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SUMMARY This paper describes our vehicle classification
system, which is based on local-feature configuration. We have
already demonstrated that our system works very well for vehicle
recognition in outdoor environments. The algorithm is based on
our previous work, which is a generalization of the eigen-window
method. This method has the following three advantages: (1) It
can detect even if parts of the vehicles are occluded. (2) It can
detect even if vehicles are translated due to veering out of the
lanes. (3) It does not require segmentation of vehicle areas from
input images.

However, this method does have a problem. Because it is
view-based, our system requires model images of the target ve-
hicles. Collecting real images of the target vehicles is generally
a time consuming and difficult task. To ease the task of collect-
ing images of all target vehicles, we apply our system to com-
puter graphics (CG) models to recognize vehicles in real images.
Through outdoor experiments, we have confirmed that using CG
models is effective than collecting real images of vehicles for our
system. Experimental results show that CG models can recognize
vehicles in real images, and confirm that our system can classify
vehicles.
key words: eigen-window method, vector quantization, CG im-
age, vehicle recognition, vehicle classification.

1. Introduction

The main purpose of vehicle detection is to measure
the number of vehicles at each sensing point for flow
estimation and prediction. As a result, point-oriented
sensors, i.e., ultrasonic sensors or loop detectors, have
often been used. But these sensors can detect only
whether a vehicle is present at a certain place; they
cannot collect other important traffic information such
as velocity, size and type of vehicles.

Recently, image-processing sensors have become
available for ITS applications. Not only can those sen-
sors measure the number of vehicles but they can also
measure velocity; in addition, they have the potential
to detect traffic accidents.

One of the common problems with image-based ve-
hicle recognition systems is their inability to segment
vehicle areas from input images. Various researches on
updating background (e.g., [1]) have been conducted
with the result that, by using the background subtrac-
tion method, it is easy to obtain moving object areas.
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But in cases where vehicles are occluded by other vehi-
cles, it is difficult to segment each vehicle area. We have
already proposed an algorithm to recognize specified ve-
hicles in infrared images based on local-features[9]. The
algorithm can solve the problem of segmenting vehicles.

Despite the fact that a number of vehicle classi-
fication systems exist, most of them distinguish large
vehicles such as buses, trucks, and normal passenger
vehicles from one another. But in applications for
systems requiring precise vehicle types and locations,
e.g., electronic toll collection (ETC), mobile operation
control systems (MOCS), commercial vehicle opera-
tions (CVO), and public transportation priority sys-
tems (PTPS), it might be necessary to classify vehicles
into many groups.

In this paper, we propose a system that uses image-
processing sensors for detecting vehicles and classifying
their types with CG model images.

Our system is based on the algorithm of our pre-
vious work mentioned above . We have already shown
that this system works very well, when a sufficient num-
ber of training images are available in advance. How-
ever, such a situation, although optimal, is not realistic.
It is true that we can obtain real images with the cam-
era in our system and that we can update our system
every day, but before the update, we need to segment
vehicle area, determine the orientation of each vehicle
and classify its type. All tasks would be executed man-
ually, which would be impossible. In short, collecting
real images of the target vehicles is important for our
system but it is generally a time consuming and diffi-
cult task. To reduce such tasks, we employ computer
graphics (CG) as training images. Experimental results
have confirmed that our system still works well using
CG model images rather than real images.

It is true our system can be applied on any image
from any camera angle, but in this paper we apply only
the overhead view so that the system can serve as a
verification system for ETC, where it is important to
decide when communication should begin: if too soon,
another vehicle may be traveling between the gate and
the vehicle intended to be communicated with; if too
late, the gate might not open in time. Our system can
detect vehicle location correctly; therefore, it can en-
hance the ETC system. In order to avoid the occlusion
problem, it is advisable to mount the camera on road,



2
IEICE TRANS. , VOL. E00–A, NO. 12 DECEMBER 2002

facing down onto the road surface. This camera loca-
tion is good for image processing but there still remain
several problems such as casted shadows and chang-
ing illumination conditions, which is solved for limited
number of vehicles with our system [10].

