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Learning Discriminative Pattern for Real-Time
Car Brand Recognition

Chuanping Hu, Xiang Bai, Senior Member, IEEE, Li Qi, Xinggang Wang, Gengjian Xue, and Lin Mei

Abstract—In this paper, we study the problem of recognizing
car brands in surveillance videos, cast it as an image classification
problem, and propose a novel multiple instance learning method,
named Spatially Coherent Discriminative Pattern Learning, to
discover the most discriminative patterns in car images. The
learned discriminative patterns can effectively distinguish cars
of different brands with high accuracy and efficiency. The ex-
perimental results demonstrate that our method is significantly
superior to recent image classification methods on this problem.
The proposed method is able to deliver an end-to-end real-time car
recognition system for video surveillance. Moreover, we construct
a large and challenging car image data set, consisting of 37 195
real-world car images from 30 brands, which could serve as a
standard benchmark in this field and be used in various related
research communities.

Index Terms—Car brand recognition, image classification, dis-
criminative learning, multiple instance learning.

I. INTRODUCTION

V EHICLE recognition plays an important role in intelli-
gent transportation systems (ITS), smart city and video

surveillance due to the drastically increasing number of image/
video data collected by cameras on urban roads. In this paper,
we study the problem of car brand recognition: Given a car
image/video frame, the goal is to determine the brand of the car,
e.g., Audi, BMW, and Volkswagen. We focus on recognizing
car brands from the frontal view of car images, which is very
helpful for vehicle image search or identification, car localiza-
tion [1] or tracking [2], and automatic driving, etc. It is a solid
application in video structural description (VSD) [3], which is
designed to handle huge amounts of surveillance videos. Unlike
conventional vehicle recognition problems, distinguishing cars
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from different brands is a challenging task because of the
following challenges.

• The number of car categories (sub-brands) is large. At pre-
sent, there exist at least 1000 kinds of cars in a medium
sized city. The car images from different categories often
have similar appearance and shape configuration, as shown
in the middle row in Fig. 1. The subtle difference between
car images from different brands is extremely hard to be
caught and handled by current visual recognition systems,
which makes brand recognition very challenging.

• Cars from the same category may have significant intra-
class variations in appearance or shape, as shown in the
top row in Fig. 1. It is difficult to overcome such intra-
class variations meanwhile maintaining the discriminative
power of the recognition system.

• Car appearance can be easily influenced by the change
of natural environments, as shown in the bottom row in
Fig. 1. For example, haze, snow, and other illumination
changes may cause significant variation in car appear-
ance. In addition, viewpoint change may also cause large
appearance variation.

• Identifying the most discriminative parts of cars for brand
recognition is hard. Obviously, learning with bounding
boxes of cars as traditional methods is too rough to discover
the detailed differences among different brands. We pro-
pose to use the frontal view of car and adopt learning meth-
ods to find discriminative parts in frontal view images.

Due to the above difficulties, as far as we know, there are few
works that address the problem of visual car brand recognition.
Some researchers proposed straightforward approaches for car
brand recognition by performing car logo matching and classi-
fication [4], [5]. However, such methods are not stable, mainly
because of the low quality of images/videos, especially when
the resolution is small or the logo is damaged or occluded. In
this paper, we study the problem using the whole frontal view
images of cars, which is motivated by the phenomenon that
the differences of cars among different brands cannot be fully
reflected merely by logos, while some other attributes such as
the shape of car lights and front grids, the spatial arrangement
of those components are informative as well, and may be
beneficial to this task.

In order to investigate visual car brand recognition, we col-
lect a large car image dataset with 30 car brands and 37195 car
images. The car images are extracted from surveillance videos.
To extract car images, we annotate the bounding boxes of
a number of cars and train a car detector using the popular
Deformable Part Model (DPM) object detector [6]. With this
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Fig. 1. The challenges in car brand recognition. Top row: Car images from the same category but their appearance and shape varies significantly. Middle row:
Car images from different categories but have similar appearance and shape. Bottom row: Car images contain different types of noises.

pre-trained car detector, we detect cars in video frames, and
crop the detected car regions. For privacy protection, all the
numbers on the license plates are blurred using randomly gen-
erated Gaussian blur kernels. The collected dataset reflects the
real challenges of visual car recognition in realistic scenarios
as described above, since the images are directly taken from
real-world surveillance videos. Examples of car images in this
dataset are shown in Fig. 1.

After collecting the car images, the car brand recognition
problem is a standard image classification problem. Finding an
effective and efficient image representation for image classifi-
cation is a core topic in computer vision. There are a number
of important developments in recent literatures to address this
problem. The global image representations like HOG [7] and
GIST [8] describe the structure of images, but are sensitive to
deformation and occlusion. The Bag of Features (BoF) model
[9] aggregates local image descriptors like SIFT [10] into a
compact image representation using a codebook, which is able
to tolerate deformation and occlusion, and gives more flexible
image representation. Both the global image representations
and BoF image representation are based on hand-craft image
features. The hand-craft image features may probably loss key
information for recognition in the input end of vision systems.
Recently, it is popular to learn image features automatically
using deep learning methods [11]. The deep learning methods
are able to learn image representations automatically from the
input raw image pixels.

Different from the global image representations, BoF image
representations and deep learning image representations men-
tioned above, we propose in this paper a new image representa-
tion based on discriminative image patterns, and validate that the
proposed image representation is more suitable for car brand re-
cognition than the previous image classification approaches. The
discriminative patterns are image patches that can tell the
differences between different car brand categories. As shown in
Fig. 4, there are some discriminative patterns learned using our

algorithm on the proposed car dataset. As can be seen, besides
the image patches of car logo, there are other unique structures
designed by car manufacturer like the shape of window corner
and frontal grids, which make the car looks different from the
cars of other brands. In this paper, the goal is to obtain and make
use of such discriminative patterns for the task of car brand
recognition.

It is extremely difficult to define and label such discrimina-
tive patterns in car images by hand, since such tiny difference
cannot be easily discovered by a non-auto-fancier and the label-
ing procedure is time consuming. In the setting of our car brand
recognition system, in training only the brand labels of car im-
ages are given, which is obviously a weakly supervised setting.
The key issue is how to find the desired discriminative patterns
in car images. Towards this end, we take advantage of recent de-
velopments of weakly-supervised learning, in particular Multi-
ple Instance Learning (MIL) [12]. MIL algorithms can explore
fine-grained information when only coarse annotations are given.
In the case of car brand recognition, in training car label which
indicates the category is known, but discriminative patterns in car
images are not given. The procedure of labeling discriminative
patterns in car images is very difficult even for human. Only car
experts are able to tell the subtle differences between the appear-
ances of different brands of cars. In this paper, we prove that
MIL algorithms can solve this problem in a data-driven way.
We propose a new MIL algorithm called Spatially Coherent
Discriminative Pattern Learning (SCDPL) to automatically
learn discriminative patterns in car images. Different from
the previous MIL algorithms, such as [13]–[15], the proposed
SCDPL learns discriminative patterns with coherent spatial
information, which leads to high accuracy in car brand
recognition. The spatial information is denoted as the relative
positions of patches in car images.

