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Abstract 
This manuscript proposes a real-time system to 

detect, recognize, and track the multiple vehicles on 
the roadway images. The system uses an image 
capture system to snap a sequence of images and a 
moving object segmentation method to separate the 
moving vehicles from the image sequences. After 
the segmentation of the objects, the objects can be 
classified and counted by the proposed detection 
and tracking methods respectively. In this system, 
the occlusive problems are solved by the proposed 
occlusive segmentation method and then each 
segmented vehicle is recognized according to their 
outlines and tracked by a tracking algorithm at the 
same time. Even though the occlusive vehicles 
appearing in the images have been keeping merging 
or having more than two vehicles to merge together 
all the time, the system can still segment the 
vehicles. The proposed recognition method uses the 
visual length, visual width, and roof of vehicles to 
classify the vehicles to vans, utility vehicles, sedans, 
mini trucks, or large vehicles. Experiments obtained 
by using complex road scenes are reported, which 
demonstrate the validity of the method in terms of 
robustness, accuracy, and time responses. 
Key-Words:  Vehicle, Visual, Recognition, Tracking, 
Occlusive, Segmentation. 

 
1 Introduction 

The researches of the intelligent transportation 
system (ITS) become very popular including vehicle 
detection, vehicle recognition, vehicle counting and 
traffic parameter estimation, etc. Due to the 
upcoming low cost hardware and the progress in 
algorithmic research, computer vision has become a 
promising base technology for traffic sensing 
systems. The vision sensor provides more 
information than conventional sensors widely 
applied for using in the ITS. Therefore, some 

researches are attracted to the topic of the vision-
based traffic surveillance system. 

Background extraction offers well pre-processing 
for the traffic observation and surveillance. It 
reduces the insignificant information of the image 
sequences and speeds up the processing time. To 
reduce the computing complexity, many approaches 
are proposed to segment the video image into 
background image and moving object image. The 
background image is motionless over a long period 
of time, and the moving object image only contains 
the objects which are in front of the background. 
The change detection [1][2] is the simplest method 
to segment moving object. An adaptive background 
update method [3] is proposed to obtain the 
background image over a period time. He et al. [4] 
use the Gaussian distribution to model each point of 
background image. It uses the mean value of each 
pixel during a period time as the background image. 
Stauffer et al. [5] [6] [7] utilize spectral features 
(distributions of intensities or colors at each pixel) 
to model the background. In order to adapt different 
illumination changes, some spatial features are also 
exploited [8] [9] [10]. These methods can obtain 
background images over a long period time. Chiu et 
al. [11] uses the statistical algorithm to obtain the 
color background and moving objects efficiently. It 
can obtain better background image than the 
methods mentioned above. In this manuscript, we 
use the statistical algorithm [11] to extract the 
background image. 

As the well background image is obtained the 
moving object can be detected by subtracted the 
background image from an input image. After the 
moving object detection, the next step is to detect 
and segment the occlusion vehicles from the moving 
objects. The problem of vehicle occlusion can cause 
defects in calculating traffic flow parameters and 
recognizing vehicles. So how to solve the vehicle 
occlusion is a stimulating task for researchers of the 



  

intelligent transportation system (ITS). Pang et al. 
[12] work on the cubical model of the foreground 
image to detect occlusion and separate merged 
vehicles. Method described in [13] utilizes vehicle 
shape models, camera calibration, and ground plane 
knowledge to detect, track and classify moving 
vehicles in presence of occlusion. 

However, these methods are time-consuming, and 
can’t handle the real-time application. In the system, 
an occlusion detection and segmentation method are 
proposed to solve the vehicle occlusion in real-time. 
The following step is to recognize the classification 
of the moving objects. Several works consider the 
problem of object recognition in the shapes and 
topological structure [2][14][15]. Vehicle 
recognition using shape model has been 
demonstrated with encouraging results. However, 
these recognition methods are incapable for real-
time issue. Vehicle recognition and tracking 
methods are also proposed to recognize vehicles in 
real-time. 
 

