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Abstract:  This paper describes an effective method of obstacle detection by ALV (Autonomous Land Vehi-
cle) equipped with two 2D laser range finders (LRF) installed at different locations of the ALV to obtain com-
prehensive information on the environmenti. The data processing includes two main steps: (1) data-processing
of the current sample; (2D fusion of the former range data and the current one. The rough description of the
ALV’ s environment via the four sub-steps ( Data Filter; Obstacle Extraction, Obstacle Merging, Distinguish-
ing Obstacle from Road-Edge) was not reliable enough for our control system. To overcome the shoricoming of
the 2D TRF and the moiion noise of the ALV, a Kalman filier was used to estimate the position of the obsta-
cles; then the data of the two LRFs were collated to obiain the height and widih of the obsiacles. Experiment
resulis atiested the feasibility of the detection system.
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INTRODUCTION

Obstacle avoidance is an essential task of the
ALV. To achieve this, a quick and reliable de-
tection of obstacles is very important. Several
classes of active sensors can be used for this pur-
pose.

A laser range finder (LRF) can suitably be
used to detect obstacles ahead of the ALV. 3D
LRFs often used in previous applications ( Ying
et al., 1998; Bonlanger, 1992; Dunlay, 1986;
Herbert et al., 1986 ) could yield relatively
comprehensive information, but are very cosily
because of their complexity ( Zhang et al.,
1997). What is more; its obvious shortcomings
(such as bulky and cumbersome body, and low
sampling rate) restrict its further application .

Compared with 3D LRF> 2D LRF has higher
sampling rate> less system ervors, a great advan-
tage in realtime signal processing; and iis rela-
tively lower price and higher reliability makes it
widely used in various indoor mobile robots .

Most 2D LRF applications focus on map

obstacle detection, obstacle avoidance, 2D laser range finder, Kalman Filier, autonomous land
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building for mobile robots in indoor structural
environment ( Kwon et al., 1997; Vandorpe et
al. 1996; Gonzalez et al., 1994) and localizing
mobile robots with a prior map and the current
scans of LRF (Mashavan et al., 1998; Gonzales
et al.» 1992). LRFs are used in this study to
achieve obstacle detection and roadside recogni-
tion in a non-siruciural outdoor environment. We
hope we can dynamically update the environmen-
tal map in realiime by fully utilizing the 2D
LRF’s character of high sampling rate. To gain
we mount two LRFs at
different places. We pay attention to the updai-

sufficient information.

ing process of the local map. Firstly; we process
the current LRI data to obtain a rough descrip-
tion of the obstacles’ distribution in the current
obstacle map. Then Kalman filier technique is
adopted to track the obstacles and get a better
estimation of the obstacles’ position. Finally, by
collating daia provided by the two LRFs, the
width and the height of the obstacle can be ob-

tained.

% Project supported by Ninth-Five primary research foundation of National Defence of China



Obstacle detection by alv using two 2D laser range finders

389

LRFs SYSTEM

Fig. 1 shows two LRFs’ installed on the
ALV. The 2D LRFs were both commercial eye-
safe laser scanners (LMS210 series made by Sick
Optic Electronic) .
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Fig.1 The LRFs and ALV

The ALV’ s obstacle detection system con-
tained a top LRF with 100° scanning angle and
and a bottom LRF with 100°
scanning angle and 0. 5°resolution. Thus com-
pared with the top LRF, the bottom one takes
half the time for a complete scanning, 40 ms.
The effective range of both LRFs was 50 m. The

parameters in Fig.1 are as follows:
G, < 1°5 8,= 5.7°; hy= 40 cm;
hy = 290 em; d = 210 cm.

0.25° resolution;

1. Different function of the two LRFs

The bottom LRF can detect obstacles rapidly
and reliably within its effective region due to its
higher sampling rate. On the other hand, the top
LRF can easily find obstacles farther away due to
its higher resolution and its view is relatively free
from being shutoff as it is mounied in higher lo-
cation. As we know, we cannol get the height of
the obstacles with the bottom LRF whose scan-
ning plane parallels the ground, therefore anoth-
er important task of the top LRF is to obtain the
approximaie height of obstacles. Fig.2 shows the
relationship between the top LRF and the obsta-
cle.

In Fig.2, H, and Ly are the mounting pa-
rameters of the top LRF; and H; and L, the
height and range of the obstacle. Based on this
information, we can oblain the equation:

/ Obstacle

‘Top | RF

[™~—Ground

L,

Fig.2 The relationship between top LRF

and obstacle
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Thus from Eq. (1), if the top LRF finds the
obstacle when the range between the obstacle
and ALV is L;> we can conclude that the obsta-
cle musi be higher than H;. With the running of
the ALV, we can update the obsiacle height in
realtime until the obstacle cannot be seen by the
top LRF. At that time, the approximate height
of the obstacle can be acquired.

