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Abstract

In this paper, the traditional vehicle target detection method is improved, and a vehicle target detection method
based on color fusion deformable part model (DPM) is proposed. Firstly, the traffic image is conducted with HSI
color space conversion, and then, the information of each channel in color space is extracted, the DPM of each
channel is trained, and then the color fusion DPM is obtained by using the adaptive fusion method. In the process
of vehicle detection, traversal search of vehicle images is conducted using color fusion DPM through the sliding
window traversal; areas with a score exceeding the threshold are deemed as the vehicle targets. In the experimental
phase, we first trained the color fusion DPM, then validated the validity and accuracy, and the experiment images were
from the practical traffic junctions. The results show that the method proposed in this paper can carry out
vehicle target detection accurately and effectively. Compared with other vehicle target detection methods,
it has high detection rate and low false positive rate, which can achieve the accurate detection of vehicle
targets in intelligent transportation.
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1 Introduction
With the rapid development of intelligent transportation
system, vehicle target detection has become a popular
research field as it is an important part of modern intel-
ligent transportation system. The traditional vehicle de-
tection method is to install the induction coil on the
road to collect the vehicle images. The disadvantage of
this method is that the road is damaged and the installa-
tion and maintenance of the system are inconvenient.
With the development of image processing technology,

more and more vehicle detection algorithms based on
computer vision and image processing technology have
been widely used [1]. At present, the detection of vehicle
target is based on the existence of motion information,
which is classified into two categories. One is vehicle
detection using motion information, such as inter-frame
difference method [2], background difference method
[3], and optical flow method [4, 5]. These typical
methods rely on the vehicle’s motion information and
the detection algorithm fails when the information is
lost. The other is vehicle detection that does not rely on

motion information, which usually starts with the char-
acteristics of the vehicle itself. According to the vehicle
shape and posture, many scholars have proposed a
method based on modeling and template matching [6,
7]. This kind of method usually builds the vehicle model
first and then matches the model with the test image to
get the vehicle target. This method has high require-
ments on the model and is susceptible to noise when the
model is not consistent with the actual situation. Ac-
cording to the appearance characteristics of the vehicle
such as color and texture, many scholars have proposed
a method based on these features [8, 9]. This kind of
method usually studies the appearance difference of ve-
hicle and non-vehicle in color, texture, etc. This method
allows for better detection of typical vehicle targets but
can easily undetect vehicles that are close to ground
color and texture. Relying on new technologies such as
big data, some scholars have proposed methods based
on statistics and machine learning [10–12]. This kind of
methods adopt the idea of statistical analysis, extract the
features suitable for vehicle detection, and adopt neural
network and support vector machine and other methods
to carry out learning and testing. The methods feature a
high accuracy but require a large number of samples for
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classifier learning; performance also differs among differ-
ent classifiers, and a large amount of computation is
needed. These methods have played a crucial role in
promoting vehicle target detection. Based on the above
methods, this paper proposes a vehicle target detection
method based on color fusion DPM, which takes into
account the vehicle’s gradient information and color in-
formation while modeling the vehicle, and can effectively
and accurately realize the vehicle target detection.

2 Vehicle detection method based on color fusion
DPM
2.1 DPM detection principle
Deformable part model (DPM) [13–15] is a target detec-
tion classification method featuring high efficiency and
high precision. DPM first establishes a model for the de-
tection target; the model is divided into a root model and
a part model to make the target shape and posture more
robust. The root model describes the overall characteris-
tics of the target, and the part model describes the local
detail features of the target; the relationship between the
parts and between the part and the whole is not fixed but
is adaptively adjusted by the weight vector so that the
model can be deformed to adapt to accurate detection of
different shape and posture targets. The method per-
formed very well in various target detection methods and
achieved good detection results on different data sets such
as PASCSALVOC benchmarks and INRIA Person.
In the process of target detection, DPM first needs to de-

sign the root filter and part filter according to the weight
vector. Then, the root filter and the part filter are respect-
ively dot-product-operated with the feature vector to obtain
the scores of each filter. Finally, the root filter score and
each part filter score are taken as the overall score of the
model, whichever is the largest is taken as the best target
position. In the process of detection, in order to make the
model have better robustness, multi-resolution changes of
the image size are usually carried out, and the target detec-
tion is carried out successively in different sizes.
In the detection of images with different sizes, it is as-

sumed that the position of the target root filter is p0 and
the position of the ith part filter is pi, and i = 1,..., m, m
is the number of parts. The size of the root filter is w0 ×
h0, and the weight vector F0, Fi is the weight vector of
the ith part filter. Then, the score of the model at loca-
tion (p0, p1, ..., pm) is:

score p0; p1;K; pmð Þ ¼ F0:ϕ p0;w0; h0ð Þ

þ
Xm

i¼1

Fi:ϕ pi;wi; hið Þ−cost dui; dvið Þð Þ

ð1Þ
where ϕ(pi,wi, hi) is the eigenvector of size (wi, hi) calcu-
lated in the subwindow pi and (dui, dvi) is the deviation

of the actual position pi = (ui, vi) of the ith part filter
from the original position ~pi ¼ ð~ui;~viÞ of the original fil-
ter in the model, as shown in the following formula.

