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Abstract: In this work, a Rao-Blackwellized particle filter simultaneous localization and mapping

based on grey wolf optimizer (called GWO-RBPF) is proposed. The proposed method aims to im-

prove the accuracy of the mapping while maintaining the number of particles. GWO-RBPF utilizes

the local exploration and global development ability of the grey wolf optimizer to improve the es-

timation performance of the Rao-Blackwellized particle filter, so that the low-weight particles can

approach high-weight particles. Meanwhile, the pose information of the particles is optimized by the

grey wolf optimizer. The proposed method is applied to the benchmark datasets and real-world

datasets. The experimental results show that our method outperforms conventional method in

terms of map accuracy versus the number of particles.
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The simultaneous localization and mapping
(SLAM) technology of a mobile robot refers to
the process of creating a map of the environment
based on sensors placed on the robot while simul-
taneously estimating its position according to the
generated map!'™. It has been widely used in a
variety of drone devices. Due to the diversity of
the environment and drone platforms, the re-
quirements for SLAM technology continue to in-
crease.

At present, the solution to the SLAM prob-
lem is mainly divided into two categories: prob-
ability estimation and graph optimization, in
which probability estimation is dominant. The
Kalman filter (KF) algorithm based on a linear
system while satisfying the Gaussian distribution
was first proposed to solve the SLAM prob-

lem™*™. In order to expand its range of applica-
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tion, the extended Kalman filter (EKF) al-
gorithm was proposed to address weak nonlinear
conditions by performing a first-order Taylor ex-
pansion on the system. However, the Kalman fil-
ter and its derivative algorithms have inevitable

89 that prevent them from being

shortcomings!
used to process large-scale maps.

Differing from the EKF algorithm, the
particle filter algorithm can naturally deal with
nonlinear non-Gaussian probability estimation
problems. However, as the dimensionality in-
creases, the complexity of the algorithm in-
creases significantly, which leads to dimensional
disaster. To handle the problem, Doucet com-
bined the particle filter with the Rao-Blackwell-

10712]’ which reduces the complex-

ized algorithm!
ity of the algorithm by reducing the dimensional-
ity, so that the algorithm can effectively solve
the SLAM problem. Based on this, Mentemerlo
combines  Rao-Blackwellized  particle filter
(RBPF) with EKF and proposes a FastSlam!'*!!
algorithm that can operate efficiently. Griseti fur-

ther improved the algorithm by improving the
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proposed distribution and introducing an adapt-

0617 and  developed

ive resampling mechanism
the SLAM function package Gmapping, which is
widely used in mobile robot navigation systems.
The Rao-Blackwellized particle filter al-
gorithm is currently an efficient algorithm for
solving the SLAM problem. This method uses a
particle filter where each particle represents a
separate environmental map. Therefore, determ-
ining how to reduce the number of particles is
the key to improving the efficiency of the al-
gorithm. Chang H J et al. proposed a P-SLAM
algorithm to predict the structure inside an unex-
plored region with the aim of reducing the num-
ber of particles!'™. HyungGi Jo et al. proposed an
efficient RBPF-SLAM method with inter particle
map shaping (IPMS), to save computational
memory and reduce the number of particles!'.
Angel F. Garcia-Ferndndez et al. proposed the
posterior linearization backward simultaneous
(PLB-SLAM) al-

gorithm that improves the accuracy of map-

localization and mapping

ping®. All of the aforementioned grid-based
RBPF-SLAM algorithms, however, still have lim-
itations when dealing with large and complex en-
vironments.

In this paper, an important solution aiming
to reduce the number of RBPF particles is pro-
posed to improve efficiency of mapping. The pro-
posed algorithm combines the grey wolf optim-

223 with the Gmapping algorithm.

izer algorithm!
The grey wolf optimizer algorithm has the char-
acteristics of simplicity, strong performance and
unique search modes, which gives the algorithm a
better global search ability and lower space com-
plexity than algorithms such as PSO. We apply
it to the RBPF algorithm to further optimize the
particle distribution and improve the mapping
and localization estimation performance of the
original algorithm.

In the improved algorithm, we optimize the
particle set using the unique search mechanism of
grey wolf algorithm. The update of the particle
position depends not only on its own pose optim-

ization, but also on the pose of the leading
wolves in the grey wolf group (particle set). The
wolf's behavior of engulfing prey and attacking
prey enables low-weight particles to strike ran-
dom locations near high-weight particles, which
preserves particle diversity. Finally, we verified
the feasibility of the proposed method through
simulations and experiments in a real environ-
ment.

