) Supervised learning algorithms are worth exploring.
We therefore suggest evaluating the use of Support
Vector Machine (SVM) and 𝑘-Nearest Neighbour (𝑘-
NN) algorithms.

(ii) The actual distance between the BLE4.0 beacon
transmitter and the target plays a central role in
the estimated RSSI. We should therefore consider
multiple experimental setups by varying the number
and distance between the reference BLE4.0 beacons
and the target.

(iii) Line-of-Sight seems to be an essential requirement in
order to get a first insight into the Bluetooth capa-
bilities towards the development of indoor location
fingerprints.

(iv) Data preprocessing. Given that our interest is to
evaluate the system configuration, beacons density,
and power, we have decided not to apply any filtering
or outliers detection technique. We therefore use the
raw data collected during our surveys.

(v) The transmission power (Tx) level should also be
carefully considered to ensure the long run of the
BLE4.0 beacons. We use Tx = 0x07 throughout our
first set of experiments and Tx = 0x04 and Tx =
0x07 during the second set of experiments.These two
transmission power levels offer the best characteris-
tics for our study: lower power consumption and an
almost monotonic decrease of the mean RSSI level as
a function of the distance in the 0–8m interval.

5.2. Supervised Learning Algorithms. In this work, we pro-
pose making use of supervised learning algorithms (SLAs)
to estimate the position of the receiver. SLAs consist of two
phases, a training phase, where input data should have been
previously annotated with their corresponding category.This
phase generates a classification model, which is subsequently
used to infer the category of provided test data during
the classification phase. That is to say, when applied to
localization, SLA is used to generate theRSSI fingerprint from
which the location can be obtained.

In this work, we explore the use of two popular SLAs,
namely, the 𝑘-Nearest Neighbour (𝑘-NN) [21, 29–31] and
the Support Vector Machine (SVM) [28, 29] algorithms. A
brief description of these two algorithms is included in the
following:

(i) 𝑘-NN: given a test instance, this algorithm selects
the 𝑘-Nearest Neighbours, based on a predefined
distance metric of the training set. In our case, we use
the Euclidean distance since our predictor variables
(features) share the same type, that is, the RSSI values,
properly fitting the indoor localization problem [34].
Although 𝑘-NN uses the most common neighbour

of the 𝑘 located categories (which is the mode of the
category), some variations are used (e.g., weighted
distance) to avoid removing relevant information.
In this paper, we have set the hyperparameter to
𝑘 with values 1, 3, and 5. We have verified that
further increasing 𝑘 does not improve our results. We
use both mentioned versions of the algorithm: the
weighted distance (WD) and mode (MD).

(ii) SVM: given the training data, a hyperplane is defined
to optimally discriminate between different cate-
gories. If a linear classifier is used, SVM constructs
a line that performs an optimal discrimination. For
the nonlinear classifier, kernel functions are used,
which maximize the margin between categories. In
this paper, we have explored the use of linear classifier
and polynomial kernel with two different grades,
namely, 2 and 3. Finally, we present only the best
results which were obtained with a polynomial kernel
with a quadratic function [34].

5.3. Experimental Setups. From our preliminary experimen-
tal analysis, it is clear that we should keep in mind the
following aspect. If the locations of the BLE4.0 beacons
change, we must carry out a new off-line/on-line sample
collection campaign. The measurement campaigns mainly
consisted of the following three steps.

(i) Off-Line. RSSI measurements collection phase: during this
phase, we use the receiver for collecting a set of RSSI samples
at predetermined locations spread over the experimental field
covered by𝑁 BLE4.0 beacons.

(ii) Data Storage. The data is organized into a𝑁th dimension
vector and labelled with the coordinates of the receiver
position.

(iii) Classification. We evaluate the performance of the two
SLAs using the RSSI measurements as our source data. The
evaluation will be measured in terms of the accuracy of the
estimated location of the target.

5.4. Classification Metrics. Prior to the training phase, RSSI
measurements are obtained by placing the receiver at differ-
ent locations. These captures are then stored in a database
during an off-line phase including the ⟨𝑥, 𝑦⟩ coordinates and
RSSI level for each sample. Afterwards, the RSSI receiver
measures are captured again in an on-line phase. These latter
instances are then compared with the model derived in order
to predict the location of the receiver, that is, generate the
RSSI-based location fingerprint.

We evaluate the localization performance of the two
classification algorithms in terms of the following metrics:

(i) Global accuracy: it is the algorithm’s precision in the
classification phase.Thevalue is calculated in percent-
age (%) between the exact positioning operations and
the total number of positioning operations over the
whole experimental area.
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(ii) Local accuracy: it is the individual algorithm’s pre-
cision in the classification phase for each sector of
the experimental area. The value is calculated in
percentage (%) too.

(iii) Mean positioning error: it is the average error for the
whole experimental area. This error is calculated in
meters (𝑚) taking into account the total dimensions
of each area. From now it is named as “mean error.”

5.5. Survey Campaign Characteristics. Our experiments were
conducted in a lab of our research institute. We placed
four BLE4.0 beacons at each one of the four corners in a
rectangular area, and we considered two experimental areas
with different dimensions. A fifth BLE4.0 beacon was placed
in the middle of one of the longest edges of the room.

For the experimental areas used in this paper, we carried
out a survey campaign as follows:

(i) We fixed the Tx of all BLE4.0 beacons to the same
level.

(ii) We placed the receiver at the center of each one of the
sectors, and we measured the RSSI of each one of the
five BLE4.0 beacons during 𝑥 minutes depending on
the experimental area.

(iii) The survey was carried out through a time period
of five days. The lab occupancy was limited to two
people, the same that were in charge of collecting the
data during the afternoon hours.

Once the initial parameters are established, in the next
sections we proceed to analyze other parameters for indoor
localization in the two different environments taking into
account the physical area represented in Figure 5.

6. Performance Evaluation Results

This section analyzes the results for the classification algo-
rithms in two different areaswith different physical character-
istics. This analysis has been performed taking into account
the three classification metrics: (i) global accuracy; (ii) local
accuracy; and (iii) mean error.

6.1. Experimental Area 1. In this first setup, we explore
the distribution and number of BLE4.0 beacons in the
experimental field. The total size of the experimental field
used for this first experiment is set to an area of 4m× 3m
subdivided into twelve sectors of 1m2, as shown in Figure 8.
Five BLE4.0 beacons, denoted by “Be07,” “Be08,” “Be09,”
“Be10,” and “Be11,” were placed around the area. With the
main goal of identifying blind spots in the experimental field
and the number of required BLE4.0 beacons, we carried out
six independent trials: in the first configuration, we used five
BLE4.0 beaconswhile, in the following five trials, we removed
one BLE4.0 beacon at a time. As already mentioned, by
limiting the maximum distance between the BLE4.0 beacon
and the target to lower than 8m, we avoid huge discrepancies
on the distance-estimation model.

RSSI samples were collected in each of the 12 sectors
during approximately five to six minutes. We evaluate and
store the arithmetic mean of all the collected samples. No
samples were discarded during this phase.

For each trial, the data training set consisted of 231 vectors
and a validation set of 99 vectors, randomly selected for each
experiment. The results show the classification metrics of the
algorithm executed 50 times.

6.1.1. Case 1: 𝑘-NN. Weuse three different values of 𝑘, namely
𝑘 = 1, 𝑘 = 3, and 𝑘 = 5. This should allow us to identify the
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Table 4: 𝑘-NN, global accuracy (%) for different BLE4.0 beacon
setups for Tx = 0x07. Best result is shown in bold.

Configuration 𝑘 = 1 𝑘 = 3 𝑘 = 5
Be07, Be08, Be09, Be10, Be11 12.96 12.82 12.32
Be08, Be09, Be10, Be11 10.06 10.12 9.79
Be07, Be09, Be10, Be11 11.67 10.54 10.92
Be07, Be08, Be10, Be11 13.83 11.81 11.75
Be07, Be08, Be09, Be11 14.20 12.82 12.78
Be07, Be08, Be09, Be10 13.17 12.28 12.64

best value fitting our requirements. Furthermore, the analysis
used global and local accuracy andmean error with twomain
criteria, namely, theMDof the 𝑘 values, and theWDbetween
the 𝑘 values obtained.
Global Accuracy. Table 4 shows the global accuracy according
to the different BLE4.0 beacons setups for Experimental Area
1 using the MD of the 𝑘 values. We can notice the best global
accuracy is obtained for 𝑘 = 1, being the best configuration
without BLE4.0 beacon “Be10.” Moreover, the worst setup
occurs when the BLE4.0 beacon “Be07” is eliminated, being
for 𝑘 = 5 the worst results. As seen from the results as the 𝑘
value is increased, the global accuracy decreases. In fact, this
case represents theworst case; it clearly shows that attempting
to estimate the position of the target using neighbouring
values without taking into account their relevance has a
negative impact on the results.

Mean Error. Table 5 shows themean error for different setups.
As seen from the table, increasing the number of neighbours
𝑘 has a negative impact on the mean error when using the
MD modality. On the contrary, the mean error is reduced by
approximately 20% in most cases when increasing 𝑘 from 1
to 5 in the WD modality. In this case, the setup with BLE4.0
beacons at the corners (i.e., without BLE4.0 beacon “Be09”)
gives us better results for 𝑘 = 5.Theworst results are obtained
when we remove one of the two BLE4.0 beacons, “Be07” or
“Be08,” placed by the drywall side of the experimental area.

Figure 9(a) shows the positioning error heatmap for the
best global accuracy and Figures 9(b) and 9(c) the best
positioning error using MD andWD, respectively.

From the results shown in tables and heatmaps, we can
conclude the following:

(i) A closer look at the heatmaps reveals very good
results, an estimation positioning error as low as
0.4m.

(ii) Table 5 shows that the lowestmean errors are obtained
using only four BLE4.0 beacons placed at the corners.

(iii) Table 5 shows that increasing 𝑘 from 1 to 5 has a
positive impact when using the WD modality of the
𝑘-NN algorithm but a negative impact when the MD
modality is preferred. This shows the importance of
weighting the information according to its relevance.

(iv) Figure 9(c) reveals that the use of theWDmodality of
the 𝑘-NN considerably improves the accuracy at the
center of the experimental area: fusioning the WD of
the BLE4.0 beacons proves effective.

(v) The heatmaps reveal a higher mean error in the sec-
tors close to the BLE4.0 beacons, being considerably
lower in the case of “Be10.”This latter BLE4.0 beacon
has exhibited the lowest RSSI level among all BLE4.0
beacons; see Figure 6(d). This may translate into the
estimation of a slight change on the distance as the
signal decreases.

Local Accuracy. In this section, we evaluate the local accuracy
for the best global accuracy and the lowest mean error
cases; see Figures 10(a), 10(b), and 10(c), respectively. We are
mainly interested in defining the guidelines to configure the
localization setup according to the user needs.

Figure 10(c), for 𝑘 = 5, shows that the sectors close to
“Be07” and “Be11” estimate a mean error of around 2.25m
(refer to Figure 9(c)), with an accuracy of 40% while the
accuracy at the center experimental area, corresponding to
the lowest mean error, is approximately 6%. We also notice
that the lowest accuracy is reported in the sector close to
BLE4.0 beacon “Be10.” Figure 10(a) shows that the accuracy
over thewhole experimental area with respect to the accuracy
of the other two figures can be improved by discarding
BLE4.0 beacon “Be10.” However, we notice that the mean
error in sectors close to BLE4.0 beacons “Be07” and “Be11”
gets severely affected. Figure 10(b) shows similar results to the
case when BLE4.0 beacon “Be10” is removed. These results
clearly show that the placement of four BLE4.0 beacons at
the corners of the experimental area provides amore uniform
localization accuracy over the whole area. However, from
Figure 10(c) it is also clear that it is important to consider the
relevance of the information provided by the BLE4.0 beacons,
that is, the difference on the initial RSSI levels of each BLE4.0
beacon.

6.1.2. Case 2: SVM. For the SVM classifier, we use three
different kernels: linear, polynomial of degree 2 (𝑑 = 2), and
polynomial of degree 3 (𝑑 = 3). As in the 𝑘-NN case, the
analysis has been developed for the same experimental area
and the same number of training and validation samples.

Global Accuracy. Global accuracy values for SVM are pre-
sented in Table 6. In all system configurations, but the one
not making use of “Be07,” the table shows that a polynomial
kernel of degree 𝑑 = 3 provides better results, that is, linear
and 𝑑 = 2. When comparing one to one the results for each
BLE4.0 beacon system configuration, we find that SVM (with
𝑑 = 2) reports a global accuracy approximately between 1%
and 4%, depending on the BLE4.0 beacons setup, lower than
the one obtained using 𝑘-NN with 𝑘 = 1.
MeanError. Table 7 shows themean error for different BLE4.0
beacon setups. As can be observed all mean error values are
very similar, but the lowest mean error is provided for the
SVM with a polynomial kernel with 𝑑 = 2. Furthermore, we
note that all values are higher than the ones reported by the
𝑘-NN algorithm using WDmodality.
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Table 5: 𝑘-NN, mean error (m), using statistical mode (MD) and weighted distance (WD), for different BLE4.0 beacon setups for Tx = 0x07.
Best results are shown in bold.

Configuration MD (m) WD (m)
𝑘 = 1 𝑘 = 3 𝑘 = 5 𝑘 = 1 𝑘 = 3 𝑘 = 5

Be07, Be08, Be09, Be10, Be11 1.52 1.74 1.69 1.52 1.34 1.29
Be08, Be09, Be10, Be11 1.64 1.73 1.75 1.64 1.40 1.35
Be07, Be09, Be10, Be11 1.56 1.71 1.68 1.56 1.36 1.30
Be07, Be08, Be10, Be11 1.52 1.66 1.61 1.52 1.33 1.27
Be07, Be08, Be09, Be11 1.54 1.64 1.63 1.54 1.32 1.28
Be07, Be08, Be09, Be10 1.51 1.72 1.68 1.51 1.32 1.28
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Figure 9: 𝑘-NN, positioning error heatmaps, using statistical mode (MD) and weighted distance (WD), for different BLE4.0 beacon setups
for Tx = 0x07.
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Figure 10: 𝑘-NN, local accuracy heatmaps for different BLE4.0 beacon setups for Tx = 0x07.
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Figure 11: SVM, positioning error heatmaps for different BLE4.0 beacon setups for Tx = 0x07.

Table 6: SVM, global accuracy (%) for different BLE4.0 beacon
setups for Tx = 0x07. Best result is shown in bold.

Configuration Linear Pol. 𝑑 = 2 Pol. 𝑑 = 3
Be07, Be08, Be09, Be10, Be11 10.00 9.29 11.21
Be08, Be09, Be10, Be11 8.38 10.60 10.70
Be07, Be09, Be10, Be11 10.80 9.39 9.49
Be07, Be08, Be10, Be11 9.29 9.79 10.51
Be07, Be08, Be09, Be11 9.70 10.50 10.71
Be07, Be08, Be09, Be10 9.70 10.60 12.32

Table 7: SVM, mean error (m) for different BLE4.0 beacon setups
for Tx = 0x07. Best results are shown in bold.

Configuration Linear Pol. 𝑑 = 2 Pol. 𝑑 = 3
Be07, Be08, Be09, Be10, Be11 1.65 1.64 1.65
Be08, Be09, Be10, Be11 1.64 1.60 1.65
Be07, Be09, Be10, Be11 1.63 1.64 1.62
Be07, Be08, Be10, Be11 1.65 1.62 1.62
Be07, Be08, Be09, Be11 1.63 1.60 1.61
Be07, Be08, Be09, Be10 1.64 1.66 1.64

Figure 11(a) shows the positioning error heatmaps for
the best global accuracy and Figures 11(b) and 11(c) for the
lowestmean error. Similar to the results reported by the 𝑘-NN
algorithm, sectors close to the BLE4.0 beacons exhibit higher
mean error. However, in contrast to the mean error heatmaps
for 𝑘-NN (see Figure 9), the heatmaps for SVM are more
uniform throughout the central sector of the experimental
area. Moreover, the sector around BLE4.0 beacon “Be10”
exhibits worse results than the other ones obtained using the
𝑘-NN algorithm. This clearly shows the benefits of taking
into account the RSSI levels reported by the various BLE4.0
beacons. These RSSI levels do not exclusively depend on

the distance but also on the structural characteristics of the
environment.

Local Accuracy. Figure 12 shows the local accuracy corre-
sponding to the highest global accuracy and the lowest mean
errors using SVM. Figure 12(a) shows similar behaviour to
the results depicted in Figure 10(b): the sectors close to
BLE4.0 beacons “Be07,” “Be08,” and “Be11” show better local
accuracy results. However, the local accuracy for the sectors
close to the BLE4.0 beacons is considerably lower than the
one obtainedwhen using the 𝑘-NN algorithm.This effect also
causes a lower global accuracy. Figures 12(b) and 12(c) show
similar behaviours, that is, lower local accuracies with respect
to the ones reported by the 𝑘-NN algorithm.

From the results obtained with both algorithms (𝐾-NN
and SVM), we can conclude that, in order to assess the
capabilities of BLE4.0-based wireless indoor mechanisms,
it is essential to count with all the three metrics: mean
error, global accuracy, and local accuracy. Up to date, most
studies limit their evaluation to report on the mean error and
global accuracy. We should argue that, by providing the local
accuracy, together with the system parameters, transmission
power, and actual placement of the BLE4.0 beacons, the
system designer should be able to identify the shortcomings
to overcome.

In the following, we will carry out a second set of
experiments. Our main aim is twofold:

(1) We aim to explore the system localization parameters.
In this case, we will consider a slightly larger exper-
imental area and the use of a medium transmission
power level, Tx = 0x04.

(2) We aim to use larger training and validation datasets
with respect to the one used in the previous study.

6.2. Experimental Area 2. In this second experimental setup,
we further explore the performance of the 𝑘-NN and SVM



14 Journal of Sensors

Be07

Be08 Be09 Be10

40

35

31

26

22

17

13

8

4

0

(a) P. 𝑑 = 3, no “Be11”

Be07

Be08

Be11

Be09

40

35

31

26

22

17

13

8

4

0

(b) P. 𝑑 = 2, no “Be10”

Be07

Be08 Be09 Be10

40

35

31

26

22

17

13

8

4

0

(c) P. 𝑑 = 2, no “Be11”

Figure 12: SVM, local accuracy heatmaps for different BLE4.0 beacon setups for Tx = 0x07.

Table 8: Average RSSI and training and validation data for two
transmission powers (Tx) level.

Tx RSSI 1m (dBm) # training data # validation data
0x04 −57 608 261
0x07 −75 757 290

algorithms using two different transmission power settings,
namely, Tx = 0x04 and Tx = 0x07. We define an
experimental area fragmented into 15 zones of 1m2 each
separated by a guard zone of 0.5m2 to better differentiate
the RSSI of joint sectors. The experimental setup consists of
a total area of 9.6m by 6.3m, where the minimal distance
between a BLE4.0 beacon and the receiver is 1.5m; see
Figure 13.

Similar to the previous experimental trials, we sampled
theRSSI during twominutes at the center of each of the fifteen
zones. Table 8 shows the RSSI and the size of the training
and validation dataset used for two transmission power levels
under study.

6.2.1. Case 1: 𝑘-NN. Similar to the previous study, we pro-
ceeded to analyze 𝑘-NN with the same classification metrics
for Tx = 0x04 and Tx = 0x07.
Global Accuracy. Table 9 shows different BLE4.0 beacon
setups used in our environment, where the best configuration
is obtained eliminating the BLE4.0 beacon “Be09” for Tx =
0x04. Furthermore, for both transmission power levels we
can see that the BLE4.0 beacons placed at the corners are
essential in this experimental area. Moreover, a higher value
of 𝑘 improves the global accuracy considerably.

Therefore, the use of a larger area with guard zones
enables an improvement on the global accuracy: the clas-
sification algorithm is able to better differentiate the RSSI
between the different sectors. Table 4 shows an improvement

as high as 7% with respect to the results obtained for the
Experimental Area 1 setup. Also, as expected, an intermediate
transmission power level and a higher value of 𝑘 improve
the global accuracy. Furthermore, our results also show that
the BLE4.0 beacons should be placed at the corners of the
experimental area setup.

Mean Positioning Error. Table 10 depicts the mean error for
all system configurations for the 𝑘-NN algorithm. As can be
observed, when MD is used, increasing the value of 𝑘 does
not always improve the mean error as in the previous case.
When WD is used, similar to the previous experiment, the
mean error is considerably reduced. Also, in this latter case,
the configuration with the four BLE4.0 beacons located at
the corners and the one using five BLE4.0 beacons, offers
very similar results. From this table, we also notice that better
results are obtained when a higher transmission power level
is used, that is, for Tx = 0x04. Then, better mean error results
are obtained at the expense of using a higher transmission
power level.

Figure 14 depicts different error heatmaps. Figures 14(a)
and 14(b) show the heatmaps for the best results when setting
Tx = 0x04 using MD andWD, respectively. The fact of using
WD proves effective in reducing the mean error across all the
experimental area. On the contrary, the heatmaps produced
when using the MD modality show that the classification
algorithm is unable to take into account the difference on
the RSSI levels of the different BLE4.0 beacons. The sectors
close toBLE4.0 beacon “Be07” are characterized by the largest
mean error. In other words, since the RSSI value of BLE4.0
beacon “Be07” is higher than the ones characterizing the
other BLE4.0 beacons, the estimated distance is longer than
expected. This effect is worsened by the inclusion of BLE4.0
beacon “Be09”; see Figure 14(c). Also, when MD is used,
the classification splits the area into two main sectors; see
Figures 14(a) and 14(c). Finally, the use of higher transmission
power, Tx = 0x07, results in a more uniform positioning
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Table 9: 𝑘-NN, global accuracy (%) for different BLE4.0 beacon setups for Tx = 0x04 and Tx = 0x07. Best results are shown in bold.

Tx Configuration 𝑘 = 1 𝑘 = 3 𝑘 = 5

0x04

Be07, Be08, Be09, Be10, Be11 17.38 19.45 20.02
Be08, Be09, Be10, Be11 14.15 17.26 18.64
Be07, Be09, Be10, Be11 15.54 17.84 18.76
Be07, Be08, Be10, Be11 16.92 18.07 21.29
Be07, Be08, Be09, Be11 16.57 16.46 17.84
Be07, Be08, Be09, Be10 15.42 14.96 17.72

0x07

Be07, Be08, Be09, Be10, Be11 15.21 15.44 16.11
Be08, Be09, Be10, Be11 13.87 14.09 15.32
Be07, Be09, Be10, Be11 14.32 12.64 13.87
Be07, Be08, Be10, Be11 13.98 14.54 15.77
Be07, Be08, Be09, Be11 15.21 15.21 13.76
Be07, Be08, Be09, Be10 13.09 11.52 12.98

Table 10: 𝑘-NN,mean error (m), using statistical mode (MD) and weighted distance (WD), for different BLE4.0 beacon setups for Tx = 0x04
and Tx = 0x07. Best results are shown in bold.

Tx Configuration MD (m) WD (m)
𝑘 = 1 𝑘 = 3 𝑘 = 5 𝑘 = 1 𝑘 = 3 𝑘 = 5

0x04

Be07, Be08, Be09, Be10, Be11 2.25 2.17 2.12 2.25 1.91 1.82
Be08, Be09, Be10, Be11 2.35 2.32 2.33 2.35 2.04 1.99
Be07, Be09, Be10, Be11 2.25 2.19 2.17 2.25 1.87 1.84
Be07, Be08, Be10, Be11 2.30 2.26 2.16 2.30 1.92 1.84
Be07, Be08, Be09, Be11 2.32 2.34 2.30 2.32 2.00 1.93
Be07, Be08, Be09, Be10 2.29 2.38 2.23 2.29 2.01 1.91

0x07

Be07, Be08, Be09, Be10, Be11 2.30 2.32 2.29 2.26 2.02 1.96
Be08, Be09, Be10, Be11 2.35 2.36 2.29 2.35 2.03 1.95
Be07, Be09, Be10, Be11 2.41 2.44 2.44 2.41 2.12 2.07
Be07, Be08, Be10, Be11 2.31 2.39 2.37 2.31 2.00 1.90
Be07, Be08, Be09, Be11 2.39 2.43 2.44 2.39 2.16 2.01
Be07, Be08, Be09, Be10 2.41 2.52 2.44 2.41 2.12 2.04

Be07

Be09

Be08

Be11

Be10

Figure 13: Configuration of Experimental Area 2.
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(c) MD, all beacons, Tx = 0x04
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(d) WD, all beacons, Tx = 0x07

Figure 14: 𝑘-NN (with 𝑘 = 5), positioning error heatmaps, using statistical mode (MD) and weighted distance (WD), for different BLE4.0
beacon setups for Tx = 0x04 and Tx = 0x07.

error throughout the whole area; see Figure 14(b). In fact, this
system configuration provides the best results in terms of the
mean positioning error, as shown in Table 10.

Local Accuracy. As already mentioned before in this section,
the BLE4.0 beacons located at the corners are essential, as can
be seen in Figure 15, which represent the behaviour of the
local accuracy throughout the experimental area. Specifically,
Figures 15(a) and 15(b) are related to the best global accuracy
and mean error for Tx = 0x04, respectively.

