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Abstract. This paper explores the computer vision based vehicle classification 
problem at a fine granularity. A framework is presented which incorporates 
various aspects of an Intelligent Transportation System towards vehicle 
classification. Given a traffic video sequence, the proposed framework first 
segments individual vehicles. Then vehicle segments are processed so that all 
vehicles are along the same direction and measured at the same scale. A 
filtering algorithm is applied to smooth the vehicle segment image. After these 
three steps of preprocessing, an ICA based algorithms is implemented to 
identify the features of each vehicle type. One-class SVM is used to categorize 
each vehicle into a certain class. Experimental results show the effectiveness of 
the framework. 
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1   Introduction 

Due to its great practical importance, Intelligent Transportation Systems has been 
an active research area for years. Vehicle classification is one of the key tasks in an 
Intelligent Transportation System. Typically, acoustic or seismic sensors are used 
for such a purpose [1][8][13][14]. However, for road traffic analysis, the most 
available sources are traffic surveillance videos taken by fixed cameras. Since only 
the visual information can be reliably extracted and verified for such videos, 
computer vision based methods from the area of multimedia are required for video 
content analysis.  

In order to identify vehicles, video object tracking needs to be performed before we 
can analyze each individual vehicle. There are a large amount of literatures on vehicle 
tracking based incident detection for traffic surveillance system. However, there has 
been relatively little work done in the field of vehicle classification. This is because it 
is an inherently hard problem. Some vehicle detection and tracking works even 
depend on classification techniques. [16] proposes a vehicle detection method with 
one of its step being classification i.e. a two class classification of vehicles and non-
vehicles. A method called “Adaboost” is used for such a purpose. 
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In [15], an object tracking and classification method is proposed. Three categories 
of objects are differentiated – human, automobiles and background. For classification 
of human and automobiles, a concept called “dispersedness” is used based on the 
priori that human has smaller yet more complex shape than that of a vehicle. This is 
among one of the earliest works that address object classification from video. Most of 
the current work is purely dimension based (such as height and length of a vehicle) or 
shape based. In [7], a parameterized model is proposed to describe vehicles, in which 
vertices and topological structure are taken as the key features. One requirement of 
this method is that the image quality has to be sufficiently good to have the 
topological structures of vehicles exposed. However, this cannot be always satisfied 
in a real traffic surveillance system. Gupte et al. [3] propose a system for vehicle 
detection and classification. The tracked vehicles are classified into two categories: 
cars and non-cars. The classification is based on dimensions and is implemented at a 
coarse granularity. Its basic idea is to compute the length and the height of a vehicle, 
according to which a vehicle is classified as a car or a non-car. In order to classify 
vehicles at a finer granularity, we need a more sophisticated method that can detect 
the invariable characteristics for each vehicle type. In [6], the virtual loop assignment 
and direction-based estimation methods are used to identify vehicle types. Each 
vehicle type is represented by a 1-D signature chart. In their experiment, vehicles are 
classified into four categories: 7-seat van, fire engine, sedan and motor cycle. With 
this method, as mentioned in the paper, only a rough estimation of vehicle types based 
on vehicle length is possible. It cannot distinguish vehicles whose lengths are in 
approximately the same range, e.g. truck and bus. Another problem of this method is 
that only those vehicles traversing across virtual loops along the road direction can be 
detected. Therefore, we still need to further explore a method that can unveil the real, 
invariant characteristics of a type of vehicle. In this paper, we design an algorithm for 
vehicle classification at a finer granularity. 

Principal Component Analysis (PCA) is a well-known algorithm in the field of 
object recognition. It used in the computer vision problem of human face recognition. 
The similarity between face detection and vehicle detection is that both analyze a 2-D 
image and try to find out the feature of the image content.  

Independent Component Analysis (ICA) is another subspace method that has been 
applied to face recognition. Many works compare between ICA and PCA and show 
the advantages of ICA [2][4][5]. In [2], the authors applied both methods in analyzing 
the Coil-20 database. In [4], the authors demonstrate that ICA outperforms PCA for 
object recognition under varying illumination. [5] compares the effectiveness of both 
methods in object recognition. Since the traffic videos are taken during different time 
periods of the day, it is preferably that the algorithm is robust to varying illumination 
conditions. In this paper, we propose an ICA based vehicle classification platform.  