2. Calibration of range data

To directly use the result of obstacle detec-
tion in local path planning, 2D-cartesian coordi-
nates must be set up for an obstacle map, where
the plane parallels the ground; the origin point is
the center of the bottom LRF, and the Y-axis of
the map is the ceniral axis of the ALV.

Only one rotation iransformation is needed io
convert the bottom LRF’ s measurement data into
obstacle coordinates. If p(i) and & represent
the range data and angle resolution respectively,
a represents the angle between the central axis
of the bottom LRF and the Y-axis, then the vec-
tor Xy =[x,Ci), ¥, € i)]1F represenis the resuli

of transformation:

2%, (i) = pCi) x cosl (40 + o + i x &)7/180]

yb(i):p(i)xsin[(40+a+i><5)7t/180:| X

For the top LRF the transformation contains
two steps:

1) Convert the raw range data to the plane
paralelling the ground. If the slope angle 8, in
Fig.1 is known, we have temporary vector
Xiemp = L2,Cidyy, (D ]T

where»

%,Ci) = pCi) x cos(,) x cosl (40 + i x §)m/180]
3, (i) = p0i) x cos(0,) x sinl (40 + i x §)n/180]
3
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2) Convert the Xiepp into coordinates of the
obstacle map. As we know, the transformation
between 2D coordinaies is nothing but displace-

™ 2

ment and rotation. With R = [ ]repre—

L3} '»

Xy
senting the rotatory matrix> T = [ y. | represen-
S

ting the displacement vector, we have:

Xg=RX,,, +T 4>
where Xy is the final representation of the top
LRF’ s range data in obstacle coordinates.

The goal of calibration is to work out the ma-
trix R and vector T. From Formula (4) we
know that there are 6 parameters to be calculat-
ed. In practice; we can get several couples of
Xy and Xy acquired by the two LRFs to re-
solve the mairix R and vector T'. To improve the
precision of the calibration, the least square er-
ror method with more than three couples of corre-
sponding poinis is used.

PROCESSING OF CURRENT SAMPLE

To obtain the up-to-date representation of the
ALV’ s surrounding, the processing of the cur-
rent sample is necessary. It contains 4 sub-
steps: Data filtering, Obstacle exiracting, Ob-
stacle merging and Distinguishing obstacles from
brushwood on the roadsides.

1. Data filtering

Median filtering is used to reduce the noises
produced by the LRF. In addition, some ouiside
the present area data are discarded .

2. Obstacle extracting

In the obsiacle map, the measured points are
shown as isolated clusters within which the range
between points are relatively small. We can
cluster the poinis which lie close enough to each
other by a criteria of range threshold. For real

the threshold should be

relatively small to keep high resoluiion, but for

obstacles on the road

brushwood standing on roadsides, we iry to clus-
ter them into one group. Thus we give small
range threshold of 80 cm to the narrow region
ahead of the ALV and 150 cm to the rest region.

After clustering, the feature of each cloud of
points is extracted by feature extraction module.
With the processing time restricied: a complex

algorithm is unpractical . So least square line fit-
ting is used to obtain the length of segments, the
orieniation of segments, position of ceniral
point, size of enclosing rectangle, eic.

Let Cx;» 1y, ) represent the coordinates of
points in a cluster which includes n measured
points totally; the intermediate line parameters
are (m, g) from the linear equation y = mx + ¢
(regression ¥ to x) or Cs, t) from the linear
equation x = sy + ¢t Cregression x to y ). The
choice between (m, g )- and Cs, ¢ )-parameters
depends on the slope of the line in obstacle coor-

dinates.

R, R,

The regression parameters R,» R, > R,,»

are given by following expressions:

n n 2

Al Al N2

R, = (X3 R}.:>I,yi; Rxx=>|'xi;
= = i

S

R},}»::fyi; ny:?:;xiyi (5>

To distinguish between Cm> ¢ ) or (s, z) pa-
rameters, /V; and /V, are defined as follows:

Ni=R.n—Ri» Ny=R,n—-R.. (&

Ny and N, represeni the width of the cluster of
regression poinis along the X- and Y-axis. If V;
is larger than /V,, the cluster of poinis are more
horizontal than vertical, which makes the regres-
sion y to x (y = mx + g ) favourable. If N, is
smaller than /V, the regression of x to y (x = sy
+ t) is selected.

