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1. INTRODUCTION 

 
In mobile robotics, it is essential to realize the 

environment through map building while localizing the 
position of the robot and to detect and track both 
stationary and moving objects [1, 2]. SLAM 
(Simultaneous Localization and Mapping) allows robots 
to operate in an unknown environment by incrementally 
building a map of the environment and concurrently 
using this map to localize themselves [3]. DATMO 
(Detection and Tracking of Moving Objects) problem 
has been extensively studied for several decades [4, 5]. 
But these methods were not good at urban environments 
when there are multiple dynamic objects. Hence, Wang 
proposed the SLAM with DATMO at the same time [2] 
to provide a better estimate of the robot’s location and 
information of the dynamic environments in urban 
environments, 

However, the problem of robot motion on the road 
considering the constraint of the traffic lane has not 
been studied extensively. For example, assuming that 
there are two traffic lanes a mobile robot has to keep its 
own lane. When the robot meets an obstacle at a 
crossroad, the robot might change its lane to avoid the 
obstacle. In this situation, if another vehicle is coming 
into another lane, the robot would crash against the 
vehicle. To prevent these kinds of accidents, we have to 
consider more optimal robot command before 
performing an obstacle avoidance algorithm in urban 
environment through decision making process. 

Bellman and Zadeh [6] considered a classical model 
of a decision and suggested a model for decision 
making in fuzzy environment. They considered a 

decision making process in which the goals and/or the 
constraints are fuzzy in nature. In [7], Kim studied a 
decision making algorithm and found best safe path by 
using fuzzy techniques. This works well in indoor 
environment with static obstacles. But in outdoor 
environment, there are many dynamic obstacles, which 
will make it difficult for the robot to drive safely. 

In this paper, a fuzzy-based decision making 
algorithm is introduced for the safe driving on the road. 
The proposed decision making algorithm contributes the 
robot’s safe driving in urban environment where 
dynamic objects exist. The proposed algorithm utilizes 
fuzzy multi-attribute decision making method in which 
two fuzzy goals are defined to achieve successful robot 
navigation. In this paper, safety and time are two main 
fuzzy goals. Given the fuzzy goals, the fuzzy decision 
making enables the robot to choose the best desired 
velocity. The suggested navigation algorithm consists of 
two parts: perception and decision making part. First, 
the robot detects dynamic objects, and then estimates 
state vectors. Secondly, by using fuzzy rules, robot 
makes an optimal decision how fast robot should run. In 
this paper, we will focus on a decision making part. 
Matlab simulations show that the abovementioned 
algorithm works well.  

The remainder of this paper is organized as follows. 
Section 2 introduces mobile robot system. Section 3 
explains a brief fuzzy decision making theory. Section 4 
presents the application of fuzzy decision making 
algorithm in our navigation algorithm. Simulation 
results are shown in Section 5. Finally, conclusion is 
presented in Section 6. 
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2. MOBILE ROBOT SYSTEM 

 
2.1 Mobile Robot Platform  
We use an ATRV-mini from RWI Inc. as a mobile 

platform. It is a four-wheeled robot designed for 
indoor/outdoor navigation and comes equipped with 
odometry. We add a laser range finder to detect 
obstacles and build a map of the environment. It 
guarantees accurate range data. It is free of shadow, 
bright spot and dirty road surface and more robust than 
vision based methods [2]. For global localization, we 
add a Novatel ProPak-V3 DGPS receiver. Figure 1 
shows the mobile robot system with the DGPS rover 
receiver and base station installed on the roof. A 
position error of the DGPS is about 0.2 ~ 2m, of a 
building while orientation obtained from DGPS is 
highly unreliable. Therefore we mounted an MTi, 3D 
angle sensor on the robot. Additionally, a camera with 
pan, tilt, zoom-in and zoom-out is used for 
visualization. 

The localization of the robot is performed using EKF 
(Extended Kalman Filter) based on odometry, angle 
sensor, and DGPS. 

 
Fig. 1 Mobile robot system with a DGPS rover receiver 
and the DGPS base station installed on the roof. 

 
 
2.2 Navigation Objective 
 
Our challenge is to make ATRV autonomously 

driving around campus of KIST (Korea Institute of 
Science and Technology). To achieve this mission, 
ATRV has been tested in a variety of working situations. 
To simplify a decision making problem, we give some 
assumptions on the driving condition. First, the robot is 
driving at a crossroad. Secondly, it knows its location 
and path. Finally, it considers only two moving objects 
on the road: a robot and a car. In this work, we take no 
account of pedestrians. Decision has been made by the 
following procedure in Figure 2. 

