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Mobile Robot Path Planning using a Teaching-
Learning-Interactive Learning-Based
Optimization

Yu-Huei Cheng, Member, IAENG, Pei-Ju Chao, and Che-Nan Kuo

Abstract—In many automated industrial environments,
mobile robots have been widely used for performing exclusive
tasks. Collision-free path planning is one of the most basic
requirements for the application of mobile robots. In order to
find a collision-free path in a known static environment for a
mobile robot, a Teaching-Learning-Interactive Learning-Based
Optimization (TLILBO) is proposed. The proposed method is a
novel stochastic search algorithm modelled based on the process
of natural selection. The proposed method is designed based on
the three concepts of “teaching”, “learning”, and “interactive
learning” to effectively search for a feasible and collision-free
path. Two obstacle environmental maps retrieved from the
literature were verified in this study. Simulation results showed
that the proposed method was effective for path planning.

Index Terms—mobile robot, collision-free, path planning,
Teaching-Learning-Interactive Learning -Based Optimization
(TLILBO)

I. INTRODUCTION

OBILE robot path planning technology is an important

branch of intelligent mobile robot research. In the past,
many methods have been developed to solve mobile robot
path planning, such as the C-space method [1], cell
decomposition [2], roadmap [3], and potential field method
[4]. However, most of these methods are based on the concept
of spatial configuration. In addition, these technologies show
a lack of adaptability and unhealthy behavior.

Path planning is the task of finding a feasible path from the
beginning to the goal in a workspace according to some
optimization criteria, such as lowest cost, shortest time, and
shortest length. According to the robot’s understanding of the
environment, path planning can be divided into global path
planning, in which the environmental information is
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completely known, and local path planning, in which the
environmental information is completely unknown or
partially unknown.

There are many algorithms available for various
applications, such as the neural network method [5, 6], the
GA method [7, 8], PSO method [9, 10], and ant colony
optimization [11, 12]. Currently, path planning methods
generally include neural network method [13], Differential
Evolution (DE) [14], genetic algorithm (GA) [15], and the ant
colony algorithm [11], artificial bee colony algorithm (ABC)
[16], and particle swarm optimization (PSO) [17]. These
methods each have advantages, but there are also some
deficiencies, such as poor adaptability to the path diagram,
high computational complexity, long search time, low
convergence accuracy, and easy to fall into local optimization.
Therefore, these methods may limit the ability of mobile
robot path planning.

In recent years, Rao et al. proposed a Teaching-Learning-
Based Optimization (TLBO) method [12, 13]. This algorithm
has the advantages of high convergence speed and high
precision, and is very suitable for solving path optimization
problems. Therefore, this algorithm can provide a new
solution for the global path planning of mobile robots. The
TLBO is an algorithm with no specific parameters [14]. It
only requires common control parameters such as the size of
the population and the number of generations, without the
burden of adjusting the control parameters. This makes the
TLBO algorithm simpler, more efficient, and has a relatively
low computational cost. Therefore, TLBO has been
successfully applied in various optimization fields such as
production job shop scheduling [18], heat pipe optimization
design [19], automatic voltage regulation [20], and primer
design of biotechnology [21]. Recently, various TLBO
variants have been proposed in the literature to improve the
performance of the TLBO. Rao ef al. proposed the ETLBO
algorithm [22] to solve the optimization of complex
constraints. In addition, there have also been proposals for
improved TLBO algorithms to solve global function
optimization problems [23, 24] and multi-objective
optimization problems [25, 26]. In this study, we propose a
Teaching-Learning-Interactive Learning-Based Optimization
(TLILBO) to solve the optimization problem of the global
path planning of mobile robots.
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II. METHODS

A. Problem definition

The definition of the mobile robot path planning problem
for this study is described as follows:

“Given a mobile robot and an environmental description,
plan the paths between the two designated locations, one start
position and one end position. The planned path cannot have
collisions and must meet some optimization criteria.”

Based on the above definition, the mobile robot path
planning in this study is classified as an optimization
problem. In mobile robot path planning, the method for
solving the path planning problem can be differentiated
according to the following two factors:

(1) Static or dynamic environment type [27]

A static environment is defined as an environment that
does not contain any moving objects other than a navigation
robot, and a dynamic environment has a dynamic moving
object that includes people, moving machines, and moving
robots.

(2) Global or local path planning algorithm [28]

Global path planning algorithms require complete
knowledge of the search environment and all terrain should
be static. On the other hand, local path planning means that
path planning is being performed while the robot is moving.
In other words, this type of algorithm can produce a new path
that responds to environmental changes.

