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Abstract

Vehicle detection is the basic of traffic monitoring. Video based systems have several apparent
advantages compared with other kinds of systems. However, In video based systems, shadows make
troubles for vehicle detection, especially active shadows resulted from moving vehicles. In this paper,
a new method that combines background subtraction and edge detection is proposed for vehicle
detection and shadow rejection. The method is effective and the correct rate of vehicle detection is
higher than 98% in experiments, during which the passive shadows resulted from roadside buildings
grew considerably. Based on the proposed vehicle detection method, vehicle tracking, counting,
classification and speed estimation are achieved so that traffic parameters concerning traffic flow is

obtained to describe the load of each lane.

I. Introduction

ITS (Intelligent transportation systems) apply
modermn computer and communications technologies

in transportation systems, resulting in improved
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mohility, safety, air quality, and productivity. ATMS
(Advanced traffic management systems), as one of
five functional areas of ITS, collects, uses, and
distributes real-time information on congestion of
arterial streets and expressways. Traffic parameters
concerning traffic flow can be obtained by means of
various sensors, such as buried loop sensors, radar,
infrared detectors and other sensors. However, most
of the signals acquired from these sensors have to
be interpreted. By contrast, video image processing
systems employ machine vision technology to
analyze data collected through Closed Circuit
Television systems. Compared with other sensors,
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video based systems are easily intervened by
humans because images from video surveillance
Cémeras can be viewed directly by operators.
Additionally, single camera and processor can serve
multiple lanes, thus, video based system spends
relatively lower cost than some of the other systems.
Video based techniques are able to detect, track,
classify, and identify vehicles, they are widely used
in intersection and freeway monitoring and control.
In video based traffic monitoring systems, shadows
make troubles for vehicle detection, especially active
shadows resulted from moving vehicles. Work in™®
analyzes types and properties of shadows and tries
to extract features that can distinguish vehicles from
shadows. However, these features are very complex.
In this paper, a combinative method is proposed
for vehicle detection and shadow rejection, based on
which vehicle tracking, counting, classification, and
speed estimation are accomplished. In section 2, some
video based methods for vehicle detection are first
analyzed, and then the combinative method
described. Traffic parameter extraction based on
3.
Experimental results and analysis of vehicle detection
and traffic parameter extraction are given in section 4.

is

vehicle tracking is presented in  section

0. Video Based Vehicle Detection

1. Analysis of video based vehicle detection
methods
Vehicle detection is the basic of traffic monitoring,

and has been implemented via many different
approaches. For video based vehicle detection, the

commonly used approaches are  gray-level
comparison, inter-frame subtraction, background
subtraction, edge detection based method, etc.

Gray-level comparison utilizes statistical variation of
gray-level features for road surface and vehicles, but
is sensitive to environmental change. Moreover, it is
to determine the range of
gray-levels of vehicles due to widely varying vehicle
Inter-frame  subtraction takes

almost  impossible

colors. difference
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between two successive frames so as to remove
stationary part and get moving part within the
image.m It is robust to environmental change, but
unable to detect stationary vehicle. Moreover, the
results of inter-frame subtraction are also influenced
by speed of vehicles. Too low or too high speed
may cause errors in vehicle detection.

Background subtraction takes difference between
background image and input image.m Let {Bi; and
(C:) be the current estimated background image
and the input image, respectively, where 1<i<K,
<j<L. For each pixel of the input image, calculate
the difference from the estimated background image

Di=|Ci,;~ B, j, M

and the corresponding binary difference image can be
obtained by

1, if Dj;=T,
DB; ;= , (2)
0, otherwise
where T is a threshold. DB, ;=1 indicates that the
pixel C;; belongs to objects, otherwise it is a pixel
of background. In background subtraction method,
the result of vehicle detection strongly depends on

the quality of estimated background image.
Background generation consists of two steps:
background extraction which generates initial

background, and background update which is needed
due to the change of ambient lighting,
weather, etc. It is noticed that selective update (SU)
scheme is better for background update, which is
represented by

shadow,

41 ]Bf‘,-i-(l—k)CfJ, if DB'/':'O
B = ;
B, otherwise

@)

where A(0<k<Fkl) determines the update rate of the
background and it is influenced by the sampling rate
of image
subtraction include accumulation of update error and

sequence. Problems with background

sensitivity to ambient lighting conditions and
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Fig. 1. Error detection caused by sudden change in average luminance of two continuous frames.