When the robot detects a moving object while 
tracking a given path, it should estimate the path of the 
moving object. If the estimated path intersects in some 
point which is on the path of the robot, a decision 
making procedure is evoked. The input component of 
the algorithm is the state information of the moving 
object. For example, the moving object’s velocity and 

position can be its states. Also we can get an optimal 
velocity of the robot as an output of the algorithm to 
achieve a mission successfully. 

 
 

 
 

Fig. 2 Navigation procedure when a robot detects a 
moving object. 

 
 

3. FUZZY DECISION MAKING THEORY 
 

In fuzzy-based decision making, the principal 
components of the process are a set of alternatives, a set 
of goals and/or constraints on the choice between 
different alternatives and a performance function. A set 
of goals and/or the constraints are fuzzy in nature. 
Fuzzy goals and fuzzy constraints can be defined 
precisely as fuzzy sets in the space of alternatives. A 
fuzzy decision, then, may be seen as an intersection of 
the given goals and constraints. An optimal decision is 
defined as a point in the space of alternatives at which 
the membership function of a fuzzy decision attains its 
maximum value. 

Let X={x} be a given set of alternatives. And then we 
have to define fuzzy goals identified in X. A fuzzy goal 
could be represented by a fuzzy set. In a similar way, a 
fuzzy constraint C might be defined to be a fuzzy set in 
X. We can get a function with respect to a fuzzy set. 
This function depicts how much alternatives belong to a 
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fuzzy set. If the output value of this function is high, 
that means alternatives belong to the fuzzy set a lot. We 
call this function membership function as following 
equation. 

 

( ) [ ]: 0,1G xx X µ∀ ∈ ∈             (1) 

 
Assume that we are given a fuzzy goal G and a fuzzy 

constraint C in a space of alternatives X. Then, G and C 
combine to form a decision, D, which is a fuzzy set 
resulting from intersection of G and C. The intersection 
of G and C is denoted by G C∩  and is defined as the 
largest fuzzy set contained in both G and C. 

The membership function of G C∩  is given by 
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And correspondingly  

 
( ) ( ) ( )D X G X C Xµ µ µ= ∧                (3) 

 
The relation between G, C, and D is depicted in 

Figure 3. 
 

 
 

Fig. 3 Decision fuzzy set D which is intersection of G 
and C. 

 
According to the interpretation of “and”, we address 

that a decision is a confluence of the goals and the 
constraints. Then, we select the alternative in X which 
maximizes membership function ( )D Xµ  as the optimal 

decision. 
 

4. APPLICATION 
 
Our challenge is to get an optimal robot velocity which 

is to make a robot safe driving against a moving object 
at a crossroad and is to reach a target point in a short 

time. Target point means an intersection point of robot 
velocity vector and moving object’s velocity vector. 
Linear velocity and angular velocity are generic factors 
that uniquely determine a robot’s motion and position at 
an instance. However, we assume that a robot is only 
driven on a straight lane, and that a robot follows a 
given straight path to simplify the problem. It allows 
that we only consider robot’s linear velocity. Also we 
assume that we know the moving object’s states: its 
velocity and position.  

 

 
 

 Fig. 4 Decision making process 
 

Let { }1, ..., nV v v= be the set of robot’s velocity 
decision alternatives. Among these alternatives, the 
optimal one that can achieve the highest attainment of 
given fuzzy goal can be selected using fuzzy decision 
making theory. 

The basic fuzzy navigation goals for a mobile robot 
can be characterized as preventing the robot from hitting 
with obstacles and reaching the target in a short time. 
These can be expressed as to place enough distance 
from a moving object and to reduce target reaching time. 
In defining these fuzzy goals, we can utilize sensor 
information obtained from moving obstacles and robot’s 
pose by an odometry, angle sensor, and DGPS. Using 
these data, we define two fuzzy goals as follows: 
 

1 1: r cG t t c− >                 (4) 

2 2: rG t c<                     (5) 
 
Where, rt  and ct  are time that a robot and a moving 

object arrives at a target point respectively and 1c , 2c  
are design parameters of which value represents the 
designer’s intention for the decision making process. 

Most of researches have treated only a distance 
between a robot and obstacles for safe driving. But even 
though enough distance maintains between them at an 
instant, it could not guarantee the safety of near future 
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according to the velocity of the objects. For the purpose 
of overcoming this problem, we transform the distance 
parameter related with safety to the time difference as 
shown in Eq. (4). 

Fuzzy goal 1G  is defined for safety and 2G  for time. 
The purpose of 1G  is to make the robot safe. For 
example, if rt  is larger than ct , the moving object 
goes through the target point before the robot does. In 
contrast, if ct  is larger than rt , the robot passes 
through the target point before the moving object does. 
And the goal of 2G  is to make the robot take less time 
to arrive to target point. 

