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Abstract:  In thispaper, we propose two types of
strategies for obstacle avoidance of outdoor mobile robaot.
Oneis Safety Channel Estimation Algorithm (SCEA) itisa
simple and direct algorithm of obstacle avoidance by
computing the largest Safety-channel and then adjusting the
steering angle command ,this algorithm is essentially
Safety-First algorithm. The estimation of Safety-channel
ensuresthe vehicleto select at least one path to track while
ther e are many obstacles. The other algorithm isthe M ost
Danger ous Obstacle Estimation Algorithm (MDOEA), it is
much mor e complicated than SCEA, however it has obvious
purpose, and ensures the vehicle to avoid the current most
danger ous obstacle. Therefor e this algorithm shows higher
artificial intelligence, it is essentially Danger-First algorithm

which isobvioudly inver se against the Safety-First algorithm.

It also shows a better effect of the globe path tracking under
globe environment.
Keyword: obstacle avoidance, mobile robot, obstacle
density, rough set
[. INTRODUCTION

Algorithm (MDOEA), will be discussed.

II. THE SYSTEM STRUCTURE OF THMR-V
The system structure frame of the autonomous navigation
of THMR-V is shown in Figure 2, the position sapstem
makes a fusion of theformation from Differential Globe
Position System(DGPS) Opticalcoding Machine and
Electronical Compass then generates the comprehensive
posture feedback information of the vehicle and is
transferred to the monitor system via 10M ether LAN.
Meanwhile, the Laser Measurement SyistenfLMS)
treats the primary scanning radar information as a
continuousfan-chart(See figure 5) and also transfers it to
the monitor center through the LAN. Based on the
circumstance information, he monitor center system
makes decision to take one of the following Algorithm:
PID control Algorithm in straight ling #icking, Artificial
Potential Field Algorithm in curve path tracking and
obstacles avoidance Algorithm in the emergence of
obstacles. The decision information is transferred to the
control computer system and drive the direction control

Tsinghua Mobile Robo{THMR-V) is designed as an
outdoor mobile robot with the function of both
autonomous navigation andemote operation, and is
shown in figure 1Now the emphasis of studying includes
smooth and stable path tracking under no obstaales,
intelligent decision of obstacles avoidance while obstacles
exist. In this paper, we describe the research on the
strategies of obstacles avoidance in navigation using
THMR-V as a tesbed. Two typical strategiegne is
called Safety Channel Estimation Algorit(fBCEA) and
another is called th®ost DangerousObstacleEstimation
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Figure 1. THMRV:
outdoor mobile robot of the fifth generation
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Figure 2. the system structure frame of THMWR
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motor, speed contromotor and braking control motor swi t h( CURRENT_ROAD_STATE) {
case STRAI GHT_LANE:

i f (OBSTACLE_AVO DANCE_| S_NEEDED)

Al gorithmfor obstacl e avoi dance;

separately. (See Figurg 2
Ill. DATA FROM LASER MEASUREMENT SYSTEM
The Laser Measurement System(LMS) used in
THMR-V has the longest scanning distance of 50 meters,
the primary raw data is calculated by the-peatment
computer and then transferred to monitor center as an
array RadarData(i),which stands for the obstacle distance
in the ith scanning angle of the LMS, The starting
scanning angle is assumed to be zero degree, and the enc
angle 180 degreg¢heinterval angldas 1 degree. Therefore
the ith element of the array is the very obstacle distance ol
| degree rightwards, the total array may then be plotted
as a semcircle figure(See Figure 3)
IV. SAFETY CHANNEL ESTIMATION ALGORITHM

The following is the psudoode @ obstacle Figure 3 the Scanningigure of LMS
avoidance during the general control loop of THMR

. el se PI D STRAI GHT_LANE TRACKI NG
whil e(TRUE){ //control |oop -

br eak;
case CURVE_LANE:
Artificial-Potential-Field Al gorithm break;
case CROSSROAD: ARC_TRACKI NGAl gorithm break;

}

cal cul ate bArrival wth accordance to road
st at e;
i f(!bArrival){

//not arrive at the next planned point
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Update the control
SPEED, BRAKI NG) ;
}

el se{

comand( STEERI NG_ANGLE,

[/ Arrive at the next point
i}

Y /while

4.1 OBSTACLE DENSITY FUNCTION

The obstacle density function BlockDeg represents

_ OA _ RDager /2 _ RDanger
cos a = = =
00 , R 2R (2)
—~ R = RDanger
2cos a

where Ris the local turning radiugy=/BOC
RDanger=0C, R=00,,

L .
For tand = E where L isdistance between the front

wheel and rear wheel of the vehicle. Hence, the steering

the normalized number of obstacles in front of the robot, itangle @ is obtained by the following

has the domain of [0,1],and the bégghe value, the more
obstacles in the front of the robot:

