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Abstract 

Autonomous driving system can assist lo prevent the 
trafic accidents caused by the negligence of the driver: 
Obstacle detection and waming mechanism plays an 
important role in this nzsearch field. In this papec we 
adopt the computer vision technologv because of its large 
detecting range and abundant infoimation when 
compared to other kinds of sensors. The proposed system 
is suitable for  both the simplified environment such as 
@emay and the urban environment with complex 
background. Thus, the result here improves trajic safely 
not only for drivers, but also for  all pedestrians on the 
road 

1. Introduction 
Due to increase number of vehicles in the world, the 

traffic problem gets more and more serious in recent years. 
In order to reduce the number of traffic accidents and to 
improve the safety and efficiency of traffic, the research 
on ITS (Intelligent Transportation System) has been 
developed for many years in many countries. Intelligent 
vehicle (N) system is one component of ITS system. By 
sensing and understanding the environment around the 
vehicle, such system may help the driver to detect any 
dangerous situations and perform reactions to prevent the 
accident. 

The detection of specific obstacles often exploited the 
specific characteristics of target. Matthews et 01. [2] used 
the horizontal edge response to locate the horizontal 
position and width in the image, and the vertical position 
of vehicle are decided by the shadow under the vehicle. In 
ARGO project, Broggi et al. [3] produced a symmetry 
map by combining the gray-level and horizontal-edge 
symmetry information. Then, the position of the vehicle's 
bottom is found by fitting a template to the edge map. 
Berke et al. [5]  detected the large brightness changes 
caused by the passing car. For distant car, they used the 
projection of horizontal and vertical edges for detection. 
Also, stereo based methods are widely used for such 
researches [4] [6]. 

For non-rigid body like pedestrian, this job is more 
difficult to do. Broggi et al. [7] proposed a shape based 

method which exploited the high vertical edge symmetry 
of human body Papageorgiou et al. [8][9] used the Haar 
wavelet representation of collected templates to train the 
SVM for classification. For model-based methods, 
Gamila et al. [lo] proposed a DT(Distance Transform) 
based matching method. Curio et al. [ l l ]  used the 
dynamic activation field which is combined with the 
information on local image entropy and contour model 
matching to extract those regions in which walking 
pedestrians may exist. 

In this paper, we focus on the detection of pedestrian 
and vehicle in the urban environment with complex 
background. Due to their heterogeneity, different methods 
are applied for detection in this paper. 

This paper is organized as follows. In Section 2, we 
defme our problem and describe some preliminary 
knowledge. Section 3 explains the pedestrian detection 
algorithm of our system. In Section 4, the vehicle 
detection algorithm based on sign pattern and shape 
properly of vehicle is presented. The tracking procedure 
used to improve the performance is investigated in 
Section 5 .  Experiment results are demonstrated in Section 
6. Finally, we conclude our works in Section 7 with some 
discussion. 

2. Preliminary 
To develop a detection and warning system, we must 

define what kinds obstacles we should care about for this 
application. In this paper, we focus on the two most 
important kinds of traffic participants on the road 
pedestrians and vehicles. Then, the overall system can be 
defmed as: 

At time t, we obtain the information of the traflic 
situation Info(t), then decisions must be made to the 
following four problems by this system: 

(1) Existence problem: Is there any potential obstacle? 
(2) Verification problem: Is there any obstacle we care 

among potential obstacles? That is, Is there any 
vehicle and pedestrian among potential obstacles. 

(3) Location problem: what is the relative location 
between obstacles and the detection system? 

(4) Safety problem: In such a situation, should the 
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driver pay more attention to prevent the traffic 
accidents7 

Camera Configuration 

in Figure 2-7. 
Camera configuration for the proposed system is shown 

- 

Figurs 2-7 Cam- ConfigUra600 

Where binocular stereo vision is used here in our research 
work. Two cameras with the same intrinsic parameters are 
aligned horizontally. Furthermore, stereo images are 
said to be in a standmi form iE 

(1)the image planes of two camera lie on the same plane. 
(2)the principal axes are perpendicular to the image 
planes. 
(3)the s c d i e s  of cameras are parallel to the baseline. 

