
Behavioral Control in Mobile Robot Navigation 
Using Fuzzy Decision Making Approach 

H. R. Beom*, K. C. Koh and H. S. Cho** 

* Research & Development Laboratory 
Gold Star Industrial Systems, CO., Ltd. Anyang, Korea. 

Department of Precision Engineering and Mechatronics 
Korea Advanced Institute of Science and Technology 

373-1 Kusong-dong, Yusong-gu, Taejon, 305-701, Korea. 

** Professor, Center for Robotics and Automation 

ABSTRACT - This paper proposes a sensor-based 
navigation which utilizes multi-criteria decision making 
method in uncertain environments. The multi-criteria 
decision-maker using fuzzy sets is used to select one of 
avoidance and goal-seeking behaviors according to 
global mission from higher level planner and situation 
around the mobile robot. Two behaviors are designed to 
produce the prescribed responses to currently 
perceived sensory information using fuzzy logic and 
reinforcement learning. A decision function to 
appropriately select one of two behaviors is formulated 
by use of a fuzzy set. The optimal alternative of two 
behaviors is defined as that achieving the highest 
degree of membership in fuzzy decision function. The 
effectiveness of the proposed method is verified by a 
series of simulations. 

1. INTRODUCTION 

Path planning is one of the most vital task in 
navigation of autonomous mobile robot. Path planning 
may be divided into two categories. One is the global 
path planning based on a priori complete information 
about the environment and the other is the local path 
planning based on sensory information in uncertain 
environment. Local path planning utilizes the 
information provided by sensor such as ultrasonic 
sensor, vision, laser range finder, proximity sensor and 
touch sensor. Brooks [ l ]  applied the force-field concept 
to obstacle avoidance problem for mobile robot 
equipped with ultrasonic sensors whose readings are 
used to compute the resultant repulsive force. 
Borenstein and Koren [2] proposed the vector field 
histogram method for fast running mobile robot 
equipped with ultrasonic sensors. However, the above 
methods have the shortcoming that it is difficult to find 
the force coefficients influencing on the velocity and 
direction of mobile robot in cluttered environment. 

In order to overcome the above problem, fuzzy logic 

and neural network have been employed in obstacle 
avoidance for mobile robot navigation [3]. The neural 
network informs the mobile robot of the situation where 
the mobile robot is faced at the present instant. 
According to the situation, fuzzy rules are fired to 
produce the mobile robot action. However, it is difficult 
to tune the rule bases. Thus, in the previous study [4], 
the navigation method using avoidance behavior and 
goal-seeking behavior has been proposed. Each 
behavior was designed to produce the mobile robot 
action to currently perceived sensory information by 
using the fuzzy logic and reinforcement learning. 

Recently, some advanced behavior-based systems 
have been proposed to give a purposive capability to 
the mobile robot. Arkin[5] proposed a motor schema- 
based architecture describing the interaction between 
perception and mobile robot action. The behavior-based 
approach decomposes the system into individual 
modules, each of which is responsible for one behavior 
to be performed by entire system. Whenever the mobile 
robot navigates in uncertain environment towards the 
goal position, avoidance behavior and goal-seeking 
behavior always conflict. Hence, in order for mobile 
robot to arrive at the goal position without colliding with 
the obstacles, a method to effectively fuse the 
behaviors is required. Saffiotti[G] has proposed a 
method blending the behaviors using fuzzy logic and 
Salichs[7] has proposed a method to fuse the behaviors 
using the reinforcement learning. 

In this study, a new method to combine two 
behaviors using a multi-criteria decision making method 
is proposed. A general decision making problem can be 
expressed in terms of a simultaneous satisfaction of 
conflicting criteria. In conventional decision making 
problem, a single scalar criterion, a weighted sum of the 
deviation from ideal goal values, is constructed and is 
optimized to identify non-dominated solutions. One 
drawback of such formulation is that the optimum 
solution tends to be sensitive to the numerical weights. 
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Fuzzy decision making approach models objective 
functions and constraints in form of fuzzy goals and 
then transforms the problem into a conventional 
optimization using fuzzy weights. The decision function 
is a confluence of criteria obtained by some aggregation 
operation. In a multi-criteria decision making using 
fuzzy sets, decision alternatives are usually obtained by 
constructing a decision function. In this study, the fuzzy 
decision function is constructed by using the sensory 
information about the environment around the mobile 
robot and global mission from higher level planner. 

