
VEHICLE CLASS RECOGNITION USING 3D CG 
MODELS 

Shirmila Mohottala, Masataka Kagesawa, Katsushi Ikeuchi 

 Institute of Industrial Science, University of Tokyo 
4-6-1 Komaba, Meguro-ku, Tokyo, 106-8558, Japan 

phone:+81-3-5452-6242, fax:+81-3-5452-6244 
E-mail: shirmi@cvl.iis.u-tokyo.ac.jp 

 
 

ABSTRACT 
 
This paper describes a robust method for recognizing vehicle classes. In our previous 
work, we have developed a vehicle recognition system based on local-feature 
configuration, which is a generalization of the eigen-window method. This system could   
recognize one vehicle class very accurately, but there have been limitations in 
recognizing several classes, when they are quite similar to each other.  
In this paper, we describe the improvements of our recognition system to distinguish 
four classes, namely sedan, wagon, mini-van and hatchback. The system requires 
training images of all target vehicle classes. These training images are easily created 
using a 3-dimentional computer graphic (3D-CG) tool. Using CG training images 
dispenses with much of the trouble of collecting real training images, and causes no 
effect on accuracy. Outdoor experimental results have shown that this recognition 
system can classify vehicles in real images with an accuracy of more than 80%. 

 
 

INTRODUCTION 
 
The main purpose of vehicle detection is to measure the number of vehicles at each 
sensing point for traffic flow estimation and prediction. Point-oriented sensors, i.e., 
ultrasonic sensors or loop detectors, which are enough effective for this purpose, have 
been widely used for many years. Recent ITS applications require not only simple 
information, but more detailed traffic parameters including vehicle speed, location, 
vehicle class, lane changes and even an occurrence of a traffic accident. 
Image-processing sensors have been expected to be very useful for these purposes, and 
have attracted more attention among ITS researchers.  

Image based vehicle recognition algorithms have two common problems: partial 
occlusion and shadows. We have already proposed an algorithm based on local 
features(5)(7), which can recognize a vehicle accurately, even when the vehicle is 
partially occluded by another vehicle or obstacle, or clear shadows cast on it. Our 
vehicle recognition system requires training images of the target vehicles. Collecting 
real images of all target vehicle models is generally a time-consuming task. To 
overcome this problem, we have proposed using 3D computer graphic images as 



training images(8). The outdoor experimental results have proved the good performances 
of this system in recognition.  

Next, we enhance our system for vehicle classification. In our previous work, a 
classification algorithm was implemented, and the training images for each target 
vehicle class were created using CG. The system could classify one vehicle class 
accurately, but there were limitations in recognizing several classes. In this paper, we 
propose the solutions for these limitations and show the effectiveness of our new system 
through outdoor experiments. 

This paper is organized as follows. First, the recognition algorithms, eigen-window 
method and vector quantization method, are introduced. Next we show the results of our 
preliminary experiments on vehicle classification using 3D-CG models and discuss the 
limitations of the system. Then we propose our new algorithm and evaluate its 
effectiveness through outdoor experiments in which we used the same set of images as 
that in preliminary experiments. At last we give the conclusion.  

 

RECOGNITION ALGORITHM 
 
Our basic algorithm is a generalization of the eigen-window method, originally 
developed by Ohba and Ikeuchi(2)(3)(4). 
 
EIGEN-WINDOW TECHNIQUE  
 
The following flow shows how the eigen-window system works:  
1. Make a database in advance. 
(a) Collect a set of training images. 
(b) Extract local features from each training image. 
(c) Reduce the number of local features according to the criteria of uniqueness and 
reliability. 
(d) Compress the set of features using eigen-space technique. 
(e) Make a database which consists of the compressed local features and their location 
in the training image in pairs. 
 
2. Compare input images with the database. 
(a) Extract local features from the input image. 
(b) For each local feature point, find the closest feature from the database. 
(c) Set a voting space and vote to those closest features. Voting method is explained 
below.   
(d) Detect the object according to the result of the voting. 
 

 The original algorithm is based on the eigen-space method (1), which calculates eigen 
values of a covariant matrix. The eigen-window method uses small windows as features 
for object recognition. Due to this window procedure, the algorithm can handle images 
that contain partially occluded objects. 
The important part of this algorithm is the voting process. Here we recall the voting 
operation, which is independent with the method of selecting local features. 



VOTING OPERATION 
 
We now have a database of characteristic windows {(wi,Ti;xi,yi)}, where Ti is the 
training image to which the window wi belongs, and (xi,yi) is the location of the 
window wi, in the image Ti. Let (w;x,y) be a window which is located at (x,y) in an 
input image J. The pose space of our voting system is ZxRxR, where Z corresponds to 
the number of training images and RxR corresponds to off-sets in a training image. If w 
is similar to wi, then we put a vote onto (Ti; x-xi, y-yi). 

 

 
Figure 1. Eigen-window technique. 