In this case, we notice that a more uniform local accuracy
results in a lower mean positioning error; see Figures 15(b)
and 14(b). More specifically, comparing Figures 15(c) with
15(d), we can see that the use of BLE4.0 beacon “Be09”
provides better local accuracy in remote sectors. The results
of local accuracy for Tx = 0x07 provided similar results.

6.2.2. Case 2: SVM. Similarly as with Experimental Area 1,
we have proceeded to analyze the SVM experimental results

with the same classification metrics for Tx = 0x04 and Tx =
0x07.
Global Accuracy. Table 11 shows the global accuracy for Tx =
0x04 and Tx = 0x07. We can see that the best results,
for both transmission power levels, are obtained when the
configuration of all BLE4.0 beacons is used.

Moreover, using a linear kernel for Tx = 0x04 provides
significantly better results than other SVM configurations.
For Tx = 0x07 the best result is obtained using a polynomial
(𝑑 = 2) kernel, but far from the results obtained with
Tx = 0x04. Comparing results with Experimental Area 1 (see
Table 6), we can see how SVM improve the accuracy a 10%
when using a bigger experimental area.

Mean Positioning Error. Table 12 shows themean error values.
Again, the best results for Tx = 0x04 are obtained when all
BLE4.0 beacons are used and with the linear kernel function,
but for Tx = 0x07 the best performance is obtained when
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Table 11: SVM, global accuracy (%) for different BLE4.0 beacon setups for Tx = 0x04 and Tx = 0x07. Best results are shown in bold.

Tx Configuration linear P. 𝑑 = 2 P. 𝑑 = 3

0x04

Be07, Be08, Be09, Be10, Be11 23.48 21.17 20.94
Be08, Be09, Be10, Be11 19.68 21.29 19.56
Be07, Be09, Be10, Be11 21.17 18.99 15.65
Be07, Be08, Be10, Be11 22.55 22.09 21.40
Be07, Be08, Be09, Be11 20.71 18.53 19.33
Be07, Be08, Be09, Be10 20.14 21.40 20.02

0x07

Be07, Be08, Be09, Be10, Be11 15.32 17.89 15.55
Be08, Be09, Be10, Be11 16.00 14.43 14.77
Be07, Be09, Be10, Be11 13.42 13.98 13.31
Be07, Be08, Be10, Be11 16.00 17.33 17.56
Be07, Be08, Be09, Be11 11.63 14.76 15.32
Be07, Be08, Be09, Be10 13.20 14.43 15.55
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Figure 15: 𝑘-NN (with 𝑘 = 5), local accuracy heatmaps for different BLE4.0 beacon setups for Tx = 0x04.
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Table 12: SVM, mean error (m) for different BLE4.0 beacon setups for Tx = 0x04 and Tx = 0x07. Best results are shown in bold.

Tx Configuration linear P. 𝑑 = 2 P. 𝑑 = 3

0x04

Be07, Be08, Be09, Be10, Be11 1.93 2.01 1.99
Be08, Be09, Be10, Be11 2.14 2.10 2.10
Be07, Be09, Be10, Be11 1.96 2.07 2.21
Be07, Be08, Be10, Be11 2.06 2.05 2.14
Be07, Be08, Be09, Be11 2.12 2.12 2.12
Be07, Be08, Be09, Be10 2.09 2.04 2.09

0x07

Be07, Be08, Be09, Be10, Be11 2.39 2.08 2.28
Be08, Be09, Be10, Be11 2.38 2.21 2.19
Be07, Be09, Be10, Be11 2.58 2.37 2.29
Be07, Be08, Be10, Be11 2.33 1.98 2.09
Be07, Be08, Be09, Be11 2.47 2.36 2.36
Be07, Be08, Be09, Be10 2.64 2.26 2.36
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(a) Linear, all beacons, Tx = 0x04
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(b) P. 𝑑 = 2, all beacons, Tx = 0x07
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(c) P. 𝑑 = 2, no Be09, Tx = 0x07

Figure 16: SVM, positioning error heatmaps for different BLE4.0 beacon setups for Tx = 0x04 and Tx = 0x07.

the BLE4.0 beacons are located at the corners (configuration
without BLE4.0 beacon “Be09”) of the experimental area and
using a polynomial (𝑑 = 2) kernel function.

Figure 16(a) depicts the positioning error heatmaps for
the best global accuracy for Tx = 0x04, which is also the
same with lowest mean error. Figures 16(b) and 16(c) depict
the best global accuracy and lowest mean error for Tx =
0x07, respectively. Similar results are obtained as in previous
experiments, where we can observe that a good global accu-
racy does not provide a lower mean error (in general), but
a balanced mean error throughout the area provides better
results. In this ExperimentalArea 2, comparing Figure 14with
Figure 16, we also observe that 𝑘-NN have a more uniform
mean error than SVM, since the central sectors normally have
lower mean error. Finally, comparing SVM for Experimental
Areas 1 and 2 (see Figures 11 and 16) we observe that themean
error is improved in bigger areas, specially in sectors close to
the BLE4.0 beacons, with themean error beingmore uniform
throughout the whole area.

Local Accuracy. Figure 17 shows the local accuracy behaviour
for different setups and transmission power levels.

We obtained similar results as in previous sections,
where in general a balanced local accuracy provides lower
mean error (comparing Figures 17(a) and 16(a)). Typically,
sectors placed in the corners have higher local accuracy, and
BLE4.0 beacon “Be09” usually improves the local accuracy
throughout the area as we can see in 𝑘-NN experiments,
comparing Figure 15 with Figure 17.

7. Lessons Learned

In this section, we summarize the main guidelines on setting
the system configuration and algorithm parameters enabling
the setting of a more accurate and robust localization mech-
anism. In our discussion, we will present our main findings
by following the parameters related to the classification
algorithms and the localization system setup. In order to
guide our discussion, we will follow Figure 2, where we have



Journal of Sensors 19

Be07

Be08

Be11

Be09

Be10

60

53

46

40

33

26

20

13

6

0

(a) Linear, all beacons, Tx = 0x04

Be07

Be08

Be11

Be09

Be10

60

53

46

40

33

26

20

13

6

0

(b) P. 𝑑 = 2, all beacons, Tx = 0x07

Be07

Be08

Be11

Be10

60

53

46

40

33

26

20

13

6

0

(c) P. 𝑑 = 2, no “Be09,” Tx = 0x07

Figure 17: SVM, local accuracy (%) heatmaps for different BLE4.0 beacon setups for Tx = 0x04 and Tx = 0x07.

listed the main parameters to be set. Furthermore, we will
refer to the setting of our experimental system as a means to
illustrate the applicability of our guidelines. Since the results
obtained using the second experimental setup were clearly
superior to those obtained in the first setup, we will derive
the main guidelines from the lessons learned through our
experimental trials. Our main aim is to provide guidelines
allowing us to identify the main system and algorithm
parameters to be tuned on the development of a robust and
accurate BLE4.0-based indoor localization mechanism.

Table 13 summarizes the best system and algorithms
setups derived from our study. As already mentioned, we
focus on our second experimental setting. In fact, the size
and organization of the experimental area were among the
first parameters to be set; see Figure 2. From our preliminary
study on the channel characterization, Section 3, we were
able to identify the signal propagation allowing us to better
distinguish the various sectors. As for the actual organization
of the experimental area, our results have shown that the
use of a guard zone proves to be effective in improving the
classification process.

As for all the other parameters related to the system
setting, the following guidelines can be derived.

(i) BLE4.0 Beacon Transmission Power. The setting of this
parameter has to be derived taking into account the infor-
mation that it may provide in order to enable the classifica-
tion of the process. In this case, it should provide enough
information to enable distinguishing the various sectors of
interest. In our particular study, we found out that the use of
a medium power level showed slightly better results in terms
of the mean positioning error for the case of the 𝑘-NN (WD)
and the SVM classification algorithm setups. In the case of
the 𝑘-NN (MD) algorithm, the results exhibited a higher
discrepancy. For this latter setup, we notice that both system
configurations include all five BLE4.0 beacons. It is therefore
clear that the information of BLE4.0 beacon “Be09” helps to
compensate the discrepancies on the RSSI levels reported by

the BLE4.0 beacons located close to the windows and those
located close to the drywall. As for the accuracy reported for
the two transmission power setups, we notice that the use of a
medium transmission power level considerably improves the
accuracy of the localization mechanisms; see Tables 9 and 11.

(ii) BLE4.0 Beacons Position and Topology. From our prelim-
inary study, Section 3, we have found out the importance
of identifying the materials composing the various walls.
In a more complex setup where, for instance, big metal
cabinets may be present, the designers should take care
of evaluating the RSSI levels close to and around such
objects. The information obtained from such preliminary
study should condition the actual topology of the system. In
our case, we have foundout that the levels of theRSSI detected
may considerably vary depending on whether the BLE4.0
beacon has been placed close to a drywall or window. As seen
in Table 13, the system configurations for the 𝑘-NN (WD)
and SVM algorithms when using transmission power level
Tx = 0x07 do not include BLE4.0 beacon “Be09.” Since in
this case the RSSI levels reported by the BLE4.0 beacons close
to the window and those to the drywall do not greatly differ,
there is no requirement for BLE4.0 beacon “Be09.” However,
in the case when Tx = 0x04 is preferred, the inclusion of
BLE4.0 beacon “Be09” provides some extra information and
therefore compensates for the discrepancies on theRSSI levels
reported by all the other BLE4.0 beacons.

(iii) BLE4.0 Beacons Density and Spacing. From our results,
it is clear that the number of required BLE4.0 beacons to
cover a given area will depend on the size of the area to cover,
the transmission power, and the RSSI levels reported by the
BLE4.0 beacons. As our results show, the discrepancies on the
RSSI reported by the BLE4.0 beacons due to the structural
characteristics of the surrounding walls will require the use of
additional BLE4.0 beacons. In our case, the use of four BLE4.0
beacons placed at the four corners provided the best results
when using the lowest transmission power; see Table 13.
The inclusion of BLE4.0 beacon “Be09” under these latter
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Table 13: Mean positioning error (m) for the best configurations and setups for 𝑘-NN, using statistical mode (MD) and weighted distance
(WD) and SVM.

Algorithm Power Tx = 0x04 Power Tx = 0x07
𝑘-NN (MD), 𝑘 = 5 [07, 08, 09, 10, 11] ⇒ 2.12 [07, 08, 09, 10, 11] ⇒ 2.29
𝑘-NN (WD), 𝑘 = 5 [07, 08, 09, 10, 11] ⇒ 1.82 [07, 08, 10, 11] ⇒ 1.90
SVM, 𝑑 = 2 [07, 08, 09, 10, 11] ⇒ 1.93 [07, 08, 10, 11] ⇒ 1.98
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Figure 18: Overall recommended values for the parameters.

conditions exhibited slightly worse results; see Tables 10 and
12.

Regarding the operation and setting of the algorithm
parameters, the following guidelines can be derived:

(i) Classification algorithms: a classification process
needs to be able to differentiate the RSSI levels of
the BLE4.0 beacons at different sectors. Therefore,
a steeper fall on the RSSI should provide the best
results. Furthermore, ambiguities should be removed
in order to reduce errors on the classification process.
In our particular setup, we had to limit the distance
to 8m and use medium and low transmission power
levels.

(ii) 𝑘-NN classifier: the use of values of 𝑘 higher than
or equal to five provides good results given the lim-
itations on the mean positioning error and accuracy
reported by BLE-based localization mechanisms. In
our setup, we have observed that the use of 𝑘 = 5
may compensate the discrepancies on the reported
RSSI levels when using low transmission power levels.
In fact, in the case when using Tx = 0x07, the best
configuration for 𝑘-NN (WD) does not make use
of BLE4.0 beacon “Be09.” However, the overall best
results were obtained for the system configuration

𝑘-NN (WD), with 𝑘 = 5 and using all the five
BLE4.0 beacons. This clearly shows that the use of a
transmission power level enabling differentiating the
various sectors together with the use of a compensat-
ing BLE4.0 beacon “Be09” proves effective.

(iii) WD criteria work better than MD criteria due to the
fact that the first one use all the 𝑘 neighbours in
order to polish the final result with a weighted average
distance.

(iv) SVM algorithm: similar to the results obtained for
the 𝑘-NN algorithm, the choice of the transmission
power plays a major role in the setting of the algo-
rithm parameters. In the case when the lower trans-
mission power is used, the best results are obtained for
a system configuration not making use of the BLE4.0
beacon “Be09.” Furthermore, the use of a higher
transmission power level simplifies the configuration
of the SVM. In this latter case, a linear classifier is
used.

Finally, Figure 18 summarizes the recommendations for
tuning up the indoor localization mechanism. The recom-
mendations include the setting of the parameters of the
classification algorithms and configuration of the BLE4.0
beacons.
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8. Conclusions and Future Plans

In this paper, we have explored the use of two supervised
learning algorithms towards the development of BLE4.0
beacon-based locationmechanisms. From our study, we have
identified that the use of 𝑘-NN and SVM algorithms may
prove effective in developing an indoor location fingerprint-
ing mechanism. Furthermore, our results have provided us
with some useful insight on the key parameters of both,
the physical infrastructure and the supervised learning algo-
rithm.The Tx level and the number and placement of BLE4.0
beacons are the main physical parameters to be looked at,
while the number of neighbours to be used plays a major role
in the performance of the 𝑘-NN algorithm.

Moreover, with the purpose of improving indoor local-
ization parameters, it is necessary to count with a floor plan
defined, for example, guard zones, for the data acquisition
phase, in order to differentiate the RSSI in contiguous sectors.

With respect to the environment, we can say that it
must be configured so that we have a fall on the RSSI.
This is due to the fact that sectors that are close to the
transmitters do not provide good results. Other important
aspects to improve the indoor localization mechanisms are
the topology, the Tx levels, and, above all, the classification
algorithms hyperparameters.

Our immediate research activities will focus on the
impact of room occupancy using multiple additional sensors
and the impact of using different and much more Machine
Learning algorithms for the location estimation.
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In this paper, a new Kalman filtering scheme is designed in order to give the optimal attitude estimation with gyroscopic data and
a single vector observation. The quaternion kinematic equation is adopted as the state model while the quaternion of the attitude
determination from a strapdown sensor is treated as the measurement. Derivations of the attitude solution from a single vector
observation along with its variance analysis are presented. The proposed filter is named as the Single Vector Observation Linear
Kalman filter (SVO-LKF). Flexible design of the filter facilitates fast execution speed with respect to other filters with linearization.
Simulations and experiments are conducted in the presence of large external acceleration andmagnetic distortion.The results show
that, compared with representative filtering methods and attitude observers, the SVO-LKF owns the best estimation accuracy and
it consumes much less time in the fusion process.

1. Introduction

Attitude estimation is a key methodology in many applica-
tions involving satellite control, unmanned aerial vehicles,
inertial human motion tracking, and so forth [1–4]. It
requires accurate and efficient estimation fromvarious sensor
measurements. In fact, attitude estimation can be done by
using different filtering methods, for example, the Kalman
filter (KF) and complementary filter (CF) [5]. As these
filtering methods adopt various senses of evaluating errors,
the performances are quite different. Among all, the KF
follows the minimummean squared error (MMSE) principle
that can be proved to be optimal; hence it has been widely
used [6, 7].

In the past decade, many filters have been designed to
give attitude estimation based on specific sensors. These
sensors mainly consist of accelerometer, magnetometer, and
inclinometer [8]. For instance, Sabatini proposed an extended
Kalman filter (EKF) design bymeans of inertial andmagnetic
sensing [9]. Based on the same sensor combination, Li and
Wang proposed an effective Adaptive Kalman Filter (AKF)
in order to make the filter more accurate under harsh

environments [10]. Using estimation of external acceleration,
Suh designed an indirect Kalman filter (IKF, [11]). With
algebraic calculations, Valenti et al. proposed a much more
simplified quaternion Kalman filter (AQUA q-KF) that fuses
the gyroscope, accelerometer, and magnetometer together
[12]. Not only can KF methods give the optimal attitude
estimates, but they also canmake the estimated attitudemore
smooth. Yet it provides us with the statistic information of the
estimated attitude parameters [3].

Apart from KFs, the CF methods are studied widely as
well since the KF methods can hardly be used on platforms
with relatively low hardware configurations [13, 14]. As amat-
ter of fact, when the Kalman gain matrix is set to a constant
matrix, the KF turns out to be a fixed-gain complementary
filter, also known as the limiting Kalman filter [15]. Using
the gradient descent optimization, Madgwick et al. proposed
a fixed-gain CF [16]. Although CF is much faster than KF,
it owns different convergence speed for different motions
and thus lowers the overall attitude estimation accuracy.
In this case, related adaptive schemes are introduced by
Tian et al. (Adaptive-Gain Orientation Filter, AGOF) [17],
Marantos et al. (Adaptive Wahba’s Complementary Filter,
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a-WCF) [18], and Vasconcelos et al. [19], which provide
adaptive performances. Nonlinear CF is also developed by
Mahony et al. using special orthogonal groups [20].

Above methods are mainly focused on specific sensor
combinations and they need specific attitude determination.
The multi-sensor-observation attitude determination can
be solved with solutions to Wahba’s problem [21], which,
leads to many efficient methods like QUaternion ESTima-
tor (QUEST) [22], Fast Optimal Attitude Matrix (FOAM)
[23], Singular Value Decomposition (SVD) [24], and and
so forth [25, 26]. However, they require numerous costly
matrix operations like adjoint, determinant, and eigende-
composition that make the batch processing slow. Wahba’s
problem requires two or more vector observations because
when there is only one vector observation, there would be
two optimal associated eigenvectors [27]. In fact Valenti
et al. have designed a new way for calculating attitude
from a single accelerometer or magnetometer. However,
the obtained quaternion is proved to be noncontinuous
making it difficult to be fused with a gyroscope [12]. Besides,
methods like Madgwick’s CF, AQUA q-KF, a-WCF, and
AGOF may face a dilemma when one of the sensors fails.
This is because the measurement information of these filters
uses joint attitude determination or optimization which
requires all the sensor data to be effective. Even one sensor’s
failure may cause the attitude estimation to be incorrect or
singular. To prevent the attitude angles from catastrophes,
this paper aims to perform attitude estimation from angular
rates and a single vector observation with better accuracy
and less time consumption.Themain contributions are listed
below:

(1) The stable attitude determination solution from a
single sensor observation is obtained with some
findings in our previous work [28].

(2) A novel LKF scheme that is the Single Vector Obser-
vation Linear Kalman filter (SVO-LKF) is designed
and investigated to fuse the angular rates and a single
vector observation together.

(3) Variance analysis of the statemodel andmeasurement
model is performed which shows some interesting
properties. An enhanced variance determination is
designed to ensure the stability of the SVO-LKF.

(4) Several experiments are carried out to verify the
effectiveness of the proposed SVO-LKF. Some harsh
conditions are added. Comparisons with represen-
tative methods are demonstrated with experiment
results and related discussion.

This paper is briefly structured as follows: Section 2
contains the attitude determination using a single sensor
observation. Section 3 includes the novel design of the SVO-
LKF. Simulations and experiments are given in Section 4 in
order to show comparisons of various aspects of the pro-
posed SVO-LKF between representative methods. Section 5
contains the concluding remarks.

2. Single Sensor Attitude Determination

This section deals with the attitude determination from a
single sensor observation. Given a sensor observation D�푏 =(�퐷�푏�푥, �퐷�푏�푦, �퐷�푏�푧)⊤ in the body frame, the relationship with its
corresponding vector observation in the reference frame can
be written as

D�푏 = CD�푟, (1)

whereD�푟 = (�퐷�푟�푥, �퐷�푟�푦, �퐷�푟�푧)⊤ denotes the reference vector andC
is the direction cosine matrix (DCM). In [29], we developed
a method using the decomposition of the DCM, which can
be given with quaternions

C = (P1q,P2q,P3q) (2)

with the parameters of

P1 = ( �푞0 �푞1 −�푞2 −�푞3−�푞3 �푞2 �푞1 −�푞0�푞2 �푞3 �푞0 �푞1 ),
P2 = ( �푞3 �푞2 �푞1 �푞0�푞0 −�푞1 �푞2 −�푞3−�푞1 −�푞0 �푞3 �푞2 ),
P3 = (−�푞2 �푞3 −�푞0 �푞1�푞1 �푞0 �푞3 �푞2�푞0 −�푞1 −�푞2 �푞3).

(3)

In this section, the theory is extended to arbitrary sensor with
exactly the similar approach.

Inserting (2) into (1) gives

D�푏 = (�퐷�푟�푥P1 + �퐷�푟�푦P2 + �퐷�푟�푧P3) q. (4)

It has been proved that

P⊤1 = P†1,
P⊤2 = P†2,
P⊤3 = P†3, (5)

where † stands for the Moore-Penrose pseudo inverse. In
fact, another property has been shown in the appendix of our
recent contribution [29]:

P1P
⊤
2 + P2P⊤1 = P1P

⊤
3 + P3P⊤1 = P2P

⊤
3 + P3P⊤2 = 03×3. (6)

Also, in [30], we also show that, for a single vector observa-
tion, the following equation always holds:

q =Wq, (7)

whereW can be given by the following:
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W =(�퐷�푏�푥�퐷�푟�푥 + �퐷�푏�푦�퐷�푟�푦 + �퐷�푏�푧�퐷�푟�푧 −�퐷�푏�푧�퐷�푟�푦 + �퐷�푏�푦�퐷�푟�푧 �퐷�푏�푧�퐷�푟�푥 − �퐷�푏�푥�퐷�푟�푧 −�퐷�푏�푦�퐷�푟�푥 + �퐷�푏�푥�퐷�푟�푦−�퐷�푏�푧�퐷�푟�푦 + �퐷�푏�푦�퐷�푟�푧 �퐷�푏�푥�퐷�푟�푥 − �퐷�푏�푦�퐷�푟�푦 − �퐷�푏�푧�퐷�푟�푧 �퐷�푏�푦�퐷�푟�푥 + �퐷�푏�푥�퐷�푟�푦 �퐷�푏�푧�퐷�푟�푥 + �퐷�푏�푥�퐷�푟�푧�퐷�푏�푧�퐷�푟�푥 − �퐷�푏�푥�퐷�푟�푧 �퐷�푏�푦�퐷�푟�푥 + �퐷�푏�푥�퐷�푟�푦 −�퐷�푏�푥�퐷�푟�푥 + �퐷�푏�푦�퐷�푟�푦 − �퐷�푏�푧�퐷�푟�푧 �퐷�푏�푧�퐷�푟�푦 + �퐷�푏�푦�퐷�푟�푧−�퐷�푏�푦�퐷�푟�푥 + �퐷�푏�푥�퐷�푟�푦 �퐷�푏�푧�퐷�푟�푥 + �퐷�푏�푥�퐷�푟�푧 �퐷�푏�푧�퐷�푟�푦 + �퐷�푏�푦�퐷�푟�푧 −�퐷�푏�푥�퐷�푟�푥 − �퐷�푏�푦�퐷�푟�푦 + �퐷�푏�푧�퐷�푟�푧). (8)

Note that, in [28], a similar equation is derived showing a new
continuous solution to accelerometer attitude determination.
Then, following such commitment, we can also obtain the
solution from arbitrary single vector observation by

q = 12 (W + I) qrandom, (9)

where qrandom is a randomly chosen unit quaternion, if and
only if W2 = I. As a matter of fact, the square of W can

actually be computed by [30]

W2 = [(�퐷�푏�푥)2 + (�퐷�푏�푦)2 + (�퐷�푏�푧)2]⋅ [(�퐷�푟�푥)2 + (�퐷�푟�푦)2 + (�퐷�푟�푧)2] I = I. (10)

Hence, (9) can be used as an approach for measuring
quaternion from a single vector observation

J (qy𝑘 ,D�푟) = (�퐷�푟�푥�푞0 + �퐷�푟�푦�푞3 − �퐷�푟�푧�푞2 �퐷�푟�푦�푞0 − �퐷�푟�푥�푞3 + �퐷�푟�푧�푞1 �퐷�푟�푥�푞2 − �퐷�푟�푦�푞1 + �퐷�푟�푧�푞0�퐷�푟�푥�푞1 + �퐷�푟�푦�푞2 + �퐷�푟�푧�푞3 �퐷�푟�푥�푞2 − �퐷�푟�푦�푞1 + �퐷�푟�푧�푞0 �퐷�푟�푥�푞3 − �퐷�푟�푦�푞0 − �퐷�푟�푧�푞1�퐷�푟�푦�푞1 − �퐷�푟�푥�푞2 − �퐷�푟�푧�푞0 �퐷�푟�푥�푞1 + �퐷�푟�푦�푞2 + �퐷�푟�푧�푞3 �퐷�푟�푥�푞0 + �퐷�푟�푦�푞3 − �퐷�푟�푧�푞2�퐷�푟�푦�푞0 − �퐷�푟�푥�푞3 + �퐷�푟�푧�푞1 �퐷�푟�푧�푞2 − �퐷�푟�푦�푞3 − �퐷�푟�푥�푞0 �퐷�푟�푥�푞1 + �퐷�푟�푦�푞2 + �퐷�푟�푧�푞3),
J (qy𝑘 , q̂�푘−1) = 12 (W + I) .