II. MOBILE ROBOT NAVIGATION ARCHITECTURE 

A proposed navigation method is used for a wheeled 
mobile robot named LCAR which has been developed 
in the Laboratory for Control Systems and Automation, 
KAIST. As shown in Fig.1, the robot has four wheels; 
two driven wheels are fixed at both sides of the mobile 
robot and two castors are attached at the front and rear 
sides of the robot, respectively. The robot moves and 
changes its heading angle by the rotation of two driven 
wheels. Four DC servo motors are used to drive two 
wheels and the camera mounting device, respectively. 

The mobile robot navigation architecture employed in 
this study is shown in Fig. 2. The architecture basically 
consists of the following modules: higher level planner, 
perception module, primitive behaviors, fuzzy decision 
maker, lower level controller. The higher level planner 
giving the goal position and sub-goal positions consists 
of global path planner and mission planner. The 
primitive behaviors produce the prescribed robot action 
to the currently perceived sensory information. 
According to intervention of fuzzy decision maker, the 
output of only one behavior transfers to the lower level 
controller called dead reckoner. The lower level 
controller controls the mobile robot taking into account 
of the limitation of its driving angle and maximum 
speed. The primitive behaviors and fuzzy decision 
maker will be explained later in more detail. 

A. Perception system using ultrasonic ,sensors 
Eighteen ultrasonic sensors mounted in the front face 

of the mobile robot are used to understand 
environmental situations, for example, what types of 
obstacles exist in front of mobile robot or whether 
mobile robot can go through without colliding with 
obstacles. These sensors act as both a transmitter and 
a receiver. Fig. 3 shows the arrangement of ultrasonic 
sensors marked as dots in the figure. The distances e j ,  
(j =1,2,-',18), from the center of the robot frame (R} to 
obstacles detected by j th sensor, Sj and its direction, 

pj can be defined as ej = Sj + R and qj = F ( j  - 9.5), 
respectively. Here, the T is the angle between two 
adjacent sensors, R is the radius of the robot and the 
Sj is thejth sensor reading drawn by the dashed line. 

As shown in Fig. 3, in order to avoid the increase of 
the dimension of input space, sensor suits are 
introduced. A sensor suit groups with some neighboring 
sensors. The first and fifth sensor suits, SS, and SS, are 
composed of 3 neighboring sensors, while other sensor 
suits are composed of 4 neighboring sensors. The 
distance, di, (i =1,2,"',5), measured by the ith sensor 
suit from the center of mobile robot to obstacle and 
direction, Qi of the obstacle with respect to frame (R} 
are defined, respectively, by 

R+min{sj I j = 4 i - 4 ,  4i-3, 4i-2, 4i-1) 
if i = 2,3,4 

R + min(6, I j = 2i-1, 2'-' + 1, 2'-' + 2) 
if i =1,5 

di = 

(2) 
I C .  

t$i = - ( I  - 3). 
4 

In the simulation study, it is assumed that the sensors 
can ideally detect the obstacles irrespective of 
inclination angle. 

B. Primitive behaviors 
The primitive behaviors may be divided as follows: 

goal-seeking, wall-following behavior, keep away 
behavior, free space explorer and emergency stop. A 
primitive behavior can be characterized by a temporal 
sequence of appropriate values for its heading velocity, 
v and incremental steering angle, de which cause the 
robot to exhibit the prescribed response to sensory 
information. Thus, we define the output of a primitive 
behavior u(t) as the vector 

where t denotes the time step of the robot controller. 
From now on, we will omit the index t for notational 
simplicity.. 