2 Overview of the proposed system 
The flowchart of the real-time vehicle recognition 

and tracking system is shown as Fig.1. The first 
phase is to segment the moving objects. In this work, 
we use the statistical algorithm [11] proposed by 
Chen et al. to extract the background image. The 
moving objects are detected by subtracting the 
background image from the input image. Then, the 
moving objects are processed by the connected 
component labeling method [16] to obtain the 
bounding boxes. These occlusive vehicles will be 
detected and segmented in the bounding boxes. We 
propose an effective method to detect and segment 
the different kinds of occlusive vehicles from their 
shape characteristics. It could segment two or even 
more vehicles which were occluded by each other. 
Finally, the recognition and tracking methods will 
be processed to each vehicle. The system can 
classify five types of vehicles, and detect the traffic 
flow and the average speed.  
 
3 The Definitions of the Visual Length 

and Visual Width  
The dimensions of a vehicle are important 

parameters because the length and width of different 
vehicles are distinguishable. Because the unit of the 
length in the image plane is pixel, the pixel length of 
a vehicle is different according to the position of the 
vehicle in the image plane. We have to compute the 
actual length of the outline of a vehicle, no matter 
where the position of the vehicle is. Therefore, this 

study defines the visual length and visual width of 
each vehicle style to approach the actual length and 
width of the vehicle, and proposes a vehicle 
recognition method with the visual length and visual 
width of a vehicle. 

Using the optical geometry to find the relations 
between the pixel length, R, in the image plane and 
the visual length, Dh1, on the ground shows as Fig.2. 
The dotted line, F, is the central line of the CCD 
camera and the Dh1 is the visual length of the 
vehicle above the dotted line F. The R2 and R1 are 
the pixel lengths in the image plane, and the Rp is 
the pixel size of the CCD camera. The H is the 
altitude of the camera, the f is the focus of the lens, 
and the θ is the pitch angle of the camera. 

According to the altitude and the pitch angle of 
the CCD camera, the relation between H and F is 

θsin
HF =                             (1)

 
By the definition of the similar triangles, the 

relation of the lengths, D1 and D2, are shown as Eq.2 
and Eq.3. 
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 Substitute Eq.1 into Eq.2 and Eq.3, the lengths, 
D1 and D2, can be respectively expressed as Eq.4 
and Eq.5. 
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Then, we can compute the visual length, Dh1, 
from Eq.6. 
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For the same step, the vehicle’s visual length, 

Dh2, below the focus can be calculated by Eq.7.  
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After getting the visual length, we can use the 

same concept to get the vehicle’s visual width 
shown as Fig. 3. The visual widths are defined as 
Eq.8. and Eq.9. 
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In Eq.8 and Eq.9, the Rw is the pixel width of the 
vehicle in the image plane. The Dw1 and Dw2 
represent the vehicle’s visual width above and 
below the central line F, respectively.  

According the vehicles sold in Taiwan, we 
calculate the average visual length and width of 
different cars, including 29 brand names, shown as 
Table 1. Although the height of a car causes the 
visual length a slight error, we can still exactly 
distinguish the style of a car on the road by Table1. 
 
4 Vehicle Recognition method 

Because the length and width of a vehicle depend 
on the model of the vehicle, the preliminary 
classification is according to the length and width of 
the vehicle. We will compute the visual length and 
width of the vehicle outline to implement the 
vehicle recognition. If the visual length of a moving 
object is over 12 meters and the visual width is over 
3 meters, the moving object will be classified to 
large vehicle, such as bus or truck. When the visual 
length of the moving object is between 4.5 to 7.5 
meters, and the visual width is between 1.4 to 3 
meters, the moving object will be classified to small 
vehicle, such as van, utility vehicle, sedan, or mini 
truck. After preliminary classification, the proposed 
recognition method uses to precisely classify small 
vehicles. The details are described as below. 
 
4.1. Horizontal edge detection and Quantization 

The image sequences are snapped from the 
camera which is amount above the roadway. The 
direction of the camera is parallel to the direction of 
moving objects. After the object segmentation, 
every object will be marked as a bounding box. 
Assume the width and height of the bounding box 
are X and Y, respectively. Firstly, use the Canny 
method [17] to get the horizontal edge of the object 
within the bounding box. The Canny mask is 
obtained by Eq.10. 

