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1. Introduction

Mobile robots play important roles in new life
requirements according to their capabilities and skills
in several fields such as salvage search in diverse spaces
environments, review of Mars or examine of the sea

Abstract

Mobile robots use simultaneous localization and mapping (SLAM)
techniques for generating maps of unknown environments through
navigating its. In this work, firstly SLAM technique was considered based
on extended Kalman filter (EKF) which it was implemented and evaluated
at unknown environments with different number of landmarks to estimate
mobile robot’s position and build a map for navigated environment at the
same time. Then, the detectable landmarks will play an important role in
controlling the overall navigation process as well EKF-SLAM technique’s
performance. After that, three intelligent optimization algorithms are
proposed to enhance the performance of the EKF-SLAM trajectory for
the mobile robot, these algorithms are: particle swarm optimization (PSO),
chaotic particle swarm optimization (CPSO) and genetic optimization
(GA). MATLAB simulation results show that CPSO algorithm
outperforms PSO and GA algorithms in terms of minimizing the mean
square error (MSE1) with increasing the number of landmarks, where
MSE1 is the mean square error of EKF-SLAM according to the actual
trajectory. The simulation results show also the performance of EKF-
SLAM trajectory is better than the performance of the Odometry trajectory
and becomes best with using intelligent optimization algorithms.
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deepest and several other fields, they have confirmed
their aptitudes to traverse in unknown environments.
So, the navigation is the main challenge for mobile

robots and it has much research care in recent years.
The navigation means that the robot should transfer in
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an environment without colliding landmarks and
obstacles, estimate the robot pose itself and then build
a map of the environment where it transverses [1].

Navigation can be defined as a collection of self-
localization, path planning, and map building issues.
The simultaneous localization and mapping (SLAM) is
an energetic study area in mobile robotics [2] and has
added growing care over the last two decades. The job
of the SLAM mechanism is to build a map of an
unknown environment whereas estimating the
position of the robot according to this map. Since the
robots’ tracks and maps are together unknown and
also the measurements that read from the sensors of
the robot are continuously having noise
uncertainties in its locating created by the motion of
the robots. Consequently, these errors of the robot’s
track and map are needed to estimate and correlated
[3]. To enhance the robot’s navigation numerous
approaches occur to address these problems including
classical methods such as Particle Filters (PFs) [5] and
Kalman Filters (KFs) [6] which they are used to
compute combined later distributions over robot
position and landmarks. These solutions came out
with numerous improvements and developments in
have been designated methods such as Rao
Blackwellized Particle Filters (RBPFs) and Extended
Kalman Filters (EKFs). Furthermore, there is another
solution approach such as graph-based algorithms as
in [7]. While for stochastic nonlinear systems, the main
solution is to suggest using the EKF approach as in
works [8][9].

However, our work will consider the estimation
performance degradation with EKF SLAM which is
mainly caused by the effecting of the noise covariance
matrices measurements QQ and R, which have a direct
impact on the EKF SLAM process. Generally, these
noise matrices were firstly adjusted in traditional ways
such as using trial and error approaches where they are
considered very boring approaches. Therefore, several
intelligent optimization algorithms had been proposed
to enhance the performance of EKF SLAM based on
the position estimation of mobile robots. In recent
years, because of the robust and ability to the
simultaneous calculations, a number of intelligent
approaches, like particle swarm optimization
algorithm (PSO), genetic algorithm (GA), and fuzzy
logic (FL) algorithm are proposed to solve the
navigation problems in robotics.

Authors of [1] proposed suitable solutions for
optimizing the navigation of a mobile robot in
unknown environments using the PSO technique
which examines the solution of space discovery with
the proper minimum error value. At [10], Fuzzy based
EKF was proposed to deal with the study of diverse
Fuzzy membership form performance for Extended
Kalman Filter (EKF) based mobile robot navigation to
determine the best estimation results for mobile robot
and landmarks locations. With [11], a new optimal
filter technique genetic algorithm based fuzzy logic
(GA-FL) controller was established in its work
environment founded on extended Kalman filter
(EKF) to enhance the precision of the localization
problem in mobile robot and improve the
performance of robot localization. In [12], a novel