The wall following behavior follows the boundary of 
stationary obstacles maintaining a pre-specified 
distance away from mobile robot center. This behavior 
takes into account the minimum radius of curvature of 
the mobile robot. The free space explorer provides the 
mobile robot with the movements in a direction with the 
longest distance between the mobile robot and obstacle 
boundaries. The keep away behavior basically makes 
the mobile robot avoid the obstacles in the proximity of 
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the mobile robot and produces output vector 
corresponding to movement in a direction that ensure 
no collision with obstacles. This behavior takes the 
information from measurements provided by the front 
sensors. Since the above behaviors produce the mobile 
robot actions based on the currently perceived sensory 
information, they correspond to the reactive behavior. 
Therefore, we will unify these behaviors as an 
avoidance behavior, producing the same mobile robot 
action as the above behaviors do. 

The goal-seeking behavior produces an output which 
directs the robot towards a specific goal which is 
defined by a point (x,y) in a world coordinate frame {W}. 
This behavior receives the goal command from higher 
level planner and produces the mobile robot action 
which cause the mobile robot to smoothly move 
towards the goal position. This takes into account the 
minimum radius of curvature of the mobile robot. 
Therefore, this corresponds to the purposive behavior. 
In this study, we will design the navigator using only two 
behaviors. 

The fuzzy decision maker decides a behavior to be 
used at next time step based on the fuzzy goals. Let 
(u1,u2,.-.,un} be a set of outputs of behaviors and 
(91 ,92 ,~~ . ,9n}  be an output of fuzzy decision maker. If 
the ith behavior is selected by fuzzy decision maker, 
then, 9!( t )=1 and others should be zero. Thus, the 
mobile robot motion command transferred to lower level 
controller at time step t is 

(4) 

C. Behavior design 
Our goal is to design the navigator operating in 

uncertain environment. In the previous study [4], we 
designed two behaviors using fuzzy logic and 
reinforcement learning. We will deal with, in this study, 
a method to select one of two behaviors using fuzzy 
decision making method. Design of two behaviors 
proceeds in following sequences; (A) fuzzification of the 
input/output variables, (B) rule base construction 
through reinforcement learning, (C) reasoning process, 
and (D) defuzzification of output variables. Fuzzy 
decoder partitions the input space formed by the 
information acquired by internal and external sensors 
into some subspace. The partitioned input space are 
represented by the rules. Each behavior is composed of 
fuzzy decoder, decision making, rule base, 
reinforcement learning mechanism and defuzzifier. 

The goal of navigation in uncertain environments is to 
make the mobile robot arrive at destination point without 

colliding with obstacles. In order to accomplish this 
effectively, we must control the mobile robot motion in 
consideration of the obstacle position X ,  = (x,, y,), the 
mobile robot position X = ( x , y )  and its heading angle 6 
with respect to the world coordinate frame {W) shown in 
Fig. 4. The motion of the mobile robot is characterized 
by its heading velocity, v and incremental steering 
angle, d e .  Thus, we choose the input variables for 
avoidance behavior di = IlX, -X i ,  (i =1,2,"',5) and those 
for goal-seeking one heading angle difference, W and 
distance to goal, z =  X, -XI I .  The output vector U for 
two behaviors are chosen as the incremental steering 
angle, A6 and velocity, v. Here, the subscript, i 
denotes the number of the sensor suit detecting the 
obstacles located in front of mobile robot and 11.11 
denotes the Euclidean norm. The variables di are 
calculated by Eq. ( 1 ) .  The w and z are the angle 
between heading direction of the mobile robot and the 
direction of the goal position and the distance from the 
current position, X=(x,y) to goal position, X ,  = ( x , , ~ , )  
with respect to the frame {W}, respectively. All the 
variables are defined in Fig. 4. Using these variables, 
the rule base is constructed for each behavior to infer 
two actions. The rule bases for avoidance and goal- 
seeking behavior consist of 324 and 56 rules, 
respectively. In the beginning, all the center values of 
the membership functions of the output fuzzy sets 
representing the linear velocity and the incremental 
steering angle are set to constant values. 