Without loss of generality, standard form is assumed in 
this thesis. 

3. Pedestrian Detection 
The details of the proposed algorithm for pedestrian 

First of all, the image preprocessing step which 
detection will be explained step by step in this section. 

Class Index 
Figure 3-1 Encoding scheme ofthe ~mctue classification based on 

a 4 pixel neighborbod 

includes some simple calibrations between the pair of 
grabbed images will help to resolve the precise of 
correspondence problem. Then the regions containing 
potential objects are extracted via a stereo vision based 
method. Before we feed the verification step with these 
regions, the sues of these extracted regions will he scaled 
to a specific size. These actions are beneficial for the 
matching operations in the verification step. In the fmal 
step, a template matching based method will he used to 
verify the existence of Pedestrian. 

3.1 Potential Pedestrian Region 

The fmt step of pedestrian detection is to find out the 

potential pedestrian regions. These regions are those areas 
where pedestrians may exist. The details of our algorithm 
will he explained in the following paragraph. 

Structure Classification 
Structure Classification was fust proposed by Franke 

and Kukbach [I]. The basic idea of structure 
classification is to cbsify each feature point according to 
its local neighborhood. Afler such classification, each 
feature point will be assigned a class value, named class 
index, as shown in Figure 3-1. 

In this paper, the normalized intensity are used as our 
new feature for comparison during structure classification. 
We defmed the normalized intensity function gL( i )  and 
g R  (i) of the pixel i for the left and right image as shown 
in the following respectively: 

gL (0 = I L  (0 

R ( I )  
g R ( i ) = - x I  PL ' 

P R  

From Eq.(3.1), I L ( i )  and IR( i )  denote the intensity 
values of pixel i in lefl and right images. p L  and p R  
are the mean values of the intensities of predefined 
regions of the lei? and right images. These predefined 
regions must be chosen to be the same object in the left 
and right images as a calibration step. 
As a consequence, we obtained: 

1 i j g ,  (9- g r ( x )  > +T 
dL( i )=  2 i fgL( i ) -gL(x )<+?"  { 0 else 

d,(i)= 2 i f g R ( i ) - g R ( x ) < + T  [ 0 else 

In other words, the intensity function I(i) is replaced by 
the normalized intensity function gL(i) and gR(i)  . By 
use of this method, we solve the intensity consistence 
problem between different cameras as well as while 
preventing the ambiguity due to possible use of single 
color channel. 

Disparity Histogram 
Instead of applying the structure classification to all 

pixels in the images, we choose the vertical edges as our 
features. The modified structure classification is only 
applied to these feature points for efficiency. 

After constructing the sparse depth map, we then build 
the disparity histogram for further analysis. To reduce 
noises, it is beneficial to ignore tbose pixels above the 
horizon which oflen represent the highly complex 
background, strucUred or unstructured The black 
window shown in Figure 3-3(a) is the region we care 
about. And the corresponding disparity histogram is 
shown in Figure 3-3@). Because the pedestrian often 

(3.2) 

i fgR(i)-gR(x)>+T 
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presents a lot of vertical edges, the correct disparity of 
pedestrian should be accumulated to be local peaks. By 
searching for the local maxima through the disparity 
histogram, those disparities associated with real 
p e d d a n s  can be thus be identified. After that, pixel with 
such disparities will then be extracted. In the last step, we 
insert a searching window to these exmted  pixels 
according to the information of disparity and the normal 
geometric ratio of a human being for the extraction of 
potential regions. 

