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Abstract - This paper presents an effective navigation control method for mobile robots in an unknown environment. The 
proposed behavior manager (BM) switches between two behavioral control patterns, wall-following behavior (WFB) and to-
ward-goal behavior (TGB), based on the relationship between the mobile robot and the unknown environment. In the WFB 
learning process, the input signal of a controller is the distance between the wall and the sonar sensors, and its output signal 
is the speed of two wheels of a mobile robot. A fitness function, which operates on the total distance traveled by the mobile 
robot, distance from the side wall, angle to the side wall, and moving speed, evaluates the WFB performance of the mobile 
robot. Experimental results reveal that the proposed DGPSO is superior to other methods in WFB and navigation control. 
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I. INTRODUCTION 

 

In recent years, the control of mobile robots has been 

widely used in several applications for solving many 

problems, such as exploration of unknown 

environments, object handling, and navigation [1]-

[3]. Navigation control is crucial in mobile robot-

based technologies, and its design has become an 

indispensable research topic. 
Evolutionary algorithms based on the collective 

behavior of social animals converge rapidly and are 

easy to implement, but they sometimes perform 

poorly by demonstrating low accuracy or trapped into 

local optima. Some evolutionary algorithms are 

widely used for adjusting the parameters of neural 

network or FNN; these evolutionary algorithms 

include artificial bee colony (ABC) [4], difference 

evolution (DE) [5], and particle swarm optimization 

(PSO) [6]. The traditional PSO still exists several 

disadvantages; such as poor accuracy and easily 
trapped into local optimum. There-fore, a dynamic-

group particle swarm optimization (DGPSO) is 

proposed to improve the traditional PSO in this study. 

 

II. NEURAL FUZZY CONTROLLER BASED 

ON AN EVOLUTIONARY ALGORITHM 

 

2.1. An Interval Type-2 Neural Fuzzy Controller 

The structure of the IT2NFC is introduced. Fig. 1 

presents the five-layer structure of an IT2NFC. The 

IF-THEN rule can be expressed as follows: 

𝑅𝑗：    IF 𝑥1 is 𝐴 1
𝑗
 and 𝑥2 is 𝐴 2

𝑗
… and 𝑥𝑛  is 𝐴 𝑛

𝑗
 

THEN 𝑦 is 𝑤0
𝑗

+  𝑤𝑖
𝑗
𝑥𝑖

𝑛
𝑖=1  , 

where 𝑗 = 1,2,… ,𝑀 is the rule number; 𝑖 = 1,2,… , 𝑛 

is the input number; 𝑥1 ,𝑥2 ,… ,𝑥𝑛  represents the 

inputs; 𝐴 1
𝑗
,𝐴 2

𝑗
,… , 𝐴 𝑛

𝑗
 represents the interval type-2 

fuzzy sets; and 𝑤0
𝑗

+  𝑤𝑖
𝑗
𝑥𝑖

𝑛
𝑖=1  represents a Takagi–

Sugeno–Kang (TSK) -type linear function in the 

consequent layer. 

 
Fig. 1. Structure of an Interval Type-2 Neural Fuzzy Controller 

 

2.2. Dynamic Group Particle Swarm Optimization 

(DGPSO) 

PSO is an evolutionary algorithm inspired by the 

collective behavior of social animals. The flowchart 

is presented in Fig. 3; in each iteration, the particle 

updates its position according to the personal best and 

global best. The mathematical model can be 

expressed as follows: 

𝑉𝑖 𝑛 + 1 = 𝜔 × 𝑉𝑖 𝑛 + 𝐶1 × 𝑟𝑎𝑛𝑑1 ×
 𝑃𝑖 − 𝑋𝑖 𝑛  + 𝐶2 × 𝑟𝑎𝑛𝑑2 ×  𝑃𝐺𝑏𝑒𝑠𝑡 −𝑋𝑖 𝑛                

(1) 

𝑋𝑖 𝑛 + 1 =  𝑋𝑖 𝑛 + 𝑉𝑖 𝑛 + 1             (2) 

where 𝑉𝑖 𝑛  represents the ith particle velocity, 

𝑋𝑖 𝑛  is the current position of the ith particle, 𝑃𝑖  is 

the personal best solution of the ith particle, 𝑃𝐺𝑏𝑒𝑠𝑡  is 

the global best value of all particles, 𝜔 represents the 

inertia weight, 𝐶1 represents the cognitive parameter, 

𝐶2  represents the social parameter, and 𝑟𝑎𝑛𝑑1  and 

𝑟𝑎𝑛𝑑2 are random numbers between 0 and 1. 