shadows.
Edge based method is another used approach to
vehicle edge

remains significant despite the variation of ambient

detection, as the information  still
lighting. Various surfaces and different parts and
colors of a vehicle create significant edges. Even the
vehicles, which have the same color as the surface
of the road, reflect more light and can be detected in
this way.[5] Moving edge detection can be obtained
by using spatial and temporal image gradients. The
spatial edges can be identified by any kind of edge
while the can be
approximated using the difference image hetween

detector, temporal  gradient
successive frames. Alternative moving edge detection
can be accomplished by subtracting edge image of
background image from edge image of current frame.
However, edge detection based method will fail in
detecting vehicle, whose edges are unclear, especially

when a vehicle with dark color is within a shadow.

2. Video based combinative method for vehicle
detection

In background subtraction, the key step is to
obtain a reliable background image. It is noticed that
the of frames

sometimes sudden which

successive

change,

average luminance

may have
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influences the results of background subtraction
because the background image may not meet with
the cwrent input image. Fig. 1 gives such an
example, in which the average luminance of the two
successive frames are 89.95 and 117.85, respectively.
Fig. 1(b) and Fig. 1{e} show the binary difference
images between background images and current
input images. It is seen that Fig. 1(e) is incorrect
due to the sudden change of luminance of the input
image. To solve this problem, the average luminance
ALum of current input frame C° is first calculated,
and compared with that of the previous frame C''.
If the difference DALum between the two average
luminance is larg_er than a threshold, each pixel value
of the background image is added with the
difference, so as to meet with the changed luminance
of current input image. This is called background
1) 1f) the
corresponding difference images obtained by using

adjusting. Fig. and Fig. give
this improved background subtraction with selective
updating scheme, and Fig. 1(f) is more effective for
vehicle detection than Fig. 1(e).

Background subtraction and edge detection method
for wvehicle detection have advantages and also

disadvantages. Background subtraction suffers from
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Fig. 2. Shadow rejection is easier for edge detection method than background subtraction.
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Fig. 3. Flow of combinative method for vehicle detection and shadow rejection.
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Fig. 4. Vehicle detection results.

big problems caused by active shadows. On the For background subtraction, the shadow is too big
contrary, edge detection method is easier for shadow that may be mistaken as a vehicle. By contrast, the
rejection  than background subtraction, because edge pixels of the shadow are significantly less than
shadows usually possess less edge pixels than that of the vehicle, as shown in Fig. 2(c). The
vehicles, which can be used to distinguish shadows windows in Fig. 2 on each lane are “virtual
from vehicles. In Fig. 2, there is a big active detectors”, which emulate inductive loops. These
shadow of the first vehicle projected on the left lane. virtual loops are used to judge whether vehicles are
(269)
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present on the loop or not.

Based on the above analysis, a combinative
method, which takes advantage of background
subtraction and edge detection, is proposed in this
paper. Fig. 3 gives flow of the combinative method,
and it is described as follows.

1) Calculate the average luminance of current input
image {C.; and previous image {C};'}, and the
difference  DALum between the two average
luminance, if |DALum|>th, in which th is a
threshold (empirically th=5), then adjust the

background image {Bj;} by

2) Calculate edge images of current input image and
background image, respectively. Sobel operators

10 -1 -1 -2 -1
20 —2} and 0 0 0 are used for
10 -1 1 2 1

vertical and horizontal edge detection, which is
represented as

y=7

d; j= max {% lwy|11'4,y_1f+1,y|

: Y]
% xilwxllx,j—Fl—Ix,J’—ll}

=1

where 1 is current input image {C!,} or background
image {B.), w, and w, correspond to the weights
in the two Sobel operators. The corresponding binary
edge image is obtained by

I, ifd,;= T

Edge] i ,
0, otherwise

Tz=a+ log2d,3,« (6)

where o is a constant 20, as the lowest limit of the
threshold. Then obtain the moving edge image {E;;}

by subtracting edge image of {B;} from edge
image of {C,}.
3) Calculate difference image {DB;} between

background image and current input image
according to Egs.(1)-(2). The threshold T in
Eq.(2) can be adopted as A+ log,D};, and

is a

(270
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constant (empirically 8=23).
4) Check each eight connected white area of {DB;}

in a window to determine whether it is an object,
and also check the number of edge pixels at the
corresponding area {E;;} in for shadow rejection,
so as to judge whether vehicles are present in
the window or not. If there is a vehicle in the
window, its information 1is recorded for
post-processing. Fig. 4 gives such an example for
vehicle location.
5) Selectively update the background image according

to Eq.(3).