 

For all windows in J, we repeat this voting. If the number of votes on a point (I,x,y) is r, 
it means that there are r local features in the training image I, such that their relative 
position in the training image is the same as that in the input image. Hence, for each 
point in the pose space (I,x,y) on which the number of votes is large enough, there is an 
object in the image I with the off-set (x,y). Note that the off-set (0,0) means that the 
location in the input image is the same as that in the training image. 

As a result of this voting operation, our system has the following properties: 

1. It can recognize partially occluded objects if there are enough number of 
local-features that are not occluded in the input image. 

2. More than one object can be recognized at once. 
3. It is robust to object shift. 
4. There is no need to segment the vehicle area. 
 
 
VECTOR QUANTIZATION ALGORITHM 
 
The eigen-window method is very good at recognizing objects, but it is computationally 
expensive. In order to make the processing fast, we implement the system on a hardware 
parallel vision board, which is called IMAP-vision board. But hardware boards do not 



support floating-point calculations, which are required to obtain eigen-values and 
vectors of the covariant matrix. Hence we generalize the algorithm with vector 
quantization(3), as follows: 

1. Both input and training images are transferred to binary-edge images using an edge 
detector. 

2. The detectable windows, which the hamming distances to their neighbourhood are 
large, are chosen as the features. 

3. Code features are calculated instead of eigen-vectors: a code feature is the centroid 
of a nearest-neighbour cluster of training features. In other words, we create some 
average local features, which play the role of eigen-vectors in eigen-window 
method. 

 
The step 1 makes the system faster, and as the step 2 and 3 require only integer 
calculations, we can implement this algorithm on a hardware image processing board. 
The recognition flow is as follows: 

1. Make the database in advance. 

(a) Make the set of training images: All training images are binarized and edges are 
extracted with an edge detector. 

 
(b) Extract detectable local features from each training image:  A window w of  

(2n+1)x(2n+1) centred in (x,y) is called a detectable local feature point if the 
following value is large: 

min{H(D(x,y), D(x+i , y+j));  -n<=i ,j<=n}, 
where D(x,y) is the binary vector correspond to the window of (2n+1)x(2n+1) centred 
in (x,y) and H denotes the Hamming distance between two binary vectors. 

 
(c) Compress the set of feature points into code features: When the number of code 

features is set to n, we divide the whole space of binary vectors into n segments so 
that each segment includes the same number of local feature points. The centre of all 
local feature points in a segment is taken as the code feature of that segment. 

 
(d) Make the database, which consists of the location of the featuress in the training 

image, and the corresponding code features. 

 

2. Compare input images with the database. 

(a) Binarize each input image and extract the edges using an edge detector. 
(b) Extract local feature points from the binarized edge image. 
(c) Find the closest code feature in the database for each local feature. 
(d) Run the voting process. 
(e) Detect objects according to the result of the voting. 
 
 
 
 
 



MAKING TRAINING IMAGES FROM 3D CG 
 
As mentioned before, the recognition algorithm is model-based, hence, the system 
requires training model images of target objects. It is a very time-consuming task to 
collect real images of all target objects. In general, model-based recognition systems 
demand real images taken from the same camera as training images. Of course, CG 
images cannot fulfil this, due to the gap between the CG images and real images.  
 
But, as our system is based on local-features, we can expect that in each small window, 
the difference between CG images and real images would be small. Moreover, the 
voting procedure is robust against noise, so the small differences in CG training images 
will not be counted. Model training CG images can be created easily using a 
3-dimension computer graphics tool.  
Considering these advantages, we propose using CG images as training models. Our 
previous work has proved that this doesnot influence the accuracy of the system and CG 
images are effective enough to recognize vehicles from real images. 
 
 
 

PRELIMINARY EXPERIMENTS 
 

One of the objectives of our system is to assist road surveillance, providing the 
information about the vehicle, such as the type and the exact location of it. In particular, 
identifying the vehicle location is an important task for some applications. One example 
of such systems is ETC. In our preliminary experiments, we succeeded in recognizing 
the location of the vehicles accurately. 

The camera is fixed over the road, facing straight down to the road surface so that the 
size of a vehicle is always constant. Besides, this solves a main issue of our recognition 
algorithm, the sensitiveness to scale. 

Figure 2. Configuration of outdoor experiments 
 

The training images were created with CG, 4 images for each class as shown in Figure 
3. We set the window size to 7x7 and select 60 local features from each image. Next 

Camera

Sample image 



these features are encoded to 20 code features. A threshold of 50 extracts the prominent 
peaks of votes from the vote space. To make recognition system more robust, the vote 
space is filtered using a 3x3 mask which all the elements are 1, except the center with a 
value of 2. 
 
 

       
 (a) CG models of the sedan class 

 

       
 (b) CG models of the wagon class 

 

       
 (c) CG models of the one box class 

 

       
 (d) CG models of the hatchback class 

 
Figure 3. CG model images of each vehicle class. 

 
 
Table 1 shows the result of the preliminary experiments, which proves that this system 
is effective in tracking vehicles. But in this experiment, the four vehicle classes were 
tested separately.  
 