With 7= R,n- R,R,,the parameters ( m>

g) or Cs, t) are given by following equations:

T (R, - mR,)
mENG T 7
7 (R, -sR) /
TN T

Thus we can gei the slope angle of line seg-
ment with 0 = tan 'Cm) or 0 = tan '(1/s)
(55£0). The length of the line segment can be
given by the following equation:

L= (xn—x1)2+(yn—y1>2 (8

where Cx,5> y;) and Cx,> y,) represent two
end points of line segment respeciively.
The coordinates of the ceniral point C x,,,
¥Yn ) are calculated by these expressions:
R, R

T -7
xm_n’ym_n'

(9
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The coordinates of left bottom corner and
right top comner of the enclosing rectangle are
represented by Cx;. yy dand Cx,s oy, D

where:
xp =minlx; )y x, € {x;5 2,777, 13
yip=minCy; )5 3, € {y;s ymy, b (10D
xnzmax(xi>, xie {xly Xy X, };
yu=maxCy ) 3, € bys oy b

If only one measured point exists in the clus-
ter> the slope angle and the length of line seg-
ment are both zero, the coordinates of central
point are equal to the coordinates of the mea-

sured point .

3. Obstacle merging

After obstacle extracting, lots of clusters
representing either real obstacles or brushwood
on roadsides are shown together in the obstacle
map. We musi merge the points produced by the
brushwood in order to reform the roadsides. The
process is as the following:

Two neighboring clusters are checked for
merging by using the following criteria:

a. The difference of slope angle between ob-
stacles must smaller than a threshold;

b. The range from the central poini of one
obstacle to the line segmenti of another obstacle
must be smaller than a given threshold.

If at least one obstacle’ s length is zero, cri-
teria Ca) is skipped.

Once two obstacles are merged, the feature
extraction module is carried oui again to obtain
the feature of new obstacle in order to implement
the merging process successively .

After this step, the number of clusters will
be greatly reduced.

4. Distinguishing obstacles from brushwood

We must distinguish the real obstacles on the
road from brushwood on the roadsides in order to
provide enough information for the ALV’ s navi-
gation. The following laws are used to distin-
guish them:

a. Clusters longer than 4 meters and slope
angle larger than 75 degree are considered as
road edges:;

b. Shorter than 2 meters clusters whose
range from each side of rectangle to roadsides is
more than 0.5 meters are considered as obsta-
cless

c. If the rest of the clusters look like road-
sides> do obstacle merging again.

Only two roadsides besides real obstacles are
given afier this siep.

FUSION OF OBSTACLE INFORMATION

Strong noises due to the bouncing of the
bodywork as the ALV runs and the different re-
flectivity of the environment will affect the obsta-
cles’ positioning in the obstacle map and even
cause omission of obstacles sometimes. To mini-
mize effect of noise, Kalman filter technique is
used to irace the obsiacles in realtime . There are
two steps in the process: correspondence and es-
timation. After the precise position is obtained,
data provided by the top LRF are collaied and
used to compute the height of the obstacles.

1. Correspondence of obstacles

Before Kalman filtering is carried out, the
correspondence between obstacles from the cur-
rent map and fused map should be determined.
A circular region can be formed around the posi-
tion prediction produced by the Kalman filter last
time. The region represents the area in which
obstacles will possibly appear at this time. Only
the points inside the region are checked for cor-
respondence .

The “least difference” rule is used to deter-
mine which one matches the predicted obstacle
best when multiple obstacles have to be checked
for correspondence. The difference beitween iwo
obstacles is defined by the following function:

DifferenceC obs( A)s obs( B)) =

W]AD'I‘ WzAa'l' W?,AL an

where:

obs(A) and obs( B) are the two obstacle to
be checked;

AD is the difference of coordinaies between
the ceniral position of obstacles;

Aq is the difference between the slope an-
gles of the obstacles;

AL is the difference between the lengths of
the obstacles;

Wi, W,» W5 are the weights of each item.

Among the three weights, because Aa often
changes acutely, W, is sei the smallest one and

W, is the largest. In our application, W, =0.8,
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Wg =0.05, W:; =0.15.

Only the obstacle with the least difference
from the predicted one is considered to have cor-
respondence with the predicted obstacle.

2. Position estimation

As above mentioned, the jounce of ALV may
add random noise producing error into the detec-

The

Gaussian white noise, against which a Kalman

tion result. noise can be considered as
filter can suitably be used because of its excel-
lent performance in signal estimation in additive
noise environment, and ability to produce a pre-
diction value for the next time.

Let Cx,» y,? be the coordinates of the cen-
tral point of the obstacle to be estimated. Z, =
[ x, v, J' be the corresponding state vector. As-
suming ALV runs in a straight line and at con-
stant speed> we have:

Z;I. = Zf.‘ -1 + ILZ;.. L4
Z;.:Z;‘._] =(Z|f|._] —Z;.._z))(}l
Y.=Z, +V,

(12

Here h is sampling time, Y} the observing vec-

tor and V), the observed Gaussian noise.

let X, = [z, 2z ,]1" rounding up of the
above set of equations yields:
X = AX,
[ i K-1 (13)
YK = IIXK + V.‘\'

Where:
a=[2 ;' m=01 ol.