(11)

3. Design of the Novel KF Scheme

3.1. Kalman Filter Basis. A discrete linear system without
external control is constructed as follows [31]:

x�푘 = Φ�푘,�푘−1x�푘−1 + �휉�푘,
y�푘 = H�푘x�푘 + �휀�푘, (12)

where x, y denote the state vector and measurement vector,
respectively. �푘 denotes the time epoch. Φ�푘,�푘−1 defines the
transitionmatrix from epoch �푘−1 to epoch �푘.H�푘 denotes the
measurement matrix at epoch �푘. �휉 and �휀 stand for the white
Gaussian process noise and measurement noise respectively,
such that �휉�푘 ≈ �푁(0,Σ�휉𝑘) ,�휀�푘 ≈ �푁(0,Σ�휀𝑘) , (13)

where Σ denotes the variance or covariance matrix. Using
the following classical Kalman filtering process, we can
recursively achieve the estimation [32]

x−�푘 = Φ�푘,�푘−1x̂�푘−1,
Σx−
𝑘
= Φ�푘,�푘−1Σx̂𝑘−1Φ⊤�푘,�푘−1 + Σ�휉𝑘 ,

x̂�푘 = x−�푘 + G�푘 (y�푘 −H�푘x−�푘 ) ,

Σx̂𝑘 = (I − G�푘H�푘)Σx−𝑘 ,
G�푘 = Σx−

𝑘
H⊤�푘 (H�푘Σx−𝑘H⊤�푘 + Σ�휀𝑘)−1 ,

(14)

where G�푘 denotes the Kalman gain matrix.

3.2. Filter Design. The attitude quaternion is chosen as the
state vector. The 1st-order quaternion kinematic equation is
transformed into the following state model [33]:

q�푘 = [I + �푇�푘2 [Ω×]] q�푘−1 + �휉�푘, (15)

where

[Ω×] = ( 0 −�휔�푥 −�휔�푦 −�휔�푧�휔�푥 0 �휔�푧 −�휔�푦�휔�푦 −�휔�푧 0 �휔�푥�휔�푧 �휔�푦 −�휔�푥 0 ) (16)

is formed by the angular velocity �휔 = (�휔�푥, �휔�푦, �휔�푧)⊤ and �푇�푘
is the sampling time for �푘th epoch. The noise item �휉�푘 can be
given by �휉�푘 = −�푇�푘2 Ξ (q�푘−1) k�푔,�푘, (17)
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Initialize:�푘 = 0, q̂0 = (1, 0, 0, 0)⊤,
Σv𝑔 = diag (�휎2�푔,�푥, �휎2�푔,�푦, �휎2�푔,�푧),
ΣD𝑏 = diag(�휎2

�퐷𝑏𝑥
, �휎2
�퐷𝑏𝑦
, �휎2
�퐷𝑏𝑧
),

Σq̂0 = I4×4, D�푟 = (�퐷�푟�푥, �퐷�푟�푦, �퐷�푟�푧)⊤ .
whilee no stop commands received do(1) Input: �휔 = (�휔�푥, �휔�푦, �휔�푧)⊤ , D�푏 = (�퐷�푏�푥, �퐷�푏�푦, �퐷�푏�푧)⊤, �푇�푘(2) �푘 = �푘 + 1, D�푏 = D�푏�儩�儩�儩�儩D�푏�儩�儩�儩�儩(3) Prediction: q−�푘 = [I4×4 + (�푇�푘/2) [Ω×]] q̂�푘−1(4) Propagation: Σq−

𝑘
= [I4×4 + (�푇�푘/2) [Ω×]] q̂�푘−1 [I4×4 + (�푇�푘/2) [Ω×]]⊤ + Σ�휀𝑘(5) Kalman Gain: G�푘 = Σq−

𝑘
(Σq−
𝑘
+ Σ�휀𝑘)−1(6) Estimation: q̂�푘 = q−�푘 + K�푘(qy𝑘 − q−�푘 )(7) Update of Covariance: Σq̂𝑘 = (I4×4 − K�푘)Σq−𝑘(8) Normalization: q̂�푘 = q̂�푘/ �儩�儩�儩�儩q̂�푘�儩�儩�儩�儩

end while

Algorithm 1: Proposed SVO LKF.

where

Ξ (q) = ( �푞1 �푞2 �푞3−�푞0 −�푞3 −�푞2�푞2 −�푞0 −�푞1−�푞2 �푞1 −�푞0) (18)

and v�푔�푘 stands for the gyroscopic noise with the auto-
covariance of Σv𝑔,𝑘 = diag(�휎2�푔,�푥, �휎2�푔,�푦, �휎2�푔,�푧). Hence the auto-
covariance of �휉�푘 can be calculated by [12]

Σ�휉𝑘
= �푇�푘24 Ξ (q�푘−1)Σk𝑔,𝑘Ξ⊤ (q�푘−1) . (19)

The quaternion from a strapdown sensor can be used as
the measurement vector:

qy𝑘 = q�푘 + �휀�푘. (20)

In this paper, the measurement quaternion is obtained via
(9)’s mutant; that is, it can be obtained with

qy𝑘 = W + I2 q̂�푘−1, (21)

where q̂�푘−1 stands for the estimated quaternion at epoch�푘 − 1. Obviously, the variance of the proposed observation
model relies on the variance of the vector observation and
the variance of the estimated quaternion at last time epoch.
Seen from the above equation, there are also nonlinearities
inside it since there are multiplication items betweenW and
q. In this case, the only way to derive the observation variance
is to linearize the above equation. Here we define J(A,B)

as the Jacobian matrix of A, with respect to B. Given the
variances of vector observation and last estimated quaternion
ΣD𝑟 ,�푘,Σq̂𝑘−1 , respectively, we can compute (11).The ranks of the
two matrices are analytically computed as 3 and 2. That is to
say, although the observation variance has correlation with
last estimated quaternion, the final computed variance has
much more relationship with the vector observation. Hence,
in the current presented algorithm, the correlation between
the process and observation models can be ignored. In this
way the observation variance is approximated as

Σ�휀𝑘
= J (qy𝑘 ,D�푟)ΣD𝑟 ,�푘J⊤ (qy𝑘 ,D�푟) . (22)

The overall calculation procedure of the proposed scheme is
shown in Algorithm 1.

As J(qy𝑘 ,D�푟) has the rank of 3, the measurement quater-
nion can only obtain an observability of maximum two
Euler angles. Such finding copes with the analytic results
from that in [30], as well. However, note that, in the end of
each filtering update, the quaternion would be normalized,
adding to an insurance that the quaternion should not be
divergent. The same circumstance occurs in the variance of
quaternion kinematic equation and is resolved by quaternion
normalization, too.

In engineering practice, during filtering process, the
covariance of the state may become negative definite, which
would lead to filtering divergence. The reason is that when
the algorithm is applied on embedded platform, the word-
length of the float-point numbers may cause numerical loss
[34]. Hence, the square root Kalman filter (SRKF, [35]) is
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Figure 1: Designed experimental platform for the test and verifica-
tion of the proposed filter.

adopted to compensate for such problem. Using the Cholesky
factorization, SRKF’s update equations are given as follows:

S0,0 = √Var (x0),
x−�푘 = Φ�푘,�푘−1x̂�푘−1,
S�푘,�푘−1= (Φ�푘,�푘−1S�푘−1,�푘−1 √Σ�휉𝑘) (Φ�푘,�푘−1S�푘−1,�푘−1 √Σ�휉𝑘)⊤
F�푘 = (H�푘S�푘,�푘−1S⊤�푘,�푘−1H⊤�푘 + Σ�휀𝑘)�푐 ,
S�푘,�푘 = S�푘,�푘−1 [[ I − S⊤�푘,�푘−1H⊤�푘 (F⊤�푘 )−1{F�푘 + (Σ�휀𝑘)�푐}−1H�푘S�푘,�푘−1]] ,
G�푘 = S�푘,�푘−1S

⊤
�푘,�푘−1H

⊤
�푘 (F⊤�푘 )−1 F−1�푘 ,

x̂�푘 = x−�푘 + G�푘 (y�푘 −H�푘x−�푘 ) ,

(23)

where Var{⋅} stands for the variance and {A}c denotes matrix
A’s Cholesky factorization. For common tasks on 64-bit PC,
it is not necessary to use such formulations.

4. Experiments, Simulations, and Results

In this section, we are going to carry out several experiments
to verify the performances of the proposed filter with respect
to some representative methods. In order to achieve high
precision data acquisition, a hybrid experimental platform
is designed. As can be seen from Figure 1, the designed
hardware consists of several parts including the power source,
inertial measurement unit (IMU), magnetometer, telemetry,
and an embedded computer. The power source is a Li-Po
battery with the capacity of 1500mah and voltage of 14.8 V.
The IMU and magnetometer are integrated as the product
3DM-GX3-25 provided by Microstrain (c). It generates raw
data of angular rate, acceleration, andmagnetic sensingwith a
wide output rate from 50Hz to 1000Hz. Besides, this module
also gives high precision Euler angles; that is, it can be used
as a standard attitude and heading reference system (AHRS).
TheXbee S3B Pro telemetrywith the frequency of 900MHz is

Figure 2: The upper monitor can effectively show the real-time
attitude from SVO-LKF.

utilized for robust wireless data transmission.The embedded
computer has the central processing unit (CPU) of an 4-core
ARM-CortexA53-based Qualcomm 410c chip with the clock
speed of 1.4 GHz. Such high-configuration platform ensures
that different algorithms can be concurrently executed.More-
over, to make the visualization of the attitude estimation
and data acquisition more intuitive, an upper monitor is
designed (see Figure 2). The upper monitor can also log the
raw data and different attitude estimation results, which are
later analyzed using the MATLAB r2015b software.

Several representative methods are adopted to make
comparisons with the proposed filter. Since the proposed
filter is designed as 4-dimensional, another EKF with the
same dimension of state variables is introduced [36]. Not
only KF, but other complementary filters are compared
as well, for example, the nonlinear complementary filter
proposed byMahony et al. [20] and the linear complementary
filter proposed by Madgwick et al. [16]. Apart from these
algorithms, to verify the performance of the proposed filter
under harsh conditions, an adaptive KF named as the indirect
Kalman filter (IKF) proposed by Suh is studied [11]. During
the whole experiments, the attitude outputs from the 3DM-
GX3-25 are served as the reference.

4.1. Single Vector Observation from an Accelerometer. In this
subsection, the single vector observation is acquired from
an accelerometer. First an experiment is conducted with
normalmotion.Data acquisition is carried outwith the rate of
500Hz. The raw data from the gyroscope and accelerometer
is shown in Figure 3.

The parameters of the proposed filter are measured as
Σv𝑔 = 0.0001×diag(1, 1, 1) and ΣD𝑏 = 0.01×diag(1, 1, 1).The
reference vector of the accelerometer is set toD�푟 = (0, 0, 1)⊤.
With acquired raw data from sensors, the attitude estimation
results from different sources are obtained using the designed
embedded computer, which is depicted in Figure 4.Mahony’s
filter and Madgwick’s filter gains are set to �퐾�푝 = 0.5 and�훽 = 0.1, respectively.

As the accelerometer can only measure the roll and pitch
angles, the yaw angle is not compensated for during the
sensor fusion.This is indicated by the black arrow in Figure 4
showing the drift of the yaw angles. Thus the estimated
yaw angles with various algorithms are basically the same.
However, the roll and pitch angles are always compensated for
by the accelerometer. In this figure, we can see that IKF is the
worst intuitively. The attitude curves of the other algorithms
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Figure 3: Raw data from the gyroscope and accelerometer during a
normal motion.
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Figure 4: Estimated attitude angles from different sources. The
black arrow indicates that the drift of the yaw angles exists.

aremixed together; that is, these algorithms have very similar
estimation abilities of the roll and pitch angles. Compared
with the reference angles from 3DM-GX3-25, the static root-
mean-square errors (RMSEs) of various algorithms are listed
in Table 1.

The statistics show that the proposed filter owns the best
static mean errors of angles compared with other algorithms.
However, a filter’s performance should be tested under some
harsh conditions, for example, in the presence of large
external acceleration. In this case, the motion is generated
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Figure 5: Raw data from the gyroscope and accelerometer in the
presence of large external acceleration.

with hand on a table. The raw data collected are shown in
Figure 5.

The parameters of the filter are the same with that of the
previous experiment. Attitude estimation results are depicted
in Figure 6. In fact since the motion is generated on a
horizontal table, the real roll and pitch angles should be
approximately 0. However, as the accelerometer is a very
important signal source for AHRS, even the estimated angles
from 3DM-GX3-25 contain large errors ranging from 0 to±20 degrees. Similarly, the behaviours of EKF, IKF, Mahony’s
filter, and Madgwick’s filter are significantly impacted by
external acceleration. The proposed SVO-LKF, however,
remains relatively smooth compared with other filters. This
is because the proposed filter is free of approximation of
state and measurement models; that is, it is very accurate
mathematically. Hence, attitude estimation from SVO-LKF
is more accurate than EKF. Besides, the KF can dynamically
calculate the Kalman gain matrix while, for the two adopted
complementary filters, the gains are fixed. Consequently, the
dynamic performances of these complementary filters are
not comparable with the proposed SVO-LKF. The RMSEs of
angles with respect to 0 and from different sources are listed
in Table 2. The results show that the proposed filter owns
the best attitude estimation performance under dynamic
conditions.

4.2. Time Consumption. Time consumption significantly
determines the characteristic of a certain algorithm when
it is applied on different platforms. Here, we would like to
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Table 1: Static RMSEs of roll and pitch angles.

Sources Mean roll error (deg) Mean pitch error (deg)
Proposed SVO-LKF 0.09776 0.16171
EKF 0.19971 0.19569
IKF 2.46761 8.56740
Mahony’s filter 0.22335 0.22336
Madgwick’s filter 0.30318 0.22512
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Figure 6: Attitude estimation results in the presence of large
external acceleration.

study the time consumption performances of different filters.
Using the samples from the experiment in the presence of
large external acceleration, we obtain the time consumption
information in Figure 7. We can find out that the proposed
SVO-LKF is much more computationally cheap compared
with other KF algorithms.This is because the filter is designed
to be linearwhich uses the commonKFprocedures.However,
EKF consumesmore time on the calculation of linear approx-
imation and noise propagation, which makes it slower than
SVO-LKF. IKF is designed to be a 9-dimensional filter; hence
the matrix operations are far more than that of the SVO-
LKF.The internal reason that the proposed SVO-LKF is faster
than previous algorithms is that the measurement model is

×10−4

SVO-LKF

Mahony
Madgwick

EKF

IKF

0

0.5

1

1.5

2

2.5

3

3.5

4

4.5

5

Ti
m

e (
s)

2000 4000 6000 8000 100000 14000 180001600012000
Samples

Figure 7: Time consumption of different sources adopted.

instantly obtained via linear matrix multiplications. For the
EKF, the linearization consumes a lot during the filtering
update. For the IKF, not only does it have 6-dimensional
state vector (for just gyro and accelerometer), it also adopts
the matrix factorization for detection of external acceleration
as well. Hence the SVO-LKF is faster in this way; that is, it
maintains a simplest formulation forKF based the quaternion
only, which does not generate computation burden for other
estimation.

From another aspect, we can see that SVO-LKF consumes
more time than the two adopted complementary filters. We
can also find out that the differences are not very large. Yet
the SVO-LKF is proved to be the best among all these filters.
Hence we think that although SVO-LKF is computationally
expensive compared to complementary filters; it is well worth
the advances of the accuracy. Besides, SVO-LKF can provide
the stochastic information of the estimated quaternions,
which is significant in some later applications like spacecraft
control and quality monitoring.Themean time consumption
of different filters is shown below (see Table 3).

The standard deviation of time consumption actually
determines the execution stability of the attitude estima-
tion system. If the software is implemented on embedded
platforms with real-time operating system, for example,
FreeRTOS and ucOS, such behaviour would significantly
influence the overall scheduling of the system. We can see
from the above table that the proposed SVO-LKF is the best
among compared Kalman filters. It is also the comparable
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Table 2: Dynamic RMSEs of roll and pitch angles.

Sources Mean roll error (deg) Mean pitch error (deg)
Proposed SVO-LKF 2.24812 1.86264
EKF 7.963827 11.010986
IKF 15.631756 8.465401
Mahony’s filter 6.83063 6.83063
Madgwick’s filter 2.415353 1.92556

Table 3: Statistics of time consumption from various algorithms.

Sources Mean (s) Standard deviation (s)
Proposed SVO-LKF 7.160380763358772 × 10−5 1.707471484592145 × 10−5
EKF 2.209972969182915 × 10−4 4.794187657353048 × 10−5
IKF 1.815493757421541 × 10−4 3.406751301913417 × 10−5
Mahony’s filter 3.093860316652542 × 10−5 8.491151067498806 × 10−6
Madgwick’s filter 6.287929126378291 × 10−5 1.653065880139708 × 10−5
with other complementary filters on this aspect as well, which
ensures the robustness of SVO-LKF in applications.

5. Conclusion

Based on our previous work, this paper solved the attitude
determination from a single vector observation. A novel
linear Kalman filter (SVO-LKF) is designed to fuse the
gyroscope’s data and the single sensor observation together.
The quaternion kinematic equation is used as the state
model while the quaternion attitude determination from
a single vector observation is treated as the measurement.
Throughout analysis, we obtain the variance information of
different models.

Several experiments are designed including the gyro-
scope-accelerometer and gyroscope-magnetometer combi-
nation. The experiments not only show the performances
of the SVO-LKF along with other representative methods,
but also give the details of the performances in the presence
of large external acceleration. Related results are thoroughly
discussed which shows that the proposed SVO-LKF is accu-
rate in both static and dynamic conditions. Also when facing
magnetic distortion, it basically remains uninfluenced com-
pared to other filters. Finally, time consumption of various
algorithms is given which shows that the SVO-LKF is the
fastest one compared to other KF schemes. Although it is
more time-costly than complementary filters, the advances of
the accuracy are well worth the loss of time.

This paper shows that, using a single vector observation,
we can make the attitude estimation much more accurate.
Could it be a motivation for attitude estimation with even
more vector observations? We think this would be another
task for us to study in the future.
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Utilization and generation of indoormaps are critical elements in accurate indoor tracking. Simultaneous Localization andMapping
(SLAM) is one of the main techniques for such map generation. In SLAM an agent generates a map of an unknown environment
while estimating its location in it. Ubiquitous cameras lead tomonocular visual SLAM,where a camera is the only sensing device for
the SLAMprocess. Inmodern applications, multiplemobile agentsmay be involved in the generation of suchmaps, thus requiring a
distributed computational framework. Each agent can generate its own local map, which can then be combined into amap covering
a larger area. By doing so, they can cover a given environment faster than a single agent. Furthermore, they can interact with each
other in the same environment, making this framework more practical, especially for collaborative applications such as augmented
reality. One of the main challenges of distributed SLAM is identifying overlapping maps, especially when relative starting positions
of agents are unknown. In this paper, we are proposing a system having multiple monocular agents, with unknown relative starting
positions, which generates a semidense global map of the environment.

1. Introduction

Utilization of indoormaps is a critical component of accurate
indoor tracking when existing infrastructures such as GPS
do not work reliably. Therefore, generating such maps with
high accuracy for unknown environments becomes critical
in the infrastructure of indoor tracking. Furthermore, such
mapsmay be generated partially by different agentsmoving in
and out of an environment, and unifying these independently
and partially generated maps into a highly accurate global
map is crucial. The map generation and its utilization for
localization can be done in many different modalities. Simul-
taneous Localization andMapping (SLAM) is one of themain
techniques for such map generation. In modern applications,
multiple mobile agents may be involved in the generation
of such maps, thus requiring a distributed computational
framework.

SLAM is a problem that addresses generating a map of an
environment and tracking an agent in the environment.These
two tasks are interrelated, since an accurate map is necessary
to localize the agent precisely, and only a correctly localized

agent can construct a good map. The SLAM problem is also
known as the Tracking and Mapping (TAM) problem.

Cameras are becoming a popular choice for SLAM,
since they are ubiquitous in smart devices. Furthermore,
the smaller form factor and the lower cost of cameras also
contribute to this choice. When we use a camera as the input
device, the process is called visual SLAM. For visual SLAM,
three main types of cameras are used: monocular, stereo,
and RGBD. Unlike monocular cameras, stereo and RGBD
cameras provide depth data in addition to image data to
simplify the initialization and the pose estimation process.

Visual SLAM uses either the direct or the feature-based
methods. Direct methods work on the intensity information
of images without computing features and generally produce
denser maps. Dense maps can be more attractive in certain
applications, such as augmented reality, in which a user is
interacting with the environment and virtual objects in the
environment. It is desirable that this interaction be realistic
and seamless. A dense map of the environment makes this
interaction possible.
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In distributed SLAM, multiple agents perform SLAM
in an environment collaboratively. These agents (which are
cameras for the purposes of this paper) can enter and exit the
environment at any time. If there is amap of the environment,
the agents can utilize it to localize themselves in it. If an agent
moves in a part of the environment that is not mapped, it
can start building the map and localize itself in it as part of
the SLAM process. Each agent can do this independently,
however, when they are operating in a common environment,
it makes sense to use their locally built maps to complement
each other. At the same time, they can complete and improve
the global map, while helping each other in their respective
tasks.

Additionally, using multiple agents to perform SLAM
increases the robustness of SLAM process, which makes
it more fault tolerant and less vulnerable to catastrophic
failures. One of themain challenges in distributed SLAM is to
compute map overlaps, especially when agents have no prior
knowledge of their relative starting positions. Usually, agents
also have limited bandwidth to communicate with each other.

In this paper, we introduce a distributed framework for
monocular visual SLAM agents with no prior knowledge of
their relative positions.

2. Related Work

In a seminal paper Smith et al. [1] introduced a solution
to the SLAM problem using extended Kalman filter (EKF-
SLAM). In their work, the extended Kalman filter is used
to estimate the posterior distribution over agent pose and
landmark positions incrementally. However, processing a
covariance matrix is a significant challenge as it grows with
the number of landmarks. The entire covariance matrix has
to be updated even when the system observes one landmark.
This severely limits the number of landmarks in EKF-
SLAM, typically a few hundred. Furthermore, EKF-SLAM
has Gaussian noise assumptions. FastSLAM by Montemerlo
et al. [2, 3] addressed above limitations using a Monte Carlo
Sampling (particle filter) based approach. Most importantly
FastSLAM supported nonlinear process models and non-
Gaussian pose distributions. In more recent work, FastSLAM
by Cain and Leonessa [4] uses a compressed occupancy
grid to reduce the data usage of each particle by 40%.
Pei et al. [5] used distributed unscented particle filter to
avoid reconfiguring the entire system during vehicle state
estimation.Martinez-Cantin and Castellanos in [6] proposed
anUnscented Kalman Filter based approach (UKF-SLAM) to
support large scale environments.

Davison et al. [7] introduced MonoSLAM, a SLAM
method of capturing the path of a freely moving camera (6
Degrees of Freedom) while generating a sparse map. This
monocular visual SLAM method worked in a room-sized
environment. The map consisted of image patches repre-
senting features. Their solution was a combination of EKF-
SLAM for estimation and Particle Filtering (PF) for feature
initialization. The entire system is initialized by positioning
the camera in front of a marker.

Klein and Murray in [8] presented Parallel Tracking and
Mapping (PTAM), one of the most significant solutions for

visual SLAM. This robust SLAM solution mainly focused
on accurate and fast mapping in a similar environment to
MonoSLAM. Its implementation decoupled mapping and
localization into two threads. The front-end thread only per-
forms pose estimation and feature tracking while the back-
end thread performed mapping and everything else, such as
feature initialization and removing unnecessary key frames.
A set of sparse point features represented themap.The system
is initialized by moving the camera roughly 10 centimeters
perpendicular to the optical path. RANSAC [9] and 5-point
algorithm [10] initialized the system. A global bundle adjust-
ment (BA) [11] with Levenberg-Marquardt optimization [10]
adjusted the pose of all key frames. Furthermore, a local
BA changed the pose of a subset of key frames to allow a
reasonable rate of exploration.

Although MonoSLAM and PTAM address the same
problem, PTAM used BA in contrast to MonoSLAM’s
incremental approach. BA is heavily used and proven to
work well for offline Structure from Motion (SfM). Even
though BA is relatively computationally expensive, PTAM
andother researchers recently adoptedBA formany real-time
monocular visual SLAM solutions. Strasdat et al.’s analysis
in [12] showed that increasing the number of image features
acquired per frame is more beneficial than incorporating
information from increased number of closely placed camera
frames. They argue that the former increases the accuracy
of the motion estimation and a better map estimation for
a given computational budget. Their analysis hence favors
bundle adjustment techniques over incremental methods for
accurate monocular visual SLAM. Moreover, BA helps to
increase the number of features on themap, leading to denser
maps.

Scale drift is one of the biggest challenges in monocular
visual SLAM. Strasdat et al. [13] introduced a pose graph
optimization technique that corrects the scale drift at loop
closures.Theirmethod handled large looped trajectories well.