2 2 22 ( ( ) / 2 )( , ) ( / ) , 2i jCy i j i e σσ σ− += − =          (10) 
In this work, we use a Canny mask (5×5 pixels, 

σ=2) to detect the horizontal edge pixels. After the 
processing of the Canny mask, the width of the 
horizontal edge is more than one pixel. The non-
maxima suppression and hysteresis thresholding [18] 
are used to refine each horizontal edge whose width 
will become one pixel. Then, we count the edge 
pixels for each row. The projection forms a 
horizontal histogram which accumulates horizontal 
edge pixels for each row, shown as Eq.11. 
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where i is from 0 to X and the j is from 0 to Y. 
The E[i, j] denotes the binary value of each edge 
pixel. The parameter, Hy[j], is the projection value 
of each row.  

In the captured image, the horizontal edge pixels 
of the outline of a vehicle will be influenced by the 
shooting angle which brings the inclination to the 
horizontal edges. Therefore, the horizontal 
projection histogram is quantified as follow: 
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(12) 
Then, using the threshold value, Tp, selects the 

significant horizontal projection edges. The method 
is showed as Eq.13. In this study, Tp is set to 90% 
of the first quantified horizontal projection edge of 
the vehicle. 
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These horizontal projection edges represent the 
horizontal edges of the vehicle’s roof, windshield, 
hood, and so on. By using these horizontal 
projection edges, we can measure the visual lengths 
of the roof, windshield, and hood of a vehicle. The 
information can be used to recognize different 
vehicles. 

 
4.2 Measuring the outline of vehicles 

The vertical distance between two neighbor 
significant horizontal edges represents the visual 
lengths of the vehicle’s roof, windshield, hood, and 
so on. The visual length of the roof, rear window, 
and boot of the vehicle can be computed by the Eq.6 
or Eq.7. After the processing of the horizontal edge 
detection and quantization, the length definitions of 
the roof, rear window, and boot are described in 
Fig.4. 

By the imaging geometry and the view angle of 
the CCD camera, we can clearly know that the hood 
of a vehicle will be covered by the roof of a vehicle 
in the image plane, so we can define the first line 
“A” is the roof of the vehicle. Because different 
vehicles have different contours, these parameters 
can be taken as important features for the vehicle 
recognition. Because the visual length of the roof 
and the visual width of vehicles are quite different 
(shown as Table 1), the recognition method only 
uses the parameter of the roof, Dr, to recognize the 
vehicles, and the visual width, Dw, of vehicles to 
recognize the mini truck. We can distribute the 
small car into mini truck, van, utility vehicle and 



  

sedan. The classification rule is shown as Eq.14. 
Mini Truck 2.2

Van, 2.0
Utility Vehicle, 1.6 2.0 2.2
Sedan, 1.5

Dw m
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m Dr m Dw m
Dr m
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      (14) 

 
5 Occlusive Vehicle Detection and 

Segmentation 

In general, not every vehicle in the snapped 
image can be segmented successfully and alone. If a 
bounding box contains occlusive vehicles as shown 
in Fig.5, the occlusive vehicles can not be 
successfully recognized in this region. Therefore, 
we have to solve the occlusive problems. From the 
occlusive images, we can generalize four occlusive 
situations in a connected component object. 

Case 1. Horizontal occlusion: a vehicle merges 
with the others that are in its right or left side.  

Case 2. Vertical occlusion: a vehicle merges with 
the others that are in the back (or front) of it.  

Case 3. Right diagonal occlusion: a vehicle merges 
with the others that are in the right back of it. 

Case 4. Left diagonal occlusion: a vehicle merges 
with the others that are in the left back of it.  

The horizontal occlusion and vertical occlusion 
can be detected and segmented by the visual length 
and width of the bounding boxes. The Table 2 is the 
average visual dimensions of different vehicles.  

If the visual width of the object in a bounding 
box is less than 3.3 meters and the visual length of 
the object is larger than 7.5 meters, the objects in the 
bounding box may be classified to case 2, case 3, or 
case 4. The segmentation steps are described as 
follows: 

Step 1. Count the horizontal projection histogram of 
the bounding box. 