3.2 Verification of Pedestrian 
After the step of elitracting potential pedeshian regions, 

we obtained those regions in which there may be 
pedestrians. The next step we have to do is to c o n f m  if 
there are pedestrians in these regions indeed. In this paper, 
we used a template matching based method to check the 
existence of pedestrian. The gaits of pedestrian are chosen 
as our templates for pattern matching due to the following 
reasons: I). the variation of pedestrian gaits is less than 
that of the whole body, so that the sue of database can be 
greatly reduced, and 2). the background of the gaits is 
often the uniform mad surface and hence the noise caused 
by the complex background can be reduced. 
On the other hand, since the goal of verification is to 

classify those regions into two kinds: with pedestrians and 
without pedestrians, it is not necessary to search through 
the whole database for the best match in order to make 
such decision. Thus, we proposed a verification method 
which exploits the similarity distribution information of 
the templates in the database. Such distribution 
information can be retrieved by the clustering method. 
Templates with high similarity will be grouped together 
and the representative templates of each cluster will be 
obtained. Decision to the existence of pedestrian is made 
by comp*g the potential regions with the extracted 
representative templates. If the compa.ri,son result obeys 
some specific criteria, the potential region will be thought 
to contain a pedestrian. 

Before we perform the comparison between the 
candidate regions and the templates in database, the 
existence of possible pedestrians in left and right images 
must be checked iirst. This is done by applying 
cross-correlation for candidate regions in left and right 
images. The correlation coefficient is calculated as 
follows: 

. 

Because we have the disparity information about these 
potential pedestrian regions, the search area can be 
reduced. If the " a 1  correlation coefficient in the 
search area is greater than a given threshold, the existence 
of obstacle can be confirmed in tbis potential region for 
M e r  processing. Otherwise, the potential region will be 
considered caused by noise. 

In the paper, we select the M-HD [12] to be the 
similarity measure for template matching. M-HD replaces 
the Euclidean distance by the cost function that can 
eliminate outliers. The cost fimction p is defined as: 

where T is a threshold value. 

Mestimation is defmed as: 
And the directed Hausdofl distance based on 

1 
hw.m(A,B) =-&C'(o,B)), N, 
N, denotes the number of points of set A 

The effects of the outliers will be limited since each 
pixel of an outlier will result in at most r in the 
summation. Occlusions are handled in the same manner. 

In addition, the genetic k-means algorithm (GKA) [IS] 
is used to panition our template database according to the 
similarity between templates. The centroid of each cluster 
is chosen to be the representative template for further 

Given a potential region obtained by the potential 
region extraction process, we fust calculate the distance 
between the potential region and the centroids of each 
cluster. Then, the shortest distance can he obtained. If the 
shortest distance is smaller than the radius of the 
corresponding cluster, i.e., the maxi" distance 
between templates and its centroid in a cluster, we 
consider that the potential region is sufficiently similar to 
be one of the gaits in the database and hence a pedestrian 
is found in this region. The whole process can be 
formulated as follows: 

processing. 

OiventestdataT, wedecidethatTisahumangaitif: 
MnD, < M m D ,  
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4. Vehicle Detection 
Being compared with pedeshians, vehicles have more 

regular shapes and specific properties. Therefore, many 
researches on vehicle detection have paid more of their 
attention to the infomtion about vehicle shape. For 
example, horizontal edge symmetry and simple rectangle 
model have been shown to be capable to locate the 
vehicle image. Stereo vision is another familiar technique. 
By analyzing subtracted result of stereo image pair, one 
can extract those regions corresponding to vehicles. 

In this paper, we adopt the color information for the 
detection of sign pattem. After tbat, verification based 
on the shape information will be performed. 

4.1 Potential Vehicle Position 

Sign Pattern 
The concept of sign pattem was proposed by Mori ef al. 

[I31 in 1994. Sign Pattern is neither necessarily a real 
object nor represented by attributes of static characters. 
For vehicle, the sign pattem was the dark shodow 
underneath. They [I31 observed a phenomenon that the 
intensity of vehicle's underneath is in fact darker than 
other parts of the road surface, even the shaded parts. 

Although the underneath has been shown to he a strong 
clue for vehicle in the daytime, we found that there may 
be some other parts of background have intensity values 
similar to the underneath of a vehicle in the complex 
environment. To reduce the ambiguity caused by similar 
intensity, we adopt the color information to extract those 
possible regions ofvehicle underneath in our system. 