By analyzing vehicle images with ICA, a set of features are extracted for each 
vehicle. These features represent the innate characteristics of the vehicle type and are 
fed into the classification module -- One-Class Support Vector Machine [9]. The 
representative features of vehicles in each vehicle type are used as training data. We 
build one classifier for each vehicle type which distinguishes that vehicle type from 
the others. In the testing phase, each set of test vehicles is tested against the classifier 
of each vehicle type. A test vehicle is then classified into one of the vehicle types 
according to the highest score it receives from each classifier.  
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In our experiments, we use grayscale traffic surveillance videos. It is desired that 
the classification is robust to the varying intensities of vehicles. For example, black 
and white passenger cars are expected to be classified into the same class. However, 
their different intensities may affect the classification result. Therefore, a filter in the 
preprocessing step is necessary to alleviate such problems. In this paper, a texture 
analysis tool is used for this purpose.  

We propose an integrated system that can automatically track and categorize 
vehicles within a traffic surveillance video sequence. The system first tracks and 
segments vehicles from raw surveillance videos. Then the tracked vehicles and their 
features are normalized. In the final step vehicles are classified, which can provide 
more detailed and useful information to traffic administration. The vehicle tracking 
and normalization phases are based on Zhang et al.’s work [11]. In this study, 
improvement in the classification result by using ICA and one-class SVM is 
demonstrated by the experimental results at the end of this paper. 

The detailed design and implementations are illustrated in the following order: 
Section 2 briefly introduces preprocessing module -- vehicle segmentation, 
adjustment and filtering. Section 3 discusses the technical details of the algorithm. 
Section 4 presents the system overview and the experimental results. Section 5 
concludes the paper. 

2   Preprocessing 

2.1   Vehicle Tracking and Segmentation 

For vehicle tracking and segmentation, an unsupervised video segmentation method 
called the Simultaneous Partition and Class Parameter Estimation (SPCPE) algorithm, 
coupled with a background learning algorithm, is applied to identify the vehicle 
objects in video sequences [10]. Figure 1 shows an example of vehicle segmentation 
from the initial random partition (Figure 1(a)) to the final segmentation result (Figure 
1(c)).  
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(a)   (b)   (c) 

Fig. 1. An example of vehicle segmentation. (a) Original frame with background removed; (b) 
Initial random partition; (c) Final segmentation result. 

The algorithm in [10] also has the ability to track moving vehicle objects 
(segments) within successive video frames. By distinguishing the static objects from 
mobile objects in the frame, tracking information can be used to determine the trails 
of vehicle objects. 
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2.2   Vehicle Image Adjustment and Filtering 

For normalization purposes, a transformation model is needed to rotate the subject 
cars to the same orientation and scale them to the same level. For vehicles driving 
toward the same direction, their rotation angles are the same. The scaling factor is 
determined by the shooting distance between the camera and the vehicle object. Once 
the rotation angle θ and the scaling factor s are available, the transformation model 
can be built. To preserve the co-linearity (i.e., all points lying on a line initially should 
still lie on a line after transformation) and the ratios of distances within the image, we 
use the affine transformation as our transformation function to rotate and scale vehicle 
objects to comparable conditions. The affine transformation is defined as follows: 
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where θ is the rotation angle and s is the scaling factor. After applying the affine 
transformation, we make all subject vehicles in consistent orientation and at the same 
scale level. This module is implemented based on Zhang et al.’s work in [11]. 
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Fig. 2. Local range filtering 

Although the vehicle images are transformed to grayscale images, there is still a 
difference with respect to intensities between bright colored (e.g. white) and dark 
colored (e.g. red or black) vehicles. The change of lighting conditions during the day 
can also cause the variations in image intensities. As mentioned in Section 1, ICA is 
comparatively robust in dealing with varying illuminations. Furthermore, in order to 
alleviate the effect of varying intensities, a filtering technique is used in the proposed 
framework. It calculates the local range of an image and tries to smooth out pixels 
within the same neighborhood. Suppose we use a 3 by 3 neighborhood window. The 
above figure shows the mechanism of this texture based filter. 

The shaded area is the neighborhood of the pixel whose intensity value is 9. After 
filtering, its intensity in the corresponding position is 12 which is the difference of the 
maximum intensity (15) and the minimum intensity (3) of its neighborhood pixels. 