M. Traffic Parameter Extraction
Based Vehicle Tracking

In video based loop emulation, difference traffic
parameters vequires different “virtual detectors”, that
is, different size of windows. To measure the speed,
Study[5] places two parallel windows on each lane,
and the time between the passage of a vehicle at the
two separate parallel windows is detected. The
information about the number of frames taken for
the passage of each vehicle between the two
windows is recorded. This information is used to
compute the speed of vehicles because the distance
between the windows is fixed To categorize the
vehicles into small, medium, and large groups, the
length of vehicles is computed by using the speed
and the number of frames taken to detect vehicle in
the two parallel windows.

Speed estimation can also be accomplished via
vehicle tracking. In the proposed combinative method,
a large enocugh eight connected area in difference
image {DB,;} is regarded as an object, that is, a
vehicle. Individual vehicle is tracked within a fixed
long window on a lane. The windows are indicated
by boxes in Fig. 2(a). When a vehicle is detected to
enter the window, its position is recorded and
updated as it moving within the window. When it is
about to exit the window, its speed is computed by
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Fig. 5. Vehicle tracking, classification and speed estimation.
Speed= D;f i (Km/s), 7 . .
! IV. Experiments and Analysis

where D is the physical distance between the

entrance and exit of the window, F and F, are

frame rate and number of frames taken for the
vehicle to pass the window, respectively. Usually
high frame rate results in more accurate speed
estimation. The type (small, medium and large) of
individual vehicle can be classified according to
length and width of the vehicle, and additionally, the
number of vehicles passed through each lane can
also be counted.

Fig. 5 gives an example of vehicle tracking by
means of the combinative method. The boxes in Fig.
5 indicate vehicle locations calculated by computer
automatically. The vehicle type and speed identified
by computer are also listed as (lane no., vehicle type,
speed) below the corresponding frames.

(271

1. Results of vehicle detection
To compare the accuracy of some video hased

methods for vehicle detection, some experiments are
implemented, and Table 1 gives the vehicle detection
results of these different methods. These methods
include background subtraction method with selective
updating scheme (BS_SU), the improved background
subtraction method with background
(Improved BS_SU), edge detection based method
(Edge detection),
(Combination). In the table, “missed detection” means
that there was a vehicle present in the window, but
the algorithm failed to detect it, while “false
detection” corresponds to the opposite condition. The

adjusting

and the combinative method

test video lasted about 8 minutes and the passive
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Fig. 6. Passive shadows grew considerably in the test image sequence.
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Table 1. Results of vehicle detection in- 86 minutes.

Left lane Middle lane Right lane
Lanes | Missed | False |Correct| Missed | False |Correct| Missed | False | Correct
detection | detection | rate | detection | detection | rate | detection | detection| rate
Methods rate rate rate rate rate rate
BS_SU 2.64% 247% | 94.89% | 457% 2.14% | 93.29% | 2.33% 1.85% | 95.82%
Improved BS_SU | 2.73% 127% | 96.00% | 454% 094% | 9452% | 2.35% 086% | 96.79%
Edge detection 1.52% 040% | 9808% | 2.26% 095% | 96.79% | 2.59% 1.19% | 96.23%
Combination 0.52% 0.14% | 934% | 112% 037% | 9851% | 0.72% 069% | 9859%
B 2. 8% #3Fo dH At it Al A 34 Ast
Table 2. Total results of vehicle counting in 86 minutes.
Lanes Left lane Middle lane Right lane
Methods Vehicles | Deviation rate| Vehicles | Deviation rate| Vehicles | Deviation rate
Manual counting 644 1142 57
Improved BS_SU 699 +8.54% 1067 - 657% 561 - 2.43%
Edge detection 613 - 481% 1073 - 6.04% 54 - 3.60%
BS & Edge 626 - 2.80% 1116 - 2.28% 598 +4.00%
shadows resulted from roadside buildings grew luminance change compared with background

considerably during the period, as shown in Fig. 6.

