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Abstracts 

In this paper, a new navigation algorithm for 
wheeled mobile robots is proposed The proposed 
algorithm utilizes fmzy multi-attribute decision making 
method in deciding which via-point the robot would 
proceed at each decision step. Via-point is defined as the 
local target point of robot’s movement at each decision 
instance. We define a few fwzy goals to achieve 
successful robot navigation. At each decision step, a set of 
the candidates of next via-point in 2 0  navigation space is 
constructed by combining various heading angles and 
velocities. Given the fmqv goals, the fuzzv decision 
making enables the robot to choose the optimal via-point 
among the candidates. Results @om a series of 
simulations and an experiment in a real environment 
show the efectiveness of the proposed method. 

1. Introduction 

Sensor based navigation has been considered as one 
of the key features for mobile robots in complex and 
dynamically changing environments, because it controls 
the mobile robot in on-line manner utilizing instantaneous 
sensor measurements. 

Force field based obstacle avoidance schemes 
utilized a virtual repulsive force applied by obstacles and 
a virtual attractive force by the target [1,2]. However, 
finding the force coefficients influencing the velocity and 
heading angle are often found to be difficult. 

Fuzzy logic approach has an advantage in that it 
deals with various situations without analytical model of 
environments. Sensor-based navigation methods using 
fuzzy control in indoor environments have been proposed 
and constructing an efficient knowledge base has been a 
major issue [3, 4, 51. These approaches, however, require 
a large number of fuzzy rules which should be acquired 
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empirically. 
Behavior-based navigation has been considered as 

another promising approach in building intelligent mobile 
robots. Robot control system is decomposed into task 
achieving behaviors rather than hctional modules, and 
focus is made on perception-action reactivity[6]. Each one 
of multiple behaviors reacts to sensor input based on a 
particular concern of the navigator[7, 8, 91. Some 
researchers have studied the dynamics of behaviors[ 101. 
However, selecting a single behavior in a situation has 
turned out to be not effective, since unnecessary switching 
of behaviors is observed in some situations and the 
information regarding other behaviors is not available 
once a behavior is selected. Behavior fusion 
methods[l1,12] have been proposed as solutions for these 
problems, and fuzzy reasoning has been used in fking the 
outputs of multiple behaviors. 

We have proposed a new navigation algorithm for 
mobile robots using fuzzy decision making theory[ 131. In 
this paper, the method is implemented on an actual mobile 
robot and verified through experiments in a real 
environment. We model the navigation problem as 
decision making of an optimal via-point for next time step 
to satisfy its navigation goal. Based on the sensory 
information, the fuzzy decision maker selects the optimal 
via-point, that best satisfies multiple navigation goals, 
among a set of discrete movement candidates. Because 
fuzzy decision making can generate the optimal 
compromise between even conflicting objectives, this 
approach can guide the robot to achieve often conflictive, 
two navigation goals: obstacle avoidance and target point 
reaching. The concept of this approach is similar to 
choosing the best place for next foot step in human 
walking. 

This approach differs fiom previous ones in 
following aspects: First, the algorithm does not include a 
set of numerous fuzzy IF-THEN rules but uses a few fuzzy 
goals in the robot control. Second, we make the control of 
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the mobile robot with non-holonomic constraints easier by 
considering the smooth paths at the stage of constructing 
the via-point candidates. Third, this method can be 
considered as a behavior-fusion method, and each fuzzy 
goal can be considered as a behavior. However, the 
proposed method has a completely different structure with 
the previous behavior-fusion methods[ll, 121 in that it 
considers every motion candidate in decision making, 
while other methods just fuse the outputs of multiple 
behaviors using fuzzy reasoning. 

We also suggest a solution to the local minimum 
problem. A virtual target is introduced to make the robot 
escape from a trapped-in situation. A series of simulations 
and an experiment are carried out with an actual wheeled 
mobile robot equipped with ultrasonic sensors. The results 
show the effectiveness and the validity of the proposed 
algorithm. 

2. Fuzzy Decision Making 

Bellman and Zadeh[ 141 considered a classical model 
of a decision and suggested a model for decision making 
in a fuzzy environment. They considered a decision 
making process in which the goals and/or the constraints 
are fuzzy in nature. According to their formulation, 
objective functions(or goals) and constraints can be 
characterized by their membership functions. The decision 
in a fuzzy environment can be considered as the 
intersection of fuzzy objective functions and fuzzy 
constraints. Fig. 1 describes the pictorial concept of fuzzy 
decision making. 