Since the underneath of vehicles always shows, besides 
low intensity, dark black. Pixels are said to be the possible 
underneath of vehicle if: 

0.299xR+0.587xG+O.I14xB < T (4.1) 

R : G : B = I : I : l  (4-2) 

where R, G, B represents the Red, Green and Blue color 
value ofthe specified pixel, respectively, and Tis  a given 
empirical threshold. Eq(4.1) ensures that the intensity 
derived from RGB to YIQ conversion of the specified 
pixel is dark enough whereas Eq.(4.2) confirms that the 
color of the pixel is nearly black. By labeling those pixels 
satisfying these constraints, potential regions of 
underneath can then he e x a t e d .  

Horizontal Line Filtering 
Obviously, some pixels which do not belong to the 

underneath hut have similar color to underneath may be 
extracted as well. In order to reduce such noises, a 
horizontal line finding operation will be performed on 
extracted regions. Based on the assumption of flat mad, 
the vehicle underneath is supposed to be composed of 
horizontal lines with limited length. Even if the mad is 
not completely flat, the underneath should be thick 
enough to include several horizontal lines. The length of 
the horizontal line is limited by the distance and common 
width of vehicle. These extracted regions are s m e d  line 
by line. For each row, the distance of the horizontal line 
can be evaluated 'by simple perspective transformation 
and the limit of length can be derived. After this operation, 
those lines whose widths lie in the range will he kept and 
undesirable noise will be removed. 

Positional Filtering 
Now we have the list of horizontal lines which may be 

the underneath of vehicles. Clearly, thm may he some of 
these candidates belonging to the same vehicle. The goal 
of positional filtering is to combine those candidates 
which belong to the same vehicle. Those lines with longer 
length will be treated as the dominant bottom of vehicle. 
Then, if any line segment nearby is found, we combine it 
with the dominant one. 

4.2 Verification of Vehicle 
Symmetry and Edge Filtering 

The next step of our algorithm for verification of 
vehicle is to confirm the symmetry propeaies of vehicle. 
Symmetry properties have been proved to be strong clues 
for vehicle. Researches [2][3] have shown that vehicles 
will present high symmetry in gay-level and horizontal 
edges. In the proposed system, we detke a window 
whose size is according to the typical aspect ratio of 
vehicles. By checking the gray-level and horizontal-edge 
symmetry in the given window, the verification of vehicle 
can then be done. 

Post Filtering 
Due to the shadow or horizontal shuctures with dark 

color on the body of the car, there is a possibility that 
some regions obtained after the symmetry and edge 
fdtering may belong to the same vehicle, hence overlap 
with each other. To solve this problem, we perform the 
post filtering operation to combine those regions which 
overlap with each other. Only the largest one among the 
overlap regions is retained after the post filtering. 

5. Enhancement of Performance by 
Tracking 

5.1 Position Prediction 
For fast implementation, we choose the extrapolation 

method for the prediction of positions of the tracked 
obstacles. The velocity and direction of the motion of the 
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hacked obstacles are assumed to be fixed 

5.2 Position Verification 
Swain and Ballard [14] developed a clever and simple 

method that can identify objects entirely on the basis of 
color when the approximate location of the object was 
known. They use the concept of Histogram Intersection, 
which tells bow many of the pixels in the model 
histogram are found in the image. 

Although the color indexing is robust for different 
poses and image resolution, unfortunntely, it is not 
invariant under different ligbting conditions. To solve the 
problem with different illumination, we transform the 
color space fiom the RGB to HLS. The H, L, S 
components in the HLS color system represent the Hue, 
Lightness, Saturation, respectively. To remove the effect 
of different illumination, only chromatic components HS 
were used to consmct the histogram. The color indexing 
score used in =king is defmed as follows: 

To improve the computational efficiency, the number of 
bios in each histogram are chosen to be 16*16. 