When the control action signals are applied to mobile 
robot at time step, t the mobile robot moves by the size 
of the movement vector, m(t). As the result of a series 
of movement vectors {m(O),..., m(t-3),  m(t -2) 
m(t- l ) ,  m(t)}, shown in Fig. 5, the mobile robot may 
collide with obstacle or move away from goal position. 
To avoid such failures in case when the mobile robot 
navigates again through the environment similar to the 
previously experienced one, the rules contributed to 
generate the control action must be corrected. The 
rules influencing the mobile robot facing with these 
failures, in turn, will be the rules used at the previous 
time steps t ,  t-1, t -2,  -.-. Thus, such rules must be 
changed into the correct rules. This task is 
accomplished by two adaptive neuronlike elements [a] 
consisting of associative search element and 
associative critic element. By use of these elements, 
the center values of the membership functions of output 
fuzzy sets approach correct values as the learning step 
increases. 

111. BEHAVIOR SELECTION 
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Whenever the mobile robot navigates in uncertain 
environment towards the goal position, two behaviors 
such as avoidance behavior and goal-seeking behavior 
always conflict. Therefore, in order for the navigator to 
be a complete one, it is necessary to efficiently select 
one of behaviors by fuzzy decision maker. 

A. Multi-criteria decision making using fuzzy sets 
In 1970, Bellman and Zadeh considered the 

classical model of a decision and suggested a model for 
decision making in fuzzy environment[9]. They 
considered a situation of decision making under 
certainty, where objective function and constraints were 
characterized by their membership functions. Since we 
want to simultaneously satisfy the objective function 
and constraints, a decision in a fuzzy environment is 
defined by analogy to crisp environment as selecting 
one among the alternatives which satisfy objective 
function and constraints. Thus, the decision in a fuzzy 
environment can be considered as the intersection of 
fuzzy objective function and fuzzy constraints and there 
is no a difference between objective function and 
constraint. 

Determining an optimal solution in decision problem 
and judging the suitability of a solution can in many 
cases not be done by using a single criterion. Thus, 
multi-criteria decision making has been proposed and it 
has led to numerous evaluation schemes. The multi- 
criteria decision making using fuzzy sets may be 
divided by two major areas: multi-objective decision 
making and multi-attribute decision making[lO]. The 
former concentrates on continuous decision space; the 
latter focuses on problem with discrete decision spaces. 
The problem for selection of appropriate behavior 
corresponds to multi-attribute decision making one. 

Let U=(Ui,U2,--.,Un) be a set of alternatives resulted 
from primitive behaviors and G = {&G2, ...,G,,,} a set of 
fuzzy goals to which the suitability of a behavior is 
judged. TheJh fuzzy goal, G, is characterized by their 
membership function p6,(U). In what follows, the tilde 
sign(-) representing the fuzzy sets will drop for 
notational simplicity. However, there are some cases 
where some goals and constraints are of greater 
importance than others. In such cases, fuzzy decision 
function D might be expressed as the goals with the 
weighting coefficients reflecting the relative importance 
of the constituent terms. The importance of goal, Gj is 
expressed by exponent aj .  Thus, the fuzzy decision 
function is defined as the intersection of all the fuzzy 
goals, that is, 

The rationale using weights as exponents to express 
the importance of a goal can be found in [lo]. The 
higher importance of a goal the larger should be the 
exponent of its fuzzy set, if the fuzzy sets are 
normalized. The aj > 1 means more importance, while 
aj <1  means a little importance. Problem is to 
determine one of alternatives Ui with the highest degree 
of suitability with respect to all relevant goals 
Gj, j = 1,2,--,m. The fuzzy set decision D in discrete 
space, as the intersection of the Gj(u,) becomes 

D =  {(u,,min(pG,(u,)wJ) I i=1,2,...,n;j=1,2,...,m} . (6) 
J 

The relative importance, aj of the goals is established 
in form of the matrix A by pairwise comparison as 
follows: 

A =  (7) 

By applying Saaty's eigenvector method[l 11 to matrix 
A, consistent weights wj for membership function ofjth 
goal are determined. The optimal alternative is defined 
as that achieving the highest degree of membership in 
0. 