Step 2. Compute the average projection value, Pavg, 
of the horizontal projection histogram 
within 3 meters of visual length from the 
bottom of the bounding box. 

Step 3. Calculate the visual width, Wvis, for the 
average project value, Pavg. 

Step 4. According to the values in Table 2, use the 
visual width, Wvis, to find the best matched 
model of the vehicle and its visual length, 
Lvis. If this is first time to segment the 
bounding box then go to step 5, else do the 
following processing.  
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the remnant bounding box and go to step 12. 
              Else, go to step 5. 
Step 5. Check the horizontal projection values 

within the visual length, Lvis.  
If there is a projection value larger than 
1.5 × Pavg, the position of the projection 
value marked as S-th row, the occlusion 
belongs to case 3 or case 4 then go to step 6. 
Else, the occlusion belongs to case 2 then 
go to step 10. 

Step 6. Count the blank pixels, the pixels do not 
belong to the object, of the (S+5)-th row on 
the left and right sides in the bounding box. 
To avoid the interference, we use the (S+5)-
th row to replace the S-th row. 

Step 7. If the number of the left-side blank pixels is 
larger than the number of the right-side 
blank pixels, the occlusion belongs to case 
3 then go to step 8. 

             Else, the occlusion belongs to case 4 then go 
to step 9. 

Step 8. From the S-th row to the top row of the 
bounding box, count the horizontal 
projection histogram and compute the 
difference of the neighbor projection values. 
Label the position as Lstop, the first position 
where the difference decreases over one-
third of the previous one. The segmentation 
will be started from the bottom of the 
bounding box, and stopped according to the 
visual length, Lstop. Then, clear the right-
side object from S-th row to Lstop–th row. 
The number of the left-side blank pixels set 
as the width of the upper vehicle and the S-
th row set as the bottom of the new 
bounding box. Then, go to step 1. 

Step 9. From the S-th row to the top row of the 
bounding box, count the horizontal 
projection histogram and compute the 
difference of the neighbor projection values. 
Label the position as Lstop, the first position 
where the difference decreases over one-
third of the previous one. The segmentation 
will be started from the bottom of the 
bounding box, and stopped according to the 



  

visual length, Lstop. Then, clear the left-side 
object from S-th row to Lstop–th row. The 
number of the right-side blank pixels set as 
the width of the upper vehicle and the S-th 
row set as the bottom of the new bounding 
box. Then, go to step 1. 

Step 10. The segmentation will be started from the 
bottom of the bounding box, and stopped 
according to the visual length, Lvis.  

Step 11. The visual length of the remnant bounding 
box is denoted as LRvis.  
If the value of LRvis is larger than 3 meters, 
go to step 1.   
Else, go to step 12. 

Step 12. Stop the segmentation processing. 

Similarly, the horizontal occlusion is detected 
and segmented according to the visual width of the 
bounding box. If the visual width of the object in a 
bounding box is large than 3.3 meters and the visual 
length of the object is less than 7.5 meters, the 
objects in the bounding box may be classified to 
case 1. The segmentation steps are described as 
follows: 

Step 1. From the bottom row to the top row of the 
bounding box, count the horizontal 
projection histogram. 

Step 2. Compute the difference of the neighbor 
projection values. Label the two positions 
as L1 and L2, the two positions where the 
difference increases or decreases over one-
third of the previous one. If L1 and L2 can 
be found then go to step 3, else go to step 9. 

Step 3. Count the numbers of the blank pixels of the 
top row on the left side and right side, and 
denote the numbers of the left-side blank 
and right-side blank pixels as BTL and BTR, 
respectively. 

Step 4. Count the numbers of the blank pixels of the 
bottom row on the left side and right side, 
and denote the numbers of the left-side 
blank and right-side blank pixels as BBL 
and BBR, respectively. 

Step 5. If ((BTL > BTR) and (BBL < BBR)), the right 
vehicle is higher than the left vehicle a little 
bit. The length of the right vehicle can be 
segmented from L1 to the top of the 
bounding box, and the width can be 
obtained according to the value of BBR. The 
length of the left vehicle can be segmented 
from the bottom of the bounding box to L2, 
and the width can be obtained according to 
the value of BTL. Then, go to step 10. 