Table 1. Results of preliminary experiments 
Vehicle type class 

Result 
Sedan Wagon Mini-van Hatchback 

Success 25 19 19 18 
Total number of images 28 20 20 18 



    
(a) Input images 

 

    
(b) Recognition results 

 
Figure 4. Examples of preliminary experiments. 

 
 

VEHICLE CLASS RECOGNITION 
 

In the next stage, all 16 CG training images are used together, to classify the vehicles in 
input images. 49 input images, which are different from any of the training images and 
are in good condition, are tested. This experiment showed only an accuracy of 51%. 

 
Table 2. Preliminary classification result 

            Real class   
Classified as Sedan Mini Van Hatchback Wagon 
Sedan 9/14 0/14 0 1/9 
Mini Van 2/14 2/14 0 2/9 
Hatchback 2/14 9/14 11/12 3/9 
Wagon 1/14 3/14 1/12 3/9 
Total recognition ratio=51% 
 
DISCUSSION 
 
Most of the failures occurred due to a good characteristic of this system. Our system is 
robust to partial occlusion, but in the other hand, the system might get confused by the 
objects which are partially similar to a different object. For instance, the left figure of 
the failure examples shown in Figure 5 is a sedan, but it looks so similar to a wagon 
when the trunk is omitted. In other figures also, a part of the vehicle might be similar to 
another vehicle. 
 



 
 

Figure 5: Failure example images of our preliminary classification experiment 
 
These kinds of errors are usually hard to omit, but we propose some improvements to 
overcome this issue. 
  

IMPROVEMENTS OF THE ALGORITHM 
 

First background subtraction is applied to input images. Assuming that there are no 
obstacles between the vehicles and the camera, all the signals in subtracted images are 
considered as parts of vehicles.  
Next we check the neighbourhood of the recognized vehicle area. A main merit of our 
system is that it can detect the vehicle location accurately. Even in the failure examples, 
vehicle location is identified almost correctly. If the vehicle is recognized exactly, there 
should be no much signal around its neighbourhood. If there exists a large number of 
signals around the frame, it means a part of the vehicle is recognized as a small vehicle, 
so we eliminate that vote and go to the next. Currently the threshold of elimination, 
which depends on environmental conditions, is determined manually, so that the system 
would not eliminate the correct candidates with shadow noises. 
 
We have realized that binary features are too coarse to distinguish similar classes. 
Hence, template-matching technique is adopted to the system as well. The voting result 
gives several candidates, and after the elimination mentioned above is done, there still 
remain few candidates. As we know the vehicle location, in the next stage, we cut off 
the frame area from the input image, take the edges, and compare it with CG templates 
of all candidates. The closest candidate is selected as the final classification result of the 
input image. 
 
In short, for class recognition, the algorithm of our system becomes as follows: 
 
(a) Find candidates and their locations for each vehicle in an input image using our 

previous method. 
(b) Determine the vehicle area in the input image using vehicle location. 
(c) Eliminate candidates which a lot of noise exists in the neighbourhood, outside the 

vehicle area. 
(d) Adopt template-matching technique to compare the framed area and the candidates. 
(e) Output the class of the closest candidate. 
 
 
 
 



CLASS RECOGNITION EXPERIMENTS 
 

To evaluate the improvements of our system, we have done experiments using the same 
set of training images and the input images used in the previous experiment. Table 3 
shows the result of our new system. 
 

Table 3. The results of vehicle class recognition system 
 

            Real class   
Classified as Sedan Mini Van Hatchback Wagon 
Sedan 12/14 0 0 1/9 
Mini Van 0 9/14 0 0 
Hatchback 0 3/14 12/12 0 
Wagon 2/14 2/14 0 8/9 
Total recognition ratio=83% 
 
 
The following figures show some examples of recognition results. 
 

 
(a) Successful examples 

 

 
Real class: mini-van mini-van     sedan   sedan 

(b) Failure examples 
 

Figure 6. Experiment results of vehicle class recognition 
 
The results show that recognition ratio for mini-van is worse than the others. The reason 
for this is the number of training images for mini-van was not sufficient. As mentioned 
before, our system is sensitive to scale, and the number of CG training images we 
provided was not enough to cover the scale of all real mini-vans. As a result, small 
mini-vans are distinguished as hatchback, as shown in Figure 6.  



In the right two figures in Figure 6, the trunk parts of the sedans are occluded so that 
they are classified in to wagon. In this case, we need to process image sequences to 
determine the correct class. 

 
CONCLUSION 

 
We have confirmed through outdoor experiments that our local-feature based method is 
effective to vehicle-class recognition. The system can detect the vehicles and their 
locations correctly, and categorize the vehicles into four classes. The training images for 
the system are created using a 3D-CG tool easily. This reduces the hard work of 
collecting real images for every target model, which is a common issue in model based 
recognition systems. 

In our future work, we plan to test this system for more vehicle classes and enhance this 
method to an automatic classification system.  
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