and
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optimal filter named the fuzzy neural network based
EKF (FNN-EKF) was proposed to enhance the
precision and convergence of the EKF by controlling
the noise covariance matrices Q and R for the problem
of localization in an unknown indoor environment. In
[13], a fuzzy extended Kalman filter (FEKF) technique
was proposed and compared to the EKF technique
that it had shown that FEKF had better results than
EKT and can be further improved if better rules
designs are provided. Authors of [14] proposed a
particle swarm optimization (PSO) as an alternative
approach for the optimization of the covariance
matrices Q and R since the PSO algorithm were used
a particle collaboration to find the best result. So, our
work will consider the PSO algorithm which is an
optimization method established by James Kennedy
and Russell Eberhart in 1995 [15]. PSO has been used
to enhance the precision of the position of the mobile
robot pose estimation. The second optimization is
chaotic particle swarm optimization (CPSO) which is
the optimization of the swarms of chaotic particles
proposed in this study since it improves the global
search and can achieve the optimal solution with a
minimum number of iterations, which depends on the
probabilities of chaotic techniques and not on
stochastic [16][17]. For performance
evaluation purposes, the Genetic algorithms is
suggested to apply where it is often used to generate
high-quality solutions of optimization and research
problems using bio-inspired operators such as
mutation, crossing, and selection [18].

The work of this research has been implemented
in two steps: firstly, the EKF-SLAM algorithm was
implemented and simulated to estimate the robot
position and build a map at the same time and
comparing the EKF-SLAM trajectory with Odometry
trajectory. In the second step, the EKF-SLAM
technique is improved by using three different
intelligent optimization techniques: PSO, CPSO and
GA which also they were implemented and simulated
to optimize the navigation at unknown environments.
The main contributions come with this research work
are: (1) testing EKF-SLAM algorithm for different
unknown environments that contain different
numbers of landmarks; (2) Enhancing and evaluating
the performance of EKF-SLAM technique by using
PSO, CPSO and GA where the detectable landmarks
will play an important role in controlling the overall
navigation process as well EKF-SLAM technique’s
performance.

techniques

2. Mathematical Model

To derive the mathematical model proposed for
EKF-SLAM, firstly a diagram for the mobile robot
was considered that moves with an angle (Ol ) where it
is the orientation of the mobile robot from the center
of rotation, while (W) defines here as the width of the
mobile robot while (u;) is the control unit which
equal to the left and right control movements (I and
T) of the mobile robot, The motion model can be
expressed according to this condition of the left and
right control movements. The situation of mobile
robot when (r # 1) is shown in Fig. 1 and the situation



NJES 28(2)164-173, 2024
Abdulridha & Kadhim

of mobile robot when (r = I) is shown in Fig. 2. The
parameter is clearly from Fig. 1 below:
_r-l s ! (1)

’ a
where O is the radius of mobile robot. Firstly, suppose
(I # 1), as shown in Fig. 1. and then the following
new position state was produced by:

(mﬁj(sm(me)-sin 0) .2
x 2 £
=y |+ (R +W—)(—cos (a+6)+cos€)

0 2

=g, :g(x,yﬁ,l,r)
a 83

.1
D= H|
| S

While if 7 # 1 as shown in Fig. 2. the following new
state as the following Eq. 3 where o=0

X X [ cos@
v i|=|y |+|! sinf NE))
0 0 0

i
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wipr

Figure (1): The situation of mobile robots when
(r=+1.
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Figure (2): The situation of mobile robots when
(r=2>.
where (', 57, 8)1s the nonlinear robot position.

Then, Extended Kalman Filter (EKF) was proposed
to use as a filter in our study. So, EKF uses first-order
Taylor series extension to grasp the linearization of

nonlinear for both state (x,)and observation (Z)
expressions since it can be expressed by mean ()

and covariance (Zt ) .Now, the new state of the above

state is the next state probability and then the
measurement probabilities are ruled by nonlinear
functions g and h respectively as in the following Eq.

G2
x, =g (x,.u)+e @
where (x; ) is the robot position and it is state vector

of (x,y,0) where g is non-linear function and &
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is the Gaussian random vector that models the
randomness in the state transition. It is the same
dimension of the state vector. Its mean is zero and its

noise covariance will be denoted by R, .

