Received: 5 October 2018

Revised: 25 February 2019

Accepted: 12 March 2019

DOI: 10.4218/etrij.2018-0550

ORIGINAL ARTICLE

WILEY ETIRI Journal

Hierarchical sampling optimization of particle filter for global
robot localization in pervasive network environment

Yu-Cheol Lee!”

'SW and Contents Research
Laboratory, ETRI, Daejeon, Rep. of Korea

Robotics Program, KAIST, Daejeon, Rep.
of Korea

3School of Electrical Engineering, KAIST,
Daejeon, Rep. of Korea

Correspondence

Hyun Myung, Robotics Program, KAIST,
Daejeon, Rep. of Korea.

Email: hmyung @kaist.ac.kr

Funding information

This research was supported by the Ministry
of Trade, Industry & Energy (MOTIE,
Korea) under International Collaborative
R&D Program N0002455, “ESTABLISH”
in European Union Cluster ITEA3 Call2
(15008). This material is also partly based
on work supported by the MOTIE under
Industrial Technology Innovation Program
No. 10067202, “Development of Disaster
Response Robot System for Lifesaving
and Supporting Fire Fighters in Complex
Disaster Environment.”

1 |

INTRODUCTION

| Hyun Myung®®

This paper presents a hierarchical framework for managing the sampling distribu-
tion of a particle filter (PF) that estimates the global positions of mobile robots in a
large-scale area. The key concept is to gradually improve the accuracy of the global
localization by fusing sensor information with different characteristics. The sensor
observations are the received signal strength indications (RSSIs) of Wi-Fi devices
as network facilities and the range of a laser scanner. First, the RSSI data used for
determining certain global areas within which the robot is located are represented as
RSSI bins. In addition, the results of the RSSI bins contain the uncertainty of locali-
zation, which is utilized for calculating the optimal sampling size of the PF to cover
the regions of the RSSI bins. The range data are then used to estimate the precise
position of the robot in the regions of the RSSI bins using the core process of the
PF. The experimental results demonstrate superior performance compared with other
approaches in terms of the success rate of the global localization and the amount of

computation for managing the optimal sampling size.
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measurements from robot-mounted sensors and pervasive
network devices.

The autonomous navigation services of mobile robots have
been expanding in various fields such as logistics [1-3],
guidance [4,5], and surveillance [6,7]. Recently, owing to
the emergence of the pervasive network environment, new
applications of mobility services have become feasible in
multi-robot navigation [8,9], advanced human interaction
[10], cloud intelligence [11], etc. The robots can exploit
opportunities to improve core technologies by using per-
vasive network devices [12]. This study focuses on solving
the problems of available autonomous navigation technol-
ogies (particularly the conventional localization algorithm)
by providing a new hierarchical framework that can fuse

The navigation system of a mobile robot consists of vari-
ous technologies such as localization, mapping, recognition,
perception, path planning, and motion control [13,14]. As the
core technology of navigation, the capability of determining
the position of a robot is essential and has been studied in the
field of localization methods.

This paper proposes a localization method of mobile ro-
bots that fuses different sensor information in order to achieve
both a high success rate and an accuracy of global localiza-
tion in a large space. We developed a hierarchical localization
framework for mobile robots that can solve the problem of
falling into the local minimum even with large computational
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resources by managing the distribution effectively and deter-
mining the optimal size of samples. The main concept is to
apply signals such as the received signal strength indication
(RSSI) of Wi-Fi devices, to a stepwise localization framework
in order to determine the global position of a robot. Recently,
owing to the emergence of pervasive network technology,
numerous mobile robots have employed a Wi-Fi-based net-
work device as the fundamental equipment for communica-
tion covering workspaces; this enabled the implementation
of various decentralized applications and services through a
remote control system [15-17].

The localization framework consists of three major layers:
the evaluation of RSSI bins, optimization of the population
size of the samples, and estimation of position. Note that the
RSSI bin is the fundamental unit of the prestored map in-
cluding the radio signals and the obtained location. First, the
RSSI bin evaluation can determine the coarse region where
the robot is located, by matching the two data of the current
signals of the RSSI measured by the Wi-Fi receiver and the
bins of the map. Second, an optimization of the population
size can regulate the total number of samples in the coarse
region according to the evaluation results of the RSSI bins.
Finally, the position estimation calculates the precise posi-
tion of the robot in the coarse regions of the RSSI bins based
on the optimized sample size by using the ranges of a laser
scanner.

The proposed method contributes to achieving an accurate
estimation of the robot position and to providing solutions for
the issues with the conventional PF, such as being stuck in the
local minimum and sampling size optimization. For prevent-
ing the local minimum, it limits the sample distribution to the
region produced by the RSSI bins and reduces the likelihood
of being stuck in false regions where the robot is not located.
In addition, this can support rapid initialization for determin-
ing the robot's position in large-scale spaces. Meanwhile, the
adjustment of the population size improves the performance
of the diversity and the amount of computation. An adequate
population size of the samples is used for successful initial-
ization according to the evaluation results of the RSSI bins.
The number of samples is then gradually reduced depending
on the diversity of the sample distribution to save computa-
tional resources. This feature supports the localization capa-
bility of robots even with low-performance embedded boards
in real time.