dui; dvið Þ ¼ ~ui;~við Þ− ui; við Þ ð2Þ
The loss function of the part filter corresponding to

the deviation between the original filters in the process
of offsetting is represented by the quadratic function as
shown in formula (3), and the parameter of the quad-
ratic function adjustment is expressed by αi and βi.

cost dui; dvið Þ ¼ αi dui; dvið Þ þ βi duið Þ2; dvið Þ2� � ð3Þ

When the ith part filter of the part model finds its best
position, the difference value between the part filter’s
fraction and its corresponding deformation loss function
takes the largest value. Therefore, the final score corre-
sponding to the detection window at position p0 is:

score p0ð Þ ¼ max
p1;…;pm

score p0; p1; :::; pmð Þ

¼ F0 � ϕ p0;w0; h0ð Þ þ
Xm

i¼1

max
pi

F i � ϕ pið Þ−cost dui; dvið Þð Þ

ð4Þ
After obtaining the final score for each position, the

target position can be detected by setting the threshold.

2.2 Vehicle detection algorithm of color fusion DPM
The traditional DPM performs well in general vehicle
targets and shows excellent detection performance on
various data sets. However, vehicle detection in the ac-
tual traffic conditions will encounter all kinds of com-
plex interference, for example, vehicle color close to the
ground, zebra crossing interference, dramatic changes in
lighting, interference by the shadow, and noise interfer-
ence by the image itself. These pose a great challenge to
the accuracy and robustness of vehicle detection. Con-
sidering that the traditional DPM is mainly modeled
from the gradient features of the graph, the color infor-
mation containing rich target features is discarded. In
order to overcome the complex and changing interfer-
ence in real-time traffic, a vehicle detection algorithm
based on color fusion DPM is proposed in this paper.
This method can not only retain the deformable charac-
ter between the root model and the part model accord-
ing to the gradient information, but also can enhance
the gradient information of each part according to the
color information, maximizing the stability and accuracy
of vehicle target detection in complex environments.
The vehicle detection algorithm process based on

color fusion DPM is shown in Fig. 1:
In order to contain the color information of the ori-

ginal image in DPM, the image is first conducted with
color space conversion. Considering that the HSI color
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space is more stable to changes in lighting, shading, etc.
and better reflects the color nature of the image, the
HSI color space is selected for conversion. RGB image
to HSI image conversion is a conversion from a unit
cube based on Cartesian rectangular coordinates to a
bicondendum based on cylindrical polar coordinates; the
conversion process can separate and classify the bright-
ness and decompose the chroma into hue and satur-
ation. In this paper, the segmentation definition method
is used to perform HSI color space conversion, and the
converted images are respectively extracted from H, S,
and I channel data templates and saved as two-bit matri-
ces Mh, Ms, and Mi. HOG features Hh, HS, and Hi of
three matrices are calculated respectively.
According to the HOG features of H, S, and I chan-

nels, we can train the DPM DPMh, DPMs, and DPMi

corresponding to each channel. To assess the DPM of
each channel, we collected 1000 vehicle images to train
the model and collected another 1000 pictures contain-
ing vehicles, ground, pedestrians, and other non-vehicle
targets for testing. The results showed that the perform-
ance of DPMi in DPM in each channel is more excellent
than DPMh and DPMs and the missed detection rate
and false positive rate are lower. However, when the

color of the vehicle is close to the ground or under
shadow, light, and other serious interference conditions,
DPMh and DPMs can detect the vehicle targets that can-
not be detected by DPMi. Therefore, this paper uses a
fusion approach to extract the vehicle’s color fusion
DPM. Experiments show that using adaptive weighting
method to blend DPMs of different channels can pre-
serve the advantages of each channel’s own model and
has better detection performance than the single model.
Color fusion DPM is shown below:

DPMM ¼ ωh � DPMh þ ωs � DPMs þ ωi � DPMi

ð5Þ

where DPMM is the color fusion DPM and ωh, ωs, and
ωi are the weighting coefficients of DPMh, DPMs, and
DPMi, respectively, representing the weight of model
components of H, S, and I channels, the weighted sum
is 1. The weight value of each channel is adaptively de-
termined by DPM of each channel. This paper uses the
following determination method:

ωh ¼ DPMh

DPMh þ DPMs þ DPMi
ð6Þ

ωs ¼ DPMs

DPMh þ DPMs þ DPMi
ð7Þ

ωi ¼ DPMi

DPMh þ DPMs þ DPMi
ð8Þ

After the color fusion DPM is obtained, the color fu-
sion feature of the test image is also calculated, and then,
the fusion deformable model is calculated a score on the
fusion feature diagram using sliding window traversal.
When the traversal position score exceeds the threshold,
the area can be a vehicle area, which is the detection re-
sult of the vehicle.