B. Fuzzy goals in navigation problem 
In order for mobile robot to arrive at the goal position 

without colliding with obstacles, appropriate behavior 
must be selected according to situation around the 
mobile robot. When the obstacles are located around 
the mobile robot as shown in Fig. 3, the mobile robot 
must reduce its speed in order not to collide with them. 
If the maximum acceleration,a, is applied to the 
mobile robot with an arbitrary initial velocity, the 
minimum time required to avoid the obstacle is 
calculated by KOSCP, /a,,,=. But, if a constant 
acceleration less than the maximum value is applied to 
the mobile robot, the time required to avoid the obstacle 
is calculated by 2(ej - R)/vcosq,. Therefore, when the 
distance from the center of mobile robot to the obstacle 
and the velocity component towards the obstacle are 
given, the marginal avoidance time can be defined as 
the difference between the above two required times. 
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can ideally detect the nearest obstacles within their 
beams. The correct rule bases for each behavior used 
here were those constructed in the previous study[4]. 

B. Simulation for selection of behaviors 
By use of Eqs. (1) and (2), the eighteen distance 

values measured by sensors are grouped into the five 
distance values belonging to each sensor suit. The 
behaviors produce the prescribed responses to these 
five distance values. When two behaviors are assumed 
to be used as behavior at next step, the potentials are 
calculated by Eqs. (8) and (9) and their changes are 
calculated. Using these values, the membership 
degrees representing the degree of fuzzy goals 
satisfaction are determined by Eq. (10) through Eq. 
(12). Then, the minimum value of the membership 
degrees is chosen. This value denotes the degree of a 
behavior satisfaction with respect to fuzzy goals. Thus, 
the fuzzy set decision, D, represented by Eq. (6) is 
obtained. The optimal alternative, that is, a behavior to 
be used at next step is determined by the one with the 
highest degree of membership in fuzzy set decision D. 
To test the effectiveness of the method using fuzzy 
decision maker, various start positions and initial 
heading angles were employed. In all simulations, the 
goal position is fixed at the upper corner of the 
righthand side. Fig. 64a) shows the result of execution 
of navigation when the M,, M, and M3 reflecting the 
relative importance of fuzzy goals are equally set to 0.2. 
The mobile robot can arrive at the goal position through 
environment without colliding with obstacles. Fig. 6-(b) 
shows the result of execution of navigation under the 
same conditions as the above case except M2=0.05. 
This corresponds to the case when the fuzzy goal G, 
associated with the change in attractive potential is less 
important than the others. As it can be seen from this 
figure, the smaller the value of M, the larger should be 
the number of time step for arriving at the goal position. 
Fig. 64c) shows the result of execution of navigation 
when different start position and initial heading angle 
are given. Fig. 6-(d) show the result of execution of the 
case when the local minimum occurs. As it can be seen 
from these figures, even if the mobile robot is faced with 
situation where the local minimum occurs, the navigator 
with fuzzy decision maker for selecting a behavior 
shows an ability to escape from the local minimum. 

V. CONCLUSIONS 

A fuzzy decision making-based behavior selection 
method has been presented for mobile robot navigation 
in complex environment. The situation where the mobile 

robot is at the present instant is classified by calculating 
the repulsive and attractive potentials using the 
currently perceived sensory information and the goal 
position provided by higher level planner. A decision 
function to select a behavior suitable for situation 
around the mobile robot is formulated as fuzzy set using 
the fuzzy goals. Then, an optimal alternative of 
behaviors is determined by achieving the highest 
degree of membership in fuzzy set decision. The fuzzy 
decision making provides flexibility which can not be 
found in conventional decision making. Furthermore, it 
is easy to formulate the relevant problem since there is 
no difference between the goals and constraints in 
fuzzy environment. In this study, even if three fuzzy 
goals are used, the mobile robot can move towards the 
goal position through environment without colliding with 
obstacles. It has been shown that the proposed method 
enables the mobile robot to navigate through complex 
environment where the local minimum occurs. 
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Since the marginal avoidance time denotes the degree 
of collision, it is used in this study to represent the 
repulsive potential. Repulsive potential €mp is produced 
by the inversion of the marginal avoidance time being 
the function of mobile robot velocity and the distances 
to obstacles measured by ultrasonic sensor array. 
Thus, the repulsive potential is defined by 

where K, is a scale factor set to 0.0003 and S, is the 
number of ultrasonic sensors. Repulsive potential 
increases as the mobile robot gets closer to the 
obstacles and approaches zero as its velocity in the 
direction of obstacle approaches zero. 

