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Abstract

The work presented in this paper deals with a navigation problem for a multiple mobile robots in unknown

dynamic environments. The environments are completely unknown to the robots; thus, proximity sensors installed

on the robots’ bodies must be used to detect information about the surroundings. In order to guide the robots

along collision-free paths to reach their goal positions, a navigation method based on a combination of primary

strategies has been developed. Most of these strategies are achieved by means of fuzzy logic controllers, and are

uniformly applied in every robot. In order to improve the performance of the proposed fuzzy logic, the genetic

algorithms were used to evolve the membership functions and rules set of the fuzzy controller. The simulation

experiments verified that the proposed method effectively addresses the navigation problem.

요 약

본 논문은 미지 유동환경에서 다중 이동로봇들의 주행문제에 대한 연구결과이다. 여기에서 환경은 로봇에게는

알려져 있지 않기 때문에 로봇의 몸체에 부착된 근접센서들을 이용하여 주변환경들을 감지하여야 하고, 로봇이

충돌 없이 경로를 추적하여 목표지점에 도착하도록 기본 방책들을 조합한 지능주행 방법을 제안하였다. 이러한

대부분 기법들은 퍼지논리 제어기들을 이용하여 구현하였으며, 모든 로봇에 동일하게 적용하였다. 퍼지 제어기의

성능을 향상시키기 위해서 유전 알고리즘을 이용하여 퍼지 제어기의 membership function과 rules set를 진화시켰

다. 모의실험 결과 제안한 방법이 주행문제에 긍정적인 결과가 있음이 증명되었다.
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Ⅰ. Introduction

In the applications of mobile robots, the

navigation problem is one of the most

important issues. A number of approaches for

this problem have been presented; examples

include genetic algorithms [1], neural networks

[2], artificial vision methods [3], vector field

histograms (VFHs) [4] and the artificial

potential field (APF) approach [5] in static

environments. Many researchers also applied

the fuzzy logic for solving the robot navigation

problem [6]-[7]. These methods perform well

in static environments, but are not as effective

in dynamic environments.

Otherwise, establishing high-efficiency

membership functions and rules set of the

fuzzy logic controller (FLC), which will improve

the performance of the fuzzy inference, is one

of the most important issues. This work focus

on the optimized fuzzy logic based navigation

problem in completely unknown dynamic

environments for multiple mobile robots. And

the proposed optimized fuzzy logic is evolved

by Genetic Algorithm (GA).

Ⅱ. Navigation Strategies

In this paper, we choose a classic wheeled

robot as an example for simulation. The

proposed approach here is based on fuzzy

inference system and is inspired by human

behaviors, which consists of danger judgment

strategy and target positioning strategy.

1. Danger Judgment Strategy for Obstacle Avoidance

The “danger judgment strategy” developed

here is used to avoid obstacles. It is obtained

by means of a fuzzy logic controller (FLC1).

The sensors installed on the robot body are set

to run once by every 0.1 seconds. Thus, in

such a short time, we can simplify the relative

velocity calculation 
 by recording the

adjacent twice measurement. We use the

expected time of collision 
 to denote the

danger coefficient of the  sensor, that is,


  

 
  (1)

Here, the minimum danger coefficient and the

angle of the corresponding sensor are used as

the input variables of FLC1. Moreover, the

linear velocities of the left and right wheels

will be the output variables.

Rv

Fig. 1. Membership functions for input and output variables

of FLC

Table 1. Rules set of FLC1

2. Target Positioning Strategy

When there is no risk of collision, another

strategy for target positioning is to be active.

The new FLC which the target orientation

process is achieved by is denoted as FLC2.

The schematic model of target positioning is

as given in Fig. 2. One of the inputs of FLC2

is the angular difference  , where  is

the angle between the robot moving direction
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and x-axis.

Another constraint for FLC2 is the distance

 between the robot and its target. Moreover,

the output variables also are the linear

velocities of left and right wheels.

FLC1, the triangular membership functions are

used for both input and output variables of

FLC2.

Fig. 2. Target positioning schem

Ⅲ Optimized FLC by GA

The rules set and membership functions

discussed in section Ⅱ are created all by

human experience. Thus, it is indispensable to

adjust them to get a better performance. A

genetic algorithm is employed here to do this

work. In this paper, we only focus on the

optimization of the fuzzy controller of obstacle

avoidance.

In order to encode a FLC, we integrated the

proposed encoding procedure with both the

membership functions and rules set. We use ,

, , (i=1,2,3,4,5) to denote the five

linguistic values of input and output variables.