This paper is organized as follows. In the next two
sections, we describe our algorithm. Our system clas-
sifies vehicles through the following two methods. The
first one is the recognition with local features-based
method described in section 2; the second one is the
classification by using template matching described in
section 3. After presenting the results of outdoor ex-
periments in section 4, we close the paper with our con-
clusions.

2. Recognition Algorithm

We first recall our basic recognition algorithm, which
is based on the eigen-window method originally devel-
oped by Ohba and Ikeuchi[5], [7]. Later, the algorithm
was modified for the IMAP-vision board, which handles
only integers using the vector quantization method [6].
The following flow shows our recognition method:

1. Make the database set in advance.

a. Make the set of training images.

b. Extract local feature points from each training
image.

c. Compress the set of feature points.

d. Make a database set which consists of pairs of
a compressed local feature and the location of
the feature point in the training image.

2. Compare input images with the database set.

a. Extract local feature points from the input im-
age.

b. Find the closest feature points in the database
for each local feature point.

c. Make a vote such that two feature points in
the input image are voted to the same point
if, and only if, their relative position is the
same in both the training image and the in-
put image.

d. Detect according to the result of the vote.

The original algorithm is based on the eigen-space
method [3], in which we calculate eigen values of a co-
variant matrix. The eigen-window method uses small
windows as features for object recognition. This win-
dow method enables the algorithm to handle images
that contain partially occluded objects.

2.1 Eigen-window Method

2.1.1 Eigenspace Technique

Here we summarize the eigen-space method. Let
z1, z2, . . . , zM be a set of training images of n×m. Each
zi can be considered as a point in N = n × m dimen-
sional vector space. Let c be the average of all training
images: c =

∑
zi/M . Then we have a N × M matrix

Z and its covariant matrix Q of N × N as follows:

Z = {z1 − c, z2 − c, . . . , zM − c}
Q = ZZt

Note that we can consider Q̃ = ZtZ instead of Q
of M × M if N � M .

Let {λi}, λ1 >= λ2 >= · · · >= λM >= 0, be the eigen-
values of Q, and {ei} be its eigen-vectors: λiei = λiQ.
For a given threshold T , which is approximately 0.1, we
can obtain such a number k that(

k∑
i=1

λi

)
/

(
N∑

i=1

λi

)
>= T.

We can expect that k is sufficiently smaller than
N if T is suitable. In general we can expect k is small
enough, usually less than ten. The matrix Q is consid-
ered to be a diagonal matrix with respect to the base
{e1, e2, . . . , eN}. The contribution of ek+1, . . . , eN is
relatively small; hence, we can reduce this liner map of
Q as

E = [e1, e2, . . . , ek].
Using this reduction, we identify any image p of

n×m as Et(p−c), which is a point in the k-dimensional
vector space. If we put p = zi, we obtain a reduced set
of the training images.

In other words, we can reduce a set of points in
N -dimensional vector space to a set of k-dimensional
vector space. Usually k is about 10 or less, whereas N
is over 1000; hence, it is much easier to match two im-
ages in k-dimensional vector space. We call the reduced
k-dimensional vector space the eigen-space.

2.1.2 Local Feature Points

In this subsection, we explain how to select local fea-
tures. We first extract the local features through the
corner detector of Tomasi and Kanade[2]. Let I be the
image intensity, x = (x, y) be the coordinate and R be
the region of a window (e.g., 10×10 square). Consider
the following matrix S of 2×2:

S =
∑
x∈R

(
∂I

∂x

)(
∂I

∂x

)T

Then S has two eigenvalues: λ1, λ2. We select the
window as a local feature point if
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Fig. 1 Uniqueness criterion

Fig. 2 Reliability criterion

min(λ1 , λ2) > λ

for a given threshold λ.
Secondly, when we make the database of training

images, we reduce the local features to a lesser number
of characteristic windows according to the criteria of
uniqueness and reliability.

Let zi1, zi2, . . . , ziMi be the set of local features in
a training image Ii, and z11, z12, . . . , zNMN be the set
of all local features in the training images.

We define that a window zij is unique if it satisfies
the following property:
[Uniqueness criterion](Figure1) For all zkl |= zij ,
‖zkl − zij‖ > ε, where ε is a given threshold.