2.1 EKF Prediction Stage

The prediction stage can be expressed by mean
and covariance as the following:

x, =g (x,.u)+e .0

By take the partial derivative of nonlinear function

¢ and according to the condition of left and right
control, when 7 # [ the Jacobian matrix is:

1 0 (RJrW?)(cos(aJrﬁ)—cosﬁ) (6)
G _%Ezg_ 01 (R+W?j(sin(a+9)—sin5)
Ky ex,y,O) 0 0 |
1 0 —/sin@ (7
while if » = /then, G, =|0 1 [cosé@
0 O 1

2.2 EKF Correction Stage

The observation expression Z; can be described as

the following:

X X [ cos @
yi=|y |+|! sinf (8)
7] 0 0

The distribution of 5tis a multivariate Gaussian

with zero mean and covariance Q; . So, Firstly to

illustrate the nonlinear function 4, the mobile robot
was assumed stands in the location at the origin point

(x Y )While the laser scanner stands at the laser point

(x esYe )which was shown in Fig. 3 below :

x x cos @
¢ l= +d| . (9
v, y sin @
The laser scanner was observed a landmark which
locates at the point (X, , )V, ).

‘/‘;:\'(xm 'Xn%)2+(ym '«"6)2 ’:\(Ax)er(Ay)z

...(10)

ﬂ:atanM_@
Xm ~Xe

(1)

x (Xm,Ym)

77 D
S 4 //f tre, ye)
b
\\/\/ f}

the robot stand at (., y) with the origin point

Figure (3): The movement of the robot when
observed a landmark by a sensor.
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Then, the observation functionZ, can be defined

as a vector that equal to nonlinear function h.
ft=[\/§_}=h(x,y,6’) ..(12)

Then, the partial derivative of 4 was taken with
respect to (\/q_ , [3) to obtain the Jacobian function:

% %% %k
o, a @ o 0
]—1=67h= g Y | and Q, =|: d 2:|
as[me( 7. ,/1) 6713 67ﬂ 6J 0 %
0, ay aa

...(13)

Now, the Kalman gain K, was computed as:
K, :i,HrT (Hzi,HzT +0, )71 ...(14)

Qt is noise covariance. Finally, the mean and

covariance of the correction stage are produced as
follows:

[r— fr— -1
K, =3 1! (0¥ H] +0,)

...(15)

3. Proposed EKF-SLAM Technique

An Extended Kalman Filter was adopted in solving
the SLAM problem, and the process of EKF-SLAM
technique will be also described by two stages as
follows:
3.1. EKF-SLAM Prediction Stage

The dimension of EKF-SLAM is considered to be
(2n+3). So, to map the nonlinear function g according
to the dimension (27+3) space, the state of the mobile
robot will change but the states of landmarks are not
changed. Now, to compute the Jacobian matrix (7, and

again according to the conditions of mobile robot
movement, the Jacobian matrix for the following two
cases were obtained:

w

1 0 (R+?j(cos(a+9)fcost9) o --- 0

w . .
_ifr = then G’ _ 0 1 R+? (sm(a+19)—sm9) o --- 0
o o 1 1 . o
o : .0
0 0 0 0 --- 1

...(16)

1 0 —/sin@ O 0
0 1 [cos@ O 0
- While ifr = 1, then,Gt =0 O 1 1 0
P : : 0
0 0 0 0 1

..(17)

Finally, the mean and covariance of the prediction
step of EKF-SLAM are computed according to the
previous procedures desctribed above.