Figure 3(a) is an example of a vehicle image. Figure 3(b) is the filtered image. 
After filtering, the outline of the vehicle is evident. In a neighborhood area, if the 
intensity difference is small, the whole area is smoothed to a dark patch. Otherwise, 
the area is highlighted such as the skeletons of vehicles. Therefore, the original color 
of the vehicle will not matter that much (as before); only its outline information is 
kept. Thus, the influence of the vehicle’s original color is alleviated. 
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(a) Original Vehicle Image        (b) Filtered Vehicle Image 

Fig. 3. An example of filtered image 

3   Classification 

3.1   Obtain Vehicle Samples 

After vehicle segmentation, the bounding boxes of vehicle segments are extracted. 
One factor we need to take into consideration is that the sizes of bounding boxes are 
different due to different vehicle sizes. This factor can affect the result of the next step 
– Independent Component Analysis. Therefore, we set a uniform bounding box whose 
size is the biggest bounding box among all samples. For those whose bounding boxes 
are smaller, we pad them with the mean values of their background pixels surrounding 
the vehicle segments. In this way, we obtain a set of training samples for each type. 

Each vehicle sample is actually a 2-D image xi
nm×ℜ∈ . It can be represented as an 

m by n vector with m being the image height and n being the image width. We then 

read xi in column-wise order, one pixel at a time, and restructure it as mn
ix ×ℜ∈ 1' . With 

k being the number of samples in the training set, we can have a matrix of k columns 

'X  = [ ''
2

'
1  ..., , , kxxx ]. The length of each column is mn. The mean vector ω  is 

calculated as follows: 

ω = ∑
=

k

i
ix

k 1

'1
 (2) 

Since ω  is also a 1×mn vector, we can restore it into an m by n matrix and output 
it as an image. The mean “passenger car” constructed this way is shown in Figure 4. 

By deducting the mean vector from each vehicle image vector '
ix , 'X  becomes a zero 

mean matrix, which is the random dataset we will analyze later. 

 

Fig. 4. The mean image of passenger car samples 

3.2   Independent Component Analysis  

The Independent Component Analysis (ICA) is a statistical method for revealing 
the underlying factors of a set of data, which are mutually independent. ICA views 
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data as a linear mixture of sources i.e. independent components. There is little 
knowledge of the sources and how they are mixed. The only information we have is 
the observed random dataset. In order to separate the independent sources, ICA 
seeks an un-mixing matrix for linearly transforming to coordinates in which data 
are maximally statistically independent. ICA is often compared with a well known 
method – Principle Component Analysis (PCA) which is used to find the orthogonal 
bases of dataset. With PCA, data are decorrelated by being projected onto these 
bases. Although both ICA and PCA explore subspaces to decorrlate data, the 
purpose of ICA is theoretically loftier than that of PCA since ICA tries to find an 
un-mixing matrix such that sources are not only decorrelated but also statistically 
independent. Some research results have shown the advantage of ICA over PCA 
[2][4][5]. 

In ICA model, the random dataset is denoted as: 

'X  = AS  (3) 

where 'X  contains  k observed data points [x1, x2, …, xk]. In our case, xi is a vehicle 
image represented by a vector. k is the number of training samples in the training set. 
A is the mixing matrix and S is the matrix containing the independent components that 
are mixed by A to represent the observed dataset 'X . All we observe is the random 
dataset 'X . A and S must be estimated according to 'X . In our experiment, a fixed 
point version of this algorithm – FastICA [12] is used. Our assumption is that the 
independent components have nongaussian distributions. After estimating A, its 
inverse W can be computed and the independent components S is obtained by the 
following equation: 

S = WX' (4) 

The length of each independent component is mn. Similarly to how we construct 
the mean image, we can reconstruct this vector into a 2-D image. For vehicle 
classification, the independent components in S are used as the bases for a low-
dimensional representation. For each sample vehicle image in the training set, the 
following equation is used to compute its weight vector consisting of the weight of 
each independent component in representing that vehicle image.  

'XS T=β  (5) 

The rows of β  are weight vectors of vehicle images in the training set. These 
weight vectors are normalized to the scale of [0, 1] to avoid bias. 

3.3   One-Class Support Vector Machine  

One-Class classification is a kind of supervised learning mechanism. It tries to assess 
whether a test point is likely to belong to the distribution underlying the training data. 
In our case, a training set is composed of a set of vehicles of the same type. One-Class 
SVM has so far been studied in the context of SVMs. The objective is to create a 
binary-valued function that is positive in those regions of input space where the data 
predominantly lies and negative elsewhere.  
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Fig. 5. One-Class classification 

The idea is to model the dense region as a “ball”. Vehicles that belong to the class 
are inside the “ball” and the others are outside. This is shown in Figure 5 with the 
crosses representing the data that belongs to the positive class. If the origin of the 
“ball” is α  and the radius is r, a point 

ip  is inside the “ball” iff rpi ≤− α . In our 

case, a point is the weight vector that represents the features of a vehicle. This “ball” 
is actually a hyper-sphere. The goal is to keep this hyper-sphere as “pure” as possible 
and include as many vehicles that belong to this class as possible. Details can be 
found in Schölkopf’s One-Class SVM [11].  