B. Mobile Robot Path Planning

In this study, we proposed a new, improved TLBO
algorithm based on the interactive learning mechanism
between learners, called the TLILBO algorithm. This
algorithm exchanges information gathered by learners with
each other to achieve information exchange between learners.
This interactive learning mechanism was mainly added after
the “learning phase”, and interactive learning was achieved
through group discussions. The advantage of this approach is
that, after the stages of “teaching” and “learning”, learners
can exchange knowledge with each other through interactive
discussion and discussion among group learners to achieve
better learning.

The steps of the TLILBO algorithm proposed in this study
are described below, and in the flowchart in Fig. 1.

Step 1. Learner coding

Learner coding was first used for the path planning
problem of mobile robots. The learner, L, expressed the
solution of the path, and each variable, s, in the learner, L,
represented the learned subject. Therefore, we defined the
learner coding as shown in equation (1).

) Sm} (M

where L denote the learner, namely the solution of the path, s
denoted the learning subject for L and contained the value of
the moving direction of each node, and m was the number of
learning subjects, and the dimension size of the
environmental map.

L ={s4,5,,53, ...

Step 2. Import environmental map
Next, the environmental map was imported for use in
mobile path planning. The imported environmental map was
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Fig. 1. Flowchart of TLILBO algorithm for mobile robot path planning.

dominated by a 2-dimensional matrix, where each position in
the matrix represented a path node. Therefore, when the robot
appears in the real environment, the robot should have moved
step-by-step on the proposed path nodes.
Step 3. Initialize the learners

At the beginning of the algorithm, a random number of
learners, were generated as the initial learning population.
Each learner was a solution to the planned path. Therefore,
the initial learning population of size n could be expressed as:

oL} 2

where P was a learning population, L was a learner, and n was
a learning population size.

P = {Ll, Lz,L3, s

Step 4. Evaluate
population

Each learner was evaluated in turn for their learning
achievements. The evaluation of this learning achievement
was calculated through the learning achievement function.
The preferred planned path for the mobile robots of this study
was the shortest path between the start position and the end
position. Therefore, the learning achievement function had to
be responsible for finding this moving path. The shortest path
allowed us to calculate the total number of steps required for
the mobile robot to reach the end. Thus, the learning
achievement function was designed as shown in equation (3)
below.

learning achievements of learning
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1
Archievement(L) = dy+d, +-+d )
t

where ¢ represented the total number of steps required to
move from the start point to the end point. d4, d,, ..., d; were
the distances between one node and next node, respectively.
The calculation was based on the Euclidean distance formula,
as shown in following equation (4).

d(4,B) = /(x; — )2 + (y2 — ¥1)? (4)

where A was (x;, ¥;) and B was (x,, y,).

Step 5. Teaching stage

Under normal circumstances, the teacher is usually
considered to be a person with a high degree of learning
ability to train learners so they can have better learning
achievement. Therefore, at this stage, we first looked for the
best learner from the learning population as the teacher. In
accordance with the teacher’s abilities, the teacher tried to
increase the average learning achievements of learners in the
subjects they taught.

At any iteration i, we assumed there were “m” number of
subjects (i.e. design variables), “n” number of learners (i.e.
learning population size, k = 1, 2, ..., n), and M;; were the
learner’s average learning achievement for a particular
subject 57 (j = 1, 2, ..., m). The best overall learning
achievement X;,¢q;—gpest; considered the best learning
achievement for all subjects, with kbest being the best learner.
The difference between the existing average learning result
and the corresponding learning result for each subject was
given as follows:

Differencemeanj,k‘i =nX (Xj,kbest,i - TFMj,i) &)

where Xj ypese; Was the learning result of the best learner (i.e.
teacher) in subject ;.

Tr was a teaching factor that determined the change in the
mean; 1; was a random number in [0,1]. The value of T was
either 1 or 2 and was randomly determined with the same
probability as follows:

Tr =round[1 + rand(0,1){2 — 1}] (6)

Here, the T value was not an input to the algorithm, and
its value was determined by equation (6) randomly. It was
pointed out in the literature that the TLBO performed well
when the Ty value was between 1 and 2 after performing
many benchmark function simulation experiments. However,
the algorithm also showed that the T value of 1 or 2 was
more suitable for solving problems based on simulation
experiments. Therefore, in order to simplify the algorithm,
the teaching factor was suggested as 1 or 2.