The remainder of this paper is organized as
follows. First, we give some preliminary funda-
mentals for grid-based RBPF-SLAM in Section 1.
Then, we present the details of the proposed
method in Section 2. In Section 3, we give the ex-
perimental results to show the wvalidity of the
proposed method. Finally, we draw some conclu-
sions in Section 4.

1 Basic Theory

The Gmapping algorithm is an improved al-
gorithm of RBPF SLAM. The essence of this
method is the use of a series of random state
samples from the posterior to represent the pos-
terior confidence. Because it is non-parametric, it
can theoretically represent any nonlinear non-
Gaussian state space. Unlike typical algorithms,
the proposed distribution considers not only the
odometer but also more accurate radar data,
which greatly reduces the number of particles.
Secondly, the adaptive resampling strategy both
mitigates the problem of particle dissipation
while also reducing unnecessary resampling calcu-
lations.

1.1 Typical Rao-Blackwellized particle filter

SLAM

The SLAM problem for RBPF is actually a
problem of estimating the posterior probability
p(m, x|y, 2,,), Wwhere m denotes a map, ¢ is
the time, u represents the odometer data, and z
is the observation. The posterior probability can
be divided into

p(m7 1‘1:1,‘51:“ ul:t—l) = p(m|171;u Zl:t)p($1;t|z1:m ul:t—l)

(D
That is to solve the SLAM, one must first

solve the pose of the robot based on the odomet-

24 —
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er and the observation data, then update the
map data according to the observed data and the
obtained pose. The RBPF algorithm is generally
divided into four steps.

Sampling: The particle at the previous mo-
ment z,_, and the current sensor data z, produce
a preliminary estimated state at time ¢, which is
the filtered representation of bel(x,). The distri-
bution function obtained by the sensor is

often termed as the proposed distribution

7
t

xi:t—17 Z1:ty ul:t—l)-
Weighting: The
weight is a weighting factor indicating the differ-

n(z

Importance importance
ence between the proposed distribution function
and the true posterior distribution function. The
higher the weight, the more the pose of the
particle matches the true value. The formula for
calculating w! is

i w (2)

w, = -
' n(x;:t,‘zlzmul:t—l)

P(Zt‘m:_uﬂ)l’(xl ‘ri—uut—l)

(T T3, s Zaiey Unies)

(3

Resampling: Particles with different weights
of importance are resampled according to the
principle of survival of the fittest, so that the
next generation of particles is copied and elimin-
ated according to the weight.

Map Estimation: This formula updates the
map of each particle based on observations and
the optimized pose.

Typical RBPF algorithms typically use odo-
meter data as a proposed distribution function

i i

T(y|T5 s 20 Unen) = DT, wes) (4D

Although this representation method is sub-
optimal, it is easy to implement. According to
Egs. (3) (4) the formula for calculating the im-

portance weight can be derived as
pzdmy_y, a)p(ale,_,uey)

w) = w, (5

p(l‘; lﬂt;flaut—l) o

o p(z,|mi_,, x)w! (6)

t—1) t t—1

1.2 Gmapping algorithm
The Gmapping algorithm not only considers

the traditional odometer, but also adds a more
accurate laser sensor when calculating the pro-
posed distribution function. It can be seen in
Fig. 1 that the observation likelihood distribu-
tion function can be more concentrated and ac-
curate than the motion model likelihood distribu-
tion. Therefore, the proposed distribution func-
tion with added observations is closer to the true
posterior probability distribution function, that
will result in more particles being distributed in
the effective region, thus effectively reducing the
number of particles required for algorithm imple-

mentation.

Probabilit

Robot position
Fig. 1  Observation likelihood and motion model likelihood
The proposed distribution function that

takes into account the observed values is

p(x1|m7, xi Zu ):p(2t|mjfl,xi)p(mi\xiﬁl,uH)
' e e e p(zt‘mi—u‘ri—uut—l)

(D

Under this proposed distribution function,

the importance weight is calculated as

oo mp(admy s ay)p(a|e s u,y)
w; = w (8)

o p(l’: ‘ ‘ri_uztaut—l)

i
mt—l?

x wzjp(zt|x’)p(x/|x:71,ut,l)dx/ D)

Furthermore, considering that resampling in
every iteration not only wastes computational re-
sources but also causes particle dissipation. The
Gmapping algorithm proposes to use Ny to in-
dicate the effective degree of the particle swarm.
Resampling is only performed below this thres-
hold.