The remainder of this paper is organized as follows: After
a discussion of the related work in the following section,
Section 3 presents the hierarchical localization framework
for estimating the position of a robot and adjusting the pop-
ulation size of the samples by using RSSI bins. Section 4
describes experiments and results to verify the effectiveness
of the proposed method in terms of accuracy, success rate,
diversity, and the amount of computation. Finally, the conclu-
sions and future works are summarized in Section 5.
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2 | RELATED WORK

Localization technology has advanced with various intel-
ligent algorithms; these can be classified as either discrete
or continuous approaches [18,19]. These two categories are
different mainly in terms of the state representation. The
continuous methods estimate the position of a robot with
a single state and have been applied to mobile robot lo-
calization with substantial success in terms of accuracy and
efficiency. The representative algorithms of the continu-
ous approach include the Kalman filter [20,21], extended
Kalman filter [22,23], and unscented Kalman filter [24].
Because these methods maintain only a single state, they
are mainly used to track the position of the robot after the
global localization [25].

The discrete methods secure the capability of estimat-
ing the global positions, even in a larger space, by using
multiple states [26,27]. Popular algorithms using the
discrete approach are Markov localization [28] and par-
ticle filter (PF) [29-34]. A PF operates multiple hypoth-
eses based on a sample approximation method; this can
overcome the limitation of the continuous approaches by
using robust probabilistic models to reduce the effects
of outliers. Generally, a PF is composed of four major
steps for handling samples [18]: initialization, sampling,
importance weight evaluation, and resampling. For sta-
ble localization in a large area, particularly to determine
the initial global position, samples should be secured to
cover the whole area. Otherwise, the PF frequently fails
to determine the initial location because of falling into a
local minimum. However, if numerous samples are used
for the localization, the computational complexity may
increase.

The trade-off between the sample size and amount of
computation has hindered the implementation of global lo-
calization in a large-scale environment by using a PF [35]. In
order to solve the problem wherein the sampling size becomes
large depending on the space size, a PF has been developed to
optimize the distribution and size of samples. The most rep-
resentative approaches are the localization methods based on
particle swarm optimization (PSO) and the Kullback-Leibler
divergence (KLD) [36-38].

The PSO method can manage a sample distribution
clustered in a group represented by individuals and thereby
improve the efficiency of the sample size [39,40]. They con-
sider the personal and global best values; these represent the
fitness and the velocity of each individual, respectively. The
PSO exhibits strong global search capability by using inertia
weight, and its result is represented as the global best value.
A PF based on PSO adjusts the sampling size in accordance
with the global best value after determining the initial po-
sition in order to perform fast-tracking [41]. However, it is
challenging to directly apply the PSO-based PF to determine
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the initial position of the PF; this is because it cannot employ
genetic operators such as mutation and crossover [42]. The
mutation and crossover in the resampling process are the key
aspects for managing the robustness of the distribution of the
samples, particularly in the PF initialization. Although the
number of particles can be reduced in the tracking process, it
is challenging to use the PSO as a practical method of global
localization; this is because it frequently fails to determine
the initial position.

As an approach to optimizing the sample size and
being able to apply mutation and crossover to the resam-
pling process, the KLD method evaluates the quality of
the sample distribution. This result is used for adjusting
the sampling size. KL divergence, a stochastic model, pro-
vides a measure of the divergence of a probability from a
second expected probability distribution [43]. The funda-
mental concept is based on two-layered evaluations. The
first estimates the robot positions using the fitness value
of the samples. This follows the fundamental processes of
the PF. The second evaluates the divergences of the parti-
cle distribution to calculate the optimal sampling size. The
latter step causes the problem of frequent falling into the
local minimum when the robot has to determine the global
position in a large-scale environment [44]. In the process
of optimizing the sampling size, the excessive adjustment
exerts a negative effect on the first step of position esti-
mation, particularly on the accuracy and success rate of
localization.

The hierarchical localization framework described in
this paper resolves the problem of KLD wherein it fails to
determine the global initial position owing to the excessive
reduction in sampling size and the particle impoverishment.
The proposed method determines the population size and
the distributed region of the samples (rather than a statisti-
cal model such as the sample distribution of KLD) using the
RSSI matching results of Wi-Fi signals. Because the RSSI
value of Wi-Fi signals can better reflect the characteristics
of the actual environment than the statistical model of KLD,
the proposed method can optimize the sampling size more
effectively; moreover, it can ensure a higher success rate of
PF initialization compared with that of KLD.

3 | HIERARCHICAL
LOCALIZATION FRAMEWORK

The localization framework described in this paper consists
of three steps: RSSI bin evaluation, population size opti-
mization, and position estimation, as illustrated in Figure
1. First, the process of RSSI bin evaluation selects the can-
didate region in which the robot is placed, by matching the
current radio signals with the stored RSSI bins. Second, the
population size optimization regulates the sampling size of

Wi-Fi receiver Radio data acquisition

RSSI bins Likelihood evaluation

Best RSSI bins

RSSI bin evaluation .
selection

Normalized likelihoods
of selected bins

Population size
optimization

New sample size
of selected bins

New size of all samples

Distribution

initialization Resampling

Odometer State prediction

Robot position update

Normaliztion of
importance weight

Schematic diagram of the hierarchical localization

Position estimation

Observation prediction

|

Importance weight

Laser scanner ;
calculation

FIGURE 1
framework that consists of RSSI bin evaluation, population size
optimization, and position estimation

the PF; this reduces the amount of computation necessitated
by advanced diversity of the sample distribution in the PF.
Finally, the position estimation step is a fundamental algo-
rithm of the PF to accurately determine the position of the
robot using the measurements by the odometer and laser
scanner.