International Journal of Advanced Computational Engineering and Networking, ISSN(p): 2320-2106, ISSN(e): 2321-2063 

Volume-8, Issue-2, Feb.-2020, http://iraj.in 

Evolutionary Neuro Fuzzy Controllers for Mobile Robot Navigation in Unknown Environment 

 
15 

The DGPSO algorithm is proposed to overcome the 

shortcomings of PSO, such as low precision and a 
tendency to become trapped at local optima. The 

flowchart of DGPSO is presented in Fig. 2. 

 
Fig. 2. The flowchart of the proposed dynamic group particle 

swarm optimization 

 

Each particle updates its position according to the 

global best and the group leader of the particle 𝐿𝑔  The 

mathematical model can be expressed as follows: 

𝑉𝑖 𝑛 + 1 = 𝜔 × 𝑉𝑖 𝑛 + 𝐶1 × 𝑟𝑎𝑛𝑑1 ×

 𝑃𝐿𝑔
− 𝑋𝑖 𝑛  + 𝐶2 × 𝑟𝑎𝑛𝑑2 ×  𝑃𝐺𝑏𝑒𝑠𝑡 −𝑋𝑖 𝑛                    

(3) 

𝑋𝑖 𝑛 + 1 =  𝑋𝑖 𝑛 + 𝑉𝑖 𝑛 + 1                  (4) 

 

III. THE WALL-FOLLOWING CONTROL 

 

3.1. Mobile Robot 
Fig. 3 presents the Pioneer 3-DX mobile robot, which 

is manufactured by Mobile Robots from the United 

States. The Pioneer 3-DX is a small lightweight two-

wheel two-motor differential drive robot. It is 

delivered fully assembled with an embedded 

controller; motors with 500-tick encoders; 19-cm 

wheels; a tough aluminum body; 8 forward-facing 

ultrasonic (sonar) sensors; 8 optional rear-facing 

sonars; 1, 2, or 3 hot-swappable batteries; and a 

complete software development kit. The Pioneer 3-
DX has many advantages, such as high load, high 

endurance, high scalability, and a cross-platform 

library. In addition, it includes robot motion control, a 

client–server model, and an equipped library. 
 

 
Fig. 3. Pioneer3-DX mobile robot 

 

3.2. Reinforcement Learning of Wall-Following 

Fig. 4 presents a training environment measuring 11 

m × 8 m. To allow mobile robots to encounter 

different environments, the training environment 

includes straight lines, corners, and right-angled 

corners. 

 
Fig. 4. Mobile robot training environment 

 

3.3. Experimental Results of Wall-Following 

Control 

To verify the WFB control performance of different 

learning algorithms, two unknown testing 

environments were created in Fig.s 5 and 6. The 

testing environment in Fig. 5 focused on many 

difficult and large curves, whereas the testing 

environment in Fig. 6 focused on many consecutive 

curves. 
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Fig. 5. Testing environment 1 

 
Fig. 6. Testing environment 2 

 

3.4. Navigation Control of Mobile Robots 

The BM has two behavior modes, TGB and WFB. we 

can determine the location zone (𝑅𝑖) of the goal point 
according to the relative position between the mobile 

robot and the goal point. To verify the performance of 

the proposed navigation control method, testing 

environments were shown in Fig. 7. 

 

 
Fig. 7. Testing environment for mobile navigation control 

 

IV. CONCLUSION 

 

This study proposes an effective navigation control 

method in an unknown environment. The proposed 

BM automatically switches to the WFB or TGB 

according to the relative position between the mobile 
robot and the goal point. The proposed DGPSO uses 

the dynamic grouping and local search methods to 

improve the search ability and the enhanced 

convergence speed of traditional PSO. Experimental 

results reveal that the performance is more efficient 

than other methods in unknown environments. 
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