This threshold is calculated as

1

Neff: (10)

M=

w,;?
1

i
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2 Rao-Blackwellized Particle  Fil-
ter SLAM Based on Grey Wolf
Optimizer

The particle filter algorithm is widely used
in the SLAM problem because it has the advant-
ages of easy implementation and suitability for
analyzing nonlinear systems. However, the al-
gorithm still has some defects. The resampling
step effectively solves the phenomenon of particle
degradation by copying particles with larger
weights and eliminating particles with small
weights. Therefore, the algorithm optimizes the
particle distribution, saves the computational
cost of calculation and greatly reduces the num-
ber of particles required by the algorithm.
However, resampling will reduce the particle di-
versity. The particles after multiple iterations
may come from the same particle, which may
cause another problem-particle dissipation, and
even lead to filter divergence and algorithm fail-
ure.

To resolve the issue of particle degradation,
this paper introduces a new swarm optimization
algorithm: the grey wolf optimizer (GWQO). The
algorithm optimizes the particle distribution
while preserving the particle diversity. The GWO
algorithm has a simple model and strong optimiz-
ation performance. The updating of particle posi-
tion not only depends on its own position and
posture optimization, but also refers to the
particles which have the leading position in the
grey wolf population. In the grey wolf algorithm,
the behavior of the wolves around the prey can
make the low weight particles rush to a random
position near the high weight particles. After
many iterations, the low weight particles can be
distributed in the optimal position near the high
weight particles, which overcomes the particle
degradation problem in the traditional RBPF al-
gorithm to a certain extent, optimizing the
particle distribution and improving the localiza-
tion and mapping accuracy. This chapter will

first introduce the mathematical model of the

GWO in the improved algorithm and describes
the process in detail.
2.1 Mathematical model

GWOis an algorithm inspired by the hunt-
ing behavior and division level of the grey wolf
group. The grey wolf group is divided into «
wolf, 8 wolf, § wolf and w wolfs according to the
dominance (from large to small). Among them, «
wolf corresponds to the optimal solution, 8 wolf
and ¢ wolf correspond to the suboptimal solution
and third optimal solution, and the remaining
solution are w wolfs. The social behavior of the
grey wolf group is mainly divided into tracking
prey, encircling prey and attacking prey.

Encircling prey means that the grey wolf is
distributed around the prey and can be updated
anywhere around it. The mathematical formula is

described as

A=2a-r, —a (1

C =2r, (12>
D=|C-X,(t) - X(t) (13)
X(t+1) = X,(t) — A-D (14)

Here A and C are coefficient variables, t is
the current number of iterations, X, represents
the prey position, X stands for the position of
the individual grey wolf. », and 7, are random
variables on [0, 1]. The initial value of a is a scal-
ar, which decreases as the number of iterations
increases.

The grey wolf group will perceive the posi-
tion of the prey and follow the head wolf to at-
tack the prey. However, in mathematical models
we usually don’t know the location of the optim-
al solution (prey). Therefore, we combine o wolf,
B wolf and 0 wolf to determine the position of the
prey

D, =|C -X.(t)- X()],X, =X.(t) — A -(Da)
15

DB = |Cz : Xﬁ(t) - X(t)| , X, = Xa(t) - A, .(?65)

D, =|C, - X,(t)— X()|,X; = X;(t) — A, - D;
amn
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X+ X+ X,

X (t) .

(18

Parameter A determines the search trend of
the algorithm. When |A| > 1, it indicates that the
grey wolf is expanding its search scope, that is,
focusing on exploitation ability, while |A| <1 in-
dicates that the grey wolf is approaching the
prey and focusing on exploration ability. The
value of A is determined by a and r. Generally
speaking, the value of a decreases as the number
of iterations increases. In this paper, it is de-
signed as

a:zf? (19)

where ¢ is the initial value, 7 is the coefficient in
the range [0, 1], ¢ is the current iteration number,
and T is the maximum number of iterations. 5
determines the convergence degree of the al-
gorithm. The closer 7 is to 0, the more concen-
trated the grey wolf particles are.

The parameter C is a random factor in the
algorithm, and C can randomly increase or re-
duce the difficulty of attacking the prey. This
factor makes the exploitation and exploration
ability of the algorithm not exclusively depend-
ent on the number of iterations.