This approach can improve the success rate of the initial-
ization process of the PF with a reduced amount of compu-
tation. A larger sampling size can lower the possibility of the
occurrence of the local minimum problem of the initializa-
tion; however, it requires larger computational resources to
evaluate all the samples. The RSSI bin-based PF localization
provides a solution to adaptively regulate the sampling size
and robustly manage the diversity of the sample distribu-
tion so that the robot can accurately estimate the position in
large-scale spaces with a small number of samples. The key
concept is that the RSSI matching result provides the abso-
lute regions that exhibit high possibilities for the presence of
the robot; then, the PF can scatter the adaptive sizes of the
samples covering only the regions of the selected RSSI bins.
For stepwise localization, it ensures precise localization of
the robot without the problems of a large amount of compu-
tation or of falling into a local minimum, encountered in the
conventional PF.

3.1 | RSSI bin evaluation

The objective of the RSSI bin evaluation is to select the ab-
solute and coarse areas with regard to the current position of
the robot in the space.
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The first step of the RSSI bin evaluation is accom-
plished by measuring the radio signals of Wi-Fi devices.
Fundamentally, most robot platforms are equipped with
a Wi-Fi receiver to share information, commands, status,
etc., with other robots or servers. As an additional function
in this study, the Wi-Fi receiver collects the observation
of the radio signal (r') at the current time ¢ for localization
as in

Radio data acquisition

v={(m ) =1, ool ) (1)

where the data of the radio signal are composed of the n’ set
with the MAC address mf and the RSSI value r;. The MAC

addresses are used as identification to distinguish its RSSI
values from other radio signals.
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This step calculates the total likelihood value by comparing
the reference and the observation RSSI values correspond-
ing to a MAC address. The group of RSSI bins (B’) defined
as the n,, dataset with the RSSI bin (bjc) is prebuilt reference
information stored as the map in (2). Each RSSI bin consists
of the center location of the region (%, §,), radio signals (T,),
and likelihood value (/Alli) as follows:

Likelihood evaluation

B'={b, k=1, ....n, }, bl=(%.5.T.4). (2

A histogram matching method is used for evaluating the
likelihood value of each RSSI bin. Histogram matching is
a process wherein a time series or high-dimensional scalar
data are modified such that its histogram matches that of a
reference dataset [45]. In this paper, the current radio signal
observation (r') and the group of RSSI bins (B’) are defined
as the high-dimensional scalar data and the reference dataset,
respectively, for histogram matching.

The likelihood value of each RSSI bin is determined by
using the residual between the reference and observation
RSSI values, 7, and r]’., respectively, corresponding to the

MAC address (77, =me) as follows:

Je=p (¢s0) =p (¢ 5) =], 2. (=70).

i N2
j —i
(10% _ 10%) 3)

s

1
p(-)= exp

\/270?

20?2
:
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FIGURE 2 Concept of selecting RSSI bins to determine the
coarse region where the robot is located; for example, if the likelihood
value (i}() is top ranked for the selected RSSI bins (b;(), the coarse
region is defined by the center location (%, $;), and the error boundary
of the bin (¢g)

where p,(-) is theoretically based on the Friis formula that
supports the equation for transformation from the decibel
unit of received radio power to the metric unit of distance
[46]. By converting the RSSI from decibel unit to metric
distance, the histogram matching is performed in a linear
scale to respond to the metric location of the RSSI bin. In
addition, p,(-) is represented by the Gaussian distribution
with the radio power variance o>

re

3.1.3 | Best RSSI bins selection

This process determines the coarse-region candidates where
the robot is located using the results of the likelihood evalua-
tion. The group of the selected RSSI bins (S”) is defined as the
top-s RSSI bins (sﬁ) when the RSSI bins in the group (B) are
sorted in descending order according to the likelihood value
(/Alli) as:

S'={slli=1, ...,s)

={b2

where s is determined by the accuracy of the RSSI bin
evaluation (Z;) and the error boundary of the bin (¢). In
the physical domain, the region of % is covered by s RSSI
bins.

As shown in Figure 2, if the likelihood value (2;{) is in the
cutoff rank for selecting the best RSSI bins, its RSSI bin (b;c)
is designated as the element slf and belongs to the group of
selected RSSI bins (S”). The coarse region where the robot is
located is defined by the center location (%, ;) and the error
boundary of the bin (¢) where € is determined from several
meters to dozens of meters. The main purpose of this step is

1<k<s

) 4
arg max (A;),b;(eBt,s=[Ef/e]}, @)
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to determine the candidate areas where the robot is present;
moreover, even if the error boundary is tens of meters in the
worst case, it is not a critical problem for estimating the robot
position.

For the next layers in the localization framework, the
likelihood values of the selected RSSI bins are used for
resizing the optimal number of samples to circumvent the
need for a large amount of computation. The coarse re-
gion provides the boundary of scattering the samples to
solve the problem of the local minimum in the large-scale
space.

3.2 | Population size optimization

The population size of the samples is an important factor for
the PF localization method with regard to the success of the
initialization, computational resources, diversity manage-
ment, etc. For successful initialization, the population size
of the samples should be sufficient to cover the workspace.
If the population size is not sufficient to cover the entire
region with adequate diversity, the PF frequently falls into
the local minimum and fails to initialize its localization pro-
cess. On the contrary, an excessive population size causes an
overflow effect, which results in computational complexity.
This is a critical issue for real-time systems such as those
for localizing mobile robots. Therefore, the population size
of the samples is a key factor for the success of the PF and
should be determined at an appropriate level according to
various situations such as kidnapping, tracking, and obstacle
avoidance.