If zij is not unique, it means that there exists a
local feature zkl which is similar to zij . This fact in-
creases the cost of the vote because a window w which
is similar to zij is usually similar to zkl as well. In Fig.
1, the windows of a1 and b1 are similar, whereas the
window of a2 is unique. We remove the local features
which are not unique, such as a1 and b1.

A window zij is reliable if the following property
is held:
[Reliability criterion](Figure 2) Let I′ be a image in
which the target object in I is slightly moved, and z′ij
be the corresponding window of zij in I′. Then z′ij is
similar to zij : ‖z′ij − zij‖ > ε′.

Since a window which is similar to a non-reliable
feature might not actually be similar to a part of the ob-
ject recognized, we also remove the local features which
are not reliable, such as a2, b2 in Fig. 2.

We remove local features so that remaining local
features satisfy both the uniqueness criterion and the

reliability criterion. We refer to the remaining local
features as reduced local features.

2.1.3 Compression

We can apply the eigen-space technique to the set
of reduced local features to obtain the set of com-
pressed characteristic local features. The dimension of
local-features is about 10×10 and k is approximately
five. We define the database as the set of all reduced
local-features projected into the eigen-space, which is
spanned by k local features.

In one case, the contribution of the first five eigen-
values was 99.2%, which means that any local-feature
is well-described as a linear combination of these five
eigen-windows. We show examples of local-features and
their eigen vectors in figure 4.

Fig. 4 Examples of local-features (upper line), The first five
eigen-windows(lower line)

2.1.4 Recognition

For any input image J , we can extract local feature
points {wl} with the corner detector. Our system
searches for locations where objects exist in J according
to the following voting system(See Fig. 3).

Let D = {z11, z12, . . . , zNM ′
N
} be the database. For

simplicity, we rewrite D = {z1, z2, . . . , zM} and assume
that each zi comes from the window located at (xi, yi)
in the training image Ii.

The base space of our voting operation is
Z× R ×R, where Z corresponds to the number of
training images, and the other two R’s correspond to
off-sets in the image.

Consider a local feature w ∈ {wl}. If the location
of w in the input image J is (x, y) and w is similar
to some zi; ‖zi − w‖ < ε, then we put a vote onto
(Ii, x−xi, y− yi). If w is similar to another zj , we also
put another vote onto (Ij , x − xj, y − yj).

It is easy to see that w1 and w2 are voted onto the
same point if, and only if, there exist zi and zj such
that

(1) w1 is similar to zi, and w2 to zj .
(2) Ii = Ij.
(3) xi − xj = x1 − x2 and yi − yj = y1 − y2.
If the number of votes on a point (I, x, y) is r, it

means that there are r local features in a training image
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Fig. 3 Eigen-window method

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 base space (I, x, y) on which the number
of vote is large enough, our system tells that 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 in-
put image is the same as that in the training image.
Because of this voting operation, our algorithm has the
following properties:

1. It might recognize occluded objects when there is
a large enough number of local-features which are
not occluded in input images.

2. It can recognize all non-occluded objects in input
images.

3. It can detect the objects even if the location in an
input image is different from that of the training
image.

4. It does not require us to segment the vehicle area
from the input images.

2.2 Vector-Quantization Algorithm

The vehicle recognition system using this algorithm has
been reported in [9]. Although we have confirmed that
the eigen-window method works well in detecting speci-
fied vehicles, its processing time is too long for practical
use. Thus, we decided to implement our method on the
image processing board, the IMAP-vision board. Since
the hardware supports only integers, we modified our
algorithm so that it is based on vector-quantization[6]
instead of on the eigen-windows.

2.2.1 Local Feature Points

First, the binary image is obtained through an edge
detector from the original image, and then the stable
windows are selected as described below.

Let B(I; x, y; b) be the window of size (2b + 1) ×
(2b + 1) pixels around (x, y) in a binary image I. The
Hamming distance DH between two binary vectors of
the same dimension is defined as the sum of absolute
distance of each corresponding coordinate value. Thus,
the Hamming distance of two binary images is equal to
the number of unequal elements in corresponding posi-
tions.