2.2 Algorithm

The overall steps of the algorithm are listed
in Algorithm 1. In this algorithm, particles in
RBPF are treated as grey wolf individuals. x,_, is
the previous sample set. u, and z represent cur-
rent odometer and observation respectively. To
understand how the algorithm works, one needs
to be aware of the following steps.

The scan-matching is an algorithm that
combines maps and observation to optimize the
pose of the local particle. In actual processing, a
global scan matching algorithm or a local scan
matching algorithm can be used in order to find
a better pose using a stepwise iterative update.

The particle’s score is mainly based on how
well the observation in its pose matches the map.

Its mathematical formula is

S+ = e a2 (200
where A\ is the Gaussian coefficient. It can be
seen that the further the distance is, the smaller
the particle score is.

The GWO algorithm runs after the scan-
matching algorithm has run, which further op-
timizes the corrected pose. During the hunting
process, the particles (grey wolfs) optimize their
pose by developing and exploring steps. Mean-
while the coefficient n in Eq.(18) determines the
degree of aggregation of the particles. It can be
adjusted appropriately.

The map of each particle is updated after
the distribution of the particles is optimized.

Algorithm 1 RBPF based on GWO (x,_1, u, 2,)

1. Initialize the particle set, the score set and ne-
cessary parameters, Y\, =x.=¢, S=¢, a, A, C=0
2. Scan-matching algorithm, preliminary predic-
tion of the position of the particle set:
fori=1,---,N do
i~ p(afuy, z, 1 1)
Zl = argmax,p(z|m,_,"", z,, T7)
end for
3. Calculate the fitness of the position of each
particle, and the first, second, and third best
search agent of S:
S = score(Z,, 2, my_1), X0, Xs, X
fort=1,---,7 do
for j=1,--- ,N do
x, W = calGWO(X,,, X4, X)
end for
update a, A,C
S = score (x,, 2, m,_;)
update X, X, X,
end for
4. Calculate the importance weight:
w, = calWeight(x,, z,, m,_,)
5. Update particle set:
Xe = {z, we,m, }
N, = 1/ f: w;?
if N, < 1/2 then
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X. = resample(,)
end if

6. Update map:

m, = insertScan (m_,, x,, 2,)

3 Experiments

In this section, we implemented a large num-
ber of comparative experiments to verify the per-
formance of our proposed Gmapping algorithm.
Firstly, we performed experiments using bench-
mark datasets taken from the Robotics Data Set
Repository (Radish) ?!. Secondly, we used mo-
bile robots to construct maps of the main build-
ing of the UESTC and the Graduate School
building to compare the performance of the two
algorithms. The proposed method and Gmap-
ping algorithm are compared in terms of map ac-
curacy and the number of particles. The baseline
for all the comparisons is the standard grid-based
RBPF-SLAM!" with 1000 particles, denoted as
RBPF1000. Map accuracy is quantified using the
Kullback-Leibler divergence (KLD) !

DuPlQ =S rie(g5) v

In Eq.(21), we used a map built by 1000
particles as the ground-truth distribution P(7),

and another built map as given distribution Q(i).
3.1 Computer simulations

We used a dataset taken from the Radish to
perform simulations on Visual Studio 2015 to
prove the advantages of the proposed method in
terms of map accuracy and the number of
particles.
3.1.1 FHW dataset

This data set contains the odometer data
output by the Pioneer 2DX mobile robot and the
radar data output from the SICK LMS 200. The
map size is 20 mx75 m. In separate instances, we
used 5 particles, 10 particles and 15 particles to
perform computer simulations to compare the
performance of the two algorithms. The map-
ping of the FHW Dataset using two algorithms

are shown in Fig. 2.