Step 6. Update learning achievement
Based on Difference_mean;,;, the existing solution

was updated at the teaching stage according to the following
formula:

X'jki = X + Dif ference_mean;; @)

where X'; ; was the updated value of X ;. The algorithm

would accept X'; . ; if it provided a better function value. All
accepted function values were retained at the end of the
teaching period and these values were input into the learner
interactive learning phase, which depended on the teaching
phase.

Step 7. Learning stage

After a certain amount of iterations, learners could interact
with other learners in the learning population at random. If
other learners had more knowledge than themselves, the
learner will learn new things to improve the learner’s own
knowledge. We expressed the learning phenomenon at that
stage as follows:

Two learners P and O, were randomly selected so that
X'totai-p,i * X'totai—g,i » Where X'vorqi—pi and X'yorq1-q,
was the updated value of X;514,—p,; and Xyp1q1—¢,; at the end
of the teacher’s period, respectively. The learning updates
were shown in equations (8) and (9).

X ipi =X ipi + 1 X (X' o = X'j0.), )
if X,total—P,i < X,total—Q,i
X' ipi =X e 1 X (X 00— X'jp), )
if X'torai—pi > X'totai—q,i
Step 8. Interactive learning process
Because the learning stage was to randomly select learners
and interact with learners in the learning population, the
learners themselves were not always to learn new things. In
this study, an interactive learning process was added. This
process was mainly to group learning populations so that
learners could exchange knowledge with each other through
interactive discussion among learners in the group to achieve
better learning. We expressed the learning phenomenon of the
interactive learning process as follows:

(10)

where 1, 4,5 Was the number of average learners in groups,
which required Floor operation, u was the learning group size,
g was the number of groups.

Ny avg = In/g]

In the interactive learning process, the learner set in each
group, g,, was expressed as follows:

Ix = {L11L2' ""Lug}

where 1, was the number of learners in each group.

(11

Two learners, L, and Ly, were then randomly selected from
the g, group to learn from each other and exchange
information by exchanging some of the learning outcomes
from each other. The interactive learning update was shown
by equations (12) and (13).

(12)

" a7 . " "
jLei =X jrgi U X totat-Lei < X totai-Lyi

(13)

" v . " "
jrai =X jrei U X totat-Lei > X totat-Lyi
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Fig. 2. Map 20X20 retrieved from the literature of Nianyin Zeng ef al. S
represents the start position and the E represents the end position.

E

Step 9. Evaluation of updated learning achievement

Each updated learner was evaluated through the designed
learning achievement function. Each updated learner had a
corresponding learning achievement value.

Step 10. Judgment of termination

In the iterative process, the algorithm judged whether the
current learner’s learning achievement value reached the
preset number of iterations, and then stopped the algorithm
operation. Otherwise, it went back to step 4 and then
continued to steps 5 through 10.

III. RESULTS AND DISCUSSION

In order to verify the proposed method, two obstacle
environmental maps in the literature were performed and
their results were discussed. The followings describe the
execution environment and their parameter settings, two used
obstacle environmental maps retrieved from the literature, the
path planning results on Map 20X 20, and the path planning
results on Map 25 X25.

A. Execution environment and parameter settings

The execution environment for this research experiment
was performed on a 32-bit operating system Windows 7 SP1
with 4G memory, and Intel(R) Core(TM) 2 Duo CPU E7500
@ 2.93GHz processor. In the TLILBO algorithm parameter
settings, the iteration size of its implementation was set to 500.
The learning population was set to 10, 20, 30, 40, and 50,
respectively, to observe the behavior of TLILBO for path

.
i

g_§

E

Fig. 3. Map 25X25 retrieved from the literature of Nianyin Zeng ef al. S
represents the start position and the E represents the end position.

planning under different learning population sizes.

B. Two used obstacle environmental maps retrieved from
the literature

Two maps with obstacles were retrieved from the literature
of Nianyin Zeng et al. [22], namely the map 20X 20 and the
map 25X25, as shown in Fig. 2 and Fig. 3. In the map 20X 20,
there were 12 obstacles, the start position was (0, 0), and the
end position was (19, 19). In the other map 25X 25, there were
27 obstacles, the start position was (0, 0), and the end position
was (24, 24). The mobile robot had to move from the start
position to end position. Although we could determine the
path by our eyes intuitively, the mobile robot had many paths
to choose from during the moving and may not have arrived
at the target. The TLILBO algorithm helped the mobile robot
determine a feasible path based on the imported maps to
move to the target.