Fig. 2 illustrates the pipeline of our real-time car brand recog-
nition system. First, car is detected from surveillance video
using a real-time DPM algorithm [16]. Then discriminative
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Fig. 2. The pipeline of our real-time car brand recognition system.

patterns in the car are extracted using the learned discriminative
pattern models using SCDPL. To ensure the proposed car brand
recognition system is highly efficient, we train linear SVM as
discriminative pattern model, and we use HOG [7] as image
feature, since HOG can be computed efficiently for the whole
image and the feature of a patch can be fetched easily from
the HOG template of the whole image. In summary, we make
the following contributions in this paper: (1) An end-to-end
real time car brand recognition system. (2) A novel image
representation based on discriminative patterns learned using
SCDPL. (3) A large and challenging car brand recognition
dataset collected from real-world surveillance videos.

II. RELATED WORK

Vehicles, including cars, are the core object in intelligent
transportation systems. There are a large amount of research
works related to vehicle detection and recognition.

Vehicle Detection: A large amount of computer vision tech-
niques have been adopted for vehicle detection in the litera-
tures: The local symmetry operators [17]–[19], which measure
the symmetry of an image patch about a vertical axis in the
image plane, were adopted to recognize the vertical sides of
vehicles. Edge information is used for vehicle detection in
[20]–[22]. HOG features and its improved versions were widely
used in recently years [23], [24]. Haar-like features have been
used for detecting vehicles and vehicle parts in [25]–[27]. SIFT
features were used for rear face detection [28].

Besides of image features, several of classifiers have been
studied in the literatures: The appearance-based classifiers for
vehicle detection are mainly related to discriminative classi-
fiers, which learn decision boundaries between classes. In [29],
[30], the artificial neural network classifiers were used for vehi-
cle detection. SVM have been widely used for vehicle detection
[21], [31]. The deformable part-based model (DPM) have been
used for on-road vehicle detection in [32], [33] as well as this
paper. AdaBoost classifiers were used for vehicle detection in
[25], [34]. In [35], a vehicle detection method using indepen-
dent parts for urban driver assistance was proposed, where
the active learning technique is used to train independent-part
detectors. In [36], the problem of vehicle detection at night
has been explored. More comprehensive surveys of vehicle
detection can be found in [1], [37].

Vehicle Recognition: Recognizing the identity, color, brand
and other attributes is usually the next step of vehicle detection
and directly connected to applications. The most straightfor-
ward way to determine the identity of vehicle is to recognize

its plate, which has been studied by many research works [38].
In [39], a sparse representation based method was proposed to
identify vehicles in different cameras especially when vehicle
plates are invisible. In [40] and [41], the bag of features (BoF)
model and deep neural networks were adopted for recognizing
the color of vehicles respectively. Existing works on vehicle
brand recognition (especially car brand recognition) focus on
matching and classifying vehicle logos [4], [5]. However, it is
hard to localize car logos in reality, since car logos are usually
very small and easily to be occluded or stained. In this paper,
we propose to use the whole car images, since they contain
much richer visual information for car recognition. From the
viewpoint of image classification, there are several benchmark
approaches. The most popular one is the bag of features method
introduced by Csurka et al. in [9]. Then Lazebnik et al. [42]
showed spatial information and dense features can improve
image classification performance. Furthermore, Yang et al. [43]
introduced feature coding and probably gave the best perfor-
mance of flat model in image classification. Recently, deep
models such as Convolutional Neural Networks (CNN) [11],
[44] show state-of-the-art performance in many vision tasks.

III. CAR BRAND RECOGNITION SYSTEM

Our end-to-end car brand recognition system consists of two
major parts. One is the object detection component. The other
is the image classification component. We parse surveillance
video frame by frame. For each frame, we use a pre-trained car
detector to detect cars. Then for each detected car, we use the
proposed image classification algorithm to identify the brand
class of the car.

Object detection has been widely studied in computer vision
literatures, and there are some successful object detection meth-
ods, such as the Boosting-based method [45], the SVM-based
method [7] and the deformable part model (DPM) [6]. In this pa-
per, we employ the DPM method [6] for its high performance.
DPM is a star model, which describes objects using a collection of
object parts and a root filter which is a global template. All the
parts and the root filter are described using HOG descriptor. All
the parts are connected with the root filter separately. Theedges in
the star model are designed for modeling the spatial distribution
of the parts, which allow the parts move to be adaptive to the de-
formation of object. Due to this flexible design, DPM is able to
handle scale change, view-point variation and deformation of
cars in surveillance videos. When training DPM object detector,
we only need to annotate the bounding boxes of training cars
and the locations of car parts can be inferred using the latent
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SVM algorithm [46], which can save lots of human labeling
efforts and make it easy to train the DPM object detector.

IV. LEARNING DISCRIMINATIVE PATTERN

FOR CAR CLASSIFICATION

A. Motivation and Mathematical Notation

After car detection using DPM, the problem of car recogni-
tion is converted into a multi-class image classification prob-
lem. Given a set of car images {I1, . . . , IN} from C classes,
each car image has a label denoted as Li ∈ [1, C], i ∈ [1, N ].
To find the discriminative patterns for one class, we treat the
current class as positive class and all the other classes as
negative classes. This is a typical one-vs-rest setting. Then MIL
algorithm can be used to solve this problem.

Here we briefly give the general notations of MIL [12].
In MIL, a set of bags X = {X1, . . . , XN} are given which
corresponds to the set of images; in other words, we consider
each image as a bag. Each bag contains a set of instances Xi =
{xi1, . . . ,xim}, where m is the number of instances in this bag;
and each instance is denoted as a d-dimensional vector xij ∈
Rd×1; xij corresponds to the feature vector of Pij , which is the
jth patch in image Ii. The patches are densely sampled from the
image using a fixed patch size and step size. The feature vector
describes the visual appearance of Pij . In addition, every bag
is also associated with a bag label Yi ∈ {0, 1}; Yi = 1 means
image Ii is positive in the current setting; otherwise, image Ii is
negative. And every instance is associated with an instance label
yij ∈ {0, 1} as well. If yij = 1, the patch xij is a discriminative
patch. We can learn discriminative patterns based on the patches
which have positive label. The relation between bag label and
instance labels is interpreted in the following way: if Yi = 0,
then yij = 0 for all j ∈ 1, . . . ,m, i.e., no instance in the bag
is positive. If Yi = 1, then at least one instance xij ∈ Xi is
a positive instance. In the context of image classification, this
means a negative image does not contain positive patches, while
a positive image definitely contains positive patches, and may
also contain negative patches.