The process of classifying a new (unknown) vehicle xnew to one of the classes 
(known vehicles) proceeds in three steps: 

1. Train a set of One-class SVM classifiers with the weight 
vectors of the sample images in the training sets. A classifier is 
generated for each vehicle type.  

2. Reshape xnew into '
newx  and obtain ωσ −= '

newnew x . 

Transform newσ with the independent components of the 

training set and obtain the feature vector newβ  (weight vector) 
by Equation 5. 

Test newβ  against each classifier generated in the first step and 

obtain a set of scores which indicates the possibility of xnew 
belonging to each vehicle type. Finally, xnew will be classified into 
the vehicle type from which it receives the highest score. 

In our experiment, there are three training sets, one for each type of vehicles: 
passenger car, pick-up and van. Each type of vehicles is represented by a set of weight 
vectors and trained by One-class SVM. Then we use the trained One-class SVM 
classifiers to classify new vehicles. 

4   Experimental Results 

From vehicle tracking and segmentation to vehicle classification, we now have an 
integrated system that can automatically track and classify vehicles in traffic 
surveillance videos. A real-life traffic video sequence with 67635 frames is used to 
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analyze the performance of the proposed vehicle classification algorithm. The video 
sequence is obtained from a high way survelliance camera. 

By vehicle segmentation and tracking, all distinct vehicle segments are extracted 
and form a sample pool. By “distinct”, we mean each vehicle segment in the sample 
pool corresponds to a real distinct vehicle in reality. For repetitive appearances of a 
vehicle object across multiple frames, only one instance (segment) of that vehicle is 
chosen for training or testing. The preprocessing step is time consuming and is 
performed offline. ICA Analysis step requires some mannul work i.e. selecting the 
training samples and therefore is also executed offline. The classification step can 
work in real time. 

In our experiment, three sets of training samples are formed for three categories of 
vehicles. They are “passenger cars (PC)”, “pickup trucks (PK)” and “vans and SUVs 
(VAN)”. In each training set, there are 50 vehicles. It is worth mentioning that, the 
system can be easily extended to detect more categories of vehicles. The only 
modification for this is to gather samples for each category of vehicles.  

Table 1. The Test Result with ICA 

ICA-SVM Test 1 Test 2 Test 3 
Recall 74% 66% 64% 

PC
Precision 84.60% 82% 78% 

Recall 68% 56% 70% 
PK

Precision 72.3% 72% 83.3%
Recall 64% 58% 74% 

VAN 
Precision 74.70% 68% 79% 

 

We have three sets of test samples with each containing 150 vehicles randomly 
chosen from the sample pool. Table 1 shows the precision and recall values of the 
proposed ICA-based algorithm and the test result of using the PCA-based algorithm is 
presented in Table 2. 

Table 2. The Test Result with PCA 

PCA-SVM Test 1 Test 2 Test 3 
Recall 40% 66% 54%

PC
Precision 57.3% 71.3% 62.7%

Recall 54% 56% 52%
PK 

Precision 62% 62.7% 57.3%
Recall 64% 54% 66%

VAN
Precision 73.3% 64% 69.3%

 

From the above two tables we can see that ICA performs better than PCA. It is 
worth mentioning that the precision of ICA-based algorithm is much higher than that 
of PCA. This is because ICA can better identify negative samples in the testing data 
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set. The system proposed in this paper incorporates video segmentation, vehicle 
tracking, and vehicle classification into one single integrated process. Especially, the 
classification is designed to find the invariant features of vehicles so as to categorize 
them at a fine granularity. 

5   Conclusion 

In this paper, a vehicle classification framework is proposed which incorporates 
several stages of work. First, traffic video sequence is processed to extract vehicle 
segments, which provides a means for vehicle tracking and classification. Secondly, 
vehicle segments are normalized so that all vehicles are along the same direction and 
uniformly scaled. A texture analysis technique is then used to filter the vehicle 
images. The final stage is classification, in which an ICA-based algorithm is applied. 
We choose ICA because of its ability to find inner characteristics of a group of data. 
The ICA based algorithm is compared with a well-known subspace analysis technique 
– PCA. Experimental results show that given a sufficient amount of sample data our 
system can effectively categorize vehicles at a fine granularity.  
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