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Abstract— This paper presents a generic video vehicle detec-
tion approach through multiple background-based features and
statistical learning. The main idea is to configure several virtual
loops (as detection zones) on the image, assuming moving
vehicles may cause pixel intensities and local texture to change,
and then by identifying such pixel changes to detect vehicles.
In this research, multiple pattern classifiers including LDA
+ Adaboost, SVM, and Random Forests are used to detect
vehicles that are passing through virtual loops. We extract
fourteen pattern features (related to foreground area, texture
change, and luminance and contrast in the local virtual loop
zone and the global image) to train pattern classifiers and then
detect vehicles. As experimental results illustrate, the proposed
approach is quite robust to detect vehicles under complex
dynamic environments, and thus is able to improve the accuracy
of traffic data collection in all weather for long term.

I. INTRODUCTION

Traffic congestion and accidents in large cities have be-
come major issues concerning travel efficiency and public
safety. Developing Intelligent Transportation Systems (ITS)
is widely thought as an effective means for contending with
those problems [1], [2]. Traffic information detection is a
critical component for ITS. Some existing traffic information
detectors include inductive loop, video detector, infrared
detector, microwave radar, and so on. Compared with other
devices, video detector has a lot of merits [3]: 1) Video
cameras are easily installed, operated and maintained; 2) a
single camera can cover multiple lanes and detect a broad
range of traffic information, such as vehicle conflicts; 3) the
price-to-performance of video detector is high, considering
that its detection zones may be flexibly reconfigured ac-
cording to changed detection demands. Video detection has
become mainstream of ITS. Besides, the Internet of Things
is rapidly developing in the world; video detection, as an
important manner for dynamic environmental sensing, faces
great opportunities for research and applications.
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The majority of methods reported in the literature reside in
one of two basic categories [4]: 1) vehicle tracking method
and 2) virtual loop method. The vehicle tracking method
utilizes vehicle motion trajectories in the video to identify a
series of traffic information, while the virtual loop method
evaluates pixel changes in the virtual loop zone to judge
whether a vehicle is passing through. Each method has
its own pros and cons. Theoretically, the vehicle tracking
method is more accurate to collect traffic information, be-
cause the vehicle trajectory comes from both the temporal
domain and the spatial domain. Unfortunately, tracking is
neither robust nor reliable under high degree of clutter and
occlusion [5], [6]. As a matter of course, the vehicle tracking
method is mainly applied to monitor highway-like scenarios
where the traffic flow is free. Contrarily, the virtual loop
method is not able to sufficiently utilize the spatial informa-
tion, and thus the acquired traffic information is relatively
limited. However, this method is hardly restricted by difficult
traffic conditions, and works better in all weather for long
term [4], [7], [8]. From the above, it is clear that the virtual
loop method is more suitable for practical applications.

Aiming for application, this paper focuses on improving
the existing virtual loop method. Most off-the-shelf commer-
cial video detectors, such as Autoscope, Iteris, and Traficon,
adopt this type of method. Although those products have
gained more and more market share in detecting traffic,
they still require improvements in algorithm accuracy and
robustness. Recent evaluation reports show that those com-
mercial products work quite well at cloudy daytime, but
are inclined to be disturbed easily by a number of adverse
aspects (e.g., moving shadows, rainy/snowy/foggy weather,
and vehicle headlights at night). Chitturi et al. evaluated
the effect of shadows and time of day on the performance
of three video detectors (Autoscope, Peek, and Iteris) at a
signalized intersection [9], [10]. They pointed out that the
average percentages of false calls were as high as 36% under
sunny conditions, and as high as 50% at night.