Car image has intrinsic structure, so it is better to utilize
this structure information for brand recognition. To explore the
structure information in car image, we set a constraint that the
discriminative patterns should have coherent position informa-
tion. We denote the relative position of patch Pij in image Ii
as pij = [rij , cij ]

T , where 0 ≤ rij , cij ≤ 1; they are calculated
by dividing the row index and column index of the center of
Pij by the width and height of Ii respectively. In the learning
phase, we restrict that the patches with the same pattern have
small distances between each other by considering the relative
positions of patches in image as a feature. Besides of this rela-
tive position feature, each patch has visual appearance feature.
We choose the fast and effective HOG feature. Our goal is to
learn max-margin classifiers to classify all patches into different
clusters. Each cluster corresponds to a discriminative pattern.
Our discriminative pattern learning problem involves two sub-
problems: (1) discriminative mixture model learning and (2) au-
tomatic instance label assignment (which cluster a patch might
belong to). MIL is a natural way to address the above problem.

In the testing phase, we use the Spatial Pyramid Matching
(SPM) strategy [47] to divide the patch features into different
regions for image classification. In the following sub-sections,
we will give the details of how to learn discriminative patterns
and how to apply the learned discriminative patterns for image
classification.

B. Problem Formulation of Discriminative Pattern Learning

Mathematically, without loss of generality, we model a dis-
criminative pattern using a SVM classifier. For efficiency, we
choose linear SVM classifier. Our method is agnostic to par-
ticular classifier. For example, AdaBoost [48], Random Forest
[49], and Convolutional Neural Network (CNN) [44] can also
be adopted in our approach.

Linear SVM is defined as f(x) = wTx, where x is an
instance (a patch feature) andw is the classification hyper-plane
of linear SVM. Recall that we have multiple discriminative
patterns for one car category. Thus we learn K linear SVM
classifiers for K discriminative patterns and one linear SVM
classifier for background category, and stack all of them in one
matrix denoted as W = [w0,w1, . . . ,wK ],wk ∈ Rd×1, k ∈
{0, 1, . . . ,K}, where w0 is the classification hyperplane of
the linear SVM for the background category and wk, k ∈
{1, . . . ,K} is the classification hyper-plane of the linear SVM
for the kth discriminative pattern.

To maximize the discriminative power of the learned dis-
criminative patterns, it is very natural to allow all the classifiers
to compete with each other during the learning process. At
first, we introduce a sub-label for each patch, which indicates
which discriminative pattern the patch belongs to, denoted
as zij ∈ {0, 1, . . . ,K}. If zij = k ∈ {1, . . . ,K}, Pij is in the
kth discriminative pattern. Otherwise, zij = 0, Pij is in the
background category. Because the sub-label zij is not given in
training data and needs to be inferred in learning stage, we call
it a latent variable. In terms of MIL, if zij = k ∈ {1, . . . ,K},
the instance xij is a positive instance. Otherwise, zij = 0, xij

is in the negative instance. The relation between zij and W can
be defined as follows:

zij = argmaxk w
T
k xij . (1)

Once the sub-label zij is defined, we can build our learning
objective function directly on multi-class SVM, e.g., Crammer
and Singer’s multi-class SVM in [50]. With the above defini-
tions, the objective function becomes

min
W,zij

K∑
k=0

‖wk‖2 + λ
∑
ij

max
(

0, 1 +wT
rij

xij −wT
zij

xij

)

s.t. (a) if Yi = 1,
∑
j

zij > 0, and if Yi = 0, zij = 0

(b) ∀ (i∗, j∗, i′, j ′), if zi∗j∗ = zi′j′ , ‖pi∗j∗ − pi′j′‖2 < ε
(2)

where rij = argmaxk∈{0,...,K},k �=zij w
T
k xij and ε ∈ (0, 1) is

the parameter for spatial coherence.
In Eq. (2), the first term,

∑K
k=0 ‖wk‖2 is for the margin regu-

larization, while the second term is the multi-class hinge-loss
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denoted as �(W; (xij , zij))

� (W; (xij , zij)) =
∑
ij

max
(

0, 1 +wT
rijxij −wT

zijxij

)
.

(3)

The parameter λ controls the relative importance between the
two terms. The loss function �(W; (xij , zij)) explicitly maxi-
mizes soft-margins between all K + 1 clusters. There are two
constraints in Eq. (2): The first constraint, which is marked
as constraint (a), is the MIL constraint. It is equivalent to
constraint in conventional multiple instance learning [12], be-
cause

∑
j zij > 0 ⇔

∑
j yij > 0 and zij = 0 ⇔ yij = 0. The

second constraint, which marked as constraint (b), is the spatial
coherence constraint. The parameter ε is a small value to make
sure the patches in the same discriminative pattern are spatially
close to each other. The above learning problem in Eq. (2) is the
core of our car brand recognition system. We call it Spatially
Coherent Discriminative Pattern Learning (SCDPL).

The pairwise spatial coherence constraint is very destructive
for optimizing Eq. (2), which leads to a combinatorial opti-
mization problem. It is impossible to directly solve Eq. (2)
when the training set is large. Thus we propose an alternative
solution by considering the relative position p as a feature and
concatenate it with x. Let us denote the concatenated vector
yij = [xT

ij ,p
T
ij ]

T
. Then we replace x with y in Eq. (2) and

obtain the following minimization problem

min
W,zij

K∑
k=0

‖wk‖2 + λ
∑
ij

max
(

0, 1 +wT
rijyij −wT

zijyij

)

s.t. if Yi = 1,
∑
j

zij > 0, and if Yi = 0, zij = 0 (4)

where rij = argmaxk∈{0,...,K},k �=zij w
T
k yij . Taking the rela-

tive position as a feature in learning discriminative patterns
makes sure that the discriminative patterns are spatially co-
herent. The weights between x and p can be automatically
determined when learning SVM.

This problem formulation in Eq. (4) leads to a non-convex
optimization problem. However, this problem is semi-convex
[51] since the optimization problem becomes convex once
latent information is specified for the instances in the positive
bags. In [51], a “coordinate descend” method is proposed to
address this kind of problem, which guarantees to give a local
optimum. Our problem is even harder, since we do not know the
number of discriminative patterns in each positive bag and the
discriminative patterns have spatial constraint. In the following
sub-section, we propose an approximated optimization method
for SCDPL based on coordinate descend. We show that the
proposed optimization method is able to learn meaningful dis-
criminative patterns and yields excellent car brand recognition
performance.