The work by DTAM by Newcombe et al. [14] and LSD-
SLAM by Engel et al. [15, 16] utilize image pixel intensities
directly instead of computed features for SLAM. Their sys-
tems generate dense or semidense maps of the environment.
Furthermore, these directmethods aremore robust tomotion
blur of images.

During the SLAM process, an agent might revisit the
same location in multiple instances. Error accumulation can
lead this to go unnoticed. The solution for this problem
is referred to as loop closing. This could be done using
appearance based image-to-image, map-to-map, or map-to-
image matching approaches. The survey from Williams et
al. [17] concludes with positive remarks on map-to-image
approaches.

2.1. Distributed SLAM. One of the challenges in generating a
globally consistent map is identifying map overlaps of agents.
It is relatively easier to determine map overlaps if all of the
agent relative poses are known at all times. For example,
Nettleton et al. [18] used global positioning sensors (GPS) to
detect agent locations. When the agent position is known, it
is only a matter of doing a proximity check between agent
trajectories to detect their map overlaps. However, location
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sensors like GPS are not always available, and they do not do
well in indoors, nor in underwater vehicles.

The relative transformations between coordinate systems
of agent maps can be computed if the starting position
of each agent is known. Paull et al. [19] initialized all
agents from known locations. Next, agents performed SLAM
and estimated their new locations, while at the same time
communicating their locations to each other. Given that the
agents already knew the transformation between their maps,
they were able to easily determine map overlaps, similar to
the case in having location sensors.

When these agent relative locations are unknown, the
distributed SLAM problem becomes more challenging. In
some contributions, agents continued to build local maps
until they saw each other. Howard et al. [20] proposes a
method in which each agent would be able to detect other
agents. Agents use these coincidental encounters to find their
relative locations.Dieter et al. in [21] presents amethodwhere
each agent is actively seeking other agents in the environment
to find relative locations between them.Thesemethods either
require special sensors to be seen by each other or to actively
seek each other.

Some methods heavily depend on a central node. Zou
and Tan in [22] allowed cameras to move independently
in a dynamic environment. However, all of their cameras
were initialized from the same scene and connected to the
same computer. Although their cameras were distributed,
all frames were processed at the same time in their SLAM
process. This tightly couples agents, since agents do not
possess any knowledge of the environment individually.

The multiagent system by Forster et al. in [23] used a
centralized ground station for mapping, loop closure detec-
tion, and map merging. However, relying on a central agent
is highly prone to failures, especially when the central node
fails.

In [24], agents used a master-slave approach where the
slave is always in the master agent’s map to maintain a map
overlap.Theirmethod restricts the freemovement of the slave
agent.

Williams et al. in [25, 26] introduced a method to
construct a global map from a multiagent system using a
Constrained Local Submap Filter (CLSF). In their method,
overlaps between the local and global maps are determined
using aMaximalCommonSubgraph (MCS)method.Kin and
Newman in [27] use a visual similarity matrix to determine
relative agent locations. A subsequence of visually similar
images is detected from the images captured in each agent.
Cunningham et al. in [28, 29] formulate the distributed
SLAM problem using a graphical model. In their fully decen-
tralized system, each agentmaintained a consistent localmap,
augmented with information shared in a neighborhood of
agents. In [30], authors proposed a fully distributed solution
for the data association problem.

In the system proposed in [30], local feature matches
are propagated through the low-bandwidth communication
network. This method helps agents to find global correspon-
dences with other agents with no direct connections. Work
done in [18] discusses most informative features to transmit,
to reduce bandwidth requirements.

M

E
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EE

Figure 1: The network of nodes: the exploring nodes (𝐸) are
connected to a monitoring node (𝑀). Some exploring nodes are
connected with each other.

Our proposed framework performs distributed SLAM
with no knowledge of the initial agent locations. Further-
more, the agents do not get their location directly from
sensors like GPS. Instead, they estimate the location using a
visual SLAM process. Moreover, the framework does not rely
on a central agent, but rather a network of monitoring agents
that look for map overlaps of SLAM agents.

We used the experimental framework for distributed
SLAM we introduced in [31], during the development of this
framework.

3. Materials and Methods

3.1. Nodes of the Distributed Framework. Our distributed
SLAM framework consists of two types of nodes, the explor-
ing node and the monitoring node. Each node is deployed in
its own physical machine. At any given time, the framework
has at least one monitoring node and an arbitrary number
exploring nodes. Eachnode is identified using a global unique
identifier.

A connection between nodes is made when nodes are
required to communicate with each other over the network.
As shown in Figure 1, the exploring nodes are connected to a
monitoring node. Furthermore, two exploring nodes become
connected when their maps overlap with each other.

3.1.1. Exploring Node. Each exploring node performs a semi-
dense visual SLAM by using a camera as the only sensor,
based on the work by [16]. Our choice is based on the fact
that denser maps describe the environment in more detail,
compared to the sparse, feature-based maps. Denser maps
enable better interaction with the environment, especially in
AR applications. This also means exploring nodes that com-
municate more data, compared to feature-based methods.
Each exploring nodemaintains a set of key frames and a pose
graph to represent the map. It periodically sends out its map
information to the monitoring node, as well as to the other
exploring nodes to which it is connected. Furthermore, it
processes incoming commands from the monitoring node.

3.1.2. Monitoring Node. The monitoring node’s responsibil-
ities include map overlap detection between the exploring
nodes and loop closure detection in each exploring node.
It maintains a feature store in which all salient features are
stored. Features from all incoming key frames are matched
against the feature store to identify map overlaps and loop
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(1) procedure getUniqueID (key frame id, node id)
(2) id← ShiftLeft(node id, 20)
(3) id← id + keyframe id
(4) return id ⊳ A globally unique identifier
(5) end procedure

Algorithm 1: Unique identifier for a key frame.
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Figure 2: Pose graph with key frames and similarity transform
constraints.

closures. The monitoring node uses a graph, which will be
referred to as the fusion graph in this paper, to prioritize and
issue commands to merge overlapping maps.

In advanced configurations of our proposed distributed
framework, there could be multiple monitoring nodes. Ide-
ally, eachmonitoring node connects to overlapping exploring
nodes. In practice, monitoring nodes may move exploring
nodes among themselves dynamically to minimize the num-
ber of overlapping exploring node clusters. Map overlap
detection between two exploring nodes belonging to differ-
ent monitoring nodes is accomplished by sharing features
betweenmonitoring nodes. In this paper, our experiments are
limited to a single monitoring node configuration.

3.2. Map of the Environment by Exploring Node. As shown
in Figure 2, the exploring node maintains a map of the
environment using multiple key frames and a pose graph.

3.2.1. Key Frames. The 𝑖th key frame, K𝑖, consists of an
absolute pose 𝜉𝑊𝑖 ∈ R7, an image 𝐼𝑖, a map containing 𝑧 coor-
dinate reciprocals corresponding to nonnegligible intensity
gradient pixels 𝐷𝑖 (an inverse depth map), an inverse depth
variance map 𝑉𝑖, and a list of features 𝐹𝑖. The absolute pose is
encoded with a translation, along with orientation and scale
parameters using a quaternion. The elements of 𝜉𝑗𝑖 are the
three components of the translation and the four components
of the quaternion representing the rotation. The scale is
represented using themagnitude of the quaternion.WhenK𝑖
is first introduced into the pose graph, the features ofK𝑖 are

computed. In K𝑖, 𝑖 corresponds to a 32-bit globally unique
identifier computed using Algorithm 1. Figure 3 contains a
visual representation of two different key frames.

We used SURF [32] features and SIFT [33] descriptors in
our framework. Because we computed features only for the
key frames, the added computational cost that resulted did
not adversely affect the real-time performance.

3.2.2. Pose Graph. Pose graph edges 𝜀𝑗𝑖 contain similarity
transformations 𝜉𝑗𝑖 and Σ𝑗𝑖 constraints. Here 𝜉𝑗𝑖 ∈ R7

and Σ𝑗𝑖 are relative pose transformations and corresponding
covariance matrix between 𝑖th and 𝑗th the key frames,
respectively.

Both absolute pose 𝜉𝑊𝑖 and similarity transformation
𝜉𝑗𝑖 are encoded with a translation (three components) and
orientation with scale using a quaternion (four components).

3.2.3. Generating and Updating the Map. The SLAM process
simultaneously tracks the camera against the current key
frame K𝑖 and improves its 𝐷𝑖 and 𝑉𝑖 based on its new
observations. Once the camera deviates significantly from
the K𝑖, either a new key frame is created or, if available, an
existing key frame is selected from themap. Next, if a new key
frame is created, the previous key frame used for tracking is
inserted into the pose graph. The pose graph is continuously
optimized in the background. More information on the LSD-
SLAM process is found in [15].

3.2.4. Identifying Salient Features. To determine the saliency
of a feature, first the feature is filtered for its 𝑉𝑖(𝑋𝑝), where
𝑋𝑝 is the location feature found.The𝑝th feature inK𝑖 should
satisfy

𝑉𝑖 (𝑋𝑝) < 𝑇 × 𝐷𝑖 (𝑋𝑝)
2
, (1)

where 𝑇 is a threshold computed empirically. Only salient
features are kept as 𝐹𝑖. We experimented with different values
for 𝑇 to minimize the number of features exchanged, while
still achieving sufficient map overlap detection. We found
0.001 to be a good value with satisfactory results.

3.2.5. Sending Salient Features to Monitoring Node. For every
salient feature in 𝐹𝑖, the corresponding 3D location 𝑋𝑝 and
the descriptor𝑑𝑝 are computed. Next, the key frame identifier
𝑖, the salient features (𝑋𝑝, 𝑑𝑝)𝑖, and the pose 𝜉𝑊𝑖 are sent to the
monitoring node.

The communication process between the nodes is
explained in more detail in Section 3.6.2.
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Figure 3:We show thematched features between key framesK𝑖 andK𝑗 superimposed on the images 𝐼𝑖 and 𝐼𝑗 (a). We also show the pseudo-
color encoded𝐷𝑖 and𝐷𝑗 (b) and pseudo-color encoded 𝑉𝑖 and 𝑉𝑗 (c).

3.3. Map Overlap Detection in Monitoring Node. Exploring
nodes of our distributed framework do not know their
relative pose at the beginning. The monitoring node is
responsible for detecting map overlaps and computing cor-
responding relative pose between nodes.

3.3.1. Feature Store. Each entry in the feature store contains
a feature descriptor 𝑑𝑝, key frame identifier 𝑖, 3D feature
location𝑋𝑝, and key frame pose 𝜉𝑊𝑖. Every incoming feature
descriptor is matched against the entries in the feature store,
to identify common features between two key frames. We
used the FLANN [34] method for feature matching. We used
a search radius of 150, which was calculated empirically. We
divide each key frame into a grid of 16 equal sized cells. If
features are matched in at least 10 cells with another key
frame K𝑗, it is concluded that there is an overlap between
key frames K𝑖 and K𝑗. Our approach expects the indoor
environment to contain sufficient textured regions of overlap
to function properly. It fails if the overlapping region contains
only scenes like texture-less walls.

If overlapping key frames belong to the same exploring
node, it is considered that a loop closure is found. Otherwise,
matching information contributes to the fusion graph.

3.3.2. Fusion Graph. All available exploring nodes are repre-
sented as vertices in the fusion graph as shown in Figure 4.
Assume there is an overlap between key frames K𝑟 and K𝑠
andK𝑟 ∈ 𝑒K𝑖 andK𝑠 ∈ 𝑒K𝑗 , where 𝑒

K
𝑖 represent key frames in

𝑖th exploring node. Then, the fusion graph contains an edge
between 𝑒𝑖 and 𝑒𝑗.Thenumber of featuresmatched between 𝑒𝑖
and 𝑒𝑗 is represented using 𝑐𝑖𝑗 as shown in Figure 4. Note that
the edge between 𝑒𝑖 and 𝑒𝑗 could represent matching features
between many different key frame pairs. If the direction of

ei

ej

el

ek

em

cij

cjk

ckl
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cim

Figure 4: The fusion graph showing exploring nodes (𝑒𝑖) and the
number of matching features (𝑐𝑖𝑗) as the weight of each edge. In
this example, 𝑐𝑗𝑘 is higher than other edges (indicated by the thicker
edge), so 𝑒𝑗 and 𝑒𝑘 are merged first. Furthermore, the map merging
process is initialized by sending 𝑒𝑗’smap to 𝑒𝑘 following the direction
of the edge.

the edge is 𝑒𝑗 → 𝑒𝑘, map merging process is initialized from
𝑒𝑗. As shown in Figure 5, first 𝑒𝑗 sends the map to 𝑒𝑘. Then,
𝑒𝑘 merges the map and sends its original map to 𝑒𝑗. 𝑒𝑗 merges
the received map and notifies the monitoring node about the
completion of map merging process. Assume that the fusion
graph edge having the largest 𝑐𝑖𝑗 satisfies

max (𝑐𝑖𝑗) > 𝑚, (2)

where𝑚 is an empirical threshold.Then themonitoring node
concludes that a map overlap exists between exploring nodes
𝑒𝑖 and 𝑒𝑗. Empirically, 120 shared features are found to be a
good value for 𝑚. Next, the rigid transformation between 𝑒𝑖
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Monitoring node

Send merge command

Receive acknowledgement

Send map

Merge map Send map

Merge map

Exploring node ej Exploring node ek

Figure 5: The map merging process of the fusion graph edge 𝑒𝑗 → 𝑒𝑘.

and 𝑒𝑗, 𝜉𝑗𝑖, is computed using a Singular Value Decomposi-
tion (SVD) based on the least squares method [35]. Similar
to the absolute pose representation 𝜉𝑗𝑖 is encoded using 3
components of translation and 4 components of quaternion.
The scale is initially assumed to be 1 and a proper value is
estimated later, during the map merging followed by pose
graph optimization in each exploring node.𝑋𝑝 of all relevant
features between 𝑒𝑖 and 𝑒𝑗 are used for the computation. The
RANSAC algorithm [9] is used to make the computation
robust to outliers. Figure 3 shows a set of matched features
between two key frames,K𝑖 andK𝑗.

3.3.3. Issuing Commands to Exploring Nodes. A map merge
command is issued to exploring nodes 𝑒𝑖 and 𝑒𝑗. The com-
mand contains the relative pose 𝜓𝑗𝑖 between two nodes. The
command also contains the key frame correspondences used
to compute the relative pose between 𝑒𝑖 and 𝑒𝑗. Similarly, a
loop closure command is issued to an exploring node 𝑒𝑠, when
both overlapping key frames K𝑖 and K𝑗 belong to 𝑒𝑠. The
command contains the relative pose 𝜉𝑗𝑖 between key frames,
which is also computed using the same least squares method
[35].

The communication process is explained in more detail
in Section 3.6.2.

3.4. Merging Maps of Two Exploring Nodes. First, as shown
in Figure 1, a connection is created between two exploring
nodes. Once the connection is made, each exploring node
sends its map to its counterpart. Once the map is received,
the key frame correspondences found in the map merge
are directly transformed into new constraints between pose
graphs of 𝑒𝑖 and 𝑒𝑗. The similarity transformation of the
constraint is computed using key frame pose 𝜉𝑊𝑘 and relative
pose 𝜉𝑗𝑖 between exploring nodes.

Figure 6 shows how 𝑒𝑖 and 𝑒𝑗 were generating their own
maps before merging. Figure 7 shows the resulting merged
map for 𝑒𝑖. Once map merging is complete, each exploring
node listens to its counterpart for new key frames and the
pose graph, to incrementally update its map.

3.5. LoopClosure. Inmost instances, completing smaller loop
closures increases the robustness of tracking. Completing
large loop closures, however, has more impact in generating
an accurate map. Direct semidense SLAM operations alone
do not support large loop closures.

Upon receiving a loop closure command with 𝜉𝑗𝑖, the
exploring node checks whether K𝑖 and K𝑗 are consecutive

Figure 6: Map generation process of two exploring nodes. Each
exploring node has its own coordinate system. Relative transforma-
tions between coordinate systems are initially not known.

Figure 7: Resultant map of an exploration node after the map
merging process. The exploring node’s map and key frames are
shown in green and yellow, respectively. The map and key frames
received from the other node are shown in pink and blue, respec-
tively. Constraints of the pose graph are not shown here to avoid too
much clutter in the figure.

key frames in the pose graph. If that is the case, we discard the
loop closure command since K𝑗 was constructed using K𝑖
and already has a better estimate for the edge 𝜀𝑗𝑖. Otherwise,
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Figure 8: The distributed framework. In the figure, the arrows looping back to the exploring node rectangle represent communication
between two exploring nodes.

it inserts the new edge and completes the loop closure process
by performing another iteration of pose graph optimization.

3.6. System Implementation. We use the Robot Operating
System (ROS) infrastructure to implement the distributed
SLAM framework described in this paper [36]. A ROS node
is responsible for performing computations. ROS also pro-
vides a message passing communication framework between
nodes. Nodes in our framework are implemented as ROS
nodes.

In its communication framework, ROS provides named
communication buses called topics. Multiple nodes can pub-
lish messages to a topic while multiple subscribed nodes
could receive them. ROS nodes can communicate with each
other peer-to-peer via topics. In our framework, communi-
cation channels are implemented using ROS topics.

3.6.1. Components of the Distributed Framework. Figure 8
shows components of the distributed framework and the
communications between nodes.The exploring node consists
of five main modules: input stream, tracking, mapping,
constraint search, and optimization modules. Each of these
modules runs in its own thread and it contains the map.

The input stream module accepts all incoming messages
including image frames, key frames, pose graph, map, and
commands. All image frames are transferred to the tracking
module. Key frames, pose graph, and map are transferred to
the optimization module so that they can be merged into
the map before an optimization iteration. Commands are
processed in the input stream module itself.

The tracking module accepts the new frame from input
stream module and tracks it against the current key frame.
If the current key frame can no longer be used to track
the current frame, a new key frame is created. The old key
frame will be added to the map by the mapping module. The
constraint search module is used to recover from tracking
failures.The optimizationmodule continuously optimizes the
pose graph in the background.

The monitoring node maintains the feature store and the
fusion graph as explained in Section 3.3.

3.6.2. Communication betweenNodes. Thedistributed frame-
work provides multiple communication channels for nodes.
These communication channels are shown as arrows in
Figure 8.

Upon creating new key frames, exploring nodes send
salient features and the absolute pose of the key frame
through the features channel. The monitoring node receives
them and processes them to issue commands through the
commands channel. The command could be either a merge
command or a loop closure command.

When an exploring node receive a merge command, it
creates multiple channels with the other exploring node. The
map channel is used to exchange a map between each other.
This channel ceases to exist once the map is transferred. And
key frames and pose graph channels are created between these
nodes.

For every new key frame, its information is written into
the key frames channel. After every pose graph optimization,
the pose graph information iswritten into pose graph channel.
All exploring nodes that are using these channels incremen-
tally update their maps after merging.

4. System Evaluation and Discussion

4.1. Public Datasets. To evaluate our framework, we need a
monocular visual SLAM dataset, with multiple trajectories
covering a single scene. We considered publicly available
datasets, but they did not satisfy our requirements. For
example, the dataset EuRoC [37] contains pure rotations,
which did not work well with themonocular SLAMapproach
we used.The dataset Kitti [38] is mainly a stereo dataset. Even
when we considered a single camera, the direct monocular
SLAM process failed since the camera motion is along the
optical axis. The TUM-Mono [39] dataset does not provide
the ground truth for all frames and is primarily suitable for
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Table 1: DIST-Mono dataset.

Dataset Path Initial camera rotation Total travel (mm)
S01-A-0 Path A 0∘ 3706
S01-A-P20 Path A 20∘ CW 3706
S01-B-0 Path B 0∘ 3706
S01-B-N20 Path B 20∘ CCW 3706
S01-C-0 Path C 0∘ 3080

CNC machine Camera

Figure 9: Experimental setup showing a cameramounted on aCNC
machine allowing us to capture ground truth information. Camera
mounted on a CNC machine.

evaluating single agent SLAM.That said,we created theDIST-
Mono dataset to evaluate our framework. We also made it
publicly available (http://slam.cs.iupui.edu).

4.2. Experimental Setup. Our experimental setup is designed
to precisely define the ground truth of a camera motion. As
shown in Figure 9wemounted a PointGrey FireflyMVglobal
shutter camera onto a Computer Numeric Controller (CNC)
machine. We also prepared a 1m × 1.5m scene containing
wooden objects. We then moved the camera along a path for
about four minutes each time, while capturing its location
ground truth periodically.

Our in-house built, 3-axis CNC machine is controlled
using an open-source controller called TinyG.The controller
converts the provided trajectory from the gcode file format
into linear synchronized movements along 𝑥, 𝑦, and 𝑧 axes.
The maximum travel volume of the machine is 1m × 1m
× 0.3m (𝑥 × 𝑦 × 𝑧). We also prepared a 1m × 1.5m scene
containing wooden objects. The scene is uniformly lit by two
4-feet long LED tube lights.

To collect datasets, we moved the camera at a speed of
25mm/s, along a path for about four minutes each time,
while capturing its location ground truth periodically. We
captured 640 × 480 resolution camera frames at 60Hz
and ground truth at 40Hz. The CNC machine has 0.2mm
accuracy in all three axes. We developed an open-source
ROS node (http://github.com/japzi/rostinyg) to capture the
ground truth from the TinyG CNC controller.

During experimentation we played back the datasets at
twice the speed it was recorded (2x), effectively making the
camera movement to be 50mm/s.

4.3. The DIST-Mono Dataset. The dataset consists of five
subdatasets. We defined three camera motion paths: Path
A, Path B, and Path C. All of these paths are on a plane

Table 2: Experiments and their absolute translation RMSE against
ground truth.

Experiment Datasets RMSE (m)
Experiment 1 S01-A-0, S01-B-0 0.0136
Experiment 2 S01-A-0, S01-B-N20 0.0192
Experiment 3 S01-B-0, S01-C-0 0.0097
Experiment 4 S01-A-0, S01-C-0 0.0121

slanted above the scene as shown in Figure 10(a). These
paths have roughly 10% overlap with each other and three
different starting points per path. We generated two datasets
using Path A by rotating the camera around its 𝑧-axis. In
S01-A-0, the camera optical axis and scene 𝑌 axis are on a
vertical plane. In S01-A-P20, we rotated the camera around its
𝑦-axis by 20∘. This is illustrated in Figure 10(b). Similarly, we
created datasets S01-B-0, S01-B-N20, and S01-C-0 as shown in
Table 1.

4.4. System Evaluation. As an experiment, we deployed two
exploring nodes and one monitoring node in three different
machines. One exploring node processed the dataset SCENE-
A-0 and the other the dataset SCENE-B-N20. After map
merging, each exploring node exported its key frame poses
in TUM dataset [40] pose format. Most importantly, these
poses contain key frames from both exploring nodes. We
then computed the absolute translation RMSE [40] against
the ground truth. To support the nondeterministic nature of
the distributed framework, we ran the experiment five times
and the median result is recorded. Similarly we performed
twomore experiments with other combinations of datasets as
shown in Table 2. Given the fact that monocular visual SLAM
systems do not capture the scale, we manually calculated that
in all experiments to minimize the RMSE error.

Figure 11 shows how estimated key frame positions are
compared against ground truth in experiment 3. The red
circles in the figure display the estimated key frame position,
whereas the black circles display the ground truth of said
key frame position. Red lines show the difference between
the estimated and the ground truth positions of the key
frame.

4.5. AR Application: Adding and Viewing Virtual Objects.
We developed an AR application to test our framework.
We added an AR window to each exploring node. The AR
window allows users to add virtual objects (simple cube in
our example) into its map. This allows us to demonstrate

http://slam.cs.iupui.edu
http://github.com/japzi/rostinyg
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(a) Motion paths are in a plane slanted above the scene

S01-A-P20 S01-A-0

(b) 20∘ clockwise rotation

Figure 10: Camera motion and its initial rotation for datasets.
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Figure 11: Key frame position estimation against ground truth.

the collaborative AR potential of the distributed SLAM
framework, in which (i) each agent is able to view the
augmented scene from its viewpoint and (ii) if it is in an
unexplored part of the scene, generate its own local map and
contribute it to the global map.

We also added a relevant channel to share the virtual
object information between exploring nodes. Given that
the relative transformation between nodes is known for
connected exploring nodes, these cubes are placed correctly
in the map. Figure 12 shows AR windows of two exploring
nodes and two interactively added cubes.

4.6. Discussion. Our framework relies on image features for
map overlap detection. As explained in Section 3.2.5, features
(𝑋𝑝, 𝑑𝑝)𝑖 and the pose 𝜉𝑊𝑖 of each K𝑖 are processed by
monitoring nodes for this purpose. In addition to the current
semidense monocular SLAMmethod, many key frame based
SLAM methods using stereo or RGBD sensors could easily
be adapted into exploring nodes, given the fact that those
methods can produce required data with minimal effort.
However, other sensors, such as LiDAR, do not provide the
data appearance based features required in monitoring node.

Therefore, they require a major change in the monitoring
node to function properly.