3 Vehicle detection test based on color fusion
DPM
3.1 Training of color fusion DPM
Training images and test images were taken from 2448
pixels × 2048 pixels HD surveillance images collected at
multiple traffic bay ports in Wuhan to form a training
image set and a test image set. The training samples for
color fusion DPM come from the training image set.
During the training, 1000 forward-direction vehicle im-
ages with different shapes, colors, and lighting condi-
tions were selected as training samples; some are shown
in Fig. 2. First, the HSI color space conversion is con-
ducted on the training samples, then the DPM of each
channel is calculated, and then the color fusion DPM is
obtained according to formula 5, as shown in Fig. 3.

Fig. 1 Vehicle detection algorithm process based on color fusion DPM
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3.2 Validation of vehicle detection method
To verify the validity of the vehicle detection method
proposed in this paper, we selected the images of vehi-
cles with different shapes, colors, and lighting conditions
from the test image set. The test platform is Visual Stu-
dio 2010 and the computer is configured for Intel(R)
Core(TM) i5-3230M, clocked at 2.60 GHz with a mem-
ory of 4.00 GB.
Figure 4 shows an actual traffic intersection image. In

the experiment, the images were traversed using channel
DPM and color fusion DPM, and each sliding window
image was calculated according to formula (4) and com-
pared with the set vehicle threshold. Part of the sliding
window is shown in Fig. 4a on the right; the correspond-
ing score is shown in Fig. 4b.
As can be seen from Fig. 4, the channel scores and the

fused scores of the channels in background areas 1–3 in
the sliding window image are obviously lower than the
scores corresponding to the vehicle area 4, and mean-
while, the fused DPM score is better than the single-

channel DPM score. For this image, we set the vehicle
score threshold as 0.6; vehicle target can be accurately
detected, and non-vehicle targets will be excluded.

4 Experiment results and analysis
To verify the accuracy of the vehicle detection method
in this paper, the snapshot images of 3000 vehicles at the
traffic bay were randomly selected for testing, and ve-
hicle detection rate (DR) and vehicle false positive rate
(FPR) were used as evaluation criteria for vehicle detec-
tion [16], as shown below:

DR ¼ TP
TPþ FN

ð9Þ

FPR ¼ TP
TPþ FP

ð10Þ

In the above formula, TP, FN, and FP respectively de-
note the actual number of vehicles detected, the actual
number of vehicles not detected, and the actual number
of non-vehicles falsely detected. In order to examine the
performance of the color fusion DPM method in this
paper, the contribution of each channel in vehicle detec-
tion is evaluated. Firstly, the performance of the single-
channel model is evaluated and then the performance of
the fusion model is evaluated. If there is little difference
between the performance of the single model and of the
fusion model, it indicates that the channel has great con-
tribution, vice versa. The test result is shown in Fig. 5.
It can be seen from Fig. 5 that the performance of

Merge-DPM is superior to that of the single-channel
model; DR and FPR are optimal. I-DPM has great con-
tribution to the overall model; DR and FPR are the clos-
est to the corresponding value of Merge-DPM. H-DPM
and S-DPM contribute less than I-DPM but still make a
corresponding contribution to the performance im-
provement of Merge-DPM. The reason is that each
channel contains the corresponding color information,

Fig. 2 Training samples of color fusion DPM

Fig. 3 Color fusion DPM
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so Merge-DPM can get as much color information as
possible.
To further verify the detection performance of the

proposed algorithm, this paper selects the traditional
DPM method [13], HOG feature matching method
[17], color analysis [8], and other commonly used al-
gorithms in vehicle target detection, which are com-
pared with the proposed algorithm. The snapshot
images of 3000 vehicles at the traffic bay were ran-
domly selected for testing; test results and compari-
son results are shown in Fig. 6.
Seen from Fig. 6, the DR value of this method is higher

than 90% and the FPR value is lower than 10%, indicat-
ing that the proposed algorithm has better detection re-
sults than other commonly used methods. In the control
method, the DPM method outperforms the HOG
method because DPM considers the deformability of the
vehicle model. The HOG method outperforms the color
method, because extracting vehicle features only de-
pending on the color information will have a great inter-
ference. The method proposed in this paper does not
discard the color information while taking into account

a)

b)
Fig. 4 Schematic diagram of sliding window detection. H-DPM (H channel DPM), I-DPM (S channel DPM), Merge-DPM (I channel DPM). a Block
diagram of sliding window image. b Score graph of sliding window image

Fig. 5 Contribution of each channel. DR vehicle detection rate, FPR
vehicle false positive rate
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the deformability of the vehicle model, thus obtaining
the best detection results.

5 Conclusions
According to the detection principle of vehicle target by
DPM and combined with vehicle color information, a
vehicle target detection method based on color fusion
DPM is proposed. Firstly, the traffic image is conducted
with HSI color space conversion, the information of
each channel is extracted, and then the color fusion
DPM is obtained by using the adaptive fusion method.
Finally, the fusion model is used for vehicle detection.
The method retains the vehicle’s color information based
on the traditional vehicle DPM. Experiments show that
the proposed method is superior to the commonly used
vehicle detection methods and achieves a good vehicle
detection effect, which can effectively solve the practical
vehicle target detection problems encountered in intelli-
gent transportation. In the future research, time con-
sumption in vehicle detection process and the transplant
in the hardware system will be the research targets.
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