C. Optimization of Spatially Coherent Discriminative
Pattern Learning

In Algorithm 1, we outline the whole procedure of the
optimization of SCDPL. Note that we learn discriminative pat-

terns for each car class separately. In the input of Algorithm 1,
we need to specify the target class which is the positive class
and the rest classes are negative classes. The algorithm has
two main parts: initialization part and iteration part. In the ini-
tialization part, we initialize the sub-labels z by clustering the
relative positions of patches. In the iteration part, we solve the
problem in (4) using coordinate descend. We train a standard
multi-class SVM classifiers f0 using the concatenate feature
y. This completes the Optimize W step. Once we get f0, we
can apply it to the original positive bags to perform Update zij
step according to the MIL rules. Then, based on the updated
sub-labels, we train new classifiers f1 and use f1 for updating
sub-label. This process is repeated until the desired number
of iterations N is reached. Typically, to stop the iterative
training algorithms Algorithm 1, the convergence condition is
the instance labels (sub-labels) are unchanged. However, there
are a huge number of training instances in our experiments,
and to make sure instance labels unchanged is impossible. We
set N to stop this algorithm and discuss how to set N in
the experiment part. Finally, the learned SVM classifiers as
discriminative patterns are outputted.

Algorithm 1 Spatially Coherent Discriminative Pattern
Learning (SCDPL)

1: Input: Training images X = {X1, . . . , XN} with image
labels Li∈ [1, C], patch features {xi1, . . . ,xim} and posi-
tions {pi1, . . . ,pim}, ∀ i ∈ [1, N ], the desired number
of discriminative patterns K , the max number of training
iteration T , and the index of target class N ∗ ∈ [1, C].

2: Initialize: Learn K position centers {p1, . . . ,pK} by ap-
plying k − means algorithm on all {pij , i ∈ [1, . . . , N ],
j ∈ [1, . . . ,m]}. For each of the position centers and for
each positive image, find a patch closest to the position
center and set its indicator as the position center index. For
the rest patches, set its indicator as zero. Denoted as
∀ i∈{Li=N ∗}, ∀ k∈ [1, . . . ,K], compute j∗=argminj
‖pij − pk‖2 and set zij∗ = k. For all the rest indicators,
set zij = 0.

3: repeat
4: Optimize W:
5: Solve the multi-class SVM optimization problem to

obtain W based on yij and zij ,

min
W

K∑
k=0

‖wk‖2 + λ
∑
ij

max
(

0, 1 +wT
rijyij −wT

zijyij

)

in which rij = argmaxk∈{0,...,K},k �=zij w
T
k yij is an

auxiliary variable.
6: Update zij :
7: for i = 1 → N do
8: if Li = N ∗ then
9: ∀ k ∈ [1, . . . ,K], compute j∗ = argmaxj w

T
k yij

and set zij∗ = k. For all the rest indicators, set
zij = 0.

10: else
11: Set zij = 0.
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12: end if
13: end for
14: until {zij} are not changed or T iterations are reached.
15: Output: The learned SVM classifiers forK discriminative

patterns W.

D. Image Classification Based on Discriminative Pattern

In this part, we introduce how to use the learned discrimi-
native patterns to build a compact image representation, which
can be used for image classification as well as image retrieval
and object detection. In this paper, for the task of car brand
recognition, we focus on the image classification application
of our proposed image representation. In general, we use a two-
layer linear SVM structure for image classification. Since linear
SVM is one of the simplest and most efficient predictor, our car
brand recognition system is very fast.

Recall that there are C classes of car in both training set and
testing set. For each car brand category, we use the training im-
ages in this category as positive examples, and the rest training
images as negative examples. We run the SCDPL in Algorithm 1
for C times. For each time, we initialize the index of the
target class as N ∗ = ς ∈ 1, . . . , C, then learn K + 1 discrim-
inative patterns with SVM classifiers. We stack all the SVM
classifiers learned for C classes in a matrix denoted as W ∈
Rd×((K+1)∗C). The number of columns of W is C time of W.
Then the most essential step of building image representation is

fij = WTxij .

We call this step as dot product coding. After this coding step, we
get the code of each patch fij ∈ R(K+1)∗C×1, which is the re-
sponse of all the SVM classifiers for the learned discriminative
patterns. For every sampled image position, we have a response
vector. Thus, for every car image and for every discriminative
pattern, we get a response map. For each response map, a three-
level spatial pyramid representation [42] is used, resulting in
(12 + 22 + 42) = 21 grids; the maximal response for each dis-
criminative pattern classifier in each grid is computed, resulting
in a C × (K + 1) length feature vector for each grid. This pro-
cedure is called max-pooling. Mathematically, we calculate the
image representation in region Rs, i ∈ [1, . . . , 21] as follows:

fi(s) = max
j

(fij | zij ∈ Rs)

where the max operator returns the maximal value of each row
in a matrix and fi(s) ∈ R(K+1)∗C×1. At last, a concatenation of
feature vectors in all grids leads to a compact image descriptor
of the input image. The image representation of the ith image
Fi based on the discriminative pattern is

Fi =
[
Fi(s)

T (1), . . . ,Fi(s)
T (21)

]T

which is a (K + 1) ∗ C ∗ 21 dimensional vector.
Note that the complexity of feature encoding using discrim-

inative patterns is very low. It involves no more than a dot
product operation. The benefit of using discriminative pattern
classifier of low complexity is evident, since feature encoding is

a time-consuming process in many classification systems [52].
For the high-level image classification tasks, our image repre-
sentation achieves the state-of-the-art performance on several
benchmark datasets.

Since our image representation is a simple vector, we directly
adopt multi-class SVM for car brand classification. Before
feeding Fi into the SVM classifier in the second stage, we
normalize it by dividing its �2 norm. Time consuming kernels,
such as the RBF kernel and intersection kernel, can further
improve the shape classification performance. But for faster
speed, we chose linear SVM. In our implementation, we invoke
the off-the-shelf LibLinear [53] SVM toolbox.

V. EXPERIMENTS

A. Dataset

Since there is no existing dataset for evaluating visual car
recognition, we construct an image dataset for our experiments.
We name the dataset as Visual Car Recognition (VCR) dataset.
The images in the VCR dataset are collected from surveillance
cameras in three days on the urban road of a city in China. The
images are captured by a high-definition camera with resolution
of 1920 × 1080.

Cars are extracted from the images using the introduced
DPM object detector. Then for each car image, we normalize
its size by resizing its height to 680 pixels and fixing its aspect
ratio. We train the DPM detector using the frontal view of cars,
and the cars in back view are ignored in the camera; but they
may be in the frontal view of the other cameras. In total, in VCR
dataset there are 37195 car images from 30 different brands. For
each brand, we show one example car image and the number
of image in this brand in Fig. 3. The number of images per-
brand varies from 222 to 6252. The Volkswagen class contains
the largest number of images, and the Dongfeng (a Chinese car
manufacturer) class contains the smallest number of images.
These numbers reflect the real distribution of the amount of car
in different brands in the city. In real scenarios, the numbers of
cars of different brands are different.

Besides of Fig. 3, some images from the VCR dataset are
shown in Fig. 1. In general, the VCR dataset contains the dif-
ficulties of deploying a visual car recognition system in real ap-
plications, including large intra-class variation, light reflection,
dark light, overexposure, large variation of image numbers of
different classes and so on. The dataset will be released after
the paper is accepted.