When the mobile robot configuration is given in Fig. 
3, the minimum time can be defined as the attractive 
potential to transfer the mobile robot with initial velocity 
v to the goal. This potential is calculated using a single 
switching time as follows: 

where K, is a scale factor set to 1 .O. Attractive potential 
depends on the distance to goal position, heading angle 
difference and initial velocity. As it can be seen from Eq. 
(9), attractive potential increases as the mobile robot 
moves away from goal position or as its heading angle 
difference gets larger. 

Situation around the mobile robot can be represented 
by use of two potentials, EmP and E,,,. When two 
behaviors are assumed to be used as behavior at next 
step, the control actions derived from each behavior are 
calculated. Then, the changes of the potential, 

(i=l (avoidance), 2(goal-seeking)) resulted from the 
actions of two behaviors are calculated, respectively. In 
order that the mobile robot can go through environment 
to the goal position without colliding with obstacles, the 
changes of the weighted sum of two potential must be 
negative. However, it is very difficult to find the 
weighting coefficients in cluttered environment. 
Furthermore, the uncertainties in the measurements of 
sensors may be introduced into the potentials. Hence, 
in this study, one behavior to be used at next action 
step is selected by the fuzzy decision maker. To 
perform this, three fuzzy goals are defined by 

Cmp (Ui ) = A E m p  (Ui ) a n d  Cat, (Ui 1 = AEatt (Ui ) 3 

G,: the change in repulsive potential c,(u,) should 
be smaller than Ci and 
G2: the change in attractive potentia/ c,,, (Uf )should 

be smaller than C2 and 
G, : the repulsive potential Emp (U, )should be smaller 

than €,. 

Here, the connective "and" denotes the intersection of 
fuzzy goals and it is assumed that all the goals are of 
equal importance, that is, wj = 1, j = 1,2,-..,m. The 
membership functions of the fuzzy goal are defined, 
respectively, by 

[ 1.0 

1.0 if can (ui) I c2 
1.0 othennrise 

1.0 + M2(c,, (Ui) + c,)" 
PG* (Can (U; )) = 

[ 1.0 if ErBD(ui) 5 E, 
1.0 

otherwise I 1.0 + (U;) + E,)" 
P G 3  )) = 

Here, N j , j  = 1,2,3 is an even integer and are set to 2. 
The M j , j  = 1,2,3 is a positive constant. The Cl,C2 and 
E, are determined through a series of simulation and 
are set to -0.01, -0.02 and 1 .O, respectively. 

IV. SIMULATION AND RESULTS 

A. Simulation conditions 
As an illustration of the foregoing process, a series of 

simulations were made using an arbitrary constructed 
environment composed of sixteen obstacles. It was 
assumed that the radius of the mobile robot is 0.20m 
and the size of environment is 10mx10m. The 
maximum speed of the mobile robot was assumed to be 
35cdsec. The measurement range of the sensor was 
assumed to be eight times the radius of the mobile 
robot. In order to acquire the information about 
environment, sensor simulator which outputs the range 
data of ultrasonic sensors was used. For the sensor 
simulator, it was assumed that the ultrasonic sensors 
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Fig.1 The wheeled mobile robot, LCAR. 
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Fig. 2 The mobile robot navigation architecture. 
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Fig. 4 The coordinate frames and control variables. 
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Fig. 5 The movement vectors associated with colliding 
with obstacle or moving away from goal position. 
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Fig. 3 The arrangement of ultrasonic sensors and sensor suits. 
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Fig.6 The results of execution of navigation. 
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