To determine the optimal sample size, the group of all
samples is defined as (', and the state of the i-th sample at
time 7 (q}) is defined as a position (x}, !, 67) and a weight (w!)
as

Q’={q§

=1 b = (). )

The weight is the fitness value to evaluate the similarity
between the sample position and real position. If the popula-
tion size of the samples at ¢ is n; and the state of the sample is
randomly placed on the map, the initial weight of each sam-
ple is set as l/n;.

3.2.1 | Normalized likelihoods of
selected bins

This process rescales the likelihood values so that the sum
of the likelihoods for all the RSSI bins is 1. In the group of
selected RSSI bins (S"), each likelihood is assigned as a nor-
malized value (A)) to reduce the effect on the different scales
of the likelihood distribution as follows:

Decrease K;

) () <
| the size of v

sample in RSSI

(@) S bin

Increase A

the size of
sample in RSSI
bin

j

(B)

FIGURE 3 The concept of optimization of population size

is based on the divergence evaluation, f(Q"), to compare two
distributions: the current variance of all the samples, Var(Q"), and

the error boundary of an RSSI bin, &2 (A) If the divergence f(Q")

is smaller than 1, the population size is decreased at the subsequent
iteration to eliminate the redundant samples over the small area. (B) If
the divergence f(Q") is larger than 1, the population size is increased at
the subsequent run to cover the wide region

)
%:,@/Zi’;i}eS’,iQeB’. (6)
k=1
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This step is a key component for determining the appropri-
ate population number of samples (k;) corresponding to the
selected RSSI bin as follows:

New sample size of selected bin

£\? 2w ¢
Kj=ij(5) x<?>><f(Q), .
F@Q)=(Var(Q")/e),

where the increase in the new sampling size is proportional to
the normalized likelihood value (A)). In addition, the param-
eters 6 and @ are the physical resolutions of the distance and
the angle bearing, respectively, between the different sam-
ples. The typical values of these two resolutions are obtained
from the environmental complexity so that the samples cover
the whole region. The function of divergence (f(Q")) is an
element that evaluates whether the distribution of the current
samples (Var(Q")) can cover the region corresponding to an
RSSI bin (g?) as in Figure 3.

In contrast, the KLD method determines the number of
samples based on the difference between a true distribution
and a current particle density [36]. The true distribution is
approximated by the statistical models because it cannot be
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FIGURE 4
on the map to start the PF. The total number of samples is 4,000. (B)
The states of the samples are located in the error boundary of the
selected RSSI bins (red dotted circles, s = 2). The initial position of
the robot can be estimated with a small number of samples because the

(A) The samples (blue color) are uniformly scattered

selected RSSI bins contain the coarse locations (green points) where
the robot is located

inferred as an exact value when expressed as linear equa-
tions. In certain cases, the errors in the approximation result
in a miscalculation of the true distribution and an accelera-
tion of the particle depletion, further deteriorating the local
minimum. To solve this issue, our proposed method uses the
boundary of the RSSI bin of Wi-Fi signals (ie, a physical
value rather than an approximation) as the true distribution.
It can maintain the appropriate number of samples and robust
distribution under all circumstances.
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This step determines the total number of samples for accu-
rately estimating the position within the selected RSSI bins.
The new sample size (nZ) is calculated by the sum of the new

sizes of all the selected RSSI bins as n’ = Zs._l K.
g~ &j=1"]

New size of all samples
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The PF localization can robustly provide accurate perfor-
mance even under abnormal situations such as robot kidnap-
ping, errors of sensor measurements, and obstacle collisions;
this is because it has been developed to maintain an appropri-
ate diversity of the sample distribution based on the stochas-
tic theory.

The process of the PF localization to determine the robot
locations consists of seven processes. First, the PF initializes
the samples bounded in the selected RSSI bins to determine
the starting location of the robot. Second, each state of the
sample is predicted by the odometer data. Third, the distances
of the laser scanner obtained from the predicted observations
are calculated at the predicted state by using the map data.
Fourth, the weight of each particle as the fitness level of the
sample is evaluated by matching the predicted observation
with the measurement by the laser scanner. Fifth, the weights
of all the samples are normalized to resolve the scale effect
correlated with the population size. Sixth, the current robot

Position estimation

position is determined by the weighted sum of the states
of the samples. Finally, the new samples are replicated ac-
cording to the probability proportional to the weight; thus,
the distribution of samples can robustly adapt to changes in
the surrounding situations, such as kidnapping and dynamic
obstacles.
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This process randomly seeds the samples to cover the re-
gions of the selected RSSI bins by using the map data. As
shown in Figure 4A, the samples can be placed only in the
free region where the robot can move or stop. This condition
contributes to reducing the population size of the samples
to cover the area; however, it is not a fundamental solu-
tion to manage the sampling size in a large space. As the
size of the space enlarges, the sampling size should be ac-
cordingly enlarged to prevent the local minimum problem.
However, this simple strategy necessitates a large amount
of computation.

Figure 4B shows the concept of the methodology to
overcome the trade-off between the local minimum and the
amount of computation using the selected RSSI bins. The
states of the samples are assigned by using a random function
R(-) only around the region of the selected RSSI bins (¢) as
follows:

Distribution initialization

Q=Y {R@)I1<i<k}:{ -5l <e, ®)
= 6| <,

where k; and (%;, ;) are the allocated sampling size and the lo-
cation of each selected RSSI bin, respectively. The constraint
boundary of the selected RSSI bins scattering the samples
contributes to solving the problem of the local minimum with
a small population of samples, that is, small amount of com-
putation, by reducing the search area; the larger the space is,
the higher the probability that the area will have a similar
structure. In addition, it can aid the rapid determination of the
position of the robot in the initialization step.