Endldx
BlockDeg =| . _Foager (Endidx - Sartldx +1)
i-&anex RadarData [i]
1)

Where RadarData(i) is the scanning data array afore

mentioned Rdanger is the obstacle avoidance distance
threshold Startldx and Endldx are the stagiacanning
angle and endcanning angle separately. The threshold

value of obstacle avoidance is a constant according to the

human driving experience.

We may get the distance of every obstdicden 0
degree to 180 degree in front of the robotading to the
laser scanning data arrdfyRadarData(i) is less than the

threshold value, we mark the angle (i) as a local obstacle

belt, otherwiseas a Safety belt. While we get serious

consecutive Safety belts, we call it as a local Safety area.

The widest locbSafety area from 0 degree to 180 degree
is the best local navigation channel. The center angle of
this channel is then taken as the current best expected
driving angle (but its still not the steering angle).

Table 1 shows an instance including the sgann
data array ranging fronf@o & ,where

Angle[i] 0[1]2[3[4]5]6]7]8]9

RadarDatali] |1 |2 |3 |5 |4 |2 |2 |13 |4

Table 1 scanning data array from 0 to 9 degree

[0, 1]. [5, 7] are local obstacle area, and[2].
[8, 9] are local Safety area, and [2] is the widest local
Safety areathen The center angle of this channel s 3

If the current best expected driving angleds,we
have: (See Figure 3):

’( L] L 2cosa [L
@ =arctan — |=zarctap —— | = arctap) ——
R RDanger / 2cosa RDanger

3
The propose&afety Channel Estimation Algorithis
described in théollowing. :

Step 1)set the initial condition of havigation such as
obstacleavoidance thrémld distancdrdange; the
maximumspeedV/,xand the planned object paint

Step 2)compute the obstacle density functiliockDeg
by (1);

Step 3)Estimate the besbcal navigation channel as the
Safety channel afiavigation, andtomputer the
center anlg of this channel as the current best
expected driving angle .

Step 4)computer the current steering angtenmandby
3);

Step 5)computer the current speedmmandoy the
following :

V=Vax (1-BlockDeg) (4)

Following this procedure, theommands of steering angle

and speedre obtained in the process.

i

Figure 4 Steering Angle Computation While
Avoiding Obstacle
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4.2 EXPERIMENT1

The presented algorithm has been tested in an
outdoorenvironmentwith the obstaclavoidance
threshold as Bneters, Figur& shows the trace curve
while continuous obstaclavoidance isaken, whered
and B are two continuous obstacles.

V. THE-MOST-DANGEROUSOBSTACLE ESTIMATION
ALGORITHM(MDOEA)

5.1 Obstacle Clustering

In thisalgorithm, theobstacledensityfunction
BlockDeg in (1) is still treated as the criter of
obstacleavoidance. However, in prior of estimating the
most dangerougbstacle, thelata array representing the
obstacle distribution between 0 to 180 degree should be
clusteredirst, themost dangerous obstacle is then
computed out of the clusest obstaclesConstrainedy
the realtime control ,the clustering algorithm should not
be toocomplicated. thereforthe Euclid distance
clustering algorithm is takeim thealgorithm(i1,i2)
representing the Euclid distance between two point P1
and P2 6the corresponding scanning angle i1 and i2
separatelyand T(i) representing the ith clustering result.
(See figure 6)

0i1,i200[0,180], d(i1,i2)<dth- T(i1)=T(i2), dthis
the clustering threshold value;

5.2 Attribute value of the clustered obstacle

Danger estiration about the clustered obstacles is

processed according to the attribute value, Suppose Ob is

a clustered obstacle and Ob={P0,R1Pn1}, where
Pi=Pi(xi,yi),the attribute value of Ob is(See Figure 6):
Xoin = min{xi [i =0,l...,n—]}
Xax = ma>{xi li = O,L...,n—]}
y= min{yi [i =0,L...,n—]}
6., =min{6, [i=01...n-3}
... =maxg [i=01..n-3

()

where (x,y) represemtg the position information and

Omin, Bmax representing the starting angle and end

design Safety constant.(typicall{p

angle of the cluster samtdy. The most dangerous
obstacle is estimated by the following criterion:

——0 T

Startpoint A B nd point

Figure 5 Sadty Channel Estimation Algorithm

criterion 1:

yk — Minjclzulster number (y]) :
criterion 2:

Xmin (k) * Xmax(k) < O’

or Min(| X, (K) |.] X, (K) )

if x . (K)*x

b
< E + Dwfty ) min (k) >0;

max
(6)
where b representig the width of vehicle(i.e.

b=1.8 meter for THMRV) and Dy, representing the

=1 meter).

safty
\min- g

O
N

N
:
|
I
|
|
I

Y

Xmin Xmax o

Figure6 attribte value of cluster
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5.3 Strategy of Obstacle-Avoidance concerning the Most every continuous obstacle, then the nuzsigerous
Dangerous Obstacle obstacle and its attribute value atgained by the

In view of the most dangerous obstacle, the fuzzy estimation algorithm .At the samenig, the real steering
logic rules obtained by machine learning using a data angle of human driving is simultaneously sampled,
analysis tool of rough set are taken to navigate the vehicletherefore the database implying human driving knowledge
This strategy of obstacle avoidance is onekgeriencef will be easily obtainedSee table 2)
human driving. The LMSamples the real time data about
the obstacle distributigthe cluster algorithm aggregates

Table 2 Obstacldvoidance Database ofTHMR-V on 2003-4-26 , vehicle width=1.8meter

n | Heading 0 min 0 max Xmin Xmax Y Steering Description
angle

1 -178.0 96 99 -0.92 | -0.61 5,73 | -1 Turn right for
2 -179. 1 99 104 -1.17 | -0.76 4.56 | -4 the first time of
3 179.4 107 112 -1.40 | -1.10 3.45 | -b obstacle
4 177.5 118 124 -1.66 | -1.37 2.43 | -b avoidance
5 175.6 137 146 -1.90 | -1.59 1.27 | 4
6 173.9 168 175 -2.00 | -1.73 0.17 | -2
7 -175.6 80 83 0.76 1.08 6.06 |2 Turn left for the
8 -173.9 75 79 1. 02 9. 38 4.68 |3 second time of
9 -172.2 67 72 1.18 1.52 3.53 |4 obstacle
10 | -171.2 53 59 1.42 1.75 2.27 |3 avoidance

Based on rough set theory, firstly, the continuous " i

value is turned tdiscreteinto limited intervals, then
attribute reduction is processed, and control rule under
different precision is obtained. The obstaaieidance
rules are divided into twbierarchalparts, the first group
of rules are used fgudgmentabout whether or not the
obstacleavoidance action should be taken, the second

layer of rules play important role of navigation after the

vehicle has beguto take obstaclavoidance action.

Figure 7 theMost-Dangerous Ostacle

5.4 Experiment 2 - ]
Estimation Algorithm(MDOEA)

TheMost Dangerous Obstacle Estimation Algorithm
(MDOEA) and avoidance algorithm based on rough rules thesteering angleommandHence, this algorithm is
has been tested in an outdeowvironmentFigure 7 shows  essentiallySafetyFirst algorithm.The estimation of
the trace curve while obstacle avoidance action is taken. Safetychannel ensures the vehicle to select at least one
path to track while there are many obstacles. However the

6 REsuLTS obstacle density functioBlockDegis just a local
Safety Channel Estimation AlgorithBCEA) is a information, the effect of this algorithms is sometimes not
simple and direct algorithm of obstacle avoidance by S0 good.

computing the largest Safethannel and then adjusting
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TheMostDangerous Obstacle Estimation Algorithm [8]Pal S.K., SkowronA.(1999).Rough Fuzzy HybridizationA new
(MDOEA) is much more complicated than SCEA, trend in decisiommaking, Springer
however it has obvious purpose, and ensures the vehicle to
avoid the current most dangeralsstacle. Therefore this
algorithm shows higher artificiahtelligence, itis
essentiallyDangerFirst algorithm which is obviously
inverseagainstthe SafetyFirstalgorithm.It also shows a
better effect of the globe path tracking under globe
environmets.

7 CONCLUSIONS

In this paper, we propose two typesstritegiegor
obstacle avoidance of outdoor mobile robot .Both of the
algorithms succeed in obstacle avoidance .In future, we
will extend these algorithms in dynangavironmentand
under the existercof multiobstacles and moving
obstacles,and also will research the automated generation
of rules based on rough set theory.
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