Image Based Vehicle Type Identification
U. Iqbal, S.W. Zamir, M.H. Shahid, K. Parwaiz, M. Yasin, M.S. Sarfraz
Computer Vision Research Group (COMVis)
Department of Electrical Engineering, COMSATS Institute of Information Technology,
M.A.Jinnah Campus, Defense Road off Raiwind road, Lahore, Pakistan
{uiqbal.ciit, swzamir, hashimshahid, khazinaperwaiz}@gmail.com
Abstract—Vehicle type (make and model) recognition
provides high level of security to the systems that are
solely based on automatic license plate detection and
recognition. Most of the work in this direction has
been done in controlled conditions. In this paper we
evaluate in an extensive experimental setting, the
strength and weakness of various global and local
feature based methods on vehicle images captured
under controlled as well as uncontrolled conditions.
We have introduced a challenging database that has
been collected in complex conditions i-e scale,
rotation, illumination variation, low contrast etc. Our
method achieves 65 % rank-1 recognition accuracy
on vehicle images captured under uncontrolled
conditions with strong background clutter and 85 %
recognition accuracy on segmented vehicle images
captured under controlled conditions.
Keywords- MMR, gradient based methods, features
extraction, SIFT.

I.

INTRODUCTION

Crimes that involve vehicles are usually
organized and number plates of such vehicles in
most cases are bogus or tampered with. So systems
which are exclusively based on automatic license
plate detection and recognition [8][9][10] fails in
such cases. Vision based car make and model
recognition ‘MMR’ provides additional security to
license plate detection and recognition systems. It
has been largely studied over the last few years.
However, it is still an open field to work due to
complexity of severe imaging conditions. Security
control of buildings and restricted areas, traffic law
enforcements, surveillance systems, car park
management systems etc. are some major
applications of vision based car make and model
recognition.
Various methods have been proposed to
recognize vehicle make and model from frontal or
rear views of vehicles. Vehicles are identified by
extracting relevant features followed by either
matching these as templates or as a machine
learning problem. Petrovic and Cootes [1]
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proposed gradient based approaches to extract the
features of Region-Of-Interest (ROI) from frontal
view of cars and classified by using nearest
neighbor algorithm. Munroe and Madden [2]
explored machine learning techniques for
classification in vehicle make and model
recognition. Initially a Canny edge detector
followed by dilation process was used for
extraction of feature vectors. Afterwards various
machine learning classifiers were used to
determine the make and model associated with
each feature vector. Dlagnekov [3] investigated
vehicle make and model by using Scale Invariant
Feature Transform (SIFT) features [4]. It is
achieved by matching the key-points of vehicle
images. Kazemi et.al in [5] used Fast Fourier
Transform; Discrete Curvelet Transform and
Discrete Wavelet Transforms based image features
to classify MMR. Rahti et.al in [6] proposed the
direct replacement of curvelet transforms in [5]
with contourlet transforms for vehicle MMR. Zafar
et.al [7] enhanced the work of [6] by restricting the
contourlet feature in different subbands.
The results of methods proposed in the
literature so far are achieved on databases that are
collected under controlled conditions i.e. particular
scale, almost same illumination and suitable
weather conditions. Furthermore, the license plates
are standard in size, color and position. On the
contrary, in this paper a challenging database has
been introduced in which images are taken under
complex/uncontrolled conditions. We have
implemented various global and local features
based approaches on images captured in controlled
and uncontrolled conditions. In particular, we
evaluate as to which view (frontal or rear) is more
suitable for vehicle make and model recognition.
This paper is organized as follows; feature
extraction is discussed in section II. Vehicle type
recognition is described in section III. In Section
IV experimental framework and results are
explained followed by discussion and conclusion in
section V.

II.