3.3.2 | State prediction

This process predicts the current position (x},y,6?) of the
sample at time ¢ with the state model defined as

x! X~ +dcos (07" +A6))
p@lq " u)=| ¥ =] v +dsin(@ ' +A0) |.9)
0! 0!~ + A0, + A0,
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In (9), the current position is calculated by the kinematic
relationship between the previous position (x/~!,y=!, 6!~
and the control input (u,). The control input consists of
the distance (d) and the angles (A#,, Af,) measured by the
odometer when the robot moves from time  — 1 to ¢. As
shown in Figure 5, the state of the sample can be predicted
based on the sequential motion variations; for the subse-
quent motion, vary the angle (Af)) to the target location,
move a certain distance (d), and vary the angle (A#,). The
predicted state of the sample is used in the subsequent step
to extract the range measured by the laser scanner using the
observation model.

333 |

This process anticipates the measurements (Z}) by the laser
scanner at the predicted position of the sample. As shown
in Figure 6, the observation model is based on the measure-
ment principle of the laser scanner, which should detect the
nearest object in the direction of the beam. The observation
model can predict the n, data pairs of the range (7j) and the
bearing angle (¢,) corresponding to the state of each sample
as follows:

Observation prediction

1. \/ =X+ (y;— )2
pElg,M)=|  |= (G =20+ 0;=37) . (10)
f o+Ad,
where j=1, ...,n, (xj, yj) is the location of the closest object

in the laser beam line and M is the preconstructed grid map that
represents the structure of space.

Ya
Y,
d
ANA
9,’*‘!‘\91
-1
Vi N JH
X x! X -

i i

FIGURE 5 The state model predicts the position (x}, ¥, 07) of
the sample by using the previous position (x/~!,y™!, #/™!) and the
control input (u'). It is derived from a kinematic analysis of the robot
movement. From the perspective of control, to move to the target
position, the motion of the robot should consist of three steps: change
direction (A6,), move a certain distance (d), and rotate its orientation
(AB,) for the subsequent motion
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This process evaluates the weight value (w?) of each sample
by calculating the likelihood between the predicted observa-
tion (iﬁ) and the actual measurement (z') as follows:

Importance Weight Calculation

p(w§|z;,zf)=11p(—|7j—z;|)-p<—|<¢3j—¢;|), (11)

]

where p(+) & N(0, 6%). The likelihood function uses the resid-
uals (7j - l]‘., d;j - q’)]t.) as the parameters for the Gaussian distribu-

tion p(-) with zero mean and variance 2. The larger the weight
is, the more accurate the position of the sample.
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It is a convenient computation process to eliminate the im-
pact of varying of the population size. The weight value of
each sample (w!) should be divided by the sum of the weight
values of n; samples as follows:

Normalization of importance weight

wf«—wE/ZwJ’.. (12)

Although the population size will be dynamically varied
to maintain the diversity of the sample distribution, this pro-
cess can normalize the influence of each sample to estimate
the position of the robot.

33.6 |

This process estimates the current position of the robot (x) by
using the weight of the distributed samples as follows:

Robot position update

Y

—
X

FIGURE 6
(Z)) by the laser scanner composed of the range and bearing. For

The observation model can extract the measurements

example, the j-th predicted range is determined by the distance Zj on
the bearing angle q5j corresponding to the beam reflected by the closest
object (x;,;) in the map
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FIGURE 7 The experimental setup and the environment;

(A) The mobile robot manufactured by Adept MobileRobots Co.

is equipped with an odometer, a laser scanner, a Wi-Fi receiver,

and a laptop computer. (B) The experimental site is an office space
consisting of repeated corridors with similar spatial shapes. Wi-Fi
routers are installed in the pervasive network environment to construct
the smart workplace

1

& & i
x'= [waxf Zw% wa@l’] (13)
i=1 i=1 i=1

There are various methods for solving the PF to use the
weight values of the samples, for example, the best weight se-
lection, longest survival selection, and weighted sum selection
[47]. To update the robot position, the proposed method adopts
the weighted sum selection using all the surviving samples.
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The final step reorganizes the samples according to the new
population size of the selected RSSI bins. The samples are
sorted in descending order according to the weight value. The
samples are divided into two parts, the parents and the off-
spring, with the learning rate () as follows:

Resampling

t

u=-a)n, A=a-n, (14)

where u and A denote the number of parents and that of off-
springs, respectively, as in the evaluation strategies [48].
The parents and the offspring groups survive and are gen-
erated, respectively. The offspring samples are randomly
mutated and recombined in the pool of parent samples. All
the samples are gathered for the subsequent generation as
follows:

t,parents 7,0ffsprin,
Q) — QP y Qe (15)

1

4 | EXPERIMENTS AND RESULTS

A hierarchical localization framework is designed to oper-
ate regardless of the ground vehicle platform specifications

ETRI Journal—WlLEYﬂ

such as communication protocol, driving wheel type, size,
payload, and operating temperature by providing applica-
tion programming interfaces (APIs) as software compo-
nents. If a mobile robot is equipped with a laser scanner,
a Wi-Fi receiver, and an odometer, we can apply the pro-
posed method to accurately estimate the positions in the
pervasive network environments. In particular, the pro-
posed method is more effective for multirobot localization
in a large-scale environment because each robot individu-
ally operates the localization and reduces the computa-
tional complexity.