B. Experimental Setup

In the experiments, color images are used. All the experi-
ments are repeated five times with different randomly selected
training and testing splits. The per-class recognition accuracy
and the average per-class recognition accuracy1 is recorded for

1An alternative performance measure, the percentage of all the test images
classified correctly, can be biased if test set sizes for different classes vary
significantly. For example, the Volkswagen class has a large number of test
images will dominate the performance on the whole dataset. Thus, it is better
to use the average of the per-class recognition accuracy.
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Fig. 3. An overview of the proposed VCR dataset. For each car brand, we show one exemplar image, brand name and the number of images in this brand in the
VCR dataset.

Fig. 4. The learned discriminative patterns on the VCR dataset.

each run. The final result is reported as the mean and standard
deviation of the results from the individual runs. To compare
the proposed system with other methods, we intend to use
more training images, since some compared methods, such as
convolutional neural network, need more training images to get
better performance. We randomly select 200 images per class
for training and use the rest images for testing. In addition, we
also study the performance of the proposed method when the
number of training images varies.

In the proposed method, the HOG features are extracted from
patches densely located by every 12 pixels on image under the
scale of 48× 48. We use the vl_hog function in the VLFeat [54]
library to compute HOG feature and set the cell size parameter
to 12. The dimension of HOG feature is 496. Computing HOG
feature on multiple scales and multiple aspect ratios can even
boost the performance of our method. But, for efficiency, we
use single scale HOG with fixed aspect ratio in our experiments.
When learning discriminative patterns, we use about 200,000
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positive patches and 300,000 negative patches, and set the
maximum number of iterations to 5. In the experiments, we
vary the number of discriminative patterns and study its impact
on car recognition performance.

C. Compared Methods

We compare the proposed car recognition method to several
image recognition methods, such as the basic Bag of Features
(BoF) method, the Spatial Pyramid Matching (SPM) method,
the state-of-the-art methods, such as Local-constraint Linear
Coding (LLC) method and Convolutional Neural Network
(CNN), and two recent discriminative pattern learning methods,
which are discriminative patch method and MMDL method.
Then we will give short introductions of those methods and
their parameter settings:

1) BoF: BoF [55] method extracts dense SIFT [10] as
local feature, and learns a SIFT codebook by k-means in an
unsupervised way. When encoding SIFT, each SIFT feature is
assigned to one word in the codebook. Image representation of
BoF is built by sum-pooling and linear SVM is used for car
classification. In BoF, spatial information in local descriptors
is discarded. SIFT features are extracted from patches densely
located by every 4 pixels, under three scales 16 × 16, 24 × 24
and 32 × 32. The size of the SIFT codebook is 1024.

2) SPM: To utilize the spatial information in local descrip-
tors, based on BoF, SPM [42] divides image into pyramid grids
(1 × 1, 2 × 2 and 4 × 4) and computes region representation for
each grid individually. The final image representation of SPM
is the concatenation of all the region features. Linear SVM is
used for car classification based on SPM image representation.

3) LLC: In BoF and SPM, each SIFT feature is assigned
to one word in the codebook, which usually causes large
quantization error. The LLC method [56] assigns a SIFT feature
to multiple words in the codebook and minimizes quantization
error to obtain the best codes for the SIFT feature. The image
representation of LLC is built by max-pooling and linear SVM
is used for car classification. The SIFT features and codebook
for LLC are the same with BoF.

4) Discriminative Patch: The discriminative patch method
was proposed in [14]. It learns discriminative mid-level im-
age features in an unsupervised way. Following the setting in
[14], multi-scale HOG features are used for the Discriminative
Patch method. 1000 discriminative patterns are learned for car
recognition.

5) MMDL: MMDL is short for max-margin multi-instance
dictionary learning and was purposed in [15]. It learns dis-
criminative patterns using MIL. However, the useful spatial
information in discriminative patterns is ignored in MMDL. To
make a fair comparison, MMDL also uses HOG as feature and
learns 1000 discriminative patterns for car recognition.

6) CNN: The above methods as well as the proposed method
are based on hand-crafted features like HOG and SIFT. While
CNN [44] learns features for image classification. It achieves
state-of-the-art performance on large-scale object recognition.
We use the cutting-edge CNN implementation given in the
Caffe library [57]. The architecture of CNN has 3 convolutional
layers with 32, 64 and 128 kernels respectively, followed by a

fully-connected layer with 256 neurons, and a soft-max layer
with 30 nodes for car classification.

D. Experimental Results

We report the experimental results of the compared algo-
rithms and the proposed method in Table I, including the
per-class recognition accuracy and the average of per-class
recognition accuracy. Note that the standard derivations of the
recognition accuracies over five rounds in Table I are less
than 0.5%.

First, we focus on comparing the average of per-class recog-
nition accuracy. The traditional BoF method works reasonably
well and can get an accuracy of 58.15%. It can be considered
as a baseline method. Combining BoF with SPM can get an
accuracy of 75.30%, which shows that SPM improves the
recognition accuracy more than 17%. Thus spatial information
is very critical for accurate car recognition. To utilize spatial
information, in our method, we learn discriminative patterns
with spatially coherent constraints and build image classifica-
tion with SPM. The recognition accuracy of LLC is 68.81%
which is significantly better than BoF. Combining LLC with
SPM gets a very good recognition accuracy which is 85.75%.
The recognition accuracy of CNN is 70.62%, which is not top-
ranking. The limitations of CNN in this application are that:
(1) It cannot handle the large intra-class variation. (2) It requires
a large amount of training images. The recognition accuracy of
Discriminative Patch is 54.69%, which is similar to that of BoF.
Because it learns discriminative patterns in an unsupervised
way, it cannot capture the subtle visual differences between car
images from different brand classes.

The proposed method, with the spatially coherent discrim-
inative patterns, obtains the highest recognition accuracy of
94.66%, which is much better than the competing methods on
this task. The closest competitor is MMDL [15], which achieves
an average recognition accuracy of 91.36%. However, it gener-
ally works worse than the proposed SCDPL method, since it
cannot utilize the underlying coherent spatial configuration of
discriminative patterns in car images.