However, there may be situations that obstacles may 
have colors with different L components but the same HS 
components. For thir reason, the light information can not 
be ignored completely. Two obstacles A, B are considered 
to be the same one if and only iE 

1. Score,, ' Tcola* 

2. TL,<"<TL2 
4 - 

where ScoreAp denotes the color indexing score 
between obstacles A and B, TCorm,,, is the threshold 
value of color indexing. T,, and T,, l i t s  the ratio of 
the lighting value of A, namely LA and the Lighting 
value of B, namely L , .  

6. Experiment 

We use two SOW DCR PC-100 digital video cameras 
@V) for grabbing binocul%,images. The grabbed h g e S  
are bansferred to the Toshiba poltege 3490CT notetook 
which is equipped with Intel Pentium III 700- 
P~WSSM and 256M bytes RAM thugh IEEE1394 
interface. Matrox Image Library 6.1 is used to assist the 
development of the programs. 

Instead of simulating the driving condition by 
mounting two DV cameras on the motorcycle in 
previous works, we mount the DV cameras on the 
physical car .to capture the real b&c scene. n e  
experimental setup is shom in Figure 6-1. 

6.1 Pedestrian Detection 

We have 115 gait templates in our database. These gaits 
are collected by segmenting the lower part of the edge 
map of a human body. Then the GKA is applied to our 
database and the cluster number K is set to 8. Real traffic 
scene images are fed into the pedestrian detection 
procedure and the result is shown in Table 6-1. 

Table 6-1 Results ofPedsshim Detection 

682 real traffic scene images are used in this test, and 
there are totally 822 pedeshian who appear in these 
images. 441 of the 882 pedestrian are of pixel size 70-100 
pixels and others' are a b v e  100 pixels. We calculate 
different detection rate according to different pixel sue  of 
the pedestrian in the image. Furthermore, we found 375 
false alarms among these 682 images, averagely one false 
alarm per two test h e s .  

Performance 
The performance of o w  algorithm for pedestrian 

detection is depicted in Table 6-2. Because we cannot 
predict the number of candidate of pedestrian in IUI image, 
only the execution time for one candidate of pedestrian is 
shown in this table. Obviously, more candidates will lead 
to the increase of computational time. 

6.2 Vehiele Detection 
965 images are tested for our vehicle detection 

algorithm. In these imapes, there are totally 3377 vehicles 
with reasonable size to be detected and the sky is cloudy. 
Table 6-3 is the result of detectioo. Besides, we found 847 
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false alarms in 965 images, roughly one false alarm per 
test image. We also observed that if it was a sunny day, 
the stretched shadow caused by sunshine from different 
angles would degrade the detection rate. 

Table 6-3 R e d t i  ofvehicle Detection 

Performance 
The execution time for OUT vehicle detection algorithm 

is shown in Table 6 4 .  The vehicle search time includes 
the processing time of horizontal line filtering, positional 
filtering, symmetry and edge filtering, and post filtering. 
As we can see, this procedure can run in almost real-time. 

Table 6-4 Psrformance ofvehicle Detection Roccdw 

7. Conclusion 
In this paper, we developed an obstacle detection and 

recognition system by adopting the computer vision 
technology. Different techniques are chosen to detect 
different kinds of obstacles. For pedestrian detection, 
potential regions are extracted by a fast stereovision based 
method. Sucb stereo based method is useful for sbort and 
middle distance ranges. For distant obstacles, since its 
pixel size in the image is relatively small, it is hard for 
one to distinguish them in the disparity histogram. A 
simple solution to this problem is to use tbe zoom 
mechanism to ohiain higher pixel size. 

Detection of vehicle is achieved by the search of 
undemeath. We exploited the color information to label 
these regions. Although there may be still other regions 
which may have colors similar to car’s underneath, 
horizontal-line filtering procedure can filter out most of 
these noise. The post Ntering process will funher reduce 
the false alarms caused by the dark part of the vehicle 
which may have similar horizontal smcture with 
undemeath. 

The processing speed in fact depends on the number of 
obstacle candidates during the execution of algorithm. 
Complex environments may lead to more candidates to be 
checked than simple environments and thus degrade the 
performance. By the help of specific hardware l i e  
embedding system technology, real-time processing for 
real driving can be expected in the future. 
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