5. Conclusions

We introduced a distributed monocular SLAM framework
that identifies map overlaps based on an appearance based
method. Most importantly the framework computes rela-
tive transformations of local maps of SLAM nodes, even
when their relative starting positions are unknown. We
demonstrated empirically that the distributed framework we
developed successfully generated the map using multiple
agents and localized them in the environment with little
amount of error. We achieved a pose location RMSE between
0.0097m and 0.0136m for experiments that were conducted
in a 1m × 1.5m scene. Each node traveled about 4m on
average. We developed an empirical set up that generated
the data set with associated ground truth to be used for
extensive evaluation and validation of the distributed SLAM
method. This data set has been made publicly available for
other researchers to use. We also developed an augmented
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Figure 12: Same set of virtual objects is viewed from two different exploring nodes.

reality application to showcase how two nodes can use our
framework to interact with the shared global map.

Our next steps would be to improve exploring node’s
SLAM process by incorporating features in pose graph
optimization. That would help greatly in supporting public
datasets as well. Furthermore, we will evaluate ORB descrip-
tors instead of SIFT descriptors to improve performance and
reduce the network bandwidth usage.
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According to the asynchronous transmission of data for the SINS/WSN integrated positioning system, this paper proposes a novel
asynchronous data fusion method using Unscented Kalman Filter for SINS/WSN integrated positioning system based on indoor
mobile target. The state equation of the integrated system is built with the motion characteristic of mobile target. The pseudo
measurement equation is built based on the time sequence of SINS/WSN measured value through detecting the measurement
of WSN in every fusion period. Considering that the improved state-space model, comprised of the state equation and pseudo
measurement equation, is the nonlinear equations, the Unscented Kalman Filter is applied to estimate the state value of the state-
spacemodel.Hence the asynchronous data fusionmethod for SINS/WSN integrated positioning system can be achieved. Simulation
results and experimental tests show that the positioning system with proposed asynchronous data fusion algorithm performs
feasibility and stability under circumstances of the asynchronous time, and it is superior to the traditional asynchronous data
fusion and synchronous data fusion methods.

1. Introduction

Indoor localization of mobile target is playing an increasingly
important role on home intelligence, factory controllability,
and shopping malls automation [1]. Indoor positioning
technology is a critical part in the location based services for
indoor mobile target. High-precision positioning system can
improve the automation and intelligence of mobile targets
[2]. Strap-down Inertial Navigation System (SINS), entirely
self-contained within the mobile target, neither sends signal
to external nor depends on external signal [3]. The SINS
can continuously supply the overall motion parameters and
the short-term high performance for indoor positioning;
however the SINS are known for their drift with time [4]. In
order to achieve long-term stability, other technologies will
be used to support the SINS. It is well known that the Global
Positioning System (GPS) can supply the high-precision
position and velocity of the mobile target [5]. According
to the cumulative error of SINS, the GPS can be applied to

correct the SINS; then the integrated positioning system will
be established based on SINS and GPS [6]. However, the
signal of GPS is obstructed by the building; a non-GPS local-
ization system need be aided by the SINS for indoor mobile
target.

AWireless Sensor Network (WSN) has enormous poten-
tial for the short-range indoor localization with intelligent
and distributed network [7]. WSN is composed of some
mobile nodes and a large number of anchor nodes through
the self-organization and multihop methods [8]. In order
to achieve continuous indoor positioning, some scholars
put forward the INS/WSN integrated positioning system
[9]. Hur and Ahn [10] propose a localization technique
for mobile target using INS/WSN based on an intelligent
filter with low complexity. Chen et al. [11] propose an
INS/WSN integration system of mobile target with adaptive
extended Kalman Filter.Because the WSN and SINS are
two separate (self-contained) subsystems, the data alignment
discrepancies between SINS and WSN would appear with
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the clock difference and data transmission latency. The time
synchronization betweenWSNand SINS becomes amatter of
great public interest before the integrated positioning system
is implemented [12]. The data alignment discrepancies could
lead the suboptimal fusion algorithm and low-precision
for the integrated system. This is due to the reason that
the majority of the data fusion theories need to work in
ideal condition without system time bias. However, the
actual positioning system with multisensor cannot meet
the condition of synchronous data fusion model [13]. In
order to research this problem, Hu et al. [14] propose a
batch asynchronous data fusion algorithm which can strictly
synchronize asynchronousmeasurement in the time domain.
Skog and Handel [15] and Yang and Shim [16] analyze the
effects of time synchronization errors in a GPS-aided INS
integrated positioning system and proposed a software-based
time synchronization method using a data integration filter.
Gao [17] proposes an asynchronous data fusion algorithm to
solve problems about asynchronous fusion of multisensors
and achieved good results for the SINS/GPS/CNS integrated
navigation system. However, the data type of GPS is dif-
ferent from the WSN. The time synchronization method of
GPS/INS integrated positioning system cannot be applied to
the WSN/SINS positioning system. At the present, the pro-
posed fusion method iteratively calculates the state equation
for whole asynchronous data in every update period, which is
described as the traditional asynchronous fusion algorithm.
Furthermore, the traditional asynchronous fusion algorithms
require large calculation burden and cost a lot of time, which
may cause large position error occurring in a high-dynamic
system.

Given all that, nowadays the research for time syn-
chronization algorithms of integrated positioning system is
mainly used for the GPS/INS. The traditional asynchronous
data fusion algorithms have some adverse conditions which
are the large calculation burden, being time-consuming, and
large position error for high-dynamic system. To solve these
problems, this paper proposed an asynchronous data fusion
algorithm with Unscented Kalman Filter (UKF) to apply the
SINS/WSN integrated positioning system.The state equation
of state-space model is built with the motion characteristic of
mobile target.Themeasurement equations of two subsystems
are established based on the measurements of SINS and
WSN, respectively. The time duration which is comprised
of some sample periods of SINS is used for time unit of
the fusion center. If the measurement of WSN existed in a
time unit, the pseudo measurement equation of SINS/WSN
will be built based on the asynchronous data fusion method.
On the contrary, the measurement equation of pure SINS
will be used. Hence the state-space model for asynchronous
data fusion method is established. Owing to the nonlinear
improved state-space model, the UKF is applied to estimate
the state value.Then the novel asynchronous fusionwithUKF
for SINS/WSN integrated positioning system is achieved.

The rest of the paper is organized as follows. The pro-
posed state-space model established with asynchronous data
fusion theory is presented in Section 2. Section 3 describes
Unscented Kalman Filter algorithm, while Section 4 eval-
uates the asynchronous data fusion method for SINS/WSN

integrated positioning system in simulation. In Section 5, we
examine the performance of the proposed method. Finally,
Section 6 concludes the paper.

2. State-Space Model for Positioning System

This section describes the process of establishment for the
state-space model. This model is built with state equation
and pseudo measurement equation of SINS/WSN integrated
positioning system through the asynchronous data fusion
method.

2.1. State Equation. The state vector of integrated system can
be expressed as x = [p𝑛 𝜑 v𝑛 a𝑏]𝑇 .p𝑛 and v𝑛 are the
position and velocity of mobile target in the navigation frame
(𝑛-frame), respectively.𝜑 is the triaxis attitude angle ofmobile
target and a𝑏 is the acceleration of mobile target in the body
frame (𝑏-frame).

According to the movement characteristics of mobile
target, the motion equations are illustrated as follows:

p𝑛𝑘 = p𝑛𝑘−1 + v𝑛𝑘𝑇 + C𝑛𝑏a
𝑏
𝑘𝑇22 ,

v𝑛𝑘 = v𝑛𝑘−1 + C𝑛𝑏a
𝑏
𝑘𝑇,

(1)

where C𝑛𝑏 is the 𝑏-𝑛-frame transformation matrix. 𝑇 is the
sample time of system. Then the state equation of mobile
target is shown as

x𝑘 = f (x𝑘−1) + G𝑘W𝑘, (2)

where W𝑘 represents system noise vector, W𝑘 = [𝜀𝑏 ∇𝑏]𝑇.
𝜀𝑏 and ∇𝑏 are gyros drift and accelerometer bias, respectively.
f(⋅) represents the 𝑛-dimension nonlinear vector function.G𝑘
is the model input matrix of system.

G𝑘 = [[
[

03×3 I3×3𝑇 03×3 03×3
I3×3𝑇22 03×3 I3×3𝑇 I3×3

]]
]

𝑇

. (3)

2.2. Measurement Equations of SINS and WSN. The mea-
surement vector of SINS can be expressed as zSINS =
[p𝑛SINS v𝑛SINS]𝑇, where p𝑛SINS and v𝑛SINS are the position and
velocity of SINS. The measurement equation of SINS can be
expressed in a generic form as

z𝑘,SINS = H𝑘,SINSx𝑘 + 𝜐𝑘,SINS, (4)

where 𝜐𝑘,SINS, the Gaussian process noise, is themeasurement
noise of SINS as 𝜐SINS = [𝜐𝑝,SINS 𝜐V,𝑆INS]𝑇. The measurement
transformation matrixH𝑘,SINS is denoted as

H𝑘,SINS = [I3×3 03×3 03×3 03×3
03×3 03×3 I3×3 03×3

] . (5)
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The measurement vector of WSN can be defined as
zWSN = (p𝑛WSN)𝑇, where p𝑛WSN is the position of WSN. Then
the measurement equation of WSN can be expressed as

z𝑘,WSN = H𝑘,WSNx𝑘 + 𝜐𝑘,WSN, (6)
where 𝜐𝑘,WSN, theGaussian process noise, is themeasurement
noise of WSN as 𝜐𝑘,WSN = (𝜐𝑝,WSN)𝑇. The measurement
transformation matrix H𝑘,WSN is denoted as H𝑘,WSN =[I3×3 03×3].
2.3. Description for Asynchronous Sensing. According to the
systematic characteristics of SINS and WSN, the SINS and
WSN measure the motion information of mobile target
independently. The sample time of SINS and WSN can be
denoted by 𝑇SINS and 𝑇WSN, and 𝑇WSN > 10𝑇SINS. We can
define 𝑁𝑘 as the number of measurements for all sensors at
the interval (𝑡𝑘−1, 𝑡𝑘]. Then note that one or more measured
values might be supplied by a sensor, or none of measured
values might be supplied by this sensor. 𝑛SINS𝑘 and 𝑛WSN

𝑘 are
the number of measurements from SINS and WSN at (𝑡𝑘−1,𝑡𝑘], respectively. So the relationship is given by

𝑁𝑘 = 𝑛SINS𝑘 + 𝑛WSN
𝑘 . (7)

𝜆𝑖𝑘 is the time interval between 𝑡𝑘 and the moment for𝑖th measurement of SINS (𝑖 = 1, 2, . . . , 𝑛SINS𝑘 ). 𝛽𝑖𝑘 is the time
interval between 𝑡𝑘 and the moment for ith measurement of
WSN (𝑖 = 1, 2, . . . , 𝑛WSN

𝑘 ). According to the time stamps of
data, all measurements are sorted with the order of measured
time in fusion center, after all measurements have reached the
fusion center at (𝑡𝑘−1, 𝑡𝑘]. Because the update frequency of
SINS is considerably greater than that of WSN, it may lead to
nonmeasurement of WSN in some fusion periods when the
fusion period is smaller than the sampling period of WSN.
Considering the high accuracy clock frequency of SINS, the
time range with a fixed number of sampling periods of SINS
is set as the data fusion period. Figure 1 displays the timeline
of measured value.

According to (4) and (6), the measured expressions of
SINS and WSN can be obtained at (𝑡𝑘−1, 𝑡𝑘] as

zSINS𝑘−𝜆𝑖
𝑘

= HSINS
𝑘−𝜆𝑖
𝑘

x𝑘−𝜆𝑖
𝑘
+ 𝜐SINS𝑘−𝜆𝑖

𝑘

, 𝑖 = 1, 2, . . . , 𝑛SINS𝑘 ,
zWSN
𝑘−𝛽𝑖
𝑘

= HWSN
𝑘−𝛽𝑖
𝑘

x𝑘−𝛽𝑖
𝑘
+ 𝜐WSN
𝑘−𝛽𝑖
𝑘

, 𝑖 = 1, 2, . . . , 𝑛WSN
𝑘 , (8)

where HSINS
𝑘−𝜆𝑖
𝑘

and HWSN
𝑘−𝛽𝑖
𝑘

are the measurement matrixes of
SINS and WSN, respectively, which apply ith measured
value. 𝜐SINS

𝑘−𝜆𝑖
𝑘

and 𝜐WSN
𝑘−𝛽𝑖
𝑘

are the zero-mean Gaussian white
noise vector. Their covariance matrixes are RSINS

𝑘−𝜆𝑖
𝑘

and RWSN
𝑘−𝛽𝑖
𝑘

,
respectively. We can define z𝑙 = {z𝑙−𝜆𝑖

𝑙
}𝑁𝑙
𝑖=1

and Z𝑘 =
{z𝑙}𝑘𝑙=1. The state estimation value (denoted as x̂𝑘−1|𝑘−1 =𝐸∗[x𝑘−1|z𝑘−1]) and covariance matrix of estimation error
(denoted as P𝑘−1|𝑘−1 = cov[x̂𝑘−1|𝑘−1|z𝑘−1]) last time have been
obtained in fusion center at the moment of 𝑡𝑘−1. Then the
asynchronous fusion method can be described simply as fol-
lows: the expressions (denoted as x̂𝑘|𝑘 = 𝐸∗[x𝑘|z𝑘] and P𝑘|𝑘 =
cov[x̂𝑘|𝑘|z𝑘−1]) would be calculated after a new measure-
ment z𝑘 is obtained in fusion center at the moment of 𝑡𝑘.

2.4. Pseudo Measurement Equation of Integrated System.
According to data transmission characteristics of SINS/WSN,
the pseudo measurement equation of asynchronous state-
space model can be divided into two kinds of fusion types.
When the measurements of SINS existed only in one update
period, the state equation used by SINS is updated with SINS
data, instead of asynchronous fusion state equation updating.
Otherwise the pseudo measurement equation would be built
with SINS and WSN, and then the asynchronous fusion
algorithm will be calculated.

(a) If there has been nomeasurement ofWSN at (𝑡𝑘−1, 𝑡𝑘],
the discussion is illustrated as follows: if there has been no
measurement of WSN at (𝑡𝑘−1, 𝑡𝑘], the data fusion center will
implement the pure SINS update in the fusion center. The
state equation andmeasurement equation of SINS in a sample
time (denoted as (𝑡𝑘−𝜆𝑖−1

𝑘
, 𝑡𝑘−𝜆𝑖

𝑘
]) can be obtained as

x𝑘−𝜆𝑖
𝑘
= f (x𝑘−𝜆𝑖−1

𝑘
) + G𝑘−𝜆𝑖−1

𝑘
W𝑘−𝜆𝑖−1

𝑘
,

zSINS𝑘−𝜆𝑖
𝑘

= HSINS
𝑘−𝜆𝑖
𝑘

x𝑘−𝜆𝑖
𝑘
+ 𝜐SINS𝑘−𝜆𝑖

𝑘

. (9)

Every SINS measured value would be used to update the
state-space equation at (𝑡𝑘−1, 𝑡𝑘], so the fusion algorithm of
positioning system in whole fusion period can be obtained.

(b) If there have been some measurements of WSN at(𝑡𝑘−1, 𝑡𝑘], the discussion is illustrated as follows: according to
(2), at the moment of 𝑡𝑘−𝜆𝑖

𝑘
, the state vector is expressed as

x𝑘 = f (x𝑘−𝜆𝑖−1
𝑘
) + G𝑘−𝜆𝑖

𝑘
W𝑘−𝜆𝑖

𝑘
. (10)

From (10), then x𝑘−𝜆𝑖
𝑘
is

x𝑘−𝜆𝑖
𝑘
= f−1 (x𝑘 − G𝑘−𝜆𝑖

𝑘
W𝑘−𝜆𝑖

𝑘
) . (11)

Put it into (8) and themeasurement vector of SINS can be
obtained as

zSINS𝑘−𝜆𝑖
𝑘

= HSINS
𝑘−𝜆𝑖
𝑘

f−1 (x𝑘 − G𝑘−𝜆𝑖
𝑘
W𝑘−𝜆𝑖

𝑘
) + 𝜐SINS𝑘−𝜆𝑖

𝑘

. (12)

According to Taylor’s formula, (12) can be further devel-
oped as

zSINS𝑘−𝜆𝑖
𝑘

= HSINS
𝑘−𝜆𝑖
𝑘

f−1 (−G𝑘−𝜆𝑖
𝑘
W𝑘−𝜆𝑖

𝑘
) x𝑘

+HSINS
𝑘−𝜆𝑖
𝑘

f−1 (−G𝑘−𝜆𝑖
𝑘
W𝑘−𝜆𝑖

𝑘
) + 𝜐SINS𝑘−𝜆𝑖

𝑘

. (13)

So we can define

h
𝑖

SINS (x𝑘) = HSINS
𝑘−𝜆𝑖
𝑘

f−1 (−G𝑘−𝜆𝑖
𝑘
W𝑘−𝜆𝑖

𝑘
) x𝑘,

𝜂𝑖𝑘,SINS = HSINS
𝑘−𝜆𝑖
𝑘

f−1 (−G𝑘−𝜆𝑖
𝑘
W𝑘−𝜆𝑖

𝑘
) + 𝜐SINS𝑘−𝜆𝑖

𝑘

,
z𝑖𝑘,SINS = z𝑆INS𝑘−𝜆𝑖

𝑘

.
(14)

Then (13) is

z𝑖𝑘,SINS = h
𝑖

SINS (x𝑘) + 𝜂𝑖𝑘,SINS. (15)

Similarly, the measurement vector of WSN can be
obtained as

z𝑖𝑘,WSN = h
𝑖

WSN (x𝑘) + 𝜂𝑖𝑘,WSN. (16)
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Figure 1: The schematic for the timeline of measured value.

According to the order of measured value from WSN
and SINS, the parameters of pseudo measurement equation
are defined as

z𝑘 = [(z1𝑘,SINS)𝑇 , . . . , (z1𝑘,WSN)𝑇 , . . . , (z𝑛𝑘,WSN
𝑘,WSN)𝑇 , . . . , (z𝑛𝑘,SINS𝑘,SINS)𝑇]𝑇,

h (x𝑘) = [(h1SINS)𝑇 , . . . , (h1WSN)𝑇 , . . . , (h𝑛𝑘,WSN
WSN )𝑇 , . . . , (h𝑛𝑘,SINSSINS )𝑇]𝑇,

𝜂𝑘 = [(𝜂1𝑘,SINS)𝑇 , . . . , (𝜂1𝑘,WSN)𝑇 , . . . , (𝜂𝑛𝑘,WSN
𝑘,WSN)𝑇 , . . . , (𝜂𝑛𝑘,SINS𝑘,SINS)𝑇]𝑇.

(17)

So the pseudo measurement equation can be obtained as

z𝑘 = h (x𝑘) + 𝜂𝑘. (18)

Then the state-space model of asynchronous data fusion
algorithm for the integrated positioning system can be
achieved.

3. Unscented Kalman Filter for
Positioning System

The state-space model based on SINS/WSN integrated posi-
tioning systemwhich is reflected in (3) and (18) is a nonlinear
model, so the Unscented Kalman Filter (UKF) would be
applied to estimate the state vector [18]. We define the
following: the initial state x0 is independent from all noise.
Initialized state vector and the state covariance matrix are𝐸(x0) = x̂0 and cov(x0) = P0.

3.1. Time Update. With the given x̂𝑘−1 and P𝑘−1, the one-
step prediction x̂𝑘|𝑘−1 and P𝑘|𝑘−1will be gotten through the
Unscented Transformation (UT) as follows.

(a) Sigma Points Calculation

𝜉(0)𝑘−1 = x̂𝑘−1,

𝜉(𝑖)𝑘−1 = x̂𝑘−1 + (√(𝑛 + 𝜆)P𝑘−1)
𝑖
, 𝑖 = 1, . . . , 𝑛,

𝜉(𝑖)𝑘−1 = x̂𝑘−1 − (√(𝑛 + 𝜆)P𝑘−1)
𝑖
, 𝑖 = 𝑛 + 1, . . . , 2𝑛,

(19)

where 𝜆 = 𝛼2(𝑛 + 𝜅) − 𝑛; the coefficient 𝛼 determines the
diffused degree of the sigma points; here 𝛼 = 0.01 and 𝜅 = 0.(√(𝑛 + 𝜆)P𝑘−1)𝑖 expresses the elements of matrix square root
in the ith row. n is the number of dimensions for vector x𝑘.
From (3), we can get 𝑛 = 12.
(b) Sigma Points Transformation through the State Equation

𝜉(𝑖)𝑘 = 𝑓𝑘−1 (𝜉(𝑖)𝑘−1) , 𝑖 = 0, 1, . . . , 2𝑛,
x̂𝑘|𝑘−1 =

2𝑛∑
𝑖=0

𝜔(𝑚)𝑖 𝜉(𝑖)𝑘 ,

P𝑘|𝑘−1=
2𝑛∑
𝑖=0

𝜔(𝑐)𝑖 (𝜉(𝑖)𝑘 − x̂𝑘|𝑘−1) (𝜉(𝑖)𝑘 − x̂𝑘|𝑘−1)𝑇 +Q𝑘−1,
(20)

where

𝜔(𝑚)0 = 𝜆𝑛 + 𝜆 ,
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𝜔(𝑐)0 = 𝜆𝑛 + 𝜆 + (1 − 𝛼2 + 𝛽) ,
𝜔(𝑚)𝑖 = 𝜔(𝑐)𝑖 = 12 (𝑛 + 𝜆) .

(21)

𝜔(𝑚)𝑖 is the weight coefficient for themean associated with
the ith point and 𝜔(𝑐)𝑖 is the weight coefficient for the cova-
riance associated with the ith point. The tuning parameter is𝛽 = 2.
3.2. Measurement Update. x̂𝑘|𝑘−1 and P𝑘|𝑘−1 of sigma points
from the measurement equation are calculated with the
Unscented Transformation.

(a) Sigma Points Calculation

𝜉(0)𝑘 = x̂𝑘|𝑘−1,
𝜉(𝑖)𝑘 = x̂𝑘|𝑘−1 + (√(𝑛 + 𝜆)P𝑘|𝑘−1)

𝑖
, 𝑖 = 1, . . . , 𝑛,

𝜉(𝑖)𝑘 = x̂𝑘|𝑘−1 − (√(𝑛 + 𝜆)P𝑘|𝑘−1)
𝑖
,

𝑖 = 𝑛 + 1, . . . , 2𝑛.

(22)

(b) One-Step Prediction for Measured Vector

𝜉(𝑖)𝑘 = h (𝜉(𝑖)𝑘−1) , 𝑖 = 0, 1, . . . , 2𝑛,
ẑ𝑘|𝑘−1 =

2𝑛∑
𝑖=0

𝜔(𝑚)𝑖 𝜉(𝑖)𝑘 ,

P�̃�𝑘=
2𝑛∑
𝑖=0

𝜔(𝑐)𝑖 (𝜉(𝑖)𝑘 − ẑ𝑘|𝑘−1) (𝜉(𝑖)𝑘 − ẑ𝑘|𝑘−1)𝑇 + R𝑘,

P𝑥𝑘�̃�𝑘=
2𝑛∑
𝑖=0

𝜔(𝑐)𝑖 (𝜉(𝑖)𝑘 − x̂𝑘|𝑘−1) (𝜉(𝑖)𝑘 − ẑ𝑘|𝑘−1)𝑇 .

(23)

3.3. Performing Update. According to the new measurement
z𝑘, the filter of the system is updated, and then the state
estimates can be obtained:

x̂𝑘 = x̂𝑘|𝑘−1 + K𝑘 (z𝑘 − ẑ𝑘|𝑘−1) ,
K𝑘 = P𝑥𝑘�̃�𝑘P

−1
�̃�𝑘
,

P𝑘 = P𝑘|𝑘−1 − K𝑘P
−1
�̃�𝑘
K−1𝑘 ,

(24)

where K𝑘 is the gain matrix of filter.
Finally, the novel asynchronous data fusion algorithm

has been built according to the state-space model and UKF.
Figure 2 shows the flow chart for the novel asynchronous
data fusion method using state-space model and UKF
based on the SINS/WSN positioning system. The traditional
asynchronous fusion algorithm cannot judge whether the
WSN measurement exists in this fusion period, so it must
calculate the asynchronous state-space equation in every

fusion period. It will consumemore calculation and time than
proposed asynchronous fusion algorithm; then the position-
ing error of traditional asynchronous fusion algorithmwill be
increased.