3.2. EKF-SLAM Correction Stage

One landmark was assumed which situates at the
position (x, ,y, ) which was observed by the robot
and computes the Jacobin function for one landmark
which is denoted by H i according to individual state

vector.
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o, o, [P axm eym
...(18)

Now, to obtain the Jacobian function A, for high
dimensional space of EKF-SLAM for # landmarks by

multiplying the new matrix F). with previous H S

10020 09V oS 20

0 Mdp fd Hi 0 0 420 o -2N-2i. o

Fo=|0 0 1 0 0000 0

0000 0100 0

0000 0010 0
..(19)

Then, the Jacobian of observation function for

high dimension was determined by:
H,=H,F. (20)

Finally, both mean and covariance for the

correction stage of EKF-SLAM are computed by:
u=pkK, (Zt_h(:ﬂt )) and %, =(I —K,H,)Z, @1

The proposed EKF-SLAM technique is simulated
and tested in MATLAB software for different number
of landmarks. There are three cases of trajectories of
the mobile robots are considered: Actual trajectory
(ground truth), Odometry robot trajectory (dead
reckoning) and EKF-SLAM trajectory (estimated trajectory).
Now, because of the circular features of the proposed
environment with different number of landmarks, there is an
intersection among the measurements that get from run the
simulation so it is difficult to see the location of these three
cases at cach time instance. So this causes inability to notice
the efficiency and performance of the proposed EKF-SLAM
technique. Therefore, it was needed to determine the
distance error between the actual trajectory to Odometry
robot trajectory denoted by (D7) and distance error between
the actual robot trajectory to EKF-SLLAM robot trajectory
denoted by (Dy) as follows:

2 5 (22

D~ v (x ; X ) + (y “y ) )
1 estimate  * actual estimate * actual

2 2 (23

D2=\/(x0d0 _xactual) +(yodo _yactual) )

where,

X actual .Y actual )X ostimate ,Y estimate ¥ 0do Y odo)
points are defined as the coordinates of the actual robot
position and estimated robot position as well as the
Odometry robots position. To study the effectiveness of
increasing the number of landmarks on the performance of
both EKF-SLAM and Odometry trajectories, the mean
square error for both previous distance errors D; and D;
were determined by MSE; and MSE; respectively. MSE; is
the mean square error of the distance error between the
actual robot trajectory to EKF-SLAM robot trajectory, and
MSE;is the mean square error of the distance error between
the actual robot trajectory to Odometry robot trajectory, the
expressions of these two metrics are given by:

k k

MSE1= -ZIDI ,MSE2= .lez
i= i=

249

The number of robot locations is denoted by k.
Three groups of experiments are tested in MATLAB
with a different number of landmarks. According to

|
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following expressing, the performance of EKF-SLAM
which it is denoted by Perf.l and Odometry
petformance which it is denoted by Perf.2 wete
computed by:

Perf 1= (lfMSEl)xlOO, Perf 2= (lfMSE 2)><100 @5

4. Optimization Techniques

At first, the PSO is proposed as an optimization
technique. It is the method was built on the
conductance of a swarm or colony of bugs with no
spearhead, such as ants, bees, the herd of birds and a
group of fish. So, the word particle means a bird in a
group. Each particle in the swarm depending on its
petrsonal expetience denoted by (Pb) and the group
experiences denoted by (GD). If a particle finds out a
good path to the food then, the other particles in the
swarm can also follow the good path quickly. It is
presumed that the swarm or group is of a specified size
denoted by Swarm Size and each particle has a random
position in the plan space. The method of PSO
represents a random search for finding the maximum
or minimum value of the cost objective function until
slowly and after several iterations that all birds in a
swarm go to the optimal value and based on the
following equations [19]. Where the particle has two
features, position (Xpos) and velocity (Ve).

n+l n n n
Vei,j =We XVei,j +Cp xd) x Pbi,j—Xposi,j 26
n n )
+Cy xrdy x ij—Xposl.’j
n+l n n+l
Xpos. . =Xpos. . +Ve. . 27
POSij T AP TReG )

In Eq. (26) p b? ; characterizes the personal best
J i component of individual, while Gb’} represents

j i component of the finest individual of the

population up to iteration. The different steps of PSO

are as follows [20]. There are different steps of PSO

procedures are as follows:

1. Established the constraint (C1 and C2 ) of PSO
which are the acceleration factor of PSO, and (

wo,w ,) is then defined as the max and
m

min
min weight and rd1 and rd2 are the random
numbers.

2. Prepare the inhabitance of the particles with X
positions and V velocities and start with the
iteration count from n =1.

3. Calculate the objective function of the particles

denoted by F;n =f (X in ),Vi and discovery
the index of the finest particle C1 and C2, Wmin,

Wmax.