Then we look into the details by comparing the per-class
recognition accuracies. The proposed method achieves the best
performance on 14 out of 30 classes, better than MMDL (9 out
of 30) and LLC+SPM (10 out of 30). Specially, the proposed
method works better than LLC+SPM on 22 classes. In the rest
8 classes, our recognition accuracy is a little worse than the
LLC+SPM method. The names and the image numbers of these
8 classes are: Great Wall (434 images), Dongfeng (323 images),
Fengxing (222 images), Hafei (311 images), Foton (459 images),
JAC (263 images), JMC (396 images), and Mitsubishi
(229 images) respectively. These 8 classes all have fewer im-
ages, compared with the other classes such as Audi, Toyota,
Buick, Volkswagen, and Hyundai. Our method outperforms
the compared methods significantly on the classes which have
enough testing images. For example, the recognition accuracy
of our method is 97% and that of LLC+SPM is 63% on the
Volkswagen class, which has 6252 images. The recognition
accuracy of our method is 85% and the recognition accuracy
of LLC+SPM is 57% in Toyota class which has 3049 images.
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TABLE I
THE RECOGNITION ACCURACIES OF THE COMPARED METHODS AND THE PROPOSED METHOD ON THE VCR DATASET. WE REPORT THE

PER-CLASS RECOGNITION ACCURACY AND THE AVERAGE RECOGNITION ACCURACY OVER ALL THE CLASSES.
THE BEST PERFORMANCES AMONG THE METHODS IN EVERY COMPARED ITEM ARE BOLD

These results reveal that our method is able to learn much
better image representation when training images are limited.
In the situation that there are lots of images for testing and a
few images for training, LLC, BoF, CNN and Discriminative
Patch all fail. However, the learned discriminative patterns
using limited training images can be well generalized to lots
of un-seen testing images and give strong recognition perfor-
mance. In addition, if we measure the recognition performance
using the percentage of all the test images classified, our
method will outperform the second-ranking method LLC more
significantly.

Note that the VCR dataset is collected from real scenarios,
thus our method is more useful for developing real applica-
tions in intelligent transportation systems. Next, we present
discussions on some of the key parameters in our car brand
recognition system as follows.

1) Discussion on K: In Fig. 5, we show the average per-
class recognition accuracy of our method under different num-
bers of discriminative patterns. Since we have 30 classes, we
set K = {5, 10, 15, 20, 25, 30} and get (K + 1)× 30 discrim-
inative patterns. As shown in Fig. 5, the recognition accuracy
gradually improves as the number of discriminative patterns
increases, and it gets saturated when K reaches to 20 (the
number of discriminative patterns is 630). Even though only
a few discriminative patterns are used, our method can achieve
very high recognition accuracy.

Fig. 5. The average per-class recognition accuracy of our method when the
number of discriminative patches varies on VCR dataset.

2) Discussion on N : In Fig. 6, we show the average per-
class recognition accuracy of our method when varying the
maximum number of iterations in training. The results show
that the recognition accuracy gets saturated when N reaches 4.
So we set N to 5 in our experiments.

3) The Choice of Classifier: We compare different classi-
fiers for car classification using the same image representation
proposed in this paper. The classifiers considered are linear
SVM (proposed), RBF kernel SVM, Polynomial kernel SVM,
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Fig. 6. The average per-class recognition accuracy of our method when the
maximum number of iteration (N) for training varies on the VCR dataset.

TABLE II
THE RECOGNITION ACCURACY OF DIFFERENT CLASSIFIERS: LINEAR

SVM, RBF KERNEL SVM, POLYNOMIAL KERNEL SVM,
RANDOM FOREST AND ADABOOST

Fig. 7. The average per-class recognition accuracy of our method when num-
ber of training images varies on the VCR dataset.

Random Forest and AdaBoost. As shown in Table II, linear
SVM outperforms other classifiers. This indicates that for this
task linear SVM is the best choice, since it gives the highest per-
formance while maintaining high efficiency (see Section V-D5).

4) Discussion on the Number of Training Images: Fig. 7 de-
picts the results of our method and some of the compared
methods when the number of training images changes. As can
be seen, the proposed algorithm consistently works better than
the other methods. It is worth mentioning that the proposed
method can reach 90% recognition accuracy, even with only
100 training images. This means our algorithm has excellent
generalization ability under the situation of limited training
examples.

5) Time Efficiency: At last, we evaluate the efficiency of the
proposed method. We carry out the experiments on a desktop

with 8 Core i7 CPUs @ 3.5GHz and 32 GB RAM. Learning
discriminative patterns is computational expensive. For exam-
ple, learning 630 discriminative pattern (K = 20) takes about
10 hours. But the proposed method can be readily applied to
real-time car recognition systems, because the discriminative
patterns can be learned off-line. Car recognition using the
learned discriminative patterns is very efficient. The efficiency
of the proposed method has been discussed in Section IV-D.
Here, we report the computational time of car classification us-
ing the proposed method based on single CPU. Given a typical
image in the VCR dataset, whose size is about 500 × 680,
computing HOG feature takes about 0.03 second; computing
image representation based on the HOG feature takes about
0.2 second; finally, classification using SVM takes less than
0.001 second. If multiple CPUs are used, our method can
achieve real-time car recognition performance, while the LLC
method takes about 1.3 seconds to process one car image using
single core, because it needs to densely calculate SIFT features
and encode them.

VI. CONCLUSION

In this paper, we propose a novel car brand recognition
algorithm based on Spatially Coherent Discriminative Pattern
Learning (SCDPL). The proposed method is able to both learn
the most discriminative patterns to distinguish the differences
between car images from different brands and take advantage
of the spatial structure of cars for better car brand recognition
performance. Different from conventional image classification
methods, the proposed system works in real-time and can be
used in a variety of real-world applications.

Note that the proposed method is not restricted to car brand
recognition. It is actually quite general and could be applied to
other problems in both intelligent transportation systems and
computer vision.

ACKNOWLEDGMENT

The authors would like to thank the anonymous reviewers for
their constructive comments and valuable suggestions.

REFERENCES

[1] N. Buch, S. A. Velastin, and J. Orwell, “A review of computer vision
techniques for the analysis of urban traffic,” IEEE Trans. Intell. Transp.
Syst., vol. 12, no. 3, pp. 920–939, Sep. 2011.

[2] T. Kato, Y. Ninomiya, and I. Masaki, “Preceding vehicle recognition
based on learning from sample images,” IEEE Trans. Intell. Transp. Syst.,
vol. 3, no. 4, pp. 252–260, Dec. 2002.

[3] Z. Xu, L. Mei, Y. Liu, and C. Hu, “Video structural description: A seman-
tic based model for representing and organizing video surveillance big
data,” in Proc. IEEE Int. Conf. CSE, 2013, pp. 802–809.

[4] A. P. Psyllos, C.-N. Anagnostopoulos, and E. Kayafas, “Vehicle logo
recognition using a sift-based enhanced matching scheme,” IEEE Trans.
Intell. Transp. Syst., vol. 11, no. 2, pp. 322–328, Jun. 2010.

[5] M. Kafai and B. Bhanu, “Dynamic Bayesian networks for vehicle classi-
fication in video,” IEEE Trans. Ind. Informat., vol. 8, no. 1, pp. 100–109,
Feb. 2012.

[6] P. Felzenszwalb, D. McAllester, and D. Ramanan, “A discriminatively
trained, multiscale, deformable part model,” in Proc. CVPR, 2008,
pp. 1–8.

[7] N. Dalal and B. Triggs, “Histograms of oriented gradients for human
detection,” in Proc. CVPR, 2005, pp. 886–893.