Goal-2 

optimal X 
candi&te 

Fig. 1 The concept of fuzzy decision making: Decision 
can be considered as the intersection of fuzzy goals 

Multi Attribute Decision Making(MADM) deals with 
the decision making in a discrete decision space[ 153. Let 
X = {x,, ... , x,,) be the set of decision alternatives, 6, 
( j = 1 , . . . , m ) be the fiLzzy sets representing fuzzy goals. 
When the attainment of the goal e, by alternative x, can 
be expressed by the degree of membership pG,(x,), the 

decision set can be defined as the intersection of all 
fuzzy goals as follows: 

B = 8, ne2 n nGm 
Then, we select the xi with the largest degree of 

membership in b as the optimal alternative. 

3. Navigation Algorithm 
3.1 Candidates of next via-point 

Linear velocity and heading angle are generic factors 
that uniquely determine a wheeled mobile robot’s motion 
at an instance. Smooth paths of a wheeled mobile robot 
can be generated with combinations of a linear velocity 
and a heading angle(or an equivalent radius of curvature). 
Thus, by combining a finite number of linear velocity 
candidates and curvature candidates, we can construct a 
set of next via-point candidates in 2D space. Via-point is 
defined as the local target point (or subgoal point) of 
robot’s movement at each decision instance. These next 
via-points can be considered as the alternatives of a 
robot’s next movement. 

Fig. 2 shows how the via-point candidates can be 
constructed in 2D space with respect to various linear 
velocities and radii of the curvature of a wheeled mobile 
robot. Among these via-point candidates, the optimal one 
that can achieve highest attainment of given navigation 
goals can be selected using fuzzy decision making theory. 
The robot proceeds to that optimal via-point, and this 
procedure continues until the robot reaches the target 
point. 

target point 
X 

‘T 
X 

0--+ 

Fig. 2 Candidates’ of next via-points of a wheeled 
mobile robot: A pair d radius of curvature and linear 

velocity, (pr, vi> determines the position of a next via-point 
candidate, oy. 

3.2 Fuzzy goals for navigation 
The most basic navigation goals for a mobile robot 

can be summarized as (i) obstacle avoidance and (ii) target 
point reaching. These g;oals can be expressed linguistically 
as (i) to place enough distance from obstacles, and (ii) to 
proceed toward the target point. 

In defining these fuzzy goals, we can utilize sensory 
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information from obstacle detection sensors and robot's 
current position. In this paper, we consider an array of 
ultrasonic sensors for obstacle detection and assume that 
credible information of robot position can be acquired 
from dead reckoning or other localization methods. Fig. 3 
shows arrangement of the ultrasonic sensor ring of the 
mobile robot, 'LCAR,' which has been developed in the 
authors' laboratory[ 161. 

target point 

0, :current robot position 
O,.,: robot position at time (1-3) 
Uk : range data of k-th unrasonic 

sensor 

Fig. 3 Scanning environment with an ultrasonic sensor 
array: The mobile robot, 'LCAR has 18 ultrasonic sensors 

around its body. 

Using ultrasonic sensor scan data, we can define 

G, : Umin* > C1 
three fuzzy goals for the navigation as follows: 

G2:  F',<C2 (2) - 
G3 : DtarB < (D1, + C, * s , ~ )  

where 
Umin* : normalized minimum range data (=Umln/Rmax), 
R,, : the maximum sensing range of sonars, 
Fr* : normalized repulsive potential exerted by the 

obstacles, 
DUrg : distance from a via-point candidate to the 

target position, 
Dmg : average of DUrg of all via-point candidates, 

s,, : the maximum displacement of via-point 
candidates (=vma, x sampling time). 

CI, C2 and C3 are the constants which contain the 
designer's intention for the decision making process. 