(b) Final map generated by
GWO-RBPF with 5 particles

(a) Final map generated by
Gmapping with 5 particles

(c) Mapping reéu_lt generated by (d) Mapping result generated by
Gmapping with 10 particles GWO-RBPF with 10 particles

(e) Mapping result generated by  (f) Mapping result generated by
Gmapping with 15 particles GWO-RBPF with 15 particles

Fig. 2 Mapping results of the FHW Dataset

It can be seen that the traditional algorithm
will produce a large number of aliasing phenom-
ena, and the wall edge will produce more cross-
ing, which is caused by the inconsistent map and
poor localization accuracy when the robot passes
through the area several times. However, the im-
proved algorithm based on grey wolf behavior
can obtain a relatively clear and accurate map
contour. Consequently, the consistency and ac-
curacy of the map are obviously enhanced. A
map constructed with the RBPF algorithm with
1000 particles is used as a benchmark map. The
relevant analysis is shown in Tab. 1. As can be
seen from Tab. 1, the improved algorithm has a
higher accuracy when the number of particles
and consumption time are the same.
3.1.2 Intel dataset

Intel dataset is a typical indoor structure
with a map size of 28 mx28 m. There are more
rooms in the map, more environmental features,

and it is easy to match and locate. According to
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the characteristics of this dataset, the resolution
of the constructed map is set to 0.02 m. In separ-
ate instances, we used 5 particles, 10 particles,
and 15 particles to perform computer simula-
tions to compare the performance of the two al-
gorithms. The results from using the two al-
gorithms to build a map for Intel Dataset as

shown in Fig. 3.

Tab.1 Comparison of the two algorithms using FHW Dataset
Algorithm KLD Numk.)cr of Conéumption
particles time/s

Gmapping 8.25x10? 5 319

GWO-RBPF 7.62x10° 5 319
Gmapping 7.95x10° 10 614

GWO-RBPF 7.69x10°% 10 619
Gmapping 7.57x10? 15 914

GWO-RBPF 7.43x10° 15 920

(a) Final map generated by
Gmapping with 5 particles

Gmapping with 10 particles

(c) Mapping result genérated by

(b) Final map generated by
GWO-RBPF with 5 particles

proae .

(d) Mapping result generated by
GWO-RBPF with 10 particles

(e) Mapping result generated by
Gmapping with 15 particles

Fig. 3

In the box area of Fig. 3c, the inconsistency

in map updates will occur with the traditional
Gmapping algorithm, resulting in the map ap-
pearing as if there is “one more road”. In fact,
the extra road is the corridor that was originally
passed through, but the error accumulates in the
algorithm operation process to the extent that
SLAM algorithm cannot recognize it. In addition,
although the traditional algorithm is accurate in

the overall topological structure, the map details

(f) Mapping result generated by
GWO-RBPF with 15 particles

Mapping results of the Intel Dataset

will be offset to a certain extent, resulting in the
appearance of partial overlap and distortion of
the picture. The improved algorithm based on
grey wolf behavior overcomes these problems and
shows obvious improvement in map consistency
and accuracy. The relevant analysis data are
shown in Tab. 2. As can be seen from Tab. 2, the
improved algorithm has a higher accuracy when
the number of particles and consumption time

are the same.
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Tab. 2 Comparison of the two algorithms using Intel Dataset
Algorithm KLD Num’t?er of Conbjumption
particles time/s

Gmapping 6.1011x10? 5 285
GWO-RBPF 5.9568 x 10 5 281
Gmapping 5.8822x10? 10 564
GWO-RBPF 5.8373x10? 10 556
Gmapping 5.8003x10% 15 831
GWO-RBPF 5.7603x 10 15 809

3.2 Real-world application

In this section, we use a mobile robot
equipped with the model HOKUYO UST-10LX
laser ranger and encoder, and our laptop is
equipped with a 1.6 GHz CORE-i5 processor and
4 GB of RAM. First, we compared the localiza-
tion errors of the two algorithms through experi-
mentation. Then we conducted experiments in
the main building of UESTC and the graduate
school building to verify the advantages of our
proposed algorithm in terms of map accuracy.
The experimental environment and the mobile
robot with the model HOKUYO UST-10LX laser

12
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ranger are shown in Fig. 4.

Fig. 4 Experimental environment and the mobile robot with
the model HOKUYO UST-10LX laser ranger
3.2.1 Localization error experiment

We calibrated 9 points in the experimental
environment and let the robot to and fro these 9
points many times. We recorded the odometer
location data, Gmapping location data and the
location data of GWO-RBPF. We analyzed the
localization errors of the three sets of data on
both the trip and return, as shown in Fig. 5.