We can define a stable window of size (2b + 1) ×
(2b + 1) pixels around (x, y) in an image I as those of
which value r(I; x, y) is small.

r(I; x, y) :=
min

−d<=dx<=d

−d<=dy <=d

(dx,dy) |=(0,0)

(DH [B(I; x + dx, y + dy; b), B(I; x, y; b)])

For each training image Mi, we can select the first
n windows of size (2b + 1) × (2b + 1) centered around
(xij , yij)1<=j<=n, such that r(Mi, xij , yij) is small.

2.2.2 Compression Method

Let z1, z2, . . . , zM be a set of binary training images of
n×m. They are considered to be points in N = n×m
dimensional vector space V on {0, 1} = Z/2Z. Then,
for given G, we can obtain such G segments {gi}G

i=1 in
V that any gi includes c training images, where c is N
divided by G. Instead of the eigen-vectors used in the
previous method, we can use {vi}, the center of each
segment:

vi =
∑

zk∈gi

zk/c

In this way, we obtain only G kinds of images in-
stead of N local features, and this G kinds of images
are called the code features.

Note that the distance between two points in V is
equal to the exclusive OR operation of two points.
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3. Classification Algorithm

Our system recognizes vehicles in input images by using
the algorithm described in section 2. We have already
proposed a simple classification algorithm [8], but this
algorithm is not sufficiently accurate to distinguish be-
tween two similar classes as shown in 4.1 below. For
that reason, we propose our new vehicle-classification
algorithm using template matching after recognition.

The following flow shows our classification method:

1. Make templates of target vehicles in advance.

a. Make binary edge images of target vehicles us-
ing the edge detector.

b. Make templates, extending binary edge im-
ages by quantized Gaussian function.

2. Select class candidates from recognition results.

a. Label class data on each training image.

b. Select class candidates by evaluating the max-
imum number of votes in recognition results.

3. Select class of the recognized vehicle by using tem-
plate matching.

In the remainder of this section, we describe the
vehicle classification method.

3.1 Selection of Class Candidates

First, in the recognition phase (mentioned in Sect. 2),
we label a particular class of each training model image;
thus, the class label of the training image which shows
maximum vote is the most likely class of the recognized
vehicle in the input image. But features extracted in
the recognition phase are suitable only for recognition,
not for classification. Hence, the class label shown in
the results of recognition, is not reliable for classifica-
tion. For this reason, we select Nc class candidates in
the recognition phase. Each training model is evalu-
ated by the maximum number of votes, and then we
can select first Nc class candidates such that maximum
number of votes is large.

3.2 Template Matching

3.2.1 Making Templates

From selected candidates, we decide the class of the
recognized vehicle by using the template matching
method. First we prepare templates of the vehicles.
Since our recognition method uses binarized edge im-
ages, we also perform template matching on binarized
images. For binarized input images, we prepare edge
templates extended by Gaussian function.

m3 m3 m3 m3 m3 m3 m3

m3 m2 m2 m2 m2 m2 m3

m3 m2 m1 m1 m1 m2 m3

m3 m2 m1 m0 = Max m1 m2 m3

m3 m2 m1 m1 m1 m2 m3

m3 m2 m2 m2 m2 m2 m3

m3 m3 m3 m3 m3 m3 m3

Fig. 5 The mask used to extend edge images

The templates are made from the edge images;
first, the binary images are obtained from the train-
ing image through an edge detector, and then the bi-
nary edge images are extended by Gaussian function.
Since we implemented our vehicle recognition system
on IMAP-vision board, which supports only integers,
we modified the Gaussian function so that it is suitable
for the IMAP board. We use the mask shown in Fig. 5
as a quantized gaussian function in order to extend edge
images, in this mask Max = m0 > m1 > m2 > m3 > 0,
and Max >= 8m1+16m2+24m3. We calculate the value
of templates to put on the mask at each point of the
binary images.

Let e(x, y) be the value of the binary image at the
point (x, y) (e(x, y) takes only 0 or 1),and ti(x, y) be
the value of the template ti at same position defined as
follows:

ti(x, y) = min(Max,

3∑
dx,dy=−3

m||d||e(x + dx, y + dy))

where we denote ||d|| = ||(dx, dy)||∞ = max(|dx|, |dy|).
Note that ti(x, y) = Max if e(x, y) = 1.
In our experiment, we set that m1 = 13,m2 =

6,m3 = 2, Max = 255, and we normalize the value
[0, 255] into [0, 10] in order to be fit for the IMAP-vision
board.