2. ChoiseP,” =Xpos" Viand ," =Xx"
Choise bj posi iand (3, b

and calculate the weight W, as in Eq. (28)
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28

w o =W nx(w -w )/Maxite (
e max max min )

3. Upgrade the velocity and the position of particles
of both previous Egs. (26) and (27) and evaluate

the new objective function F;H_l =f (X ;H'l)

for every index i. Then discover the finest particle
index which is denoted by b1.

4. Modernize (pp ) of inhabitants for every index i

n+l

So, when Fl +1

n . . n
< F;" at this point pp;
+1

otherwise Pb? = pbl’.Z and then upgrade

G, of the inhabitants. So, when anl+l < an

now Gbn+1 = Pp Z:l then fixed H equal to

+1 n

5. While when n<Maxite

the previous six stage otherwise go to the next-
stage twelve and

b1,otherwise G p, "

S.n=n+1 return to

B

6. Finally typography optimal solution as ( b" )-

So, the main challenge of using PSO is to enhance
the estimations precision and convergence of the EKF
by controlling the noise covariance matrices Q and R
for the problem of localization in unknown indoor
environment. Traditionally, these noise matrices were
adjusted in using trial and error approach which leads
to many errors in estimations. The wrong choice of
the estimation result
divergent not convergent or have huge estimate errors.
So our work will consider this estimation performance
degradation by using a proposed PSO-EKF SLAM
approach which it is mainly founded to reduce the
effecting of the noise matrices
measurements which they have direct impact on EKF-
SLAM process. Firstly let’s consider the case of
increasing the covariance matrix Q which means

these matrices will make

covariance

increasing uncertainties in the mobile robot model and
then estimation performance gain will increase.
Secondly let’s consider the case of increasing
covariance matrix R, which causes high noise
measurement reading that surely leads to degrade the
estimation performance gain. Now, in order to
improve the estimation performance, an intelligent
approach represented by PSO approach was
considered to use to obtain an optimal values of the
noise covariance matrices Q and R. So, the noise

covariance matrices (R, and 0, ) were implemented

and simulated in MATLAB with dimensional matrices
defined by 3*3 and 2X2 respectively, and they are
supposed to be as follows:

2
0

a 0
0 b 0
0 0 foRadian (c )

R; =diag (I:ab toRadian (c ):I)2 = (29)
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2
= diag ([ x toRadian (¢)]) % = | * :
0, =d g([ toRadl ( )]) l:o toRadian (6):| (30)

where a, b, ¢, x and e, are the parameters. Their
values are limited by upper and lower bounds
depending on the actual value of its values before the
optimization is done. The proposed PSO-EKF SLAM
technique is executed in offline mode since the PSO
algorithm needs to do numerous iterations to get
suitable estimation values with small errors. Through
every iteration, the PSO-EKF SLAM algorithm will be
simulated and implemented immediately and then
accordingly, PSO-EKF SLAM must be executed many
times to allowance the enhancement of the parameters
Q and R for each measurement [21]. So, the
performance of the PSO EKF with various
arrangements of Q and R is evaluated by using the
MSET1 standard in Eq. (24) between the estimated
position of EKF-SLAM and the actual positions of a
mobile robot that explained in the simulation results
which is used as a minimum objective function.

objective function= ; (D1=N (xEst —xA4 ctual)2 +(yEst —yActual)>)
i=l
...(31)

So, Table 1 shows the MSE1 values obtained with
our proposed PSO-EKF method with a different
number of iterations. After (50) iterations, the MSE1is
reduced to be 0.14052. Simulation studies show that
the suggested technique provides petfect estimations
in the 50 iterations with N = 30 population size and
acceleration factors C1 = C2 = 2, and wmax =
0.9; wmin.that given the optimized parameter a=0.1,
b=0.1,c=2.5, d=8, e=27.3.