Research in video vehicle detection has been accomplished
mostly through background subtraction [8], but it is a highly
difficult task to accurately discriminate between foreground
and background in poor illumination and adverse weather
conditions. Lately, Wang et al. [4] integrated multiple cues
including foreground area, texture change, and pixel motion
in the virtual loop to detect vehicles, and presented an effec-
tive multi-features fusion approach, which can significantly
improve the accuracy of vehicle detection. The main problem
with this approach is that it depends on a number of threshold
values that might affect system performance and robustness.
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Cho et al. [7] drew the machine learning idea into the virtual
loop method. It took foreground or vehicle headlight regions
as inputs to train two fuzzy neural networks, which were
then used to detect traffic at daytime and nighttime. However,
the algorithm switch between daytime and nighttime is not
flexible at runtime, and thus a uniform algorithm is more
expected. Additionally, accurate foreground or vehicle head-
light segmentation is very difficult, and thus more distinct
features are desired to train pattern classifiers.

This paper proposes a generic approach to video vehicle
detection, from the machine learning perspective which is
wider than Cho et al. [7]’s. Same as [7], this approach falls
into the virtual loop method. Different from [7], we capture
a large quantity of traffic videos (at different times and urban
sites, and with different illumination and weather conditions),
choose more than a dozen of pattern features (defined as the
feature vector) from the local virtual loop zone and the global
image, and then train several types of pattern classifiers to
establish the decision boundary between the vehicle and
non-vehicle classes in the feature space. After extracting
a large quantity of training samples from various traffic
videos to represent real world objects, we apply statistical
learning techniques to improve vehicle detection robustness
and reliability in all weather for long term.

The remainder of this paper is organized as follows: Sec-
tion II provides the structure for the proposed approach. In
Section III, we describe the feature extraction and selection
module. A brief introduction of three pattern classification
algorithms is presented in Section IV. The experimental
results and discussion are presented in Section V. Finally,
our conclusion and future work are given in Section VI.

II. STRUCTURE FOR THE GENERIC VIDEO VEHICLE
DETECTION APPROACH

The proposed vehicle detection approach conforms to the
generic structure of statistical pattern recognition systems
[11], and consists of two stages: training and classification,
as shown in Fig. 1. The role of background modeling and
foreground detection module is to segment foreground of
interest from the background, which contributes in defining
a compact representation of the considered pattern (vehicle
or non-vehicle). In the training stage, the feature extraction
and selection module finds the appropriate features from
image sequences for representing the input patterns and
the classifier is trained to partition the feature space. The
feedback path is used to optimize the first two modules.
In the classification stage, the trained classifier assigns the
input pattern to either vehicle or non-vehicle based on the
measured features.

III. FEATURE EXTRACTION AND SELECTION

In the video image, configure several virtual loops (as
vehicle detection zones) along the roadway direction, and
at least one virtual loop is configured for each lane to avoid
miss detection. The width of each virtual loop is slightly
smaller than the lane width, and its length is similar with the
length of an ordinary car (see Fig. 2). Extraction of fourteen

Fig. 1. Structure for the proposed vehicle detection approach.

Fig. 2. Settings of virtual loops.

pattern features, as representation of the real world vehicle
and non-vehicle pattern, is detailed as follows.

A. Features about Foreground Area

If a virtual loop is occupied by vehicle, its inner region
must include quite a few foreground pixels. Thus the fore-
ground pixel rate f r inside the virtual loop is thought as an
important feature. In this paper, we need a clear background
image to extract all fourteen pattern features. The Mixture
of Gaussian Model method [12] is used to model the back-
ground and identify foreground pixels. We select the mean of
the first Gaussian distribution for every pixel to generate the
complete background image. It should be noticed that some
advanced background subtraction approaches (e.g., KDE-
based) cannot be applied in our research, unless they could
generate a clear background image.

If the camera is installed on the roadside, large vehicles
(such as buses and trucks) would be projected onto the
adjacent lane in the image. Moreover, vehicles that are
turning from one lane to another would be projected on both
lanes. Solely based on foreground pixel rate f r inside the
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virtual loop, those issues are very difficult to handle. Thus we
add two lines a1 and a2 in the virtual loop along the vehicle
driving direction, and the line endpoints divide the top and
bottom edges of the virtual loop into three equal segments
(see Fig. 3). Assume that if a virtual loop is occupied by
vehicle, then at least one of these two lines a1 and a2 must be
occupied by vehicle. According to this assumption, the loop
is occupied only when vehicle is projected onto the region
between a1 and a2. This assumption is helpful to mitigate the
negative impact of “one vehicle is projected on two lanes”
to the algorithm.