3.2.2 Template Matching

In the recognition phase, our system can detect the po-
sition of a vehicle; thus, template matching might be
done only around the detected position.

Let {t1, t2, . . . , tM} be the templates of the candi-
date class C, ti(x, y) be the value of the template ti at
the position (x, y) in ti, and I(x, y) be the binary value
of the input image at position (x, y) in the input image.
We put the template ti at the position (xi, yi) in the
input image; thus, the evaluation value Ev(ti; x, y) of
the template ti at the position (x, y) in the input image
is defined as

Ev(ti; x, y) =

∑X+xi,Y +yi

x=xi,y=yi
ti(x − xi, y − yi)I(x, y)∑X+xi,Y +yi

x=xi,y=yi
I(x, y)

where X ×Y is the size of the template. We obtain the
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evaluation value EvC of the class C as follows;

EvC = max
−d<=dx<=d,−d<=dy<=d

1<=i<=M

Ev(ti; x + dx, y + dy)

We calculate EvC of all candidate classes, and select
the candidate which has the highest value of EvC as
the class of the recognized vehicle. In our experiment,
we set that d = 5,M = 6.

4. Experiments

In this section, we show the result of our outdoor ex-
periment.

4.1 Comparison Between Models From CG Images
and Real Images

One purpose of this paper is to confirm that our al-
gorithm is effective for systems which require accurate
vehicle location; hence, we installed the overhead type
of camera above the road. We had already developed
a simple classification algorithm [8], thus, at first we
applied it to the images taken by our camera. Mak-
ing a class template of a sedan from CG model im-
ages, our system detected 25 sedans in 28 real images
in which there was a sedan-type vehicle. As for the
class of wagon, it detected 19 in 20 images. We will
explain how to make templates from CG models in the
following subsection.

We have already had results for real images. As
described in [8], where the camera is located at the
roadside, monitoring traffic flow, our system can detect
vehicles of class sedan. In that case, we have achieved
a recognition ratio of 91% for 280 images.

These results show that employing CG model im-
ages instead of real images is effective.

Thanks to CG model images, we can easily obtain
many training images for various kinds of vehicles. As
a result, we can perform experiments with several ve-
hicle classes. But unfortunately, our simple algorithm
does not work very well if we have two or more simi-
lar classes: the system often confuses similar classes, a
problem which does not occur if their is only one class.
For that reason, we need to make the algorithm more
sophisticated so that it can distinguish among similar
classes, as described above.

4.2 Training Images of Computer Graphics

As we have already mentioned, it is a very time-
consuming, but nevertheless important task, to collect
real images of all target objects. We here propose to
use CG images as training images to reduce the per-
formance time of tasks without loss of accuracy. Re-
cent computer graphics technologies provide CG images
enough reality to enable their use as training model im-
ages for recognizing vehicles in real images. Model CG

Fig. 6 CG training images

images can be created easily by using a 3-dimension
computer graphics tool. We have confirmed that our
system using CG images as training images is suffi-
ciently effective for recognition of vehicles in real im-
ages, performing outdoor experiments. Sample images
of CG training images are shown in Fig. 6.

4.3 Outdoor Experiments

We have performed outdoor experiments to confirm the
effectiveness of our vehicle classification system. Our
system is based on the vector quantization algorithm
mentioned above. In these experiments, our purpose
was to detect vehicles in input images and to classify
them into particular classes. We took several image
sequences using a fixed camera, and we categorized ve-
hicles in these images into 4 classes: sedan, wagon, mini
van and hatchback. For each class of vehicles, we pre-
pared training CG images and made models for recog-
nition and templates for classification in advance; then
we experimented to determine whether our system can
recognize vehicles’ locations. and classify to which class
they belong. In the recognition phase, we selected 2
candidates for classification (Nc = 2).