Step 6. If ((BTL < BTR) and (BBL > BBR)), the right 
vehicle is lower than the left vehicle a little 

bit. The length of the right vehicle can be 
segmented from the bottom of the bounding 
box to L2, and the width can be obtained 
according to the value of BTR. The length 
of the left vehicle can be segmented from 
L1 to the top of the bounding box, and the 
width can be obtained according to the 
value of BBL. Then, go to step 10. 

Step 7. If ((BTL < BTR) and (BBL < BBR)), the right 
vehicle is smaller than the left vehicle and 
located within the top and bottom of the left 
vehicle. The length of the right vehicle can 
be segmented from L1 to L2, and the width 
can be obtained according to the value of 
BTR. The length of the left vehicle can be 
segmented from the top of the bounding 
box to the bottom of the bounding box, and 
the width is the difference value to subtract 
BTR from the width of the bounding box. 
Then, go to step 10. 

Step 8. If ((BTL > BTR) and (BBL > BBR)), the left 
vehicle is smaller than the right vehicle and 
located within the top and bottom of the 
right vehicle. The length of the left vehicle 
can be segmented from L1 to L2, and the 
width can be obtained according to the 
value of BTL. The length of the right 
vehicle can be segmented from the top of 
the bounding box to the bottom of the 
bounding box, and the width is the 
difference value to subtract BTL from the 
width of the bounding box. Then, go to step 
10. 

Step 9. Segment the horizontal occlusive vehicle 
according to the midpoint of the width of 
the bounding box. 

Step 10. Stop the segmentation processing. 
 

Figure 5 shows the segmentation processes of the 
right diagonal occlusion. In Fig. 5(b), we can find 
the visual length of the right vehicle, the small bus, 
according to the width of the right vehicle. From the 
horizontal projection histogram, the segmentation 
point of the bottom of the left vehicle can be 
detected. The segmented results are shown in Fig. 
5(e) with different bounding box. In Fig. 5(f), the 
segmented results are redrawn with different color 
blocks. 

When each vehicle in the occlusive bounding box 
is detected and segmented, the procedure is 
completed. Then, it will enter to the recognition 
procedure. 
 
6 Tracking method 



  

After the procedures of the segmentation and 
recognition, the upper-left corner of the connected 
component of the vehicle is defined as a reference 
point. The tracking method uses three parameters to 
make sure the next reference point is the tracked 
vehicle. The three parameters are introduced as 
follows： 
1.The distance between a predictive point and a 

reference point： In the sequence frames, the 
distance in n-th frame, Dis, between a predictive 
point and a reference point is defined as Eq.15.  

( ) ( )2'2'
nnnn yyxxDis −+−=  ,         (15) 

where ( )'' , nn yx  and ( )nn yx ,  are the coordinates of a 
predictive point and a reference point in the n-th 
frame, respectively.  
The predictive point is predicted by the reference 
point of the (n-1)-th frame according to the 
motion of the vehicle. We use the predictive point 
to predict the coordinate of the reference point in 
the n-th frame. Therefore, when the reference 
point of the n-th frame has the minimum distance 
to the predictive point, the reference point could 
be the matching point. 

2. The color of the vehicle：The color of a vehicle 
is defined by the average RGB intensity of the 
small window near the reference point in the 
bounding box. They are denoted as Ravg, Gavg, 
and Bavg computed from Eq.16. We set p and q as 
the width and the height of the small window, 
and the R(x,y), G(x,y) and B(x,y) are the color 
components in the region. 
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3. The visual length of the roof：The visual length 
of the roof is computed from the recognition 
method.  

First, find the reference point which has the 
minimum distance, Dis. Next we check the color 
and the visual length of the roof in the bounding box 
of the reference point. If the color and the visual 
length of the roof match, the tracked vehicle in the 
continuous frame will be found. Otherwise, the 
reference point with the minimum distance of the 
other reference points will be checked until the best 
match is found. 