Fig. 3. Four lines inside the virtual loop.

Similarly, if two vehicles are closely driving in one lane,
a single virtual loop would be occupied by two vehicles
ahead and back at the same time. Based on foreground pixel
rate f r inside the virtual loop and foreground pixel rates
on lines a1 and a2, this issue is difficult to handle. Thus
we add another two lines b1 and b2 in the virtual loop
perpendicular to the vehicle driving direction, and the line
endpoints divide the left and right edges of the virtual loop
into three equal segments (see Fig. 3). Assume that if a
virtual loop is occupied by vehicle, then at least one of these
two lines b1 and b2 must be occupied by vehicle. That is to
say, the loop is considered to be occupied only when vehicle
is projected onto the region between b1 and b2. Because
this region is seldom occupied by two vehicles at the same
instant, we could discriminate between the front vehicle and
the back vehicle. The foreground pixel rate f r inside the
virtual loop and foreground pixel rates f ra1, f ra2, f rb1, and
f rb2 on four lines a1, a2, b1, and b2 are used together to
describe the foreground area characteristic.

As a rule, if a virtual loop is being occupied by vehicle,
the middle subregion surrounded by four lines a1, a2, b1, and
b2 must include vehicle pixels. This rule is reasonable and
facilitates to judge whether or not the virtual loop is being
occupied by vehicle.

B. Features about Texture change

In traffic surveillance, background subtraction is easily dis-
turbed by many adverse aspects, such as sudden illumination
changes, moving cast shadows, and vehicle headlights at
night, to make foreground mask include many noisy non-
object pixels [13]. More reliable pattern features are desired
to remove negative impact of foreground noises. In the
video surveillance community, it is widely accepted that
foreground noises seldom change the background texture,
whereas foreground objects change the background texture
significantly [14]. Thus, we compute the standard deviation

of morphological edge magnitudes of differences between
foreground and background inside the virtual loop, to de-
scribe the texture change characteristic. The computational
process is shown in Fig. 4.

Fig. 4. The computational process for the standard deviation of morpho-
logical edge magnitudes of differences between foreground and background.

In the virtual loop, subtracting the median-filtered input
image with the background image, we get the difference
image. Then for every foreground pixel, the Ede morpho-
logical edge operator [15] is used to process the difference
image and get the morphological edge magnitude. Finally,
we compute the standard deviation sd of edge magnitudes
for all foreground pixels inside the virtual loop, and standard
deviations sda1, sda2, sdb1, and sdb2 of edge magnitudes
for foreground pixels on four lines a1, a2, b1, and b2. It
should be noticed that the difference image is not a real
image, but rather intermediate variables which lie between
-255 and 255. Median filtering is effective to remove salt
and pepper noises while not causing image blurring; the edge
strength computed using Ede morphological edge operator is
high. Their combination helps to increase the discrimination
between vehicle and foreground noises.

C. Features about Background Intensity and Contrast

To reflect the impacts of environmental illumination and
weather conditions on the image, we compute the intensity
and contrast of the global background image. The inten-
sity feature of the background image is represented using
the mean intensity mibg, which is different under different
illumination conditions (e.g., the mean intensity at noon
is higher than at nighttime). The contrast feature of the
background image is represented using the standard deviation
sdbg of morphological edge magnitudes, which is different
under different weather conditions (e.g., the image contrast
of sunny day is higher than foggy day). Additionally, in order
to reflect the intensity and contrast in the local virtual loop
zone, we compute the local mean intensity milbg and the local
standard deviation sdlbg of morphological edge magnitudes
based on the background image of the virtual loop zone.

So far, fourteen pattern features (five about foreground
area, five about texture change, and four about background
intensity and contrast) have been selected. Table I lists them
together for reading convenience.