FEATURE EXTRACTION

A. Feature Extraction Approaches
In any vehicle MMR application first step is
extraction of features. Most of the MMR systems
segment out vehicle from images by taking license
plate as a point of reference and then extract the
features from the segmented image using global
feature extraction. Some other approaches use only
minute part of image and use interest point based
feature detectors such as SIFT [4]. In this paper
some direct mapping methods and SIFT are used
for features extraction. The rest of the section
describes both of the techniques used.
1) Global Features Based Methods
Initially ROI is segmented from images by
taking license plate as a point of reference. Feature
extraction from the ROI provides a structure
representation used to recognize the object as
illustrated in (Fig. 1).

•

Direct Normalized (DN) gradients are vectors
on the unit circle with orientation in the range
[−π to π), fDN [1].
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•

Locally Normalized (LN) gradients gLN also
takes into account local structure by normalizing
each Sobel gradient (sx, sy) with the average edge
strength of gradient magnitude over an LxL
neighborhood around the pixels [1].
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2) Local Features Based Methods
Global features based techniques fail in cases
where a high in-class appearance variation is
expected due to e.g. scale, illumination and
background. To handle these and background we
propose to use local feature based matching using
SIFT [4] as done previously [3].
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Fig.1 Features extraction scheme

The approaches [1] implemented in this paper are
as follows;
• Raw Image values after some pre-processing
(Histogram equalization and Gaussian
filtering), concatenated into a feature vector
fraw, form the most direct representation of
vehicle appearance and serve as a general
reference for other, more complex and robust
representations.
• Sobel Edge Response sx and sy, are the
derivative of images, that are less sensitive to
lighting conditions.

a) Scale Invariant Feature Transform (SIFT)
In this paper SIFT is implemented to translate
interest points of an image into features vectors.
These features are invariant to scale, rotation,
partially invariant to illumination and also robust to
partial occlusion. The process of extracting features
encompasses four stages: (1) scale-space extrema
detection; in this stage each image is convolved
with Gaussian filter at different scales followed by
the Difference of Gaussian (DoG) extraction. Then
each pixel of DoG images is compared with its
eight neighbors at same scale and with its nine
corresponding neighbors in each of the neighboring
scales. Pixel is chosen as a keypoint if its value is
either minimum or maximum. (2) Keypoint
localization; keypoints with low contrast are
rejected and also eliminating high edge responses.
(3) Orientation assignment; orientations are
assigned to each keypoint to make sure the
property of rotation invariance. (4) Descriptor
assignment;
finally
feature
descriptor
corresponding to each keypoint is extracted. The
interest points regions of image are shown in (Fig.
2) after performing SIFT [4].

b one for that
otherwise count is increamented by
particular database image. Best matching
m
class is
reffered to query image by examined the highest
count. Sample matching of tw
wo images is
illustrated in (Fig. 4).

Fig.2 Interest points on an im
mage.

III. VEHICLE TYPE RECO
OGNITION
A. Global features matching scheeme
To classify the vehicle MM
MR using global
feature extraction, a set of 3 images from each car
are kept as a registration dataset. Features of test
image are extracted after the segm
mentation of ROI.
The nearest neighbor of test imaage is found by
taking the Euclidean distance withh the registration
dataset. Test image is classified bby assigning the
class of its nearest neighbor (Fig. 33).
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Fig.4 Interest points matchiing.

IV. EXPERIMENTAL FRAME
EWORK AND

RESULTS
We evaluate in an extensiv
ve experimental
setting the performance of vehicle make
m
and model
recognition under both controlled and
a uncontrolled
conditions.
A. Pre-processing
Initially all images (test and registration)
r
are
enhanced by histogram equalization
n. Subsequently
images are re-sampled to size of 128*128.
1) Controlled Conditions
The database [7][11] used fo
or this purpose
consists of 25 classes, each conttains 10 frontal
images where all images aree captured in
controlled/ideal conditions i.e. the angle between
camera and vehicle is same and thee illumination is
uniform. Also the license plate of alll the vehicles is
same in size, color and position so that the images
are accurately segmented by taking license plate as
a point of reference after nullifyin
ng the region of
license plate, as shown in (Fig. 5).
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Fig. 3 Methodology

B. Local features matching Schem
me
SIFTis applied on each image of database an
subsequent feature descriptors aare obtained.The
feature descriptors of every quuery image are
matched with the feature desccriptors of each
database images by using a couunt against each
database image as done in [3]. If ratio of first
closest neighbor to second clossest neighbor is
greater than 0.75 then that keyppoint is rejected

Fig. 5 Sample images in controlled conditions.

frontal and rear images of database, features are
extracted followed by the matching strategy as
done in previous section. Corresponding results
are shown in (Fig. 8(a)) and (Fig. 8(b)).