For the triangular membership functions every

linguistic value can be described by three

points. But in particular, the linguistic values

on both ends of every membership function are

described by two points by experience, hence,

we can encode the membership functions which

with the length of 58 in the way as shown in

Fig. 3. The numbers from 1 to 5 are used to

encoding the linguistic values of the rules set.

Thus, the rules set can be encoded as Table 2,

which can be defined as another part of the

chromosome of GA.

1,c 1,r 2,l 2,c 2,r 4,l 4,c 4,r 5c 5,r, , , , ,..., , , , , ,C C C C C C C C C C

1,c 1,r 2,l 2,c 2,r 4,l 4,c 4,r 5c 5,r, , , , ,..., , , , ,D D D D D D D D D D

Fig. 3. Encoding for membership functions

Table 2. Encoding for rules set of FLC1

In our case, for the  individual, the running

time  of the process from the start location

to target location, the total path length and the

distance  between the robot body and the

surrounding obstacles should be taken into

account. The path length can be described by

the following equation:

 




× (2)

A penalty function is required to insure that

the robot will not collision any obstacles.

Denote that  is the safety distance, the

penalty function can be designed as:

    ≤ 
   

(3)

Then the fitness function can be written as:

 

 (4)

where , ,  are weighting coefficients.

Similar to

x

y

vr


vo
PR

PO

PT


t

 D

A1,c 1,r, ,A A2,l , 2A ,c , 2,A r , 3A ,l , 3A ,c , 3A ,r , 4A c , 4,A r ,
+

1,cB B1,r, , 2,B l , 2B ,c , 2,B r ,..., 7B ,l , 7B ,c , 7B ,r , 8B c , 8B ,r ,

+
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+
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Fig. 4. Optimized membership functions of FLC1

In this paper, the ‘Stochastic Universal

Sampling’ (SUS) is used as the selection

operator, and the ‘Double-Point Crossover’

operator and ‘Real-valued Mutation’ operator

were used for crossover and mutation

procedure.

By following the above steps, the optimized

membership functions and rules set compared

with the original ones are shown in Fig. 4 and

Table 3.

Table 3. Evolved fuzzy rules set of FLC1.

Ⅳ Simulation Results

To demonstrate the effectiveness of the

proposed navigation algorithm, simulations with

different environments are implemented in this

paper. Here, all the robots have the same size

and move on a horizontal plane using the exact

same navigation strategies. To denote the

movement trajectories, we will record the

position and moving direction of all the robots

by every one second.

1. Simulation for Single robot with static obstacles

The GA-Fuzzy based simulation results in

the environment with static regular obstacles

are shown in Fig. 5. Compare the path

generated by evolved and un-evolved FLC, we

can find that the evolved FLC demonstrated

almost useless to shorten the path length.

However, the running time has been observably

decreased from 64.263s to 57.2481s. Compared

with the results of performance gain (7.63%, in

running time) in [8] and that (1.72%, in path

length) in [9], the method proposed in this

work can get the 10.92% of performance

improvement, which should be more effective.

Fig. 5. The path of one robot before (left) and after (right)

evolution in static regular obstacle environments

2. Simulation for single robot with dynamic obstacles

The results of one robot in the dynamic

environments are shown in Fig. 6. The dotted

line denotes the trajectories of dynamic obstacles.

Here, the dynamic obstacles, which with different

radius, speed and moving directions, will continue

moving back and forth during the entire process.

Compare the paths generated by evolved and

un-evolved FLC1, we can find that the path

length was decreased at 7.84%, while the

running time was decreased at 13.80%.

Fig. 6. The path of one robot before (left) and after (right)

evolution in dynamic obstacle environments
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3. Simulation for multiple robots with

dynamic obstacles

The simulation results of the navigation of

multiple mobile robots are shown in Fig. 7.

Compare the paths generated by evolved and

un-evolved FLC1, we can find that the path

length of three robots was respectively

decreased at -2.47%, 17.02%, 36.06%, and the

running time was decreased at 5.00%, 34.13%,

47.95%.
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Fig. 7. The path of one robot before (left) and after (right)

evolution in dynamic obstacle environments

Ⅴ Conclusions

This paper studied an intelligent navigation

problem for multiple mobile robots in unknown

dynamic environment using optimized fuzzy

logic. In order to establish high-efficiency

membership functions and rules set, the genetic

algorithms were used to do this work. Compare

the paths generated by the optimized and

un-optimized fuzzy controller, because the path

planning of real-time navigation in unknown

environments is not a global one, thus, the

evolved FLC demonstrated almost useless to

shorten the path length. However, the running

time of the navigation procedure was

observably decreased.
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