Finally, we have the following Kalman filter-
ing formula:
APy ATH"
" HAPy_ H" + R
er = A‘JX\’;\'_I + K_;\( Y;\ ™ HAi’A-|
PK = ( ]— KKfI)APK_]AT

Ky
) 14>

Here R is the covariance of V., Ky the Kalman
gain, X the filter” s output and Py the error co-
variance .
3. The start and the end of tracing

As above mentioned, the two LRFs have dif-
ferent functions in the obstacle’ s detection and

tracing process. In general. obstacles are always
discovered by the top LRF earlier because of its

higher resolution. After several times of corre-
spondence determination and updating, the new
obstacle is confirmed. Then a new trace record
is produced and stored in the memory. After
that,
tracing of the obstacle.

For obstacles already stored in the memory of
the system, the prediction value of last time is
adopted if no correspondence can be found in the
current map. But the trace should be deleted if
the corresponding obstacle cannot be found in a
considerably long time because this obviously

the bottom LRF is used to continue the

means the obstacle has disappeared or gone out
of the LRF’ s effective region.

4. Height and width of obstacle

The obstacle width is defined as the length of
the X-axis of its enclosing rectangle and can be
directly obtained from the obstacle extracting
section. Since the position estimation is obtained
by Kalman filtering, we can use Eq. (1) to
compute the height of the obstacle.

EXPERIMENTS

1. Experimental environment

Fig.3 shows an about 5 m wide road lined on
both sides by about 1.5 m high brushwood, and
two spaced about 17 m apart artificial obstacles,
the

with one placed beside the road, other

placed near the middle of the road.

Fig.3 The experimental environment

2. Processing result of current sample

Fig.4 Ca) shows one sample of bottom LRF
scan where black points in the figure represent
the obstacles or brushwood, and the 8 m width
and 30 m depth rectangular region represents the
preset effective area of the LRF. (b) shows the
result of obstacle extraction. From the result we
can see that the map contains too many clusters
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which will lead to great difficulty in the following
path planning stage. Thus we employ the obsia-
cle merging process. (c¢) shows the result pro-
duced by two successive rounds of obsiacle merg-
ing. From the map we can see the distribution of
brushwood and the obstacle clearly. In practices
we directly provide the feature of the road edges
io the path planner, while a good estimation of
obstacle” s position has to be made by the follow-
ing stage - Kalman filtering.
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Fig.4 The processing result of current sample
(a) one sample
(b) result of obstacle extracting
() result of obstacle merging

3. Experiment result of Kalman filtering

To verify the performance of Kalman filter-
ing, experiment was designed. The ALV was
driven at 40 kim/h straight towards the obstacles
and ai the same time, the range data was ob-
tained by the bottom LRF at sampling time of 40
ms. There were a total of about 65 samples over
the test distance and the difference of obstacle’s
central position in Y direction between succes-
sive samples is about 44 cm. Let (Ax> Ay ) be
the difference of the central position of the obsta-
cle in the successive samples; and Ce,» e, ) be
the position errors given by the following expres-
sion:

e, =Ay —44, e, =Ax 15>

Smaller Ce, > e, ) leads to preciser pinpoint-
ing of the obstacle. The position ervors before
and afier Kalman filiering are shown in Fig. 5
where (a) and (b) represent the ¥ and X posi-
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Fig.5 The position error before
and after Kalman filtering
(a) Y position errors before and after Kalman filtering
(b) X position errors before and after Kalman filtering

tion errors respectively.

In Fig.5, the dashed line and the real line
represent the position error before and after Kal-
man filtering respectively. The result clearly
shows thai, as expecied, the position error is
very small after filtering and becomes smaller
when the number of samples increases.

It should be pointed out that, though the ex-
periment was carried out under the condition of
constant velocity; the method is also feasible
when the speed of the ALV does not change rap-
idly because the sampling time of the LRF is
very short comparing to the variation of ALV s
speed. Based on this, the running of ALV can
be divided into several segmenis each of which
can be seen as siraight motion with constant
speed. Though this approximation will increase
the estimation error slightly, it will still be much
better than the raw value.

CONCLUSIONS

This paper proposes a set of effective algo-
rithms for obstacle detection by ALV using two
2D LRFs. Due to the complex non-structural
we use two 2D LRFs to
obtain comprehensive information. After the pro-

outdoor environment,

cessing of the current sample; rough information



394 XIANG Zhiyu,

LIU Jilin et al.

of obstacles and roadsides can be obtained sepa-
rately. Then Kalman filtering technique is used
to gain better estimation of the obstacle’ s posi-
tion. The widith and the height of the obstacle
can be obtained by collaiing data provided by the
two LRFs. The experimental results showed our

SUCCeESS .
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