Fig. 6 Results in controlled conditions.

Experiments are performed using 3 registration
images for each class and remaining 7 as test
images. Features are extracted using Global
methods described in section II. Features of test
images are compared with the features of
registration images by using the methodology
explained in section III. Experiments are also
conducted utilizing local features extraction of
images (test and registration) by using SIFT and
afterward these features are matched by using a
scheme expressed in Section IIIB. Results are
illustrated in (Fig. 6).
2) Uncontrolled Conditions
Almost all previous work has been done by
making the conditions fixed which is not really the
case in real time. We have collected a database in
the period of three months under complex/real
conditions. Images in this database are captured
without making any ideal/controlled conditions as
depicted in (Fig. 7).It encompasses 38 categories of
vehicles having 15 frontal and 15 rear-view images
in each category.
In this database, 3 images are taken as
representative images for each class and rest of
them are dedicated as query images. Likewise, by
using Global and Local methods (Section II) on

Fig. 8(a) Results on frontal images under uncontrolled
conditions.

Fig. 8(b) Results on rear images under uncontrolled
conditions.

Fig. 7 Sample images in Uncontrolled Conditions.
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TABLE 1.Comparison of Results

Approaches
Raw Image
Sobel Edge
Response
Direct
Normalize
Gradient
Locally
Normalize
Gradient
SIFT

Results in
Controlled
Conditions
(%)
70.8

Results in
Uncontrolled
Conditions
(%)
Frontal Rear
33.4
53.7

80.1

37.6

64

85.7

48

65.7

52.5

19.1

1.5

71.8

41

39.1

V. DISCUSSION AND CONCLUSION
Our results indicate that accuracy of MMR is
severely affected in uncontrolled conditions. Most
of existing approaches reported high accuracy rate
of MMR. Petrovic and Cootes [1] reported 87.3%
accuracy by using different gradient features from
images. Dlagnekov [3] using SIFT feature stated
89% accuracy rate. Kazemi et.al in [5] affirmed
92% accuracy by investigating the use of Fast
Fourier Transforms, Discrete Wavelet Transforms
and Discrete Curvelet Transforms based image
features in vehicle MMR, using a relatively small
car database comprising only five different vehicle
types. Rahati et.al in [6] proposed Contourlet
transforms for vehicle MMR and achieved
52%accuracy on the same database as reported in
[7]. Zafar et al.[7] extended the work of Rahati
et.al by restricting the contourlet features in
different subbands and reported a peak
performance of 94%, on the same database. The
accuracy figure of 94%,however, is achieved when
using ten images in each class for training and only
one to two images per class for testing, as
demonstrated by their results the accuracy drops to
85% when using four images per class for training
as investigated in [11].
In this paper we have computed results on
two databases, one is captured in controlled
conditions that is used in contemporary approaches
[11][7] and second is our proposed database that is
collected in uncontrolled conditions, for the
evaluation of techniques described earlier. As table
1 clearly indicates, Global techniques and SIFT
produce better results in controlled conditions,
whereas, results are compromised in case of
uncontrolled conditions due to in-class appearance
variation i-e scale variability, illumination changes,
low contrast, rotation etc. As results shows the
methods implemented in this paper are efficient in

controlled conditions only, rather than in
normal/real conditions. Based on our experimental
results, we conclude that rear-view vehicle images
should be preferred for vehicle MMR. From
extensive experimentation it is also concluded that
to recognize vehicles in real condition, effective
pre-processing and more sophisticated techniques
are required that are robust to practical conditions
such as illumination, viewing angle, scale, rotation
etc.
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