4. Simulation Results

Simulation experiments have been carried out to evaluate the
performance of the proposed approach in comparison with
the traditional fusionmethods and the other filter algorithms
based on SINS/WSN integrated positioning processing.
Program codes are constructed with the Matlab 2010 version
software. We can define the initial position and attitude angle
as zero on the 3D Cartesian coordinate system. The vector
of initial velocity is (10, 10, 0)m/s in three directions. The
initial acceleration is zero in three directions, respectively.
According to the performance parameters of SINS and
WSN, the simulation initial conditions are expressed as
Q = diag(0.002, 0.002, 0.002, 0.002, 0.002, 0.002), RSINS =
diag(30, 30, 30, 2, 2, 2), RWSN = diag(50, 50, 50), and
P = diag(10, 10, 10, 1, 1, 1, 20, 10, 10, 10, 10, 10). The sampl-
ing periods of SINS and WSN are 𝑇SINS = 0.2 s and 𝑇WSN =1 s, respectively. The fusion period is selected at 0.8 s. The
simulation lasts for 60 s. We can simulate the above process
with UKF, Extended Kalman Filter (EKF), and Particle Filter
(PF); the simulation results are shown in Figures 3, 4, and
5. The detailed derivation and algorithm procedures of EKF
and PF can be found in [19, 20].

Figure 3 shows the positioning trajectory of proposed
asynchronous data fusion method with UKF, EKF, and PF
based on the SINS/WSN integrated positioning system. The
reference trajectory is expressed as a black line with dot
and that with EKF algorithm is expressed as red dash with
triangle; in addition that with UKF algorithm is expressed as
a blue line with dot and that with PF algorithm is expressed
as a green line. Obviously the positioning system with UKF
can track the reference trajectory effectively. Additionally the
positioning system with PF can track the reference trajectory
at the start of simulation, while that with PF has engendered
the cumulative error over time. However the positioning
system with EKF causes the serious divergence at the end of
simulation. Because the PF algorithmneeds a large amount of
calculation, the position error of positioning system with PF
has been accumulated over time. The EKF algorithm needs
the first order linearization of the nonlinear function to be
done; furthermore the EKF has to calculate the Jacobi matrix
of the nonlinear function. Moreover the estimation accuracy
of EKF will be seriously decreased and even diverged, when
the model of positioning system has strong nonlinearity.

In Figure 4, the position errors of proposed asynchronous
data fusion method with UKF, EKF, and PF algorithms are
displayed. The UKF method is depicted in blue dash dotted
line and the EKF method is in red dotted line and the PF
method is in green real line. The maximum of position error
with EKF is 38.1m and themaximumof that with PF is 15.8m;
in addition themaximumof position error with UKF is 7.2m.
TheUKFmethod reduces the position errors about 81.1% and
54.4% compared with EKF and PF methods. The UKF is a
feasible filteringmethod for the improved asynchronous data



6 Journal of Sensors

Start

Initialization of system

The WSN measurement has
existed in

The state equation

Asynchronous fusion update
based on SINS/WSN

Measurement equation of
SINS in one sample

Yes

No

Pure SINS measured
update

Measurement vector of SINS and WSN at

Unscented Kalman Filter

Measurement distribution of SINS and WSN in

Measurement equation of asynchronous
fusion update based on SINS/WSN

xk = f (xk−1) + Gk, k−1Wk

(tk−1, tk]?

(tk−1, tk]

k = k + 1

zk = h (xk) + k

zINS
k−



= HINS
k−



x
k−



+ INS
k−



zik,SINS k,SINS= h
i

SINS (xk) + i zik,WSN k,WSN= h
i

WSN (xk) + i

tk−


,

zk = [(z1k,INS )
T
, (z1k,WSN )

T (zn, WSN
k,WSN )

T (zn, INS
k,INS )

T]
T

. . . , , . . . , , . . . ,

Figure 2: Flow chart for the asynchronous data fusion method based on the SINS/WSN positioning system.

fusion method based on SINS/WSN integrated positioning
system.

Figure 5 shows the attitude errors of proposed asyn-
chronous data fusion method with UKF, EKF, and PF
algorithms. It is obvious that positioning systems with UKF
and PF have small attitude error, while the attitude error of
positioning system with EKF has engendered the divergence
at the end of simulation. As a consequence, the maximum
attitude errors with UKF and PF are 1.1 deg and 2.8 deg,
respectively. Positioning accuracy of attitude withUKFmeets
the acquirement of indoor navigation.

In order to verify the effect of the SINS/WSN integrated
positioning system, we design the simulation experiment
with different fusion algorithms. Firstly, the time difference
of data arrival between SINS and WSN always has not
been considered with the simple synchronous data fusion
methods, so thismethod can be described as the synchronous
data fusion method. Moreover the SINS/WSN integrated
positioning system with UKF is carried out based on three
fusion methods which include the asynchronous data fusion
method proposed by this paper and traditional asynchronous
data fusion and synchronous data fusion methods. Finally,
the results are shown in Figures 6 and 7.

Figure 6 shows the position errors for integrated position-
ing system based on the proposed method and traditional
asynchronous data fusion (denoted as UKF-asyn) and syn-
chronous data fusion (denoted as UKF-syn) methods. The
arrival time of SINS data is over half second faster than that
of WSN data. Position errors of synchronous data fusion
are larger than that of traditional asynchronous data fusion
and proposed method, because the synchronous data fusion
cannot consider the time difference between the SINS and
WSN. The maximum position error with synchronous data
fusion algorithm is 33.3m, while the maximum position
errors with traditional asynchronous data fusion algorithm
and the proposed method are 10.8m and 5.3m, respectively.
The traditional asynchronous data fusion algorithm cannot
discuss whether themeasurement ofWSN exists in the fusion
period, so it consumes more calculation time.

Figure 7 shows the average position errors for many
time differences between SINS and WSN. We can define the
SINS data as half or one second faster than the WSN data;
in addition SINS data are half or one second slower than
the WSN data. So the horizontal ordinate can be expressed
as −1, −0.5, 0, 0.5, and 1. From Figure 7, we can see that
the positioning error based on synchronous data fusion is
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Figure 4: Position errors of improved asynchronous data fusion
method with UKF, EKF, and PF algorithms.

the minimum without time difference between SINS and
WSN. Similarly, the minimum position errors based on
both the traditional asynchronous data fusion and proposed
method appeared at the zero time difference. The posi-
tion error with synchronous data fusion is the smallest of
three fusion methods at none time difference, because the
synchronous data fusion algorithm needs less calculation.
The position error with synchronous data fusion has been
increased quickly, when the SINS data is over a half second
faster than WSN data. However, the position errors with
traditional asynchronous data fusion and proposed method
are hardly increased with increase of the time difference.
The traditional asynchronous data fusion algorithm and the
proposed method perform effectively stability for the varied
time difference between SINS and WSN, and note that the
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Figure 5: Attitude errors of improved asynchronous data fusion
method with UKF, EKF, and PF algorithms.
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Figure 6: Position errors for integrated positioning system based on
different fusion methods.

accuracy of proposed method is higher than traditional
asynchronous data fusion algorithm.

5. Experimental Results

In this section, we perform several tests to evaluate the
proposed asynchronous data fusion method based on SINS/
WSN integrated navigation system in the room. An electric
vehicle is used as the mobile target in the tests. The initial
parameters of the positioning system are given as follows:

(1) TheWSNconsisted of four anchor nodes and amobile
node. The mobile node is attached on the mobile
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target and the anchor nodes are deployed in the four
corners of the room. A rectangle location area is
constituted by four anchor nodes. Time synchroniza-
tion for TOA approach among anchor nodes can be
accomplished through the Ethernet cable. The power
is supplied for anchor nodes through the twisted pair
and the mobile node is operated through batteries.
The sampling period of WSN is 1 s.

(2) The used CleverNavi type SINS includes six-degree-
of-freedom IMU ADIS16350 which consisted of a
triaxial accelerometer and a triaxial gyroscope. The
RS232 serial communication is used only for data
transmission between SINS and computer. The baud
rate is 115200 bit/s, and the sampling period is 0.01 s.
Attitude reference precision of SINS is 10 when it
is towards the fixed north. The latitude accuracy is
not less than 1, and the accuracy of gravitational
acceleration is not less than 2 × 10−5 g. The power is
supplied for the SINS through a storage battery in the
electric vehicle.

(3) The SINS is installed on the mobile target and
the inertial data is transported with two Bluetooth
models. One Bluetooth model is connected to the
SINS with ribbon cable; the other one is connected
to the computer by a wired USB-serial connection
(Bluetooth 1.1 and USB 2.0). The maximum received
distance between two Bluetooth models is up to 60m
in ideal conditions (free space). The wireless signal
is broadcasted by the mobile node of WSN real time
and received by anchor nodes. The distance values
among the mobile node and anchor nodes are firstly
collected by anchor nodes and then forwarded to the
router which is connected with a computer through
the Ethernet cable. Meanwhile inertial data of SINS

and the measured distance value of WSN are used
to be computed in fusion center. As a consequence,
the position and attitude of integrated position-
ing system can be obtained. Moreover the electric
vehicle is controlled by an operator through a remote
controller; the electric vehicle can move along a
predesigned trajectory. Meanwhile the velocity of
electric vehicle can be detected by a speed-sensor on
a wheel. As a consequence the reference trajectory of
mobile target can be obtained.The structure block for
the experimental system is presented in Figure 8. Fig-
ure 9 shows the experimental diagram of integrated
positioning system with SINS/WSN.

The frame of nodes deployment and a predetermined
trajectory are shown in Figure 10. The positions of anchor
nodes are (0.6, 7.4)m, (5.4, 7.4)m, (5.4, 0.6)m, and (0.6,
0.6)m, respectively. The starting point of mobile target is
(4.75, 1.00)m. In order to control the dimension of matrix
and calculation burden of fusion center, the sampling period
time of SINS can be set as 0.1 s. The fusion period is selected
as 0.8 s. The experiment lasts for 41 s.

Figure 11 shows the experimental performance of the
SINS/WSN integrated positioning system with different data
fusion algorithms. The real trajectory is shown with a black
line. The trajectories with traditional asynchronous data
fusion algorithm (denoted as UKF-asyn) and synchronous
data fusion algorithm (denoted as UKF-syn) are expressed
with the green dash line and red dash line, respectively. The
trajectorywith proposed asynchronous data fusionmethod is
shown with a blue dash dotted line. Note that the trajectories
with three algorithms can track the real trajectory accurately
at the beginning of motion process. The trajectory with
synchronous data fusion algorithm begins to produce the
position error at the first corner of the trajectory. Fur-
thermore, the position error with synchronous data fusion
algorithm has deviated from the real trajectory with time.
The maximum position error with synchronous data fusion
algorithm is 1.11m. However the trajectory of positioning
system based on traditional asynchronous data fusion algo-
rithm can track the real trajectory with small position error.
The position error with the proposed method is smaller than
that with traditional asynchronous data fusion algorithm.
Because of the accumulative error of SINS, the positioning
system with the proposed method still has a small position
error for real trajectory. The average position error with the
proposed method and traditional asynchronous data fusion
algorithm are 0.28m and 0.70m, respectively. The tracking
accuracy of the positioning systemwith the proposedmethod
surpasses obviously that with synchronous data fusion and
traditional asynchronous data fusion algorithms, 68.8% and
36.9% improvements, respectively. The position errors of
integrated positioning system with different fusion methods
are shown in Figure 12. Table 1 shows performance compar-
ison for different fusion algorithms based on the SINS/WSN
integrated positioning system.

In order to evaluate the real-time performance of the pro-
posedmethod and traditional asynchronous data fusion algo-
rithm, the integrated positioning system is used to test with
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Table 1: Performance comparison for different fusion algorithms based on the integrated positioning system.

Item UKF-syn UKF-asyn Proposed

Position error range (m)
X −0.9918∼0.5301 −0.6213∼0.5452 −0.4224∼0.3368
Y −0.1534∼1.3289 −0.3394∼1.0541 −0.1422∼0.5413
Z −2.3391∼0.0261 −1.1257∼−0.0797 −0.4686∼0.1257

Variance of error
X 0.2409 0.1353 0.0592
Y 0.2122 0.1888 0.0465
Z 0.6061 0.1738 0.0696

Maximum (m) 2.4019 1.3630 0.5854
Average (m) 1.1099 0.7003 0.2777

Mobile node

Anchor node
Router

Mobile target SINS

Bluetooth model

Bluetooth model

Figure 9: Experimental diagram of integrated positioning system
with SINS/WSN.

different fusion periods. We set different fusion periods from
0.2 s to 1.6 s with every 0.2 s change. Then the consumption
time for operation on the Matlab software can be obtained
with different fusion periods as shown in Figure 13. TheMat-
lab software is operated on the ASUS X86 laptop with 2GB
RAM and CPU Intel (R) Core(TM)2 Duo T6670 @2.20GHz.
The consumption time for traditional asynchronous data
fusion algorithmand the proposedmethod is depicted in blue
line with rectangle and red line with circle, respectively. As
the fusion period is increased, consumption time with both
traditional asynchronous data fusion algorithmandproposed
method is increased. However the consumption time with
traditional asynchronous data fusion algorithm is much than
that with proposed method, when the fusion period is 0.2 s.
The traditional asynchronous data fusion algorithm and
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Figure 10: The frame of nodes deployment.

proposedmethod have approximate consumption time while
the fusion period is more than 1.0 s. So the method proposed
by this paper consumes less calculation burden and has better
real-time performance in comparison with the traditional
asynchronous data fusion algorithm.

6. Conclusion

Because of data alignment discrepancies between SINS and
WSN, the integrated positioning system with conventional
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synchronous data fusion algorithm will bring the large
positioning error. The traditional asynchronous data fusion
algorithm needs large calculation burden and causes the
low positioning accuracy for high-dynamic system. This
paper proposes a novel asynchronous data fusion algo-
rithm with UKF for the SINS/WSN integrated positioning.
Asynchronous data fusion algorithm based on positioning
system is analyzed in simulation with variety of conditions.
Simulation results indicated that the maximum position
error with UKF is 7.2m when the mobile target moves
about 600 meters; meanwhile the position error with UKF
is reduced by 81.1% and 54.4% compared with EKF and
PF methods, respectively. Additionally the position error
with the proposed method is the smallest compared with
the synchronous data fusion and traditional asynchronous
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Figure 13:The consumption time for operationwith different fusion
periods.

data fusion algorithms. Note that the position error with
synchronous data fusion is grown seriously; the proposed
method and traditional asynchronous data fusion algorithm
performed stability as the time difference increased. The
experimental results present the fact that the positioning
systemwith the proposedmethod can track the real trajectory
effectively. The position error with the proposed method
is 0.28m and surpasses that with synchronous data fusion
and traditional asynchronous data fusion algorithms, 68.8%
and 36.9% improvements. Moreover the proposed method
needs less calculation and has better real-time performance
in comparison with the traditional asynchronous data fusion
algorithm. As a consequence, the asynchronous data fusion
method with improved state-space model and UKF is a feasi-
ble positioning method for the data alignment discrepancies.
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The advancement of digital technology has increased the deployment of wireless sensor networks (WSNs) in our daily life. However,
locating sensor nodes is a challenging task in WSNs. Sensing data without an accurate location is worthless, especially in critical
applications.Thepioneering technique in range-free localization schemes is a sequentialMonteCarlo (SMC)method, which utilizes
network connectivity to estimate sensor location without additional hardware.This study presents a comprehensive survey of state-
of-the-art SMC localization schemes. We present the schemes as a thematic taxonomy of localization operation in SMC. Moreover,
the critical characteristics of each existing scheme are analyzed to identify its advantages and disadvantages. The similarities and
differences of each scheme are investigated on the basis of significant parameters, namely, localization accuracy, computational
cost, communication cost, and number of samples. We discuss the challenges and direction of the future research work for each
parameter.

1. Introduction

The digital world is becoming increasingly important in our
daily liveswith the heavy utilization of numerous small, cheap
devices called sensor nodes. These sensor devices can be
controlled and can communicate and cooperate remotely to
investigate far and hazardous areas [1–4]. Sensor nodes are
utilized in different fields, such as the Internet ofThings [5, 6],
health care [7], zoo monitoring [8], underwater exploration
[9], intelligent city [10, 11], military applications [12], routing
optimization [13], and dynamic mapping [14, 15].

The localization schemes in wireless sensor networks
(WSNs) can be classified into two types, namely, static and
mobile networks [16]. A static network is constructed with
stationary sensor nodes; the sensors are deployed randomly
or on the basis of a previous plan. By contrast, the sensor
nodes in a mobile network are flexible to maximize their
benefits in improving WSNs coverage and power consump-
tion and in discovering other areas with a limited number of
sensors [17].

Generally, the localization schemes of a mobile sensor
are classified as range-based and range-free schemes [18,
19]. However, in this work, we classified the localization
schemes into three groups, namely, range-based, range-free,
and hybrid schemes.The range-based scheme uses additional
hardware such as antenna to estimate the location of a blind
node (i.e., a node without location information), whereas
the range-free scheme uses network connectivity. The hybrid
scheme is a combination of the range-free scheme for noise
cases and the range-based scheme for stabile cases. In all
the aforementioned schemes, anchor nodes (i.e., nodes with
location information) broadcast their location information
per time slot to assist blind nodes in estimating their location.

Range-free localization schemes are classified into four
categories, namely, hop count, fingerprint algorithm, Monte
Carlo scheme, and hybrid schemes (SMC and hop distance).
The hop count estimates the location of a blind node through
an average of hop distance. Hence, each node maintains the
minimum hop number of the anchor node in the network.
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In the fingerprint algorithm, the location of a blind node
is estimated in two stages. The first stage involves the
construction of an offline database by measuring the signal
strength in the deployment area, and the second stage
involves the real-time estimation of the location of a blind
node by matching the signal strength of this blind node with
the offline database. The Monte Carlo scheme uses the prob-
ability distribution function (PDF) to estimate the location
of a blind node [19]. The hybrid schemes (SMC and hop
distance) advance localization accuracy by utilizing the DV-
hop (distance vector-hop) technique on MCL (Monte Carlo
localization).

A majority of range-free schemes use the sequential
Monte Carlo (SMC) technique to estimate the location of
blind nodes in dynamic systems within three steps, namely,
initial, sample, and filter stages [20, 21].The location ofmobile
sensors is an important parameter in WSNs. Thus, a high
level of localization accuracy can improve the confidence and
quality of sensing data. In the present study, we classified the
performance of SMC schemes according to three categories,
namely, localization accuracy, computational cost, and com-
munication cost.

Localization accuracy is measured with the variance of
the Euclidean distance between the estimated location and
the real location [11]. The localization accuracy in SMC
schemes is mostly affected by two parameters, namely, the
density of anchor nodes and number of samples [22–24].
Hence, a large number of anchor nodes can improve local-
ization accuracy by broadcasting rich location information
in the area. Moreover, a sufficient number of valid samples
can improve localization accuracy.However, the performance
of SMC schemes is extremely dependent on the distribution
function of previous samples.

The computational cost to generate a sufficient valid sam-
ple can be measured with the number of iterations required
to find a sufficient valid sample. SMC requires a sequential
repetition of sample and filter steps until a sufficient valid
sample is obtained. The efficiency of the samples is also
affected by the bounded sample area and sample evaluation
[25].

The communication cost in range-free localization
schemes can be determinedwith the number ofmessages that
are sent during the localization process [26]. Consequently,
the accuracy in range-free schemes is highly dependent on
the density of anchor nodes and normal nodes (node’s new
location in the last time slot), which can increase the number
of messages sent. Moreover, the size of messages affects
communication cost.

The following are the contributions of the present study:
a comparison of existing surveys on WSNs localization, a
classification of state-of-the-art SMC schemes and a thematic
taxonomy, a comprehensive survey of state-of-the-art local-
ization operation parameters, a discussion of critical aspects,
and the identification of challenges and open issues.

This paper consists of eight sections organized as follows.
Section 2 presents the comparison of current surveys on
sensor localization. Section 3 defines the thematic taxonomy
of existing localization schemes. Section 4 explains the

elementary approach related to SMC and the evaluation
parameters for the localization process. Section 5 reviews the
state-of-the-art SMC schemes by discussing their advantages
and disadvantages. Section 6 presents a comparison of state-
of-the-art SMC techniques. Section 7 presents the discussion
and future works. Finally, Section 8 concludes the review.

2. Comparison of Surveys on
WSNs Localization

Localization problems have been studied in various WSNs
schemes; a survey of these schemes can be found in [18,
27, 31, 32]. The present study presents a comprehensive
review of the localization problem inmobileWSNs.However,
to highlight and distinguish our contribution from other
surveys, we summarized and compared the existing surveys
on localization problems in WSNs, as shown in Table 1.

In general, previous schemes maintain static networks,
whereas current schemes maintain mobile networks. How-
ever, the localization schemes in both networks can be
classified as range-based and range-free [37]. The survey in
[28] classified the state of sensors into four types, namely,
static landmark node and static node, mobile landmark node
and static node, static landmark node and mobile node, and
mobile landmark node and mobile node.

The survey of range-free schemes in [18] classified
these schemes into the following categories: APIT, DV-hop,
multihop, centroid, and gradient. Another survey classified
range-free localization schemes in emerging applications
(cyber physical systems and cyber transportation systems)
into proximity-based localization, one-hop localization, and
multihop localization. Moreover, range-based schemes were
classified in [16] into beacon-based distributed localization,
relaxation-based distributed algorithm, coordinate system
stitching-based localization, and hybrid localization. Beacon-
based distributed localization can be further classified into
three categories, namely, diffusion, bounded box, and gradi-
ent.

The survey in [29] classified mobile sensor networks
in disaster scenarios, in which mobile nodes aid in the
search for disaster locations. The localization schemes in
static networks are classified as range-free and range-based
schemes, whereas those in mobile networks are classified as
robotic, MCL, and range-based schemes. Another survey on
harsh environments [30] classified localization schemes into
range-based and range-free, anchor-based and anchor-free,
and distributed and centralized schemes.

The survey of localization classification and technique
evaluation [31] classified localization schemes as geometrical
techniques, multidimensional scaling, stochastic proxim-
ity embedding, convex and nonconvex optimization, and
hybrid. An indoor application survey discussed the potential
improvement of the human mobility model by utilizing
smartphones [27]. Moreover, this survey investigated smart-
phone sensors according to location accuracy, deployment
cost, location context, cost, quality, and measurement errors.

In [33], the localization schemes were classified into
target localization and self-localization. Additionally, this



Journal of Sensors 3

Table 1: Previous survey of wireless sensor localization.

Reference Taxonomy Comparison parameters Years
[18] APIT, DV-hop, multihop, centroid, gradient Node density, cost, accuracy, overhead, scalability 2015

[27] Types of sensors, types of mobility, measurement
errors

Location accuracy, deployment cost, location
context, quality and cost of smartphone, and

measurement errors
2015

[28]
Static landmark and static node, mobile landmark
and static node, static landmark and mobile node,

mobile landmark and mobile node

Localization accuracy, coverage, time, landmark
density, node density, energy consumption 2013

[29] Static (range-free, range-based), mobile (robotic,
MCL, range-based)

(Centralized, distributed), dimensional analysis,
simulator, (range-free, range-based), scalability,

communication radius
2013

[30] (range-based, range-free), (anchor-based,
anchor-free), (distributed, centralized)

accuracy, hardware cost, computation cost, and
communication cost 2012

[31]
Geometrical techniques, multidimensional scaling,

stochastic proximity embedding convex, and
nonconvex optimization and hybrid

Accuracy, coverage, complexity, scalability,
robustness, and cost 2012

[32] Proximity-based localization, one-hop localization
and multihop localization Without comprehensive comparison 2012

[33] Target/source localization and node self-localization

Non-line-of-sight, energy-constrained network,
tradeoff between localization performance and

energy consumption, cooperative node localization,
and localization in heterogeneous network

2012

[16]

Beacon-based distributed localization,
relaxation-based distributed localization, the

Coordinate system stitching-based localization, and
hybrid localization

Objective (centralized, distrusted), description,
accuracy, computation cost 2010

Proposed
Range-based, range-free, and hybrid. Range-free
(localization accuracy, communication cost, and

computation cost)

Velocity, anchor and normal node density, degree of
irregularity, size of sample area, number of messages,

and message size
2016

survey reviewed the localization challenges in non-line-of-
sight node selection, optimizing the tradeoff between energy
depletion performance, cooperative nodes, and localization
in a heterogeneous radio range.

The present survey investigates the state-of-the-art local-
ization schemes in mobile WSNs in microscopic classifica-
tion.The schemes are categorized as range-based, range-free,
and hybrid. The range-free scheme is further subcategorized
into fingerprint, Monte Carlo, hop distances, and hybrid
(i.e., SMC and hop distance). Furthermore, we classify the
SMC scheme according to its main operational parameters,
namely, localization accuracy, communication cost, and com-
putation cost, in microscopic classification. The comparison
of the localization schemes assists network end users and
administrators in tracking and identifying the location of
areas under investigation. Thus, appropriate schemes are
selected to localize mobile WSNs. Throughout this study, we
further discuss the challenges and open issues related to each
location parameter.

3. Localization Scheme Classification

Estimating the location ofmobile sensors is a challenging task
in WSNs because of the frequent changes in the location of
mobile nodes per time slot, the whole topology, and con-
nectivity of networks. Additionally, the sensor node’s hard-

ware limitations, such as limited power sources, memory,
processor unit, and communication range, further compli-
cate the estimation process [38]. Therefore, WSNs need a
smart and robust technology to estimate sensor location. We
classified localization schemes into three categories, namely,
range-based, range-free, and hybrid; the SMC in range-free
schemes was classified on the basis of localization accuracy,
communication cost, and computation cost, as shown in
Figure 1.