Using an exponential sigmoid function, which is more 
smoothly differentiable than used in Bellman’s research 
[6], membership functions of goal 1G  and 2G  have 
been designed as follows:  

 

( ) ( )1

1 1

1
1 exp ( ) ( )G i

r i c i

v
s t v t v c
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 + − − − 
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         (7) 

 
 Where iv  represents i th− robot’s velocity 

alternatives and 1s , 2s  depict constants that affect 
sensitivity of exponential sigmoid functions. 
The membership of the decision set can be expressed 
using a min-max operation as follows: 
 

( ) ( ) ( )1 2D V G V G Vµ µ µ= ∧                (8) 

 
Among the alternatives, one with the highest value of 

( )D Vµ  is selected as the optimal velocity. It would be a 

reasonable robot command. 
 

5. SIMULATION 
 

To evaluate the effectiveness of the proposed method, 
a series of simulations on a crossroad environment have 
been carried out. The robot model parameters used in 
the simulation were acquired from the actual mobile 
robot ATRV. 

The robot’s velocity range is from 0 m/s to 1.0 m/s. 
We assume that the robot knows its own path. The path 
is made by using Bezier curve method. It follows the 
path using a Kanayama motion controller. Laser scanner 
sends five set of raw data per second to the control PC 
in ATRV. By using these raw data, a velocity of moving 
object, current position and estimated position could be 
obtained. Time step of the decision making process is 
equal to laser scanner’s sampling time. In this paper, we 
focus on decision making problem. 

Figure 6 depicts a simple crossroad environment 
model. The robot drives with a constant velocity to the 
north and a vehicle moves toward crossroad from right 

side of the robot. We assume that the robot can calculate 
the distance from the vehicle and velocity vector of the 
vehicle from LRF range data. 

 

 
Fig. 6 Crossroad environment (left), a point in the 
middle is the target point (right) 
 
To identify the performance of the proposed algorithm, 
we tried several simulations. Next, we will show 
simulation results about two different cases. In case 1, 
treats the condition that the car approaches toward the 
robot with fast velocity and case 2 deals the situation 
that the car does with slow velocity.  

Figure 7 shows the example of fuzzy decision set. 
The blue line shows the membership function of fuzzy 
goal 2 and the membership function of fuzzy goal 1 is 
depicted as a green line. Decision point made by the 
proposed algorithm is the intersection of them. X-axis is 
a set of velocity alternatives of the robot and Y-axis 
represents the membership function values. Among 
these alternatives, one with the highest value of 
membership function is selected as the robot control 
velocity alternative. This alternative is obtained at every 
sampling time.  

 
 

 
Fig. 7 Fuzzy Decision set 

 
Figure 8 and 9 show the results for Case 1. It is assumed 
that a car approaches toward the robot with 20 km/h 
velocity. A series of fuzzy decision set are represented in 
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Figure 8. It is known that the robot’s velocity changes to 
make the robot run slow as time step proceeds because 
the car runs too fast. Figure 9 shows the simulation 
result per time step. 
 

 
Fig. 8 Fuzzy decision set of Case 1 

 
 

 
           (a)                    (b) 

 
           (c)                    (d) 

 
           (e)                    (f) 

 
           (g)                    (h) 

Fig. 9 Simulation results of Case 1 
 

Figure 10 shows the results for Case 2. In this case, a 
car is moving with 5km/h. Its velocity is slow relative to 

the robot’s velocity. The result shows that decision 
making algorithm makes the robot accelerate. In the left 
pictures of Figure 10, red lines depict the membership 
functions of fuzzy decision set. We can see that the 
maximum velocity is the robot’s optimal velocity.  

 

 
            (a) Total display over process 

 
           (b) First step graph and position 

 
(c) Third step graph and position 

 
(d) Fifth step graph and position 

 
(e) Seventh step graph and position 

 
Fig. 10 Simulation results of Case 2 
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6. CONCLUSION 

 
For safe driving in urban environments, an 

autonomous mobile robot should make a decision which 
produces more proper commands under some 
constraints. We proposed a fuzzy-based decision making 
algorithm that chooses the best desired velocity (among 
alternatives) satisfying two objectives of safety and time. 
The decision is based on the robot pose and predicted 
trajectory of the dynamic objects in case of navigating 
on the road, especially, at the crossroad. 

Our contribution is to design a fuzzy based decision 
making algorithm that satisfy two navigation objectives, 
safety and time. We identified the performance of the 
proposed algorithm through simulations. 

For further research, we will consider not only linear 
velocity but also angular velocity to guarantee the 
reliability of fuzzy decision making algorithms in a 
variety of situations and will verify the algorithm on the 
experimental autonomous mobile robot system. In 
addition, we are about to demonstrate decision making 
algorithm with our developed outdoor mobile robot 
system on a real crossroad. 
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