We implemented the hierarchical localization frame-
work to adjust the population size for reducing the amount
of computation as well as for securing a robust distribution
of the samples to improve the position accuracy by using
the Wi-Fi network in a pervasive communication environ-
ment. We determined the input parameters of the proposed
RB (RSSI bin-based) method as follows: the accuracy of
RSSI bin evaluation (Z;) is 30 m (90 percentile accuracy of
conventional fingerprint analysis) [49], error bound of RSSI
bin (¢) is 5 m, number of the selected RSSI bins (s) is 6,
distance interval of sample (6) is 0.1 m, and angle interval
of a sample (@) is 15°.

In order to verify the effectiveness of the proposed
method, we used a real mobile robot to perform the ex-
periments in an office space where multiple Wi-Fi rout-
ers constitute the pervasive network environment. As
shown in Figure 7A, the mobile robot is equipped with
an odometer, a laser scanner, and a Wi-Fi receiver. The
odometer measures the dead-reckoning position of the
robot; this is used as the control input to predict the po-
sition of the samples. The laser scanner can detect the
ranges and the bearing angles with respect to the sur-
rounding objects every 0.1 second with a resolution of
0.25°, maximum range of 30 m, and coverable angle of
270°. In addition, the robot uses a Wi-Fi receiver to de-
tect the radio signals including the MAC addresses and
RSSI values. The radio signals measured by the Wi-Fi
receiver are updated every 0.2 second and are utilized
to evaluate the RSSI bins as the current observation.
Finally, a laptop computer with a 2.8 GHz i7 processor
is incorporated to store the measurement data from the
sensors and to perform localization for the robot by using
the proposed method.

We compared and analyzed three methods: the standard
PF with a fixed sample size [18], KLD [36], and the proposed
RB method. KLLD and RB use the standard PF as a baseline,
and each method manages the population size according
to its own sampling optimization method. For an unbiased
comparison, we used the same parameters for all the three
methods to perform PF: the learning rate is 0.3, the standard
deviation of the precision of the laser range is 0.35 m, and the
accuracy of the laser range is 95%. Additionally, KLD used
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the fixed parameters to reasonably adjust the sampling size
according to a performance analysis as follows: the probabil-
ity bound is 99%, and the error bound is 0.01 [36]. KLLD can
guarantee that with the specified probability bound, the KL
divergence between the PF and the true distribution is less
than the error bound.

As shown in Figure 7B, the experimental space is con-
nected to numerous corridors; moreover, the object con-
figurations are repeated with numerous similar structures.
It is challenging to successfully initialize the position es-
timation owing to the occurrence of the local minimum
in a similarly structured site. Therefore, the localization
methods based on the conventional PF frequently exhibit
the local minimum, although they can use a sufficient pop-
ulation size for the initialization. The experiment was fo-
cused on establishing the novelty of the proposed method
by demonstrating whether the hierarchical localization
framework can overcome the limitations of the traditional
PF algorithm such as the local minimum and the large
amount of computation while using the pervasive network
system.

4.1 | Effects of population size

Figure 8 A,B shows the procedure for analyzing the effects
of the population size on the computational complexity
and the success rate of the initialization of the PF. The
experimental space has a physical size of 72 m X 56 m.
The gray-colored region represents a space occupied by
certain objects. The robot started from the bottom left
and arrived at a location at the top left of the map. The
robot requires the largest number of samples when it has
to determine the initial position. Because the robot cannot
use prior information regarding its position at the start-
ing time, it should search the entire area and straightfor-
wardly fall into the local minimum. Figure 8 A shows an
example where the robot fails to perform initialization of
its position because of falling into the local minimum.
Note that the experimental site consists of similar struc-
tures such as corridors and walls. The robot requires
scattering of more samples in the assigned experimental
space to solve the problem of the local minimum. Figure
8B indicates the initialization where the robot can esti-
mate its position when it has moved 3 m from the starting
location. This assessment condition reflects the fact that
the global localization should determine the initial posi-
tion of the mobile robot as rapidly as feasible to ensure
navigational stability.

The initialization of the PF is repeated by 300 tests per
population size of the samples. As shown in Figure 9, the
probability of the initialization success is proportional to
the number of samples. However, a larger population size
produces a secondary effect with respect to the amount

of computation. The experimental results established that
the amount of computation increases with an increase in
the population size of the samples. This result implies that
it is necessary for the PF to adaptively regulate the pop-
ulation size according to the situations; for example, the
population size should be increased for the initialization
process and gradually decreased after completion of the
initialization.

As adaptive population methods, KLD and RB can ad-
just the population size to perform the localization within
the maximum population size that is generally assigned
in the initialization process. As shown in Figure 10A,
KLD regulates the number of particles according to the
initially assigned population size by evaluating the qual-
ity of the particle distribution. For example, KLD allo-
cates 50 000 particles to determine the initial position;
however, it performs localization by reducing the popu-
lation size to approximately 20 685 particles. Figure 10B
shows the success rate and the amount of computation
for KLD according to the number of initially allocated
particles. Compared with the standard PF, KLD can re-
duce the amount of computation; however, its success
rate of determining the true position is marginally lower
at the population size assigned in the initialization. This
is because the KLD incorrectly estimates the true distri-
bution in the process of adjusting the population size and
straightforwardly falls into the particle impoverishment
at the initialization owing to an improper reduction in the
population size.

Because the RB method distributes the initial parti-
cles in the candidate regions where the robot is located by
using the RSSI bin evaluation, it can optimize the number
of particles more effectively than the KLD can. As shown
in Figure 10A, the RB reliably estimates the number of
particles compared with the KLD, regardless of the initial
allocated population size. This results in a high initializa-
tion success rate with a small amount of computation, as
shown in Figure 10B.