3.1. Range-Based Localization. In range-based schemes, the
blind node finds its location using its absolute distance from
the anchor nodes. Range-based schemes use different types of
hardware to calculate distance, such as time of arrival (ToA).
ToA measures the distance between the time of arrival and
the time of departure between nodes. Then, light speed is
used to calculate the distance between nodes on the basis of
a speed equation. However, ToA needs additional hardware
to synchronize the transmission times between sensor nodes.
The time synchronization increases the traffic in networks
and delays the localization process [39].

The study in [40] proposed a time difference of arrival
(TDoA) between sound and light to improve ToA. TDoA
uses additional acoustic hardware to measure the difference
between light and sound signals from the source.The angle of
arrival (AoA) and triangle geometry between neighbors are
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Figure 1: Taxonomy of localization schemes in mobile WSNs, including range-free and sequential Monte Carlo schemes.

also used to calculate blind node location. In AoA, the sensor
node uses antennas to measure the angle between neighbors
[41].

The received signal strength indicator (RSSI) measures
the distance according to the difference in signal strengths
[42]. The RSSI assumes that signal strength degrades over
distance; this characteristic is used to measure distance
without additional hardware. However, signal strength is
affected by noise, such as physical phenomena and weather
conditions; these distortions reduce the accuracy of distance
measurement.

The global positioning system (GPS) is typically used
to localize objects in outdoor applications. However, GPS is
inapplicable to indoor applications because GPS requires the
lines-of-sight of at least three satellite signals at the same
time to determine the location of an object [43]. Moreover,
GPS signals are affected by obstacles, walls, and physical
phenomena.The other limitations of GPS include high power
consumption, high cost, and large size.

3.2. Range-Free Localization. Range-free schemes estimate
blind node location through network connectivity without
additional hardware. Thus, the blind node requires the
following: information about nodes that are within its radio
range, the location estimation of nodes, and the ideal radio
range of each sensor.The anchor nodes in range-free schemes
broadcast their locations at each time slot to help the blind
node in estimating its location. Generally, the blind node
needs at least three anchor node locations in the neighbor-
hood to estimate its location. Range-free schemes are more
cost-effective than range-based schemes. Range-free schemes
can be classified into the following types: hop distance,
fingerprint, SMC, and hybrid schemes utilizing SMC and hop
distance.

Hop Distance. Hop distance uses the average hop to esti-
mate the distance between anchor nodes. The localization
process in DV-hop follows three steps, namely, location
broadcast, distance calculation, and location estimation [44].
In location broadcast, the anchor node broadcasts its location
information and initializes the hop count to zero among its
neighbors. The receiver node keeps the minimum hop count
for each anchor node and disregards the large hop count
from the same anchor nodes. Then, the receiver increases
the hop count by one and sends it to the neighbors. Hence,
each node has a record of the minimum hop count of all
anchor nodes. In distance calculation, the node calculates the

average distance with each anchor node over the hop count
of all anchor nodes. In location estimation, the blind node
calculates its location by interlocking the matrixes of anchor
node location and thematrixes of distance with anchor nodes
[45]. The disadvantage of hop distance is that it requires a
uniform distribution of anchor nodes in the whole network
to achieve high accuracy. Consequently, DV-hop is limited to
specific applications.

Fingerprint. The fingerprint localization approach estimates
blind node location in two steps, namely, creation of an
offline database and online location estimation. The offline
database is constructed from signal characteristics (called
fingerprints) and the location recorded from the whole
part of the area of interest. Then, location is estimated for
the mobile user by matching the signal fingerprint from
the user with that in the database server. Once the signal
fingerprint matches that in the database server, the estimated
location is sent back to the user. The main drawback of
the fingerprint localization approach is the creation and
updating of the database. Creating the database requires some
expert personnel to collect fingerprints from areas of interest;
updating the offline database is a time-consuming task when
changes, such as the addition or removal of a new access
point in the area of interest, are made in the environment.
Moreover, mobile sensors can share similar fingerprints that
degrade accuracy and promote ambiguity. This drawback
of the fingerprint localization approach requires a qualified
engineer who would measure signal strength [46].

Sequential Monte Carlo (SMC). Mobile sensors change their
locations frequently over time. Hence, finding their current
locations requires relocalization at each time slot. SMC is an
efficientmethod for a dynamic system; SMCemploys the PDF
in the previous time slot and observes it at the current time
to estimate the current location by using a weighted particle
filter [47].

SMC makes the following two assumptions: (1) time is
divided into discrete time units and (2) enough samples are
required at each time slot. The SMC scheme estimates blind
node location in a distributed manner on the basis of the
connectivity information “who is within the communication
range of whom” [48].

The localization process in SMC involves three stages (as
in Algorithm 1), namely, the initial, sample, and filter stages.
In the initial stage, the blind node estimates its location by
generating samples randomly from the whole area. In the
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sample stage, the blind node draws samples in the current
time slot on the basis of the samples from the previous
time slot bounded by a maximum velocity. Hence, the node
generates samples through the following transition equation:

𝑝 (𝑆𝑡 | 𝑆𝑡−1) =
{
{
{

1
𝜋Vmax

2
if 𝑑 (𝑆𝑡 | 𝑆𝑡−1) ≤ Vmax,

0 if 𝑑 (𝑆𝑡 | 𝑆𝑡−1) > Vmax,
(1)

where Vmax is the node maximum velocity and 𝑑(𝑆𝑡 | 𝑆𝑡−1) is
the distance of the sample location between the current time
and the previous time.

In the filter stage, the samples are weighted according
to the anchor node constraint in the current time. Each
valid sample must be within one or two hops of the three
anchor node constraints. Otherwise, the sample is filtered
out. SMC repeats the sample and filter stages sequentially
until sufficient valid samples are discovered.

Algorithm 1 (phase of SMC localization algorithm).

(1) Phase One. Initial phase
(2) Generate samples S randomly from the whole area.
(3) Phase Two. Generating samples
(4) Sample set 𝐶𝑡 = {}
(5) For each sample S in previous time (𝑙𝑡−1), generate a

new sample according to

(6) Sample 𝑙(𝑖)𝑡 ∼ 𝑝(𝑙𝑡 | 𝑙(𝑖)𝑡−1)
(7) Weight of 𝑙(𝑖)𝑡 as �̌�(𝑖)𝑡 = 𝑝(𝑜𝑡 | 𝑙(𝑖)𝑡 )
(8) 𝐶𝑡 = 𝐶𝑡 ∪ {(𝑙(𝑖)𝑡 , �̌�(𝑖)𝑡 )}
(9) Phase Three. Filtering
(10) 𝐶𝑡 = {(𝑙(𝑖)𝑡 , �̌�(𝑖)𝑡 ) | (𝑙(𝑖)𝑡 , �̌�(𝑖)𝑡 ) ∈ 𝐶𝑡 and �̌�(𝑖)𝑡 > 0}
(11) Normalize theweightof valid samples𝑤𝑖𝑡 = �̌�𝑖𝑡/∑𝑁𝑖=1 �̌�𝑖𝑡
(12) Set the average of the samples as the blind node

location.

(𝑖) is the index of samples, 𝑜 is observation at current time,
and 𝐶 is the sample set.

The filtration efficiency of the SMC localization scheme is
mostly affected by anchor node density in the neighborhood.
For example, under low anchor node density, a blind node is
not always able to identify three anchor nodes in the first hop
and second hop, especially when the sensor moves with high
velocity; this process occurs because the first hop neighbors
that communicate with radio range 𝑅 are unable to identify
within its range the second hop sensor that communicates
with radio range 2𝑅.

Hybrid Schemes (SMC and Hop Distance). The multihop
version of Monte Carlo localization (MMCL) [49] improves
localization accuracy and reduces the dependence on anchor
nodes by utilizing the DV-hop technique on MCL. MMCL
measures the average hop distance between anchor nodes
and then uses MCL to estimate blind node location.The DV-
hop schemes have two drawbacks. First, these schemes need

a uniform distribution of anchors to achieve high accuracy.
Second, broadcasting the location information of anchor
nodes to multiple hops increases the communication cost.

The hybrid scheme presented in HMCL [50] utilizes hop
distance and the SMC technique to improve localization
accuracy.The sample area is constructed over the intersection
area between anchor boxes. The anchor boxes are formed
over the midpoint between anchor nodes. This scheme can
reduce the size of a sample area and improve the localization
accuracy through a virtual anchor node. The disadvantage
of this scheme is that additional computation is required to
estimate the distance and angle between the anchor node and
the virtual anchor node.

3.3. Hybrid Localization Scheme (Range-Free and Range-
Based). The combination of range-based and range-free
schemes can improve localization accuracy in WSNs. The
RSSI is a simple range-based scheme that measures the dis-
tance between two nodes by evaluating the signal strength
indicator without additional hardware. Signal strength
declines over distance. Hence, the RSSI utilizes this phenom-
enon to measure distance in the localization process. Con-
sequently, communication and computational costs are
reduced in the SMC technique [51].

The range-based MCL (RMCL) scheme combines range-
based and range-free schemes during the localization process
to overcome the high radio measurement error that reduces
localization accuracy in range-based schemes. RMCL is a
hop distance scheme that maintains the hop count and
measurement range at a minimum for each anchor node.
However, broadcasting theminimummeasurement range for
each anchor node increases the communication cost in this
hop distance method. Moreover, computing the weights in
RMCL is a complex task [52, 53].

The Monte Carlo box localization algorithm based on
RSSI (MCBBR) [54] uses a reference genetic algorithm
(linear crossing and rectangular crossing) to enhance the
localization accuracy of the RMCL scheme and RSSI obser-
vation to optimize the sample area. In MCBBR, the localiza-
tion accuracy is determined with the following four steps,
namely, constructing the sampling box, establishing the
sample number, optimizing the sample, and estimating the
location. The real implementation of RMCL [52, 55] shows
that the RSSI improves the accuracy of personal location
inside an operation environment. Another improvement of
RMCL [53] involves the use of SMC to increase localization
accuracy when the range measurement has high variation;
this improved scheme also utilizes range measurement to
reduce computational costs.

The log-normal statistical model is used in the RSS-
based Monte Carlo scheme (RSS-MCL) to improve local-
ization accuracy. The RSS amount is used in the movement
model and observation model; in the filter stage, the RSS
observation is used to measure the distance between the
sample and the anchor nodes.The invalid samples are filtered
out without additional calculation. RSS-MCL can reduce the
computational and communication costs in the filter stage.
However, RSS-MCL suffers from high computational cost in



6 Journal of Sensors

SMC

Accuracy Computation cost Communication cost

Velocity

Anchor node density

Normal node density

Sample area size

Number of 
samples

Number of messages

Message size

Figure 2: Evaluation parameter in SMC localization scheme.

the sample stage because the log-normal model is embedded
with complex equations [52].

In real-world applications, range measurement is affected
by path loss, fading, and shadowing phenomena. Hence,
radio range can be protected by environmental factors, such
as obstacles, rain, wind, and humidity; it can also be affected
by the indoor environment. However, the range noise of
the RSSI minimizes localization accuracy. Other studies [21,
56] presented the SMC scheme to enhance the localization
accuracy associated with the noise measurement amount.

4. Evaluation Parameters in SMC Localization

The SMC localization in mobile WSNs is mainly evaluated
according to localization accuracy, computational cost, and
communication cost, as presented in Figure 2.

4.1. Localization Accuracy. Localization accuracy is the most
important parameter of WSNs. A high level of localization
accuracy can help decision-makers to identify the precise
location and coverage area of data. Localization accuracy can
be measured with the variance between a real location and
an estimated location, as shown in (2). For simplicity during
the simulation test, the SMC technique is employed with the
assumption that the anchor nodes know their real locations
without error at all times.

Localization accuracy = 1
𝑛
𝑛

∑
𝑖=1

𝑒𝑖 − 𝑙𝑖
 , (2)

where 𝑛 is the number of sensor nodes, 𝑒𝑖 is the estimated
location, and 𝑙𝑖 is the real location. The error in the equation
is given in terms of radio range and is thus divided by the
sensor radio range.

The localization error in the initial step is reduced quickly
when the new observations arrive. In the stability step, the
localization error is maintained at around the same mean
error. Thus, the effects of mobility and connectivity are in
equilibrium.The localization accuracy of the SMC technique
is mostly affected by the movement velocity, anchor node
density, normal node density, and degree of irregularity.

The Movement Velocity. The mobility of sensor nodes can
maximize the benefits of WSNs in various aspects. This

mobility allows sensors to communicate with a large number
of neighboring anchor nodes. Hence, localization accuracy
can be improvedwith theminimumnumber of anchor nodes.
Mobility also conserves energy and prolongs network lifetime
by changing routing paths [57]. Static WSNs use the same
routing path, through which messages are sent and received
frequently, even though the sensor is near the sink node;
this frequency exhausts energy and causes network partition
[27, 58, 59]. In real-world applications, the mobility of sensor
nodes allows animals to be traced in zoos and patients to be
monitored in hospitals, in addition to their other applications.
However, this mobility presents an additional challenge in
the handshaking case, in which the sensor is outside the
neighbors’ range to transmit and receive data [60, 61].

The mobility model is classified into three categories,
namely, controlled, predefined (map), and random. The
details of these categories are explained in [62]. In most
schemes, the SMC technique is used to select a random
waypoint model to transmit nodes. The waypoint model is
a simple and independent model. Moreover, the sensor node
can choose its new direction and velocity randomly without
exceeding its maximum velocity [63].The pause time is set to
0 in most schemes; this zero pause time allows the sensor to
move without stopping [64].

The velocity of a sensor node affects localization accuracy
differently. A sensor node with a low level velocity achieves
the highest localization accuracy because this node is still in
the range of the sample from the previous location, which
this node reuses to estimate a new location accuracy. A sensor
node with a high level velocity can exert a negative effect on
localization accuracy if it moves far from the sample in the
previous location and becomes unreachable. However, a high
velocity guide sensor explores additional areas per time slot.

AnchorNodeDensity.The localization accuracy of all schemes
can be enhanced with the increase in anchor node density in
the region. A high number of anchor nodes allow the broad-
cast of many observations throughout the region. However,
as the density of anchor nodes increases, the dependence on
the global positioning system (GPS) and the extra overlap
between anchor nodes increase as well. The extra overlap
between anchor nodes is undesirable because it produces a
redundant sample without improving localization accuracy.
Moreover, the high density of anchor nodes limits the sample
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area. A narrow sample area requires additional time for
blind nodes to generate proper samples. The SMC technique
addresses these drawbacks by employing a high number of
anchor nodes in the region to maintain a high localization
accuracy. In the literature, some schemes such as Monte
Carlo localization (MCL) [26] and Monte Carlo localization
boxed (MCB) [65] are fully dependent on the information of
anchor node location, whereas others combine both anchor
and normal nodes in the localization process.

Normal Node Density. The information on normal node
location can be used during the positioning process to
enhance localization accuracy and reduce the dependence
on anchor nodes. The utilization of normal nodes can
enhance localization accuracy in two ways. First, normal
nodes retransmit the location information of the anchor node
to its neighbors. Second, the location information of the
normal nodes is used in the localization process; using this
information in the sample step narrows the sample area and
filters out the invalid samples in the filter step. However, the
use of normal node location in the localization process is
susceptible to error and significant communication cost in
the network. Therefore, this localization process requires a
precise and lightweight method.

Degree of Irregularity. The variation of the radio range
between sensors leads to communication failure, which
degrades the localization accuracy of WSNs [66, 67]. For
simplicity, radio range is assumed to be a full circular range in
most of previous schemes’ simulation experiments. However,
this assumption does not present the actual radio range in
real-world applications; in reality, radio range is affected by
sensor characteristics, such as antenna direction and sensor
power, and by the types of transmission media, such as
humidity, temperature, obstacles, and wind speed. These
factors can distort radio range at different degrees.

4.2. Computational Cost. Computational cost is quantified
from the iteration to generate enough valid samples in each
time slot.Themain parameters that affect computational cost
are the size of the sample area and the number of samples.
The sample and filter stages are repeated until enough valid
samples are found; this process is costly because it wastes
additional power and delays the localization process.

High velocity and high anchor node density negatively
affect sample efficiency in the following ways. A high velocity
maximizes the sample area. Thus, the sample generation and
filtering steps are repeated several times to draw enough valid
samples for a large area. A high anchor node density narrows
the sample area. Hence, the generation and filtering steps are
repeated to generate dissimilar samples.

Sample Area Size. In the literature, various strategies are used
to draw samples. An example is the random generation of
a sample over a previous sample bounded by a circle with
a radius equal to the maximum velocity and anchor node
bounded box. However, the shape of the sample area is
irregular and is mostly affected by the number of anchor
nodes in the neighborhood.

Number of Samples. The main idea of the SMC technique is
to estimate the location of blind nodes by averaging the
weighted samples (or particles). Therefore, the number of
valid samples is an important parameter in localization
accuracy. A large number of samples can slow down the local-
ization process by repeating the generation and evaluation
steps. Thus, a typical maximum number of samples is set to
50 [26].

The size of the sample area depends on the anchor node
density in the first hop and second hop and on maximum
velocity. A large number of anchor nodes in the neigh-
borhood equates to a narrow sample area, and vice versa.
Drawing a large number of samples in a narrow region is
a critical issue because an additional calculation must be
performed to remove redundant and closed samples. A large
number of samples are required to cover a large sample area.
Therefore, a constant number of samples do not represent a
sufficient solution for all sizes of sample areas.

The simulation results for different schemes are presented
in Table 3; 50 samples are enough to estimate an accurate
location. Accordingly, most of the studies in the literature
used 50 samples as the maximum number of samples,
whereas other studies used an adaptive approach based on
the sample area to set the number of samples. Nevertheless,
the relation between the number of samples and the sample
area is a challenging issue in WSNs.

In the SMC method, drawing valid samples involves the
following two steps: (1) drawing candidate samples and (2)
evaluating candidate samples. Drawing candidate samples
is more costly than evaluating them [68]. Typically, sample
efficiency is affected by the number of valid samples and the
bounded area of the samples. Hence, a direct relationship
exists between the number of samples and the sample area.

Sample evaluation is a measurement of the distance
between two points or a comparison between the distance
and its predefined value (the communication radio range R).
The operation cost for measuring the distance between two
points is approximately 100 times that for comparing distance
and its predefined value, as shown in [68], because the sample
generation is repeated until the sample overcomes the anchor
node communication radio range.

4.3. Communication Cost. The main purpose of the range-
free localization scheme is to reduce the dependency on hard-
ware by utilizing network connectivity during the estimation
of blind node location. The estimation process requires net-
work connectivity to broadcast messages from sensor nodes.
Therefore, communication cost is computedwith the number
of messages broadcasted during the localization process [26].
The number of messages is affected by the number of anchor
nodes and normal nodes used in the localization process.The
size of the message also affects communication cost.

Number of Messages. In the SMC method, the anchor nodes
broadcast their location information to the first hop and
second hop; the normal nodes forward these messages to
their neighbors.Thenumber ofmessages that are broadcasted
is a significant parameter during the localization process
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because blind nodes need enough location information to
estimate their location. However, a large number of messages
may include redundant and closed samples.

The message of location information is categorized into
two types according to its content. The first type of mes-
sage contains the location coordinate, and the second type
contains the sample. The coordinate message commonly
defines the exact location of an anchor node on the Cartesian
plane; the sample message contains the potential coordinate
of the normal node on the Cartesian plane. The sample
message can improve localization accuracy, but it increases
the communication cost. Nevertheless, the relation between
communication cost and localization accuracy is a challeng-
ing research area in WSNs.

Message Size. The size of messages transmitted is not fixed
in SMC schemes, as presented in [69]. The anchor message
contains the IP header, transmitter ID, anchor location, and
number of hops. The standard size of an anchor message is
34 bytes in all schemes. By contrast, the size of a normal node
message varies between schemes.

The most vital parameter in the localization process is
the localization accuracy. The precise location can increase
the confidence on the sensed data and the data originality.
The achievement of high localization accuracy is difficult
in terms of increasing the computation and communica-
tion cost. Thus, the optimal solution should maintain high
accuracy with low computation and communication cost. To
investigate and highlight this issue, localization schemes in
the literature are classified based on these parameters.

5. State-of-the-Art SMC Localization Schemes

Monte Carlo localization (MCL) scheme is pioneered from
the SMC schemes; in MCL, time is divided into discrete time
slots, the pause time is set to 0, and all sensors move per
time slot. After each movement, the node estimates its new
location by utilizing the new observation from the anchor
nodes in the neighborhood. Therefore, the sample and filter
steps are repeated until the sensor collects enough valid
samples. The weaknesses of MCL are that it requires high
anchor node density to achieve sustainable accuracy and that
it uses slow sampling method. The sample and filter steps are
repeated up to 1000 times per each sample in MCL.

Dual and mixture MCL schemes improve the accuracy
of MCL by inverting the probability function in the dual
Monte Carlo scheme during the sample and filter steps [70].
The disadvantages of the dual Monte Carlo scheme are high
computational cost and low sample efficiency. The authors
slightly improved the sample efficiency in the mixture Monte
Carlo scheme bymixing dual Monte Carlo samples andMCL
samples. The negative effect of the mixture Monte Carlo
scheme is that it has a lower accuracy than the dual Monte
Carlo scheme.

The study [71] presented MSL∗ and MSL (mobile sensor
network localization and static sensor network localization)
to improve the accuracy of MCL. The MSL∗ scheme uses
the location information of both anchor and normal nodes
from the first hop and second hop. The location information

Valid sample area

Bounded box

Anchor

Figure 3: Bounded area of valid sample area MCB scheme.

contains the samples in the current time slot and their
weights. However, broadcasting all node samples increases
the communication cost. To reduce the communication cost,
MSL is used to broadcast only the location coordinates of
the anchor and normal nodes. This strategy reduces the
communication cost and localization accuracy.

The MSL∗ scheme adds the additional parameter of
maximum velocity (𝛼 = 0.1𝑅) in the sample generation to
satisfy static networks. Each normal node sample in MSL∗
has a partial weight in the range of zero to one; the anchor
node sample maintains a weight value of 1 at all times. The
node keeps its sample on the basis of its weight. Weight is
estimated with a power function according to the number
of normal nodes in the neighborhood. The node uses the
close neighbor’s samples to evaluate its samples. Hence, this
node is greatly affected by the number of nodes in the
neighborhood.Moreover, the power function inMSL∗ entails
a higher computational cost than the distance measurement
between two point methods. The broadcasting of anchor,
normal nodes samples, and their weight in MSL∗ highly
increase the communication cost.

In our previous LCC scheme (low communication cost)
[72], the communication cost ofMSL∗ is reduced by selecting
the closed normal nodes in the neighborhood instead of
selecting all normal nodes as in MSL∗. LCC reduces the
communication cost ofMSL∗ by 18% andmaintains the same
localization accuracy of MSL∗.

The Monte Carlo localization boxed (MCB) scheme uses
the bounded box for each anchor node in the first and second
hops to improve the sampling efficiency of MCL. The box is
drawn around the node center with radii of 𝑅 and 2𝑅 in the
first and second hops, respectively, as in Figure 3. The valid
sample area is restricted on the intersection area between the
anchor node boxes. Unlike MCL, MCB effectively improves
sampling efficiency by bounding the valid sample area.
Hence, the sample and filter steps require 100 repetitions to
generate the valid sample. The number of anchor nodes in
the neighborhood and themaximum velocity affect the shape
of the sample area. The shape of the sample area is irregular
in MCL; thus, a complex calculation is needed to determine



Journal of Sensors 9

the bounded area. However, such calculation is impossible in
sensor nodes. For simplicity, the box surrounding the sample
area is used to assess the shape of the sample area, as shown
in Figure 3. This implementation improves the sampling
efficiency of MCL by 93% and maintains the same accuracy
level as that of MCL.

The weighted Monte Carlo localization (WMCL) scheme
improves localization accuracy by utilizing the location infor-
mation of normal nodes [68], in addition to that of anchor
nodes, as in MSL∗. The WMCL scheme reduces the size of
the sample area and improves the sample efficiency of MCB
by employing the two-hop anchor node neighbors’ negative
effect and normal node location information. The estimated
location of the normal node contains a fraction of error.
To overcome this challenge, the normal nodes utilize the
maximum location error in 𝑥-axis and 𝑦-axis for bounding
the sample area. Thus, the sample area in WMCL is bounded
by both the anchor node constraints and normal node
location information. The normal nodes estimate the errors
in both axes. In filtering out the invalid samples efficiently,
the weight for the anchor node samples is set to 1 at all times,
and the partial weight for the normal node is set in the range
of 0 to 1.

Thepartial weight for the normal node samples inWMCL
is calculated as follows. First, the distance between all sensors
samples in the neighborhood are estimated. Second, the
intersection of the bounded box is utilized to reduce the
communication cost of the first step. Finally, the radio range,
maximum velocity, and maximum localization error from
the previous time are utilized. These processes filter out the
invalid samples more efficiently than MSL∗ and quicken
the sampling step. Unlike MCB, WMCL reduces the sample
area by 78% and improves the sampling efficiency by up
to 95%. Moreover, WMCL uses the normal node location
information in the sample and filter steps, whereas MCB
utilizes only the anchor node location information in the filter
step.