Fuzzy goal GI and G2 are defined for obstacle 
avoidance and G3 for target point reaching. GI means that 
the robot should maintain a distance farther than C, to any 
encountering obstacle. The minimum range data is 
normalized to describe the fuzzy goal in more general 
form. However, GI does not take sensor information into 
account but the nearest obstacle. Thus, we defined another 
fuzzy goal, G2, that can utilize entire sensor readings using 
the concept of repulsive potential[ 1). The normalized 

repulsive potential Fr* here is defined by: 
1 Ns-1 

(3) 
F, ' =- pmm --Uk) 

N s  k=Q Rmm 

where U, represents the range data of the k-th sensor, and 
N, is total number of ultrasonic sensors. Fr* can be 
interpreted as the area occupied by the obstacles inside the 
sensing range of ultrasonic sensors. It is 0, if no obstacles 
are detected by the sonar, and 1 ,  if the robot is completely 
surrounded by obstacles. Thus, Gz means the robot should 
keep the level of repulsive potential, Fr. less than C,. 

The fuzzy goal G3 is for the target point reaching; 
thus the closer the alternative is, the higher it should get 
the attainment. Because the distance fiom a via-point 
candidate to the target point, DUrg changes drastically 
according to its position in the environment, the goal 
cannot be expressed with an inequality using constants as 
GI and G2. Thus, it is expressed with an inequality with 
the average of Dtarg, such that via-points closer (to the 
target point) than average get higher membership values 
and those farther than average lower values. We can 
change the desirable level of membership using the 
coefficient C, multiplied by the maximum traveling 
distance of via-point candidates. 

Fig. 4 Membership functions for three fuzzy goals 

membership function of goals GI, Gz and G3 as follows: 
Using exponential sigmoid function, we defined the 

(4) 
1 

PGI (x, )= 
1 + exd- dl . (U:, (x, - C, )I 

( 5 )  
1 

,U- (x , )=l-  4 1 + exp[-d, . (Fr* ( x i ) -  c, ,I 

(6) 

where dl, d2 and d3 are appropriate constant scale factors 
which affect the sensitivity of the membership functions. 
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3.3 Prediction of ultrasonic scan data 
The evaluation of memberships for GI and G2 is 

based on the ultrasonic sensor range data. We have range 
data for current position, however, not for the via-point 
candidates yet. Thus, we need to predict sensor data for 
via-point candidates to evaluate goal attainments for two 
fuzzy goals. Ultrasonic range data for a via-point 
candidate can be constructed from current sensor data 
using a sensor model. The sensor model utilizes 
coordinate transform between robot's current posture 
(position and orientation) and that of a via-point candidate. 
Fig. 5 describes how the sonar range data for a via-point 
candidate is predicted from the current range data. In this 
paper, we do not consider the effect of finite beam angle 
of an ultrasonic sensor and assume that an obstacle's 
surface is normal to the line of sight of each sonar. 

A predicted sensor data contains errors and 
uncertainties due to the normal surface assumption and 
unforeseen obstacles out of current sensing range. Thus, 
the traveling distance for via-point candidates should be 
properly regulated considering the maximum sensing 
range of sonars. 
I 

predicted sonar 
scan data at e via- 
point candidate 

Fig. 5 Prediction of ultrasonic sensor range data for a 
via-point candidate (solid line: robot in current position; 

dotted line: robot in a via-point candidate) 

3.4 Selection of the optimal via-point candidate 
Now we can select the optimal via-point since we 

have goal attainments of each via-point candidate using 
predicted sensor data and robot-to-target distance. From 
equation (l), the membership of the decision set can be 
expressed using min-max operation as follows: 

(7) 

Among the via-point candidates, one with the highest 
value of ,uD is selected as the optimal alternative. Table 1 
shows an example of this fizzy decision making process. 
Among the 7-candidates, x4 is selected as the optimal one 
because it has the highest membership for the intersection 

of fuzzy goal, GI, G2 and G3. The structure of the 
proposed navigation algorithm is shown in Fig. 6. 