Then, the chaotic particle swarm optimization
(CPSO) was proposed. Here, in order to enrich the
search behavior, the chaotic dynamics is incorporated
into the above PSO. A well-known logistic equation is
employed for the particle swarm optimization. The
logistic equation is defined as follows in Eq. (32)

Yk +1) =AY (k)(1-Y (k)),0<Y 0<1 (3§

where A is the control parameter, Y is a variable and
k=1,2,....S , which K is represent to iteration number
of the chaos. To calculate the new weight parameter

( Whew ) by sub the We of the previous step. 3 in
PSO procedure and Eq. (32)

Wnew =Y (k +1)*We 33)

To improve the overall search capability of PSO,
the new inertia weight was needed to add to the speed
update equation of PSO , and it became as the follows

n+l n n
Ve. . =Wenew xVel, . +C, xrand; x
i, 1 1 pbi,j

—Xpos! . ]
i.j J L) (34
n

-¢—C2 X rand2 X [G b —Xpos[.r"j ]

The chaotic particle swarm optimization was done
in MATLAB with different iterations until it reaches
to the minimum objective function of MSE1so Table
2. shows different iteration with MSE1 and with 20
iterations a minimum objective function is obtained to
be MSE1=0.1235. So, it was found the CPSO is mote
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accurate and more optimal than PSO because it gives
minimum objective function with 20 iterations while
the PSO gives the best objective function to be
MSE1=0.135 with 50 iterations. to check the
effectiveness of CPSO different numbers of
environments that contain different landmarks are
simulated in MATLAB to enhance the performance of
EKT and then it was compared with PSO-EKF.
Another technique of optimization was proposed in
this work. The genetic algorithm (GA) is used to
enhance the performance of EKTF and for comparison
purposes with the PSO and CPSO techniques. In the
same way as the PSO and CPSO optimization, the
noise covariance matrices (Q and R) were chosen as
optimization parameters for controlling. The
parameters that used with the GA technique are
followed: the population size is 30; the Probability of
exceeding is 0.8; the mutation Probability is 0.01; so,
Table 3 shows the generation numbers with their
corresponding MSE1 obtained by our proposed
approach GA-EKF which show the value of MSE1 is
decreased to 0.1531 after 50 generations.
Table (1): MSE1 of PSO-EKF SLAM.

Iteration MSE1
5 0.6583

10 0.4521

30 0.2841

50 0.1405

Table (2): MSE1 of CPSO-EKF SLAM.

Iteration MSE1
5 0.5432
10 0.3864
30 0.2764
50 0.1205
Table (3): MSE1 of GA-EKF SLAM.
Iteration MSE1
5 0.7462
10 0.5341
30 0.3872
50 0.1526

Note that both CPSO-EKF, PSO-EKF give more
accurate path estimation compared to the GA method.
It is worthy to mention that, our CPSO-EKF method
outperforms the PSO-EKF and the PSO-EKF
method outperforms the EKF optimized by GA
method see the Tables 1, 2 and 3 where the value of
MSE1 of PSO that equal 0.14052 of 50 iterations is
less than the value of MSE1 in GA that equal 0.1526
with the same iteration where the MSE1 value of
CPSO less than MSE1 values of both PSO and GA
with 20 iteration which is equal to 0.1205 which
supports the supremacy of our methodology.

5. Results and Discussion

First, an environment containing one Landmark
with a location (x,y) will be implemented in MATLAB
and then test the impact of this Landmark on the
performance of the EKF-SLAM and our optimization
technique PSO, CPSO and GA as shown in Figures. 1,
2, 3 and 4 with three cases of paths of the mobile
considered: traditional EKF-SLAM

robots are
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trajectory and the optimization EKF-SLLAM trajectory
using the three optimization techniques, Odometry
trajectory, and actual trajectory.