The predictive point is predicted by the 
displacement which is computed by the velocity and 
acceleration of the reference point. The 
coordinate, ( )'' , nn yx , of the predictive point in the n-th 

frame is shown in Eq.17. The coordinate ( )11, −− nn yx  
is the reference point of the same vehicle in the (n-
1)-th frame. The parameters, ( )nS x∆  and ( )nS y∆ , are 
the displacements of the x and y coordinates. The 
calculations of the displacements are shown in 
Eq.18. 

( ) ( ) ( ) ( )( )ySxSyxyx nnnnnn ∆∆+= −− ,,, 11
'' ,      (17) 

( ) ( ) ( ) ( ) ( )21111 2
1

−−−− −⋅+−⋅=∆ nnnnnnn ttAattAvAS , (18) 

where ( ) ( ) ( )21211 −−−−− −−= nnnnn ttAAAv ,
( ) ( ) ( )( ) ( )21211 −−−−− −−= nnnnn ttAvAvAa  and A=x or y. 
( )Avn 1−  and ( )Avn 2−  are the velocities of the 

reference point in the (n-1)-th and (n-2)-th frames. 
( )Aan 1−  is the acceleration of the reference point in 

the (n-1)-th frame, and tn, tn-1 , tn-2, are the snapped 
time of the n-th, (n-1)-th and (n-2)-th frames 
respectively. The tracking system takes the time 
interval between the sequential images and the 
displacement of the reference point to track the 
vehicles. This method is very suitable for the 
capture systems with variable capture speed. 

 
7 Experimental results 

In this study, a stationary CCD camera (showed 
as Fig.6) is mounted over the expressway (N 
24°49'34", E 120°58'13" near the Wu-Ling 
interchange of NO.68 expressway on Hsinchu, 
Taiwan). The color images captured by the 
stationary CCD camera are 30 fps and the image 
size is 320 by 240 pixels. In this manuscript, the 
proposed system uses a personal computer with 
Intel Pentium IV CPU 2.8GHz, 1GB RAM, and the 
development environment Microsoft Visual C++. 
The time requires to process one frame (width: 320, 
height: 240, color: 24-bit RGB ) is around 28 to 32 
m sec. 

In this manuscript, we proposed an automatic 
traffic surveillance system to extract the real time 
traffic parameters. To evaluate the performance of 
the proposed system, we use more than 7 days test 
video data that were collected under various weather 
and lighting condition. 

Figure 7 is the vehicle detection results of the 
proposed system that applied to the continuous 24 
hours (from 12:00 24/01/07 to 12:00 25/01/07) test 
video that were collected on the same road but 
under various lighting condition. The maximum 
flow of traffics is 852 vehicles per hour in the 
morning. According to the weather report on Central 



  

Weather Bureau in Taiwan, the sunrise and sunset 
are at 06:41 and 17:27 on the test day.  

Figure 8 is the vehicle detection results of the 
proposed system under various weather conditions. 
Examples of the detection and segmentation under 
various whether condition are such as Fig.9. When 
each vehicle is segmented from the various 
backgrounds, the vehicles can be continuously 
processed and counted by the recognition and 
tracking method during the vehicle appears in the 
frame. In this period, the experimental environment 
includes rainy, foggy and various weather condition 
on different roads. With the proposed method, the 
average vehicle detection rate is higher than 92%, 
independent of environmental conditions.  

The vehicle recognition rate at night and dim 
weather condition is lower than the others (that is, 
sunrise, cloudy, rainy and noon). The suddenly 
appeared light source (such as headlight, rear 
light…etc.) causes the outline of vehicle unclear and 
missed foregrounds and reduces the edge 
information. But, there is still enough information to 
detect vehicle by the reflection of rear light. 

Table 3 is the accurate rate of the recognition in 
the heavy traffic (0700~0800 25/01/2007). The 
recognition rate of 98% was obtained by applying 
the system to 852 vehicles, only 2% errors occur in 
the recognition.  

In the Fig.10, the proposed system compared with 
the vision–based vehicle recognition, tracking 
method and police laser gun (Stalker LIDAR), the 
vehicle velocity tracking error is not over ±5 km/hr 
and obtained by applying the system to 30 vehicles. 
If we consider the error of the police laser gun, this 
result should be more accurate. 