It is noticed that in background subtraction and
edge detection method, missed detection mainly
comes from vehicles with dark colors, especially
when such a vehicle is within shadows. In this case,
the luminance of the vehicle is similar to the
luminance of the background, and the edges of the
vehicle are also not clear enough. False detection, on
the other hand, is mainly caused by active shadows
resulted from vehicles passing through the neighbor
lane in background subtraction. Edge detection based
method is a good solution for shadow rejection,
because shadows have less edge pixels than vehicles.
edge detection method is

Moreover, robust to

subtraction. However, it also easily misses vehicles
when the edges of vehicles are not clear. BS_SU is
quite sensitive to luminance change of the frames.
The improved BS_SU with background adjusting
performs better than BS_SU.

In the experiments, compared with background
and edge method, the
combinative method achieves better results, since it
takes advantage of the two methods. The accuracy
of vehicle detection of the combinative method is
higher than 98%, as shown in Table 1.

It is seen that vehicles that are changing lane

subtraction detection

within a monitoring window may cause both missed
detection and false detection, because they affect two

(212)
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Fig. 8. Vehicle classification by means of vehicle tracking.

lanes. Large vehicles such as buses and trucks may
be detected as two vehicles, while small vehicles are
possibly missed in this case.

The location of the video camera is critical to
effective operation of the video based vehicle
detector. The best possible place for the camera is
directly over the center lane. The farther a lane is
from the camera, the less reliable the vehicle
detection of the lane is. However, it should be
noticed that the errors arisen from some vehicle
overlap the others in image, is the inherent problem
of image processing based vehicle detection methods.

No matter in which kinds of video based vehicle
detection methods, the selection of threshold is also
significant to the accuracy of vehicle detection. The
optimal threshold can be empirically obtained through
experiments, which the
conditions and the time in a day should be taken

numerous in weather
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into account.

2. Results of traffic parameter extraction
Vehicle counting is one of the basic functions for

real-time traffic monitoring. It can be used to
describe the load of each lane. Fig. 7 gives the
results of vehicle counting by using the combinative
method based vehicle tracking, compared with the
results counting and background
subtraction with background adjusting (Improved
BS_SU) and edge detection (Edge detection) methods,
respectively. The three figures correspond to the

of manual

three lanes as shown in Fig. 1~2 and Fig. 4~6.
The horizontal axes of the figures represent the time,
the unit of which is minute, while the vertical axes
are the number of passing vehicles within the time
intervals. The test video lasts about 86 minutes. The
counting results in Fig. 7 are refreshed every 2
minutes. The solid and dotted line in each figure
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correspond to the result of manual counting and the
result of the proposed method, respectively. The
meanings of the symbols are given in the figure. It
is also shown that the results of the proposed
method approach to the results of manual counting.

The results of vehicle counting within total 86
minutes are given in Table 2, in which the colunmmns
of “Vehicles” are the number of vehicles detected via
each method, while the percentages in “Deviation
rate” give the deviation of each automatic counting
from the manual counting. In fact, during a long
time interval, the effects of missed and false
detection in vehicle counting will partly counteract,
thus the evaluation of approaches to vehicle counting
within a short time is more cogent than in a long
time.

Fig. 8 gives the results of vehicle classification for
the three lanes. In the figure, the “small”, “medium”,
and “large” correspond to the three types of vehicles,
while the “total” is the sum of them. The horizontal
axes are the numbers of vehicles with each type.
The lower bar of each group is manual classification,
while the upper bar corresponds to result made by
computer.

The experiments show that the method based on
vehicle tracking works well under light traffic
condition. By contrast, under heavy traffic condition,
the method may mistake a vehicle as a bigger one
in vehicle classification when the vehicle is connected
with other following vehicle in input images. The
farther the vehicle is from the camera, the worse the
problem is. It is clear that high location of camera
will reduce such kind of mistake. In single frame
analysis, active shadow projected on other lane
sometimes may still be recognized as a vehicle, but
analysis of successive frames can reduce such errors,
because a possible vehicle region may be removed as
false detection if the corresponding region is not
detected 1n next frame. However, the vehicle that
changes lane within the window may cause trouble

because it crosses two lanes.

(274)
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V. Conclusion

In this paper, a new method that combines

background subtraction and edge detection is

proposed for vehicle detection and shadow rejection,
since shadows usually possess less edge pixels than
vehicles, which can be used to distinguish shadows
from vehicles. The method is effective and the
correct rate of vehicle detection is higher than 98%
in experiments, during which the passive shadows
resulted from roadside buildings grew considerably.
Based on the proposed vehicle detection method,
vehicle tracking, counting, classification and speed
estimation are achieved so that traffic parameters
concerning traffic flow is obtained to describe the
load of each lane.
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