Table 1 shows the parameters of our system in ex-
periments. We prepared 6 CG training images per each
class to cover variation of appearances of vehicles in one
class. We set the window size to 11 × 11 and selected
26-42 local features on each image in proportion to their
size to obtain 20 code features (2b + 1 = 11, G = 20).
Figure 7 shows extracted features from images shown
in Fig. 6 and calculated codes.

To make the recognition system more robust, the
vote space was filtered using 15 × 15 mask whose ele-
ment values are all 1 except the center, whose element
value was 2. In addition, we used background subtrac-
tion in order to reduce excessive edges. Since we used
a fixed camera, the background image did not change
frequently. We prepared the initial background image
and it was updated according to input images. The
subtraction was performed after binarization. Because
illumination often changes in outdoor environments, a
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Fig. 7 Extracted features from images shown in Fig. 6 and
calculated codes

no. of classes 4 no. of models 6 (par class)
candidates 2 no. of features 26-42 (par model)

no. of codes 20 window size 11 × 11

Table 1 parameters of our system in outdoor experiments

background subtraction between gray-scale images does
not work well in such cases.

Let Ii(x, y) be the input image after binarization,
Ib(x, y) be the binarized background image and Is(x, y)
be the image after subtraction, then we define a bina-
rized background subtraction as follows;

Is(x, y)=
{

1 (Ii(x, y)=1, Ib(x, y)=0)
0 (other cases)

(1)

4.4 Results

We processed 87 input images; 28 of them included
sedan type vehicles, 20 included wagon type vehicles,
20 included mini van type ones, and other 17 included
hatchback type vehicles. The dimension of each im-
age is 256 × 240 pixels. Figure 8 shows several ex-
amples of input images and processed images. In pro-
cessed images, recognized vehicles are shown as rectan-
gles at the detected position, and classification results
are displayed at the upper left of the images. Table 2
shows the confusion matrix of experiments; in this ta-
ble, columns represent the true class of the vehicle in
the input image decided by a human, and lines mean
the classification results of our system. Our system
can detect all vehicles at their exact positions and can
classify them at 54 % accuracy. Compared with other
methods [4], [11], our system shows good results.

The reason why our system works better than oth-
ers is essentially the difference of the algorithms. Our
algorithm is view-based and has a huge database of
viewing for each camera. If we change the camera,
we need to make a new database for it. But once the
database is created, our system works well. In the case
of [4], the algorithm is model-based and the recognition

Fig. 8 Examples of input images and processed images

True Class
Class as sedan wagon mini van hatchback
sedan 9 2 4 1

wagon 15 14 2 3
mini van 0 1 11 0

hatchback 4 3 5 13
total (true) 28 20 22 17

accuracy 54%

Table 2 Confusion matrix of experiments

algorithm strongly depends on the model. In the case
of [11], the inductance pattern is not sufficiently stable
for vehicle identification. We think that any algorithm
could be better if we had more real data, but, it is usu-
ally very hard to obtain such data and to analyze it.
In our system, we can come around to collect a large
amount of real training images by using CG images in-
stead.

Most failures in this experiment were caused by the
confusion between sedan vehicles and wagon vehicles.
Actually, if we unite two classes of sedan and wagon
into one class, the total recognition ratio becomes 74%.
The reason why our system confuses both classes is as
follows. As in figure 6, we can obtain a wagon vehicle
occluding trunk of sedan vehicle. Thus, it is natural
that our system would often confuse classes of sedan
and wagon. For a practical system, we are developing
a new algorithm which can distinguish two classes such
that the template of one class is included in that of
another one.

5. Conclusion

We have confirmed through outdoor experimentation
that our local feature-based method using CG train-
ing images is effective for vehicle classification. In our
experiment, CG models of vehicles categorized into 4
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classes are given in advance and our system detects the
location of the vehicles in input images. One of the
common problems in model-based recognition systems
is the difficulty of collecting model images of target ob-
jects. We can easily create each vehicle model by using
a 3-D CG rendering tool; this reduces the trouble of
collecting real images of the target vehicles. In classi-
fication experiments, the accuracy of our system is al-
most 55%. This is a good result compared with results
of other methods [4], [11], but for a practical system,
higher accuracy is required.

We plan to develop a more accurate vehicle clas-
sification method, which has enough classification ac-
curacy for practical use, and also plan to implement a
classification system.
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