IV. DESIGN OF PATTERN CLASSIFIERS

There exist many classic pattern classification approaches.
In this paper, our goal is to propose a generic video vehicle
detection approach through multiple background-based fea-
tures and statistical learning, rather than create sophisticated
pattern classification and machine learning algorithms. Thus
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TABLE I
Fourteen Pattern Features for Classification

Index Symbol Explanation
1 f r Foreground pixel rate inside the virtual loop
2 f ra1 Foreground pixel rate on line a1
3 f ra2 Foreground pixel rate on line a2
4 f rb1 Foreground pixel rate on line b1
5 f rb2 Foreground pixel rate on line b2

6 sd Standard deviation of edge magnitudes for
all foreground pixels inside the virtual loop

7 sda1
Standard deviation of edge magnitudes for
all foreground pixels on line a1

8 sda2
Standard deviation of edge magnitudes for
all foreground pixels on line a2

9 sdb1
Standard deviation of edge magnitudes for
all foreground pixels on line b1

10 sdb2
Standard deviation of edge magnitudes for
all foreground pixels on line b2

11 mibg
Mean intensity of the global background
image

12 sdbg
Standard deviation of morphological edge
magnitudes of the global background image

13 milbg
Mean intensity of the local background im-
age in the virtual loop zone

14 sdlbg

Standard deviation of morphological edge
magnitudes of the local background image
in the virtual loop zone

we design three common pattern classifiers [16]: Linear
Discriminant Analysis (LDA) + Adaboost, Support Vector
Machine (SVM), and Random Forests (RF).

A. LDA + Adaboost

Linear Discriminant Analysis (LDA) is also called Fisher’s
Linear Discriminant, and its basic idea is to project the high
dimensional pattern samples into an optimal discriminant
vector space, in order to achieve the effect of extracting the
classification information while reducing the feature space
dimension. Appropriate projection guarantees that pattern
samples have the biggest interclass distance and smallest
intraclass distance, i.e., pattern under consideration has the
best separability in the reduced space.

Adaboost is an iterative algorithm, whose core idea is to
train multiple weak classifiers using the same training set,
and then combine these weak classifiers together to compose
a final strong classifier. Adaboost is used here to increase the
classification effect of LDA.

B. SVM

SVM is developed from the statistical learning theory, with
rigorous mathematical foundations. By introducing kernel
function, the nonlinear separable problem of input space
is mapped to high dimensional space, and discriminated
through constructing linear decision boundary in the high-
dimensional space. SVM is based on the structural risk
minimization principle, ensuring the learning machine has
the best generalization ability.

C. RF

Random Forests (RF) is a novel combined machine learn-
ing algorithm. This algorithm builds a large collection of

TABLE II
Classification Result of RF on the Training Set

Classification Positive Negative
Positive 8822 178
Negative 288 8712

de-correlated trees, and then averages them. RF uses the
Bagging method to produce different training sets which
are used to generate component classifiers. In building a
single tree, we select features randomly to split the internal
nodes, and finally determine the result through the majority
of votes. The classification accuracy of Random Forests is
significantly improved than a single decision tree.

V. EXPERIMENTAL RESULTS

For pattern classifier training and testing, we captured ten
videos under different illumination and weather conditions
(see Fig. 5), including seven daytime videos (two sunny
videos, two cloudy videos, two foggy videos, and one
rainy video), two nighttime videos, and one dawn video.
In order to test and verify the algorithm generalization
ability, we also downloaded two testbed videos from web
site http://cvrr.ucsd.edu/aton/shadow/index.html (see Fig. 6).
These videos represent common traffic conditions in complex
dynamic environments.

In the experiment, each training or testing sample is
composed of fourteen feature values and one binary label
(1 or 0). Feature values of the training set are extracted
from ten captured videos through configuring virtual loops as
described in Section III. We extracted 1500 positive samples
and 1500 negative samples for every type of environment
condition (including sunny, cloudy, foggy, rainy, nighttime,
and dawn