Table 1 An example a9 fuzzy decision making 

Fig. 6 Structure of the proposed navigator 

3.5 Local minimum recovery 
Like other local path planning approaches, the 

proposed navigation algorithm has a local minimum 
problem. This happens when a concave obstacle or a very 
long obstacle is placed between the robot and the target 
point. To escape fiom local minima, we should first detect 
the outbreak of local minima. In this paper, we adopted 
the method of Borenstein[T], which compares the robot- 
to-target direction, 4, with actual instantaneous direction 
of travel, Bo. If the robot's direction of travel is more than 
90" off the target point, thai is, if 

Is, - e01> go', (8) 

we regard it is very likely dbout to get trapped. 
A very simple and efficient recovery from a local 

minimum can be acquirecl by making the robot follow 
walls (obstacle surfaces). In the proposed navigation 
algorithm, we implemented[ the wall following behavior by 
introducing a virtual target point. As in Fig. 7, when the 
trap state is detected, we replace the original target point 
with the virtual target point. The virtual target point is 
placed at a constant distance fkom the robot in the 
direction 45" fkom Umin direction. Because U,,,,, direction 
represents the nearest obstacle surface, placing a virtual 
target in that direction guides robot to follow the surface. 
When the robot escapes from the condition above, original 
target point is restored, and the robot continues to proceed 
to the target point. 

1245 



virtual 

heading 
diredm 

Fig. 7 Incorporating a virtual target on local-minimum 
alert: when 10, - 8,( > 90” 

very similar result with the simulation though there are 
more heading angle fluctuations. These fluctuations are 
resulted from the noisy sensor data in the real situation. 
The robot failed to reach the target point due to the 
postional error from the dead-reckoning. 

The robot’s dead-reckoning is based on the encoder 
installed on each of its two driving wheels placed 55cm 
apart. Wheel width is 3cm and the diameter is 20cm. A 
finite wheel width, uneven weight distribution between 
two wheels and slip at the contact point are the commonly 
known major causes of the positional error in dead- 
reckoning. The positional error is incremented as the robot 
moves longer distance. 

To demonstrate the effectiveness of the proposed 
method, we have performed simulations and experiments 
for unknown environments. The robot model parameters 
used in the simulations were acquired fiom the actual 
mobile robot, LCAR. 

Fig. 8 shows the result: of wall following by 
introducing a virtual target for local minimum recovery. 
When the robot does not incorporate the virtual target, it 
becomes stuck in a local minimum. However, by 
introducing a virtual target, it successfully escapes from a 
‘U’-shaped environment. 

Table 2 Parameter values used in Fig. 9 and 10 

The following example shows the results of 
navigation simulation and experiment conducted under the 
same environment, an office corridor. Table 2 shows the 
parameter values used in the example. Both the simulation 
and the experiment use the same parameter values and the 
results are compared. Fig. 9 shows a typical of simulation 
results in an environment that modeled an office corridor. 
The size of the outer boundary is 9mx9m. The robot 
moves through the corridor and successfully reaches the 
target point. Fig. 10 shows the experimental results of 
actual navigation with the mobile robot, ‘LCAR,’ in the 
environment that was modeled in Fig. 9. The robot 
successfully avoids the surrounding obstacles and shows 

(a) Trapped in a ‘U’-shaped obstacle 

(b) Escaping a local minimum 
Fig. 8 Local minimum recovery by incorporating a virtual 

target 

The robot’s path in Fig. 10 is resulted from the dead- 
reckoning. Though the robot considered itself arrived on 
Pdr, its real position was measured to be on Pa. After a 
13.5m long travel, the positional error was measured to be 
(AX=0.82m, AY=-O.Olm) and the heading angle error 
was 24.9”. Due to this error, though it almost reached the 
target point, the robot considered itself off the target and 
continued its navigation. However, the result showed that 
the proposed algorithm could make a robot successfully 
avoid obstacles and guide to the target point. 
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m- 

Fig. 9 Navigation simulation in an office corridor 

------l 
P-: target 

Pa :actual 
position 

position 
P, :dead 

position 

k 
Fig. 10 Navigation experiment in a real environment 

5. Conclusions 

In this paper, a new navigation algorithm for 
wheeled mobile robots using fuzzy decision making has 
been proposed. This method models navigation problem 
as a decision making problem in determining the robot’s 
next via-point. It requires only three fuzzy goals for 
successful navigation, which is compared to a bunch of 
linguistic rules in conventional fuzzy rule based 
navigation algorithms. A local minimum recovery scheme 
by wall following has also been developed by introducing 
a virtual target. The validity and effectiveness of the 
proposed method were verified through simulations and 
experiments in a real environment. 

Although we currently included only two navigation 

goals (obstacle avoidance and target reaching), fuzzy 
decision making has such a structure that we can easily 
include other navigation goals such as energy saving or 
less change in heading angle. 
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