In Table 4, three separated frames of each model 
of vehicles are used to demonstrate the superiority 
of the vehicle recognition method. We can find that 
the roof, length, and width of different models are 
quit different. Although the position of a vehicle 
will change, the visual length of the roof is very 
close to the roof length of the vehicle no matter 
where the vehicle is. 

Figure 11 is the experimental output of the 
vehicle recognition and tracking system. In the 
output, the system can show the traffic parameters 
of each lane and the total count of each model ― 
sedans, utility vehicles, vans, mini truck, and large 
vehicles.  

 
8 Conclusions 

In this work, a real time vision-based system to 
recognize vehicles from image sequences is 
proposed. The system uses a moving object 

detection method to detect the moving vehicles. The 
system proposes a method to detect and segment the 
occlusive vehicles. Even though the occlusive 
vehicles appearing in the images has been keeping 
merging or having more than two vehicles to merge 
together all the time, our system can still exactly 
segment the vehicles. Then, the recognition and 
tracking methods are proposed to recognize and 
track the vehicles. This system overcomes various 
issues raised by the complexity of the outlines of 
vehicles. Experimental results obtained with the 
road images reveal that the proposed system can 
successfully recognize from various vehicles. So far, 
the system only uses the parameters of the visual 
length, visual width, and roof to recognize the 
vehicles. In the future work, more outline features of 
the vehicles will be considered to increase the 
recognition rate. 
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Fig.1 The flowchart of the proposed system 
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Fig. 2 The optical geometry (length) between the image and the ground 
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Fig. 3 The optical geometry (width) between the image and the ground 
 
 
 
 
 

Table 1   The average visual length and visual width of different vehicles 
 

 
 
 
 



  

A
B

C
D

E

The moving object

The moving object’s horizontal
edge within the bounding box 

The quantification of the horizontal histogram
projection:
A to B: the length of the roof
B to C: the length of the rear window
C to D: the length of the boot

A
B

C
D

E

The moving object

The moving object’s horizontal
edge within the bounding box 

The quantification of the horizontal histogram
projection:
A to B: the length of the roof
B to C: the length of the rear window
C to D: the length of the boot

 

(a) Original image                               (b) The definitions of the horizontal line 
Fig.4  The outline definitions of a vehicle 

 
 
 
 

Table 2 The measurements of different vehicles 
 

 
 
 
 

 
(a) The input image. (b) The foreground image. (c) The occlusion image. 

 
(d) The labeling image after 
moving object segmentation. 

(e) The labeling image after the 
occlusion segmentation. 

(f) Segmented vehicles. 

  
Fig.5 Occlusive segmentation processes 

 
 



  

 
Fig.6 The location of the stationary video camera 

 
Fig.6  The location of the stationary CCD camera 

 
 
 

 
Date: 00:00~12:00 25/01/2007     Location: the Wu-Ling interchange of NO.68 expressway in Hsinchu, Taiwan

0
100
200
300
400
500
600
700
800
900

1000

0~1 1~2 2~3 3~4 4~5 5~6 6~7 7~8 8~9 9~10 10~11 11~12Time

V
eh

ic
le

(s
)

50%
55%
60%
65%
70%
75%
80%
85%
90%
95%
100%

Counting by System
Counting by Hand
Correct Rate

 
 

Fig.7   The vehicle detection results for the continuous 24 hours 
 

Date: 12:00~00:00 24/01/2007     Location: the Wu-Ling interchange of NO.68 expressway in Hsinchu, Taiwan
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Fig.8   The vehicle detection results for various weather conditions 
 
 
 
 
 
 
 
 

Table 3  Results for different vehicle in the heavy traffic 
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Fig.9 Examples of the detection and segmentation under various whether condition 

 
 



  

 

Da te :  2006.11.08~2006.11.25  Loca t ion:  the Wu-Ling interchange of NO.68 expressway in Hsinchu, Taiwan
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Fig.10 Results of the vehicle velocity 

 
 
 
 
 

Table 4 The visual length, width, and roof of the vehicles in a frame sequence 
(H=6 m, θ=14°, f=8 mm, Rp=0.025 mm/pixel) 

 

 
 



  

 
Fig.11 The display of the system 