Fig. 5 shows that the localization accuracy
of the conventional method and the proposed al-
gorithm are much better than the odometer loc-

alization accuracy. The localization accuracy of

10
e
5
5 10 A -e- Odom
o e.. —— Gmapping
% —20¢ T, . - v - Proposed Gmapping
S i
=301 B
-~ - .\
740 - \‘
~
o - -0 =4
750 1 L L I L o L
1 2 3 4 5 6 7 8 9
Location point
(b) Rotation error on the trip
200

-e- Odom

150 - —s— Gmapping

- v~ Proposed Gmapping g--- "9
100 | e___&--"’"' \
o--" v

50 ! 1

Rotation error/(°)

—50 ,r

-100 1/

b

1 2 3 4 5 6 7
Location point

(d) Rotation error on the return

—-150

o]
o

Localization errors of the three sets of data on the trip and return



Xiaolin Dai et al. / Improved Grid-Based Rao-Blackwellized Particle Filter SLAM Based on Grey Wolf Optimizer

the proposed algorithm is much higher than the
conventional method.
3.2.2 Main building corridor experiment

We conducted our first comparative experi-
ment in the corridor environment of the main

building office area, which is about 77 mx90 m in

(a) Online mapping result generated by
Gmapping with 10 particles

(c) Online mapping result generated by
Gmapping with 15 particles

(e) Online mapping result generated by
Gmapping with 20 particles

size, as shown in Fig. 4. In separate instances, we
used 10 particles, 15 particles and 20 particles to
construct maps to compare the performance of
the two algorithms in this experiment. The res-
ults of constructing maps using two algorithms

are shown in Fig. 6.

(b) Online mapping result generated by
GWO-RBPF with 10 particles

(d) Online mapping result generated.by
GWO-RBPF with 15 particles

B
(f) Online mapping result generated by
GWO-RBPF with 20 particles

Fig. 6  Online mapping result generated by Gmapping and GWO-RBPF in the main building office area

The map constructed by Gmapping al-
gorithm with 1000 particles is used as bench-
mark map. The performance analysis of the two
algorithms is shown in Tab. 3.

3.2.3 Graduate school building experiments

We conducted a second comparative experi-
ment in the graduate school building, which is
about 77 mx90 m in size, as shown in Fig. 4. In
this experiment, in separate instances we used 10

particles, 15 particles and 20 particles to con-

struct maps to compare the performance of the

two algorithms. The results of constructing maps

Tab. 3 Comparison of the two algorithms in main building

Algorithm KLD Number of particles
Gmapping 7.48x10° 10
GWO-RBPF 7.16x10° 10
Gmapping 7.29x10° 15
GWO-RBPF 7.10x10° 15
Gmapping 7.09x10° 20
GWO-RBPF 7.08x10° 20

— 31 —
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using two algorithms are shown in Fig. 7. The shown in Tab. 4.

performance analysis of the two algorithms is

(a) Online mapping result generated by
Gmapping with 5 particles

(e) Online mapping result generated by
Gmapping with 20 particles

(c) Online mapping result generated by
Gmapping with 10 particles

(b) Online mapping result generated by
GWO-RBPF with 5 particles

(d) Online mapping result generated by
GWO-RBPF with 10 particles

(f) Online mapping result generated by
GWO-RBPF with 20 particles

Fig. 7 Online mapping result generated by Gmapping and GWO-RBPF in Graduate School Building

Tab. 4 Comparison of the two algorithms in graduate school According to the data in Tab. 3 and Tab. 4, it
building is obvious that the proposed algorithm can build
Algorithm KLD Number of particles more accurate maps compared to conventional al-
Gmappin, 2.56x10° 5 . . .
ppims gorithms with the same number of particles.
GWO-RBPF 2.35x10° 5
Gmapping 2.38x10° 10 4 Conclusion
GWO-RBPF 2.31x10° 10
Gmapping 2.31x10° 20 The RBPF algorithm is widely used for its
GWO-RBPF 2.23x10° 20

superior performance, but it still has limitations

— 3 —
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in dealing with large and complex environments.
To overcome this problem, we combined the grey
wolf optimizer algorithm with the RBPF al-
gorithm to achieve comparable accuracy with
fewer particles. The grey wolf optimizer al-
gorithm optimizes the low-weight particles in the
particle set and obtains a more reasonable
particle distribution, which improves the estima-
of the RBPF algorithm.

Moreover, the proposed method reduces the num-

tion performance

ber of low-weight particles, which overcomes the
problem of particle degradation to a certain ex-
tent. Finally, we demonstrate that the improved
algorithm outperforms traditional algorithms in
terms of accuracy of mapping and localization ac-
curacy in simulations and in real-world environ-

ments.
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