4.2 | Performance of adaptive
population size

We analyzed the effectiveness of the adaptive population
size in improving the diversity of the distribution and re-
ducing the computational complexity. Figure 8C shows an
overview to verify the performance of the adaptive popu-
lation approach. The robot moved 96 m to arrive at the
destination after the initialization; the trajectories for the
three methods are drawn on the map. The three trajectories
appear as an overlaid one (green line); here, each method
can estimate the positions of the robot from the starting to
the arriving locations. The results indicate that the adap-
tive population methods (KLD and RB) could estimate the
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FIGURE 8 Experimental configurations; (A) When the robot moves 3 m from the starting location, it fails to determine the initial location

owing to falling into the local minimum. (B) The robot can estimate the correct position for the initialization after it moves 3 m from the starting

location. (C) The trajectories of the three localization methods to estimate the robot positions: the standard with fixed sample size, KLD, and the

proposed RB method. The three trajectories appear as a single overlaid one (green line). This implies that the adaptive population method archives

the similar performance with the fixed population method to track the positions using fewer samples after the initialization. (D) Reconstructing the

starting and kidnapping situations in order to verify the performance of the global localization

correct trajectory although they used fewer samples than
the standard fixed population. It is feasible for the adaptive
population methods to achieve tracking performance cor-
responding to that of the fixed population method by using
fewer samples.

We also determined that the RB method can maintain a
higher diversity of the distribution than the standard and the
KLD methods can for the PF. Figure 11 shows the diversity
variation while the robot runs 961 iterations to estimate the
positions. The three plots (of the standard, KLD, and RB
methods) reveal similar progress in terms of diversity. For
the average diversity value, the RB method yields 0.2140 m?;
this is marginally larger than those for the standard and KLD

methods (0.2065 m* and 0.2063 m?, respectively). In ad-
dition, the standard deviations of diversity are 0.0218 mz,
0.0206 m*, and 0.0203 m” for the RB, standard, and KLD
methods, respectively. These results demonstrate that the RB
method can maintain a more robust distribution of the sam-
ples than the other two methods.

As shown in Figure 12, the adaptive population meth-
ods optimize the sampling size according to the iteration
runs. The fixed sample size of the standard PF continu-
ously uses 50 000 samples to estimate the positions of the
robot even after determining the initial location. However,
KLD and RB as adaptive population methods can reduce
the sample size by considering the tracking conditions
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TABLE 1

Comparison of optimization of population size

Population size  Diversity (mz) Processing time (s)

Avg. Avg.  Stdev. Avg.
Standard 50 000 0.2065 0.0206 0.3461
KLD 30 168 0.2063  0.0203 0.2477
RB 11 581 0.2140  0.0218 0.0878

The bold values indicate the best performance for each experiment.

after the initialization. The average sampling size of all
the iterations for the standard, KLD, and RB methods are
50 000, 30 168, and 11 581, respectively, until the robot
arrives at the destination. Comparing the KLD and RB
methods, the KLD sensitively responds to the turning mo-
tions of the robot such as near the 290th and 600th itera-
tions; this is because it uses the number of sample sets (the
group of samples) to approximate the optimal population
size. As the robot rotates, the orientation uncertainty af-
fects the increase in the number of sample sets; further-
more, the desired sample size increases to cover the new
sample sets to approximate the chi-square distribution. In
the RB method, the selected RSSI bins can uniformly rep-
resent the uncertainty of the distribution regardless of the
robot motions; for example, six selected RSSI bins and
5 m error boundary imply a total uncertainty of 30 m.
Moreover, it is feasible to adjust the sampling size more
stably in the tracking process. As a result, unlike the KLD
method, the RB method can estimate the robot's positions
while it undergoes rotational motion, by using a stable
population size.

The adaptive population method can reduce the amount
of computation by optimizing the sampling size, as shown
in Figure 13. The adaptive population methods (KLD and
RB) can limit the population size to less than the initial
sample size in all the iterations; thereby, they should re-
duce the amount of computation for estimating the robot
positions. The results demonstrate that the average pro-
cessing time for tracking the trajectory are 0.3461, 0.2477,
and 0.0878 second for the standard, KLD, and RB meth-
ods, respectively. This implies that the RB method is

capable of achieving real-time localization by using the
laser scanner data acquired every 0.1 second; this is be-
cause the processing time for tracking the positions is less
than 0.1 second in all the iterations after initialization.
Although the KLD method uses fewer samples than the
standard method, it occasionally entails higher computa-
tional complexity, particularly after 600th iteration. This
implies that the KLD method requires a higher computa-
tional complexity for optimizing the sampling size than
for processing a reduced size of samples. Meanwhile,
the RB method demonstrates consistently satisfactory re-
sults; it optimizes the population size, thereby requiring a
smaller amount of computation. Two processes, the RSSI
bin evaluation and the population size optimization for the
RB method, require a marginal amount of computational
resources.

Table 1 illustrates that the RB method can reduce the
population size by approximately 76.8%, improve the diver-
sity by approximately 3.6%, and reduce the amount of com-
putation by approximately 74.6%, compared to the standard
PF method. These results support the supposition that the
RB method can achieve improvements in various aspects
(specifically improvement in the diversity and reduction
in the amount of computation) by managing the sample
distribution.

43 |

The performance of the global localization was evaluated
by examining whether or not the initial position can be ac-
curately estimated at the start-up, or during kidnapping or
tracking failure. When the PF localization method falls into
the local minimum owing to sample depletion, the robot rec-
ognizes the inaccurate global position. Therefore, the locali-
zation method should prevent the local minimum in advance
because the robot cannot move without determining its initial
position.