EKF SLAM Result
0
7 /'\ = actual trajectory
dometry trajectory
- / \ —EKF SLAM
* TrelM
TN

N

(/
\

/

Figure (1): The environment one that tested the
traditional EKF-SLAM
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Figure (2): The environment one that tested the
traditional PSO-EKF-SLAM
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Figure (3): The environment one that tested the
traditional CPSO-EKF-SLAM
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Figure (4): The environment one that tested the
traditional GA-EKF-SLAM

170

The distance error D1 and D2 are obtained for the
trajectories of EKF-SLAM, PSO EKF-SLAM, CPSO
EKF-SLAM and GA EKF-SLAM as shown in
Figures. 5, 6, 7 & 8 where MSE1 and MSE2 were
computed for both D1 and D2 according to the
Eq.(21) and Eq.(22). The results obtained from these
figures in this environment are registered in Table 4.
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=-=distance error between actual trajectory and odmetry tajectory
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Figure (5): D1 and D2 of the first environment
for EKF-SLAM.
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Figure (7): D1 and D2 of the first environment
for PSO EKF-SLAM
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Figure (7): D1 and D2 of the first environment
for CPSO EKF-SLAM
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Figure (8): D1 and D2 of the first environment
for GA EKF-SLAM

Another environment which has eight landmarks
organized in rotational form with different location
(x,¥), the varying of the distribution form of
landmarks inside the environment is no impact on the
EKF-SLAM performance and other optimization
techniques this environment can be expressed as
shown Figures 9, 10,11 & 12 in this environment is
tested to see the effectiveness of PSO EKF-SLAM,
CPSO EKF-SLAM, GA EKF-SLAM and Odometry
in the environment which contains eight landmarks
and compare it with traditional EKTF-SLAM.
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" SR when the number of landmarks is increased from one
:zz‘(;‘:“e‘ge‘f;%w to eight so the distance errors of this environment that
2 S test the performance of EKF-SLAM, PSO EKF-
// TN \\ma SLAM, CPSO EKF-SLAM, GA EKF-SLAM is shown

T \

{
\
AN

Y (m)

N

=)

20 15 0 5 10 15 2

X (m)

Figure (9): The environment that tested the
traditional EKF-SLAM
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Figure (10): The environment that tested the
traditional PSO-EKF-SLAM
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Figure (11): The environment that tested the
traditional CPSO-EKF-SLAM
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Figure (12): The environment that tested the
traditional GA-EKF-SLAM

The value of MSE1 remained lower than MSE2
also the performance in the first environment one
which contains one landmark is not perfect but the
performance of sixth environment that have eight
landmarks is very perfect and the performance
becomes higher as compared to the previous case
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in Figs. 13, 14, 15 &16.
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Figure (13): D1 Vs. D2 of environment
containing six landmarks for EKF-SLAM
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Figure (14): D1 Vs. D2 of environment with six
landmarks for PSO EKF-SLAM
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Figure (15): D1 Vs. D2 of environment with
six landmarks for CPSO EKF-SLAM
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Figure (16): D1 Vs. D2 of environment with six
landmarks for GA EKF-SLAM

Now, the results of the previous environments are
start to describe, in Table 4 the MSE1value of EKF-
SLLAM is decreased from 0.4023 to 0.1723 when the
number of landmarks is increased from one to eight
landmarks and also the performance is increased from
64.6 to 86.561.

Also, the MSE1 value of PSO EKF-SLAM is
decreased from 0.2923 to 0.0988 and the performance
is increased from 70.68 to 90.12 when the landmarks
number is increased from one to eight. The PSO
results are good when compare it with the GA
technique. Also, the performance of PSO EKF SLAM
is higher than the performance of EKF SLAM and
higher than the performance of the ODOMETRY
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performance. Further, the MSE1 of CPSO is
decreased from 0.2154 to 0.0426 and the performance
(perf.1) is increased from 78.4601 to 95.74. The results
show CPSO gives good results with few iterations as
compare with PSO EKF-SLAM and traditional EKF-
SLLAM while the MSE1 value of GA in Table 3 is
decreased from 0.354 to 0.1344 with increasing the
landmarks from one to eight and also the performance
is increased from 64.6 to 86.561. The performance of
GA is increased when the number of landmarks is
increased, the MSE1 is still lower than MSE2 in the
whole environment. the performance of GA is lower
than the performance of PSO and CPSO. So, The
CPSO optimization is more optimal and give the
better performance that equal to 95.74 while the
performance of PSO equal to 90.12 with the
environment that contains eight landmark eight
landmarks case.