C. The path planning results on Map 20 X20

First, this study used TLILBO to search feasible paths
based on the imported map 20X20. In this experiment, the
planned paths of the mobile robot moving from the start point
(0, 0) to the end position (19, 19) are discussed. The results
are shown in Table I and Fig. 4. The planned paths for
different learning population sizes are shown in Fig. 6 (Fig. 6
is shown at the end of the article). From Table I and Fig. 4,
we could see that the learning population size influenced the
path planning result. The execution time was gradually
increased with the increase in learning population size, except

TABLEI
TLILBO EXECUTION RESULTS FOR THE MAP 20 X 20

Learning population

<ize Moving steps Moving distance (unit) Fitness Execution time (ms)
10 61 70.527 0.014 16378

20 56 64.284 0.016 18315

30 48 53.799 0.019 22012

40 45 54.527 0.018 28268

50 52 60.284 0.017 25444

% Bold font shows the best result.
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Fig. 4. TLILBO execution results for the map 20 X20. (A) moving steps; (B) moving distance (unit); (C) fitness, and (D) execution time (ms).

that the learning population size was set to 50. When the
learning population size was set to 30, the best fitness of
0.019 and moving distance of 53.799 were performed.
However, the moving steps of 48 were not the best. When the
learning population size was set to 40, the best the moving
steps of 45, and the secondary moving distance of 54.527, and
fitness of 0.018 were performed. We found the smallest
learning population size of 10 had the worst results. From Fig.
4, we could see the planned path according to different
learning population sizes.

D. The path planning results on Map 25 X25

Next, this study used TLILBO to search feasible paths
based on the imported map 25X 25. In this experiment, the
mobile robot moved from the start position (0, 0) to the end
position (24, 24). The results are shown in Table 1T and Fig.
5. The planned paths for different learning population sizes
are shown in Fig. 7 (Fig. 7 is shown at the end of the article).
From Table II and Fig. 5, we could see that the execution time
also gradually increased with the increase in learning
population size. When the learning population size was set to
40, the best fitness of 0.015 and moving steps of 58 were
performed. However, the moving distance of 336.037 was not

the best. When the learning population size was set to 50, the
best moving distance of 311.689, and the secondary fitness of
0.014 were performed. On the other hand, when the learning
population size was set to 30, we found that it performed the
secondary moving steps of 63 and the secondary fitness of
0.014, and it had better execution time than those of the
learning population size when it was set to 40 and 50. We also
found that a smaller learning population size had worse
results, such as when the learning population size was set to
10 and 20. From Fig. 5, we could see the planned path
according to different learning population sizes.

IV. CONCLUSION

In this study, we proposed a teaching-learning-interactive
learning-based optimization (TLILBO) method to solve the
problem of mobile robot path planning in a static environment.
Through simulation experiments in two cases of obstacle
environmental maps retrieved from the literature, it was
demonstrated that the proposed TLILBO method was feasible
for path planning of mobile robots in a static environment.
Furthermore, the study also showed that the execution time
of TLILBO in obstacle environmental maps was gradually

TABLEII
TLILBO EXECUTION RESULTS FOR THE MAP 25X 25

Learning population

<ize Moving steps Moving distance (unit) Fitness Execution time (ms)
10 63 360.304 0.013 30763

20 69 354.693 0.013 43696

30 63 357.089 0.014 53992

40 58 336.037 0.015 74958

50 65 311.689 0.014 113450

% Bold font shows the best result.
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Fig. 5. TLILBO execution results for the map 25X25. (A) moving steps; (B) moving distance (unit); (C) fitness, and (D) execution time (ms).

increased with the increase in learning population size. In the
map 20X20, when the learning population size was set to 30
and 40, there were better moving steps, moving distances, and
fitness values. In the map 25X25, when the learning
population size was set to 30, 40 and 50, there were better
moving steps, moving distances, and fitness values. In the
future, we will deeply discuss the issue of more leaning
population sizes and compare the efficiency of TLILBO with
other methods.
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Fig. 6. The planned paths by using TLILBO based on the 20 X 20 obstacle environmental map with different learning population sizes. (A) learning population
size set to 10; (B) learning population size set to 20; (C) learning population size set to 30; (D) learning population size set to 40, and (E) learning population
size set to 50.
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Fig. 7. The planned paths by using TLILBO based on the 25X 25 obstacle environmental map with different population sizes. (A) learning population size

set to 10; (B) learning population size set to 20; (C) learning population size set to 30; (D) learning population size set to 40, and (E) learning population size
set to 50.
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