In order to verify the performance of the global local-
ization, we carried out an experiment by setting two kid-
napping situations, as shown in Figure 8D. The locations
where the kidnapping occurred were set as the corridor
space wherein the specific structure patterns are repeated.

Performance of global localization

TABLE 2 Comparison of estimations of global initial position: population size and success rate

Standard

KLD RB

Population size Success rate (%)

Population size

Success rate (%) Population size Success rate (%)

Starting 50 000 100.00 20 685 99.33 15 368 100.00
Ist kidnapping 50 000 85.33 38 836 89.33 18174 100.00
2nd kidnapping 50 000 49.33 41218 43.67 16 974 84.67

The bold values indicate the best performance for each experiment.
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They are places where the PF localization method fre-
quently fails to determine the initial position accurately.
The global localization is assessed to be successful when
the robot estimates its position precisely before moving
3 m from the starting point and for the two kidnapping
situations. Meanwhile, if the robot cannot estimate its po-
sition although it has moved more than 3 m, the global
localization is regarded as a failure. Table 2 indicates the
success rate of the global localization and the average
number of samples, when each situation is repeated 300
times.

Standard PF and KLD cannot provide localization
framework for using the radio signals of Wi-Fi routers in
a pervasive network environment; therefore, the results
depended only on the measurement by the laser scanner.
Meanwhile, the RB method estimates the global position
by using both Wi-Fi radio signals and laser ranges. This
is feasible because the RB method provides a hierarchi-
cal localization framework to fuse the two measurements
(radio signals and ranges) in a pervasive network environ-
ment. It is a novelty of RB that reflects the advanced trends
wherein as a part of a pervasive network, Wi-Fi devices are
installed in both the robot and the space, for communica-
tion and remote control.

At the starting position, all the three methods (standard,
KLD, and RB) exhibited the highest success rates owing
to the unique structural shape of the space consisting of
the surrounding objects. In the first and second kidnap-
ping situations, the RB method exhibited the highest per-
formance, with success rates of 100% and 84.67%. The
RB method can reduce the probability of falling into the
local minimum for the PF localization; this is because it
uses the selected RSSI bins to determine the coarse loca-
tions where the robot is located. In particular, in the case
of the second kidnapping, the success rates of the standard
and KLD methods are significantly lower than that of the
RB method; this is because the former two determine the
global position by searching the whole area. The spatial
structural shape of the second kidnapping is similar to the
conference room in the center of the map; moreover, the
standard and KLD methods were caught in the local mini-
mum, as shown in Figure 8A. In addition, the RB method
used the smallest number of samples for the initialization
to determine the position.

Note that the KLD method exhibited the lowest success
rate among the three methods. The main reason is that the
approximation of the true distribution in KLD may be inac-
curate for determining the optimal sampling size; moreover,
particle depletion occurs rapidly. Through this experiment,
we could verify the main advantage of RB, that is, achieving
a high success rate of global localization while reducing the
sampling size.

S | CONCLUSIONS AND FUTURE
WORKS

This paper describes a new hierarchical localization frame-
work that can adaptively manage the sample distribution
to estimate the global position of a robot by using the PF
method, in a pervasive network environment. The key aspect
of the proposed method is that the radio signals of a Wi-Fi
device as one of the prevalent pervasive network devices
are used to determine the region of the sample distribution.
By matching the radio signals, the coarse location where the
robot is situated is detected; moreover, the results are used as
the boundaries to spread the samples in order to accurately
determine the position in the PF localization step. By using
the pervasive communication system, this approach can
solve the potential problems of the conventional PF localiza-
tion (ie, falling into a local minimum and a large amount of
computation) with an increased sample size to cover a large-
scale environment.

The hierarchical localization framework consists of three
stepwise components: RSSI bin evaluation, population size
optimization, and position estimation. First, the RSSI bin
evaluation selects the candidate area where the robot is
located by matching the radio observations and the stored
RSSI bin data. Second, the population size optimization
adjusts the total number of samples by using the selected
RSSI bins. This can aid in maintaining a suitable amount
of computation and solving the issue of the local minimum
so that the robot can estimate the position in large-scale
spaces. Finally, position estimation is performed to accu-
rately determine the position of the robot with the advanced
diversity of the sample distribution obtained using the PF
framework.

We performed experiments to evaluate the proposed
localization method in an office space where multiple
Wi-Fi routers were installed to construct a pervasive net-
work environment. A real robot was equipped with an
odometer, a laser scanner, and a Wi-Fi receiver, for es-
timating the global position of the robot in various situ-
ations including start-up, kidnapping, and tracking. The
experimental results establish that the RSSI bin-based hi-
erarchical localization can robustly manage the diversity
of the sample distribution and the adaptive size of the
samples using the regions of the selected RSSI bins. In
addition, the proposed method offers advantages of im-
proving the success rate of initialization and of reducing
the amount of computation compared to that of the con-
ventional PF localization, by adjusting the distribution
area and the population size of the samples. We verified
that the proposed method can solve the problems of the
conventional PF algorithm, such as the local minimum and
the large amount of computation, as well as successfully
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exploit the applicability of pervasive network devices to
robot navigation.

In the future, we intend to apply the proposed method
to mobile robots operating in multi-floor environments. In
a multistory building space where similar structures are re-
peated even between different floors, the PF should use more
samples than that used in a single floor, to prevent the local
minimum. The proposed method can identify the region as
well as the floor information where the robot exists by using
the radio signals. Therefore, we look forward to the signif-
icant effect of optimizing the sampling size and improv-
ing the success rate of the global localization in multifloor
environments.
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