Table 4. Comparison among different optimization

techniques

Landmark EKF-SLAM Result GA EKF-SLAM Result
No. | MSET1 | Pecf1 | MSE2 | Pecf2 MSE.1 Perfl | MSE2 | Perf2
1 0402 | 59.77 | 4.277 | -327.7 | 0.354 64.6 | 3534 | -253.4
J 0379 | 62.03 | 5.384 | 4384 | 0.313 68.65 | 4.168 | -316.83
4 0.295 | 7044 | 2.281 | -128.2 | 0.257 74.25 | 3.640 | -264.01
5 0247 | 7532 | 3.654 | -3644 | 0.222 77.78 | 3.859 | -285.88
[ 0.203 | 79.66 | 4.097 | -309.7 | O.157 §4.22 | 3123 | -212.37
8 0.172 | §2.77 | 5.187 | -517.7 | 0.134 86.56 | 2914 | -191.4

PSO EKF-SLAM Result CPSO EKF-SLAM Result
No. | MSET | Pecf1 | MSE2 | Perf2 MBSE.T Perfl | MSE2 | Perf2
1 0.292 | 70.68 | 3.032 | -203.2 | 0.215 7846 | 2.652 | -165.21
J 0.266 | 7342 | 2421 | -142.2 | 0.182 81.77 | 2.695 | -169.47
4 0.213 | 78.70 | 3.580 | -258.0 | 0.144 85.56 | 3.198 | -219.88
5 0.132 | §6.75 | 3.099 | -209.9 | O.71¢ 8§8.34 | 2.080 | -108.02
[ 0.129 | §7.22 | 2,482 | -148.2 | 0.088 91.13 | 3215 | -221.5
8 0.098 | 20.12 | 2522 | -152.2 | 0.042 9574 | 4.126 | 31257

Figure 17 shows the performance of EKF-SLAM
and our optimization techniques are in increase when
the number of landmarks is increased while Figure 18
shows the mean square error (MSE1) of EKF-SLAM
and our optimization techniques is decreased when the
number of landmarks is decreased.

plot performance of EKF-SLAM with optimization with different number of landmarks

the performance of EKF-SLAM
~——the performance of GA EKF-SLAM
—the of PSO EKF-SLAM
=—the of CPSO EKF-SLAM

—

performance (perf.1)

number of landmarks

Figure (17): The performance of EKF-SLAM and
our optimization techniques with different number
of landmarks

plot MSE1 of EKF-SLAM with optimization with different number of landmarks

the MSE1 of EKF-SLAM
—the MSE1 of GA EKF-SLAM
—the MSE1 of PSO EKF-SLAM
—the MSE1 of CPSO EKF-SLAM

\

—

Mean Square Error (MSE1)

—

Figure (18): The MSE1 of EKF-SLAM and our
optimization techniques with different number of
landmarks
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6. Conclusion

The conclusions of this paper in this part will be
offered according to their look in this work.

e The first approach proposed in this work to solve

the SLAM problem is the Extended Kalman Filter.
The simulation results show that the performance
of proposed EKF-SLAM is increased when the
number of landmarks is increased, where EKF-
SLAM algorithm gives an improvement to the path
of a mobile robot as compared to the Odometry
path according to the actual path of mobile robot,
where the performance of EKF-SLAM is higher
than the performance of Odometry. The
performance of EKF-SLAM for the environment
which contains one landmark is 59.77 while the
performance for EKF-SLAM for the environment
which contains eight landmarks is 82.77.
e Several optimization methods such as GA,
PSO, and CPSO based on EKF are used as an
optimal solution for the problem of the mobile
robot navigation in the unknown environment
and to obtain high performance and correct
navigation position estimations of a mobile robot.
The results show the performance of EKF-SLAM
and our optimization techniques are inctrease
when the number of landmatks is increased
because the performance is affected by Small
noticeable landmarks because the mean square
error is decreased when the number of landmarks
is increased. It was concluded that the CPSO
gives optimal results as compared with GA and
PSO with few iterations. The PSO results are
good when compare it with the GA technique for
50 iterations. The values of MSE2 and Perf.2 are
inaccurate because it depended on the Odometry
readings which is inaccurate and give non-optimal
path as compared with EKF SLAM and our
optimization technique. Also, the performance is
affected by Small noticeable landmarks.
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