3180 IEEE TRANSACTIONS ON INTELLIGENT TRANSPORTATION SYSTEMS, VOL. 16, NO. 6, DECEMBER 2015

[8] A. Oliva and A. Torralba, “Modeling the shape of the scene: A holistic
representation of the spatial envelope,” Int. J. Comput. Vis., vol. 42, no. 3,
pp. 145–175, 2001.

[9] G. Csurka, C. Dance, L. Fan, J. Willamowski, and C. Bray, “Visual
categorization with bags of keypoints,” in Proc. ECCV , 2004, pp. 1–2.

[10] D. G. Lowe, “Distinctive image features from scale-invariant keypoints,”
Int. J. Comput. Vis., vol. 60, no. 2, pp. 91–110, 2004.

[11] A. Krizhevsky, I. Sutskever, and G. E. Hinton, “ImageNet classification
with deep convolutional neural networks,” in Proc. Adv. NIPS, 2012,
pp. 1097–1105.

[12] T. Dietterich, R. Lathrop, and T. Lozano-Perez, “Solving the multiple-
instance problem with axis parallel rectangles,” Artif. Intell., vol. 89,
no. 1/2, pp. 31–71, 1997.

[13] P. Dollár, B. Babenko, S. Belongie, P. Perona, and Z. Tu, “Multi-
ple component learning for object detection,” in Proc. ECCV , 2008,
pp. 211–224.

[14] S. Singh, A. Gupta, and A. A. Efros, “Unsupervised discovery of mid-
level discriminative patches,” in Proc. ECCV , 2012, pp. 73–86.

[15] X. Wang, B. Wang, X. Bai, W. Liu, and Z. Tu, “Max-margin multiple-
instance dictionary learning,” in Proc. ICML, 2013, pp. 846–854.

[16] J. Yan, Z. Lei, L. Wen, and S. Z. Li, “The fastest deformable part model
for object detection,” in Proc. CVPR, 2014, pp. 2497–2504.

[17] C. Hoffmann, “Fusing multiple 2D visual features for vehicle detection,”
in Proc. Intell. Veh. Symp., 2006, pp. 406–411.

[18] C. Hilario, J. Collado, J. M. Armingol, and A. De La Escalera, “Pyramidal
image analysis for vehicle detection,” in Proc. Intell. Veh. Symp., 2005,
pp. 88–93.

[19] J. Arróspide, L. Salgado, M. Nieto, and F. Jaureguizar, “On-board robust
vehicle detection and tracking using adaptive quality evaluation,” in Proc.
ICIP, 2008, pp. 2008–2011.

[20] Y.-M. Chan, S.-S. Huang, L.-C. Fu, and P.-Y. Hsiao, “Vehicle detection
under various lighting conditions by incorporating particle filter,” in Proc.
IEEE ITSC, 2007, pp. 534–539.

[21] Z. Kim, “Realtime obstacle detection and tracking based on constrained
Delaunay triangulation,” in Proc. ITSC, 2006, pp. 548–553.

[22] J. Nuevo, I. Parra, J. Sjoberg, and L. M. Bergasa, “Estimating sur-
rounding vehicles’ pose using computer vision,” in Proc. ITSC, 2010,
pp. 1863–1868.

[23] S. Sivaraman and M. M. Trivedi, “Active learning for on-road vehi-
cle detection: A comparative study,” Mach. Vis. Appl., vol. 25, no. 3,
pp. 599–611, 2014.

[24] M. Cheon, W. Lee, C. Yoon, and M. Park, “Vision-based vehicle detection
system with consideration of the detecting location,” IEEE Trans. Intell.
Transp. Syst., vol. 13, no. 3, pp. 1243–1252, Sep. 2012.

[25] S. Sivaraman and M. M. Trivedi, “Real-time vehicle detection using parts
at intersections,” in Proc. IEEE ITSC, 2012, pp. 1519–1524.

[26] A. Haselhoff and A. Kummert, “A vehicle detection system based on
Haar and triangle features,” in Proc. IEEE Intell. Veh. Symp., 2009,
pp. 261–266.

[27] S. Sivaraman and M. M. Trivedi, “A general active-learning framework
for on-road vehicle recognition and tracking,” IEEE Trans. Intell. Transp.
Syst., vol. 11, no. 2, pp. 267–276, Jun. 2010.

[28] X. Zhang, N. Zheng, Y. He, and F. Wang, “Vehicle detection using
an extended hidden random field model,” in Proc. IEEE ITSC, 2011,
pp. 1555–1559.

[29] O. Ludwig and U. Nunes, “Improving the generalization properties of
neural networks: An application to vehicle detection,” in Proc. IEEE
ITSC, 2008, pp. 310–315.

[30] Z. Qin, “Method of vehicle classification based on video,” in Proc.
IEEE/ASME AIM, 2008, pp. 162–164.

[31] Y. Zhang, S. J. Kiselewich, and W. A. Bauson, “Legendre and Gabor
moments for vehicle recognition in forward collision warning,” in Proc.
IEEE ITSC, 2006, pp. 1185–1190.

[32] H. T. Niknejad, S. Mita, D. McAllester, and T. Naito, “Vision-based
vehicle detection for nighttime with discriminately trained mixture
of weighted deformable part models,” in Proc. IEEE ITSC, 2011,
pp. 1560–1565.

[33] H. T. Niknejad, A. Takeuchi, S. Mita, and D. McAllester, “On-road
multivehicle tracking using deformable object model and particle filter
with improved likelihood estimation,” IEEE Trans. Intell. Transp. Syst.,
vol. 13, no. 2, pp. 748–758, Jun. 2012.

[34] T. Liu, N. Zheng, L. Zhao, and H. Cheng, “Learning based symmetric
features selection for vehicle detection,” in Proc. IEEE Intell. Veh. Symp.,
2005, pp. 124–129.

[35] S. Sivaraman and M. M. Trivedi, “Vehicle detection by independent parts
for urban driver assistance,” IEEE Trans. Intell. Transp. Syst., vol. 14,
no. 4, pp. 1597–1608, Dec. 2013.

[36] R. O’Malley, E. Jones, and M. Glavin, “Rear-lamp vehicle detection and
tracking in low-exposure color video for night conditions,” IEEE Trans.
Intell. Transp. Syst., vol. 11, no. 2, pp. 453–462, Jun. 2010.

[37] Z. Sun, G. Bebis, and R. Miller, “On-road vehicle detection: A review,”
IEEE Trans. Pattern Anal. Mach. Intell., vol. 28, no. 5, pp. 694–711,
May 2006.

[38] S.-L. Chang, L.-S. Chen, Y.-C. Chung, and S.-W. Chen, “Automatic
license plate recognition,” IEEE Trans. Intell. Transp. Syst., vol. 5,
no. 1, pp. 42–53, Mar. 2004.

[39] S. Wang et al., “Vehicle identification via sparse representation,” IEEE
Trans. Intell. Transp. Syst., vol. 13, no. 2, pp. 955–962, Jun. 2012.

[40] P. Chen, X. Bai, and W. Liu, “Vehicle color recognition on urban road
by feature context,” IEEE Trans. Intell. Transp. Syst., vol. 15, no. 5,
pp. 2340–2346, Oct. 2014.

[41] C. Hu et al., “Vehicle color recognition with spatial pyramid deep
learning, accepted to appear,” IEEE Trans. Intell. Transp. Syst., DOI:
10.1109/TITS.2015.2430892.

[42] S. Lazebnik, C. Schmid, and J. Ponce, “Beyond bags of features: Spatial
pyramid matching for recognizing natural scene categories,” in Proc.
CVPR, 2006, pp. 2169–2178.

[43] J. Yang, K. Yu, Y. Gong, and T. Huang, “Linear spatial pyramid match-
ing using sparse coding for image classification,” in Proc. CVPR, 2009,
pp. 1794–1801.

[44] Y. LeCun et al., “Backpropagation applied to handwritten zip code recog-
nition,” Neural Comput., vol. 1, no. 4, pp. 541–551, Dec. 1989.

[45] P. Viola and M. J. Jones, “Robust real-time face detection,” Int. J. Comput.
Vis., vol. 57, no. 2, pp. 137–154, 2004.

[46] C.-N. J. Yu and T. Joachims, “Learning structural SVMs with latent
variables,” in Proc. 26th Annu. ICML, 2009, pp. 1169–1176.

[47] S. Lazebnik and M. Raginsky, “Supervised learning of quantizer code-
books by information loss minimization,” IEEE Trans. Pattern Anal.
Mach. Intell., vol. 31, no. 7, pp. 1294–1309, Jul. 2009.

[48] Y. Freund and R. E. Schapire, “A decision-theoretic generalization of
on-line learning and an application to boosting,” J. Comput. Syst. Sci.,
vol. 55, no. 1, pp. 119–139, 1995.

[49] L. Breiman, “Random forests,” Mach. Learn., vol. 45, no. 1, pp. 5–32,
2001.

[50] K. Crammer and Y. Singer, “On the algorithmic implementation of
multiclass kernel-based vector machines,” J. Mach. Learn. Res., vol. 2,
pp. 265–292, 2002.

[51] P. Felzenszwalb, R. Girshick, D. McAllester, and D. Ramanan, “Object
detection with discriminatively trained part-based models,” IEEE Trans.
Pattern Anal. Mach. Intell., vol. 32, no. 9, pp. 1627–1645, Sep. 2010.

[52] K. Chatfield, V. Lempitsky, A. Vedaldi, and A. Zisserman, “The devil is
in the details: An evaluation of recent feature encoding methods,” in Proc.
BMVC, 2011, pp. 1–12.

[53] R.-E. Fan, K.-W. Chang, C.-J. Hsieh, X.-R. Wang, and C.-J. Lin,
“LIBLINEAR: A library for large linear classification,” J. Mach. Learn.
Res., vol. 9, pp. 1871–1874, 2008.

[54] A. Vedaldi and B. Fulkerson, “VLFeat: An Open and Portable Library
of Computer Vision Algorithms,” 2008. [Online]. Available: http://www.
vlfeat.org/

[55] J. Sivic and A. Zisserman, “Video Google: A text retrieval approach to
object matching in videos,” in Proc. 9th ICCV , 2003, pp. 1470–1477.

[56] J. Wang et al., “Locality-constrained linear coding for image
classification,” in Proc. CVPR, 2010, pp. 3360–3367.

[57] Y. Jia, “Caffe: An Open Source Convolutional Architecture for
Fast Feature Embedding,” 2013. [Online]. Available: http://caffe.
berkeleyvision.org/.

Chuanping Hu received the Ph.D. degree from
Tongji University, Shanghai, China, in 2007. He is
currently a Research Fellow with and the Director of
the Third Research Institute of the Ministry of Public
Security, Shanghai. He is also a specially appointed
Professor and Ph.D. supervisor with Shanghai Jiao
Tong University, Shanghai. He has published more
than 20 papers, edited 5 books, and got more than
30 authorized patents. His research interests include
machine learning, computer vision, and intelligent
transportation system.



HU et al.: LEARNING DISCRIMINATIVE PATTERN FOR REAL-TIME CAR BRAND RECOGNITION 3181

Xiang Bai (SM’14) received the B.S., M.S., and
Ph.D. degrees from Huazhong University of Science
and Technology (HUST), Wuhan, China, in 2003,
2005, and 2009, respectively, all in electronics and
information engineering.

He is currently a Professor with the Depart-
ment of Electronics and Information Engineering,
HUST. He is also the Vice-Director of the National
Center of Anti-Counterfeiting Technology, HUST.
His research interests include object recognition,
shape analysis, scene text recognition, and intelligent

systems.

Li Qi received the B.S., M.S., and Ph.D. degrees
from Huazhong University of Science and Tech-
nology, Wuhan, China, in 2002, 2005, and 2008,
respectively, all in computer science. He is currently
an Associate Professor with and the Deputy Director
of the R&D Center for the Internet of Things, Third
Research Institute of the Ministry of Public Secu-
rity, Shanghai, China. His research interests include
distributed computing for image processing, cloud
computing, and pattern recognition.

Xinggang Wang received the B.E. degree in
electronic information engineering, in 2009 from
Huazhong University of Science and Technology,
Wuhan, China, where he is currently working toward
the Ph.D. degree with the Department of Electronics
and Information Engineering. From May 2010 to
July 2011, he was with the Department of Com-
puter and Information Sciences, Temple University,
Philadelphia, PA, USA, as a Visiting Scholar. From
February 2013 to September 2013, he was with the
University of California, Los Angeles, as a Visiting

Graduate Researcher. He is a Reviewer of the IEEE TRANSACTIONS ON CY-
BERNETICS, Pattern Recognition, Computer Vision and Image Understanding,
CVPR, ECCV, etc. His research interests include computer vision and machine
learning.

Gengjian Xue received the Ph.D. degree in signal
and information processing from Shanghai Jiao Tong
University, Shanghai, China, in 2013. He is currently
a Research Assistant with the Third Research Insti-
tute of the Ministry of Public Security, Shanghai. His
research interests include computer vision, image
processing, and artificial intelligence.

Lin Mei received the Ph.D. degree from Xi’an
Jiaotong University, Xi’an, China, in 2000. From
2000 to 2006, he was a Postdoctoral Researcher with
Fudan University, China; the University of Freiburg,
Germany; and the German Research Centre for
Artificial Intelligence, respectively. He is currently
the Director of Technology of the R&D Center for
the Internet of Things, Third Research Institute of the
Ministry of Public Security, Shanghai, China. He has
published more than 40 papers. His research interests
include computer vision, artificial intelligence, and

big data processing. He is a member of the ACM. He is also a Research Fellow.



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues false
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