The negative effect of two-hop anchor nodes in the
literature is defined as follows: “node 𝑥 is not within distance
𝑑 of node 𝑦.” Range-free schemes utilize this definition
(“node 𝑥 is not within the radio range of 𝑦”) to enhance
localization accuracy. The negative effect of two-hop anchor
nodes and normal node location information can enhance
localization accuracy and sample efficiency by 87% and 95%,
respectively, as in WMCL. The shadow area in Figure 4 can
be ignored without losing any valid samples; this fact can
be explained as follows. 𝑞 is assumed to be the two-hop
anchor node for normal node 𝑝. Thus, the shadow area does
not contain 𝑝 because, otherwise, 𝑞 is the one-hop neighbor
of node 𝑞. The negative effect of two hops is a critical and
precise issue. For example, if the distance between node 𝑝
and 𝑞 is underestimated, then the negative constraints can
reduce localization accuracy. On the contrary, if the distance
between node 𝑝 and 𝑞 is overestimated, then the practical
location may be lost.

The movement direction of anchor nodes between the
previous time slot and the current time slot is used in the con-
straint rule-optimized Monte Carlo localization (COMCL)
scheme [73]. COMCL utilizes the locations of anchor nodes

P q

Bounded box of P

Figure 4: Improve the size of the bounded box: the shadowed area
should be cut.

in the previous and current time slots to track the movement
direction of these anchor nodes within the upper and lower
bounds. COMCL classifies the location of the anchor nodes
per time into two types: moving backward and moving for-
ward in time. The location information in COMCL requires
the following three steps: (1) construct the anchor node
constraint, (2) construct the sample area, and (3) optimize
and filter out the invalid samples. COMCL can involve more
efficient and faster filtering steps than WMCL; nevertheless,
it adds additional calculation. Each anchor node requires
calculating the distance with neighbors and comparing the
distance with upper and lower bounds to track themovement
direction.

The range-based Monte Carlo boxed (RMCB) scheme
compares and utilizes both range-based and range-free
schemes to answer the question “when does range-based
localizationwork better than range-free localization?” RMCB
is suitable for both static and mobile WSNs with a hetero-
geneous radio range [74]. RMCB improves the sample area
and efficiency in WMCL using a positive anchor node effect
behind the negative effect used in WMCL. To ensure the
efficiency of RMCB, the authors employed the same hardware
devices for both RMCB and WMCL. The result shows that
RMCB can improve WMCL in different parameters.

In [69], an improved MCL (IMCL) scheme was used
to enhance the localization accuracy in MCL by adding
constraints ofmovement direction in the previous schemes to
the anchor andnormal nodes. IMCL selects the normal nodes
in the first hop’s neighbors whose locations are constructed
by the anchor node constraint. Moreover, IMCL employs
the circular sector in the localization process to filter out
the invalid samples. Each normal node divides the circular
range into eight sectors; the longest sample sector is used
to filter out the invalid samples. Computing the longest
distance of samples and the angle of each sector increases the
computational burden in IMCL and can delay the location
estimation.

PMCB [75] (permeant Monte Carlo localization Boxed)
scheme uses a time series to forecast the position of a blind
node in case no anchor nodes exist in the neighborhood.
Otherwise, SMC is used to estimate the location. The time
series reduces the dependency on the anchor node. However,
a recursive step is required to calculate the linear prediction
coefficients in each time slot.

The orbit scheme improves localization accuracy by
utilizing the characteristics of a star graph. The graph is
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constructed with one root and five leaves to optimize the
number of neighbors in the network. The orbit coordinates
the neighbor’s node constraint within the star graph to
improve localization accuracy. The orbit scheme is highly
affected by node density. In this scheme, five nodes may not
constantly be discovered in the neighborhood [76]. Thus, the
accuracy in the low normal nodes density will be reduced.

In [77], a Gaussian process regression was formulated
with observations to improve localization accuracy. The
observations on noise measurement, localization error, and
previous distribution are correlatedwith the posterior predic-
tive statistics. Hence, the posterior predictive statistics utilize
MCL sampling and Laplace’s method to improve localization
accuracy. Laplace’s method requires a complex calculation
that is not applicable in thin device like sensor node.

In the sequential Monte Carlo-based localization algo-
rithm (SMCLA), each sensor node maintains a table to
store the localization parameters: estimated location, velocity,
direction, and motion type at the current time slot. The blind
node in the initial four stepsmoves according to the waypoint
model. Then, the motion type is estimated by evaluating the
velocity, acceleration, and movement direction to generate
samples. Hence, the blind node stores the last four pieces of
location information in the table with their time stamps. The
disadvantage of utilizing the time stamp is that it requires
additional hardware for the time synchronization between
sensor nodes and the table data protect additional memory
size [78].

The variation of radio range is evaluated during the local-
ization process in the sequential Monte Carlo localization
(SMCL) scheme. A perfect circular sector is used to simulate
the radio range in most schemes. The radio range in real-
world applications is affected by noise, path loss, shadowing,
and physical phenomena.Hence, DOI (degree of irregularity)
is used to check the variation of the radio range in the SMCL
scheme. The updating stage is added to the SMC method
to measure the effective factor of each sample in location
estimation [79].

In [80], a sample adaptive Monte Carlo localization
(SAMCL) algorithm was employed; in SAMCL, the sample
area is divided into small bins, and each valid sample is
assigned to one bin. The new samples are selected if they are
acquired inside an empty bin. Otherwise, they are ignored.
Thus, the number of samples is counted by bin numbers. The
generated sample can be acquired several times in nonempty
sample. Thus it requires repeating the sample generation.
Moreover, the size of small bin is a critical issue. The number
of bins can be maximized in the large size and minimized in
the small size. Thus the localization accuracy will be affected.

The uniform sampling Monte Carlo localization (USML)
scheme modifies the sampling strategy of SMC by dividing
the sample area into small squares; this scheme selects the
samples on the basis of their uniform distribution over a
small square. The uniform distribution can reduce the time
needed to generate random samples over the whole area.
However, this uniform distribution does not represent the
real state of all systems. Therefore, random generation can
improve localization accuracy more efficiently than uniform
distribution [81].

Reduce redundant messages and hop distance overhead
using the back off-based broadcasting mechanism. This
mechanismuses the following assumption in the RSSI: a node
that is far from the sender has a signal strength that is too
weak to select messages with a signal strength exceeding a
predefined threshold [50].

In [82], the location information messages were used to
improve failure detection. Generally, sensor nodes in WSNs
exchange heartbeat messages to detect neighbors. These
messages can be utilized for failure detection during the
localization process. Hence, the compound between the
localization process and failure detection can reduce the
number of exchanged messages in networks.

Localization accuracy can be improved by combining
SMC schemes and the genetic algorithm as in Genetic
and Weighting Monte Carlo Localization (GWMCL) [83].
Crossover and mutation can be used to draw samples from a
virtual anchor node. Hence, linear crossover and rectangular
crossover are used to filter out invalid samples on the basis of
the distance between the anchor node and the blind node.

The geometry of the intersection points between sensor
nodes is used to bound the polygon shape; the shape is used
to filter out the invalid samples [34]. However, the shape
of the sample area is irregular and depends on the number
and location of anchor nodes in the neighborhood. Hence,
constructing the polygon is not easy in all cases.

5.1. Schemes Utilizing a Single Anchor Node. A single mobile
anchor node (or online localization) is used to save scarce
resources of sensor nodes and improve the localization
accuracy ofMCL.A blind node requests a location estimation
from an anchor node. Thus, the anchor node calculates the
location of the blind node and sends it back to the blind node.

Mobile-assisted Monte Carlo localization (MA-MCL)
scheme uses one anchor node with high resources to localize
static blind nodes. The anchor node moves randomly to
collect arriver static and leaver static of blind observation.
Then, invalid samples are filtered out according to the move-
ment direction. After finding the blind node observation, the
anchor node calculates the location and sends it back to the
blind node [84].

Wireless node-based Monte Carlo localization
(WNMCL) is another scheme that utilizes a single anchor
node in the localization process.WNMCL divides the sample
area into separate clusters. The closed clusters are merged,
and the merging is repeated until the number of separate
clusters is found. The center of the separate cluster is used as
the estimated location of the blind node [85].

A single mobile anchor node with different types of blind
node observation, such as connectivity, AoA, ranging, and a
mixture of all of these, was utilized to estimate location [35].
The blind node collects at least the connectivity range of the
first neighbor and sends this range to the anchor node when
it arrives. The localization process occurs in the anchor node
side; the location is sent back to the blind node.

Utilizing a single anchor node with high resources in the
localization process can save scarce resources in sensor nodes
and avoid time synchronization. Moreover, security can be
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Table 2: Summary of localization schemes categories.

Localization category Dependent on hardware Scalability Accuracy Noise Environment Cost
Range-based Full Low High High Outdoor High
Range-free Partial High Low Low Indoor Low
Hybrid Partial High Medium Medium Indoor Low

improved by securing a single anchor node. Nevertheless,
the use of a single mobile node increases the overhead over
the beacon node and maximizes the probability of network
congestion. Moreover, the noise and overload of a single
anchor node range can degrade the localization accuracy of
the whole network.

5.2. Schemes Utilizing MCL in Target Tracking. The MCL
scheme enhances target tracking by estimating target loca-
tions [86, 87]. The novel Monte Carlo-based tracking
(NMCT) scheme utilizes the perpendicular bisector zoning
technique and triangulation assumption in the point in trian-
gle (PIT) scheme to gather and check the blind nodes within
or outside the anchor node triangle [88]. The perpendicular
line is used to find the bisector area and check the closeness
of the anchor nodes in the neighborhood. Therefore, the
possible location of the blind node can be estimated from the
anchor node pairs in the PIT and perpendicular bisector line
[89].Therefore, the valid sample area can be bounded, and the
invalid samples can be filtered out efficiently.Theweakness of
NMCT is that it assumes that anchor nodes are static nodes
and that normal nodes are mobile nodes.

Oriented tracking-based Monte Carlo localization
(OTMCL) scheme utilizes the movement orientation in the
sample step to improve MCL accuracy [90]. The angle of the
movement sector is calculated on the basis of the elaboration
between the locations in the previous and current times. The
drawback of OTMCL is the need to constantly find enough
valid samples. Thus, OTMCL uses the bounded box in MCB
to generate samples.

The binary detectionMonte Carlo localization (BDMCL)
scheme utilizes the binary assumption in MCL to examine
the node with the maximum range or outside range [91]. BD
MCL maintains and records the interval time of each mobile
sensor in the range. Hence, the mobile sensor with a large
time interval has a highweightage sample.The use of the time
interval requires the anchor node to synchronize the time
between nodes; this synchronization may not be applicable
in thin devices.

The movement continuity phenomenon of mobile sen-
sors was used in [36] to estimate locations and movement
directions.The study proposed the use of the linear prediction
method and required the normal node to maintain the
location information from four previous time slots. In this
method, the sample area is divided into separate posterior
density function regions on the basis of the movement
direction in the previous time slot. However, maintaining
four previous locations increases memory usage. Moreover,
the network needs a long period to stabilize.

State-of-the-art SMC localization schemes are presented
to highlight the advantage and disadvantages of each scheme.
The SMC technique is a recursive method that requires
repeating the sample and filter steps. The sampling efficiency
is improved by restricting the sample area. The bounded
box method can optimize sample area size and improve the
sampling efficiency more than other methods. The localiza-
tion accuracy is mostly improved by utilizing the normal
node location information. Nerveless, the use of normal node
location information can highly increase the communication
cost.

6. Comparison of Range-Free SMC
Localization Schemes

Localization schemes are categorized on the basis of addi-
tional hardware requirement, scalability, accuracy, noise,
operation environment, and cost, as shown in Table 2.
Among all schemes, the range-based one achieves the highest
accuracy despite being fully dependent on special hardware.
This scheme is followed by the hybrid scheme that utilizes the
network connectivity in noise and the RSSI assumption in the
normal case.The range-free scheme achieves the lowest accu-
racy; location is estimated using network connectivity. SMC
locations schemes can be compared in terms of localization
accuracy, computational cost, communication cost, a number
of samples, dependency on anchor nodes, and network type,
as summarized in Table 3.

6.1. Comparison of the Localization Accuracy. Accuracy is a
vital and challenging issue in the localization process. Achiev-
ing high accuracy in SMC schemes can be achieved through
high anchor nodes density. There are various schemes that
fully depend on anchor nodes such asMCL, dual andmixture
MCL, MCB, and PMCB, and there are others that combine
anchor and normal nodes location information like MSL∗,
WMCL, RMCL, COMCL, IMCL, and Orbit. Relying on
anchor nodes increases the dependency on the hardware
(each anchor node requires a GPS device) which increases
the power consumption, cost, and size, whereas using normal
nodes can increase the communication and computational
cost. Moreover, location information of normal nodes is an
estimated location that embedded with the fraction of error.

An efficient filtration method of invalid samples can
significantly improve the accuracy in SMC technique. There
are different filtrationmethods used in various SMC schemes.
TheMCL, dual andmixtureMCL, andPMCB schemes draw a
circle over the previous sample to observe whether it satisfies
the anchor nodes constraints in the current time. In case no
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anchor nodes exist in the neighbors, PMCB uses a time series
to forecast location [75]. The bounding of valid sample area
in this method is an irregular shape. It is constructed by the
intersection between radio range circles of anchor nodes. For
this, the distance between each sample and anchor nodes
in the first and second hops is utilized to check whether
the sample satisfies the anchor nodes constraints. The main
drawbacks of this method are that it highly depends on
anchor node density and that it uses inefficient and slow
filtration methods.

The MSL∗ [71] uses the closeness value of the sample to
filter out low weight samples. This method can improve the
localization accuracy but produces a high communication
between the neighbors. Each node broadcasts its samples and
samples weight in each time slot to the neighbors in the first
and secondhops.The communication cost is highly increased
in this scheme but, in our previous research named LCC, the
communication cost is reduced by selecting the normal nodes
that have high intersection elements with the normal nodes
in the neighbor.

The MCB scheme uses the intersection area of the
bounded box over the anchor nodes to restrict the valid
samples area. The shape of the box is regular; thus, it can
easily filter out the invalid samples. Nevertheless, this shape
contains an invalid area in some corner. WMCL narrows the
bounded box by using the negative effect of two-hop anchor
and normal nodes location information to optimize the
sample area and enhance localization accuracy. Furthermore,
RMCB utilizes the positive effect of the two-hop anchor and
normal nodes to optimize the sample area and improve the
accuracy in WMCL. It should be noted that WMCL uses the
normal node location information in the sample and filter
steps, whereas MCB utilizes only the anchor node location
information in the filter step. The restriction on the sample
area is a challenging issue.

IMCL [69] employs the longest circular sector to filter out
the invalid samples and a star graph with one root and five
leaves is used in Orbit scheme to improve localization accu-
racy [92]. The circular sectors method requires additional
computation to find the angle and longest sectors, and finding
five nodes in the neighbor is inapplicable in each time slot.

TheMCL sampling and Laplace’s method use the statisti-
cal posterior prediction to filter out invalid samples.However,
the improvement of accuracy is minimum and requires high
computation [77]. Storing posterior location information of
estimated location, velocity, direction, and motion type in
the table needs more memory and can slow the localization
process in SMCLA [78]. Another localization scheme is
genetic algorithm implemented in SMC technique to filter out
invalid samples [83]; the genetic algorithm requires large data
and high execution time, so it is unsuitable for thin devices
like sensor node.

The fast method and precious filtration of invalid samples
are essential in mobile WSNs location estimation. Filtration
within the irregular shape can be tedious, as it requires
repetition of the filtration and sampling steps for several times
to generate the valid samples. The bounded box method can
constrain the sample area fast and improve the accuracy at
the same time. The circular sector and star graph require

high normal node density in the neighbor which may not
exist all the time. Statistical and genetic methods require
large memory and instruction for execution. Thus, they are
incompatible with a thin device like sensor node.

6.2. Comparison of Computation Cost. A fast location esti-
mation is desirable in mobile WSNs location estimation. A
slow sampling method can delay the movement and the
sensormaymove to other locations before generating enough
valid samples. The computational cost is mainly counted by
the number of iterations required to generate enough valid
samples.

The amount of filtration is a function of both sampling
method and shape of the sample area. MCL, Dual and
mixture MCL and MSL∗ generate samples randomly over
previous samples within the sample area limited by a circle
with a radius of maximum velocity. The sample and filter
steps are repeated up to 1,000 times in some cases to find
valid samples. This weakness is from the irregular shape
of the sample area and filtration strategies. The MSL∗ has
advantages in keeping the highly weighted sample from the
previous time slot. Thus, the new sample is generated over
a low weighted sample. Dual and mixture MCL schemes are
inverting the probability function in the dual Monte Carlo
scheme during the sample and filter steps to improve local-
ization accuracy [56].The disadvantages of these schemes are
high computational cost and low sample efficiency.

Bounding of sample area becomes more precise and the
sampling efficiency improved by using anchor node bounded
box intersection in the MCB scheme, in which the amount
of filtration is reduced to 100 times per each sample. WMCL
reduces the sample area by 78% and increases the sampling
efficiency up to 95%.Moreover,WMCLuses the normal node
location information in the sample and filter steps, whereas
MCB utilizes only the anchor node location information
in the filter step. RMCB improves the sample area and
efficiency inWMCL by utilizing a positive anchor node effect
behind the negative effect used in WMCL. The anchor node
movement directions such as moving backward and moving
forward are utilized in COMCL to maintain the sample area
over WMCL assumption.

The aforementioned schemes used a static number of
samples which is equal to 50 in different sample area size. In
PMCB and IMCL schemes, the number of samples is based
on the percentage of the sample area with respect to the
maximum area of one anchor node in the neighborhood,
as represented in (3). However, at least one anchor node is
assumed to be in the first hop of the blind node neighbor in
most simulations.

Sample number = (50 ∗ (Δ𝑥) ∗ (Δ𝑦))
4𝑅2 , (3)

where Δ𝑥 and Δ𝑦 are the height and length of the bounded
box (sample area), respectively, and 4𝑅2 is the maximum area
of one anchor node in the first hop.

In SAMCL scheme [77], the sample area is divided into
small bins, and each valid sample is assigned to one bin; the
number of samples is counted by bin numbers. Reference
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[93] divided the sample area into small squares and the
sample is distributed uniformly over the squares.Thepolygon
shape property is used to construct the sample area in [34],
where the location and number of anchor nodes are used to
maintain the polygon shape.

Large number of iterations can slow the location esti-
mation and consume more power. The main difficulty in
the localization process is the shape of the sample area.
Generating valid sample from the irregular shape is a tedious
issue. The bounded box method can maintain the shape
of the sample area to become a regular shape. Generating
sample from such area is an easy thing and can reduce the
number of iterations required to generate the valid sample.
Dividing the sample area of the small bins or distributing
sample uniformly over small squares is weak assumption and
is unable to present the reality of the sample area; the using of
random generation is more precise and can be more general.
Adapting the number of samples with sample area size is an
important thing but themost important issue is the efficiency
of the sampling method.

6.3. Comparison of Communication Costs. The number of
messages sent is the function of anchor node density in
the schemes such as MCL, MCB, and dual MCL; and this
number is equivalent to the anchor node number (𝐴) in the
neighborhood. In MSL∗ and MSL, the normal node location
information is utilized along with the anchor node. The
normal node in MSL∗ broadcasts the samples in each time
slot to the first and second hops, whereas the normal node in
MSL only broadcasts its coordinates and not all samples. The
communication costs of MSL∗ and MSL are represented by
(𝑁∗𝑆+𝐴) and (𝑁+𝐴), respectively, where𝑁 is the number
of normal nodes, 𝑆 is the number of samples in each time slot
(50 samples), and 𝐴 is the number of anchor nodes in the
neighborhood.

Among all schemes, the MSL∗ scheme achieves the
highest communication cost, whereas MCL achieves the
lowest communication cost. In our LCC scheme, the com-
munication cost in MSL∗ is reduced by 18% by selecting the
closed normal node in the neighborhood.

The assumption in MSL∗ is adopted in WMCL and
RMCL; the normal node broadcasts its sample to the first hop.
WMCL and RMCL modify the sample with the information
onmessage size; the location of themaximumerror is defined
in 𝑥-axis and 𝑦-axis. The COMCL scheme embeds the range
of the bounded box from the previous time slot in the
sample of the normal node. However, the communication
cost of COMCL is 1.04 times higher than that of WMCL.The
simulation results in WMCL show that the communication
cost is more significantly affected by the size of the message
than by the densities of the anchor and normal nodes.

MSL∗ broadcasts the message with information on the
IP header, transmitter ID, estimated position, number of
hops, and coordinates of 50 valid samples in the previous
time unit; this information costs 634 bytes. The normal node
messages in WMCL or BB (bounded box) combine the IP
header, transmitter ID, estimated position, number of hops,
valid samples, and maximum error in 𝑥-axis and 𝑦-axis; this

information costs only 46 bytes.The normal nodemessage in
the IMCL scheme has a size of 66 bytes by combining the IP
header, transmitter ID, estimated position, number of hops,
valid samples, and eight sectors. The MCL, MCB, and dual
MCL schemes yield the lowest communication costs because
they only utilize the anchor node location information. The
details of bytes sent in each scheme per time slot are listed in
[69].

The number of messages is also affected by the number of
hops used in the localization process. Normally, SMC utilizes
the sensor in the first and second hops. However, the sensor
node in the second hop can maximize the communication,
especially when normal node samples are used. For example,
MSL∗ uses the normal node samples of the first and second
hops; each anchor node and normal node broadcast their
respective samples in each time slot to the first and second
hops’ neighbors. Therefore, MSL∗ requires a high communi-
cation cost.

Table 3 presents the comparison between SMC schemes
based on effective parameters. The localization accuracy is
the most important variable especially when sensors move
in high speed. Most of the schemes improve the localization
by utilizing normal nodes location information that highly
increases the communication and computation cost.

7. Discussion of Future Works and
Localization Issues

Range-based schemes achieve a higher localization accuracy
than range-free schemes. However, range-based schemes are
highly dependent on additional hardware that consumes a
large amount of power and increases the size and cost of
sensor nodes, especially in a dense deployment. The battery
replacement of sensor nodes is difficult, particularly when
nodes are in remote and hazardous areas. Moreover, commu-
nication range and hardware signals are affected by noise and
obstacles. Therefore, range-based schemes are unsuitable for
certain types of applications.

By contrast, range-free schemes estimate locations using
network connectivity and without any additional hardware.
A range-free scheme is a challenging area. The obstacle of
SMC is its dependency on anchor node density and a high
number of valid samples to estimate an accurate location.
Repeating the sample and filtering stages several times
is a time-consuming process. Furthermore, hop distance
schemes require a uniform distribution of anchor nodes,
and fingerprint schemes are time-consuming because expert
personnel are required to create the offline database and
update the database every time the environment changes.

Connectivity information may remain unchanged when
sensor nodes move a small distance without establishing a
new connection or disestablishing the previous connection.
Therefore, we can define the lower bounds in range-free
schemes as the average distance in which the sensor node can
move with the same connectivity information between the
previous time and the current time. In this case, localization
accuracy degenerates for range-free schemes [94].
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The localization accuracy of range-free schemes is a
challenging research area. The localization error in SMC
increases rapidly when the velocity ofmobile nodes increases.
A high velocity can change the topology of WSNs quickly.
Therefore, WSNs require an adaptive mobility model to
transmit sensor nodes efficiently. Another issue in the SMC
localization process is the accuracy highly affected by anchor
node density and number of samples.

Sample efficiency is a significant parameter in the SMC
method. However, the repetition of the sample and filter
steps for several times delays the localization process. Other
significant parameters are the number of samples and sample
area channeling.The shape of the sample area is irregular, and
the bounded area is difficult to find. The number of samples
of this area requires the highlight method, whereas the use
of the bounded box is embedded with a high percentage of
error.

Messages in WSNs consume scarce resources and waste
sensor battery life. Hence, localization schemes require a
lightweight algorithm to avoid additional, redundant mes-
sages.

8. Conclusion

The localization of mobile sensors is a key issue in WSNs.
Specifically, an accurate location can maximize the benefits
of WSNs. A high localization accuracy can be achieved
through an efficient and lightweight scheme that is adaptable
to sensor characteristics. Constructing an efficient scheme on
the basis of the SMC method can improve the localization
accuracy in dynamic systems, such as mobile sensors. In this
study, we introduced a thematic taxonomy to classify the
current SMC localization schemes. Moreover, we presented a
comprehensive survey of state-of-the-art SMC schemes and
classified them according to their localization requirements.
The critical aspects of existing SMC localization schemes
were analyzed to identify the advantages and disadvantages
of each scheme. Furthermore, the similarities and differences
of each scheme were investigated on the basis of important
parameters, such as localization accuracy, computational
cost, communications cost, and number of samples. We
discussed the challenges and open research issues related to
the parameters. The future work on the localization accuracy
of range-free schemes can be improved by combining RSSI
technology and SMC schemes. The RSSI can reduce com-
putational and communication costs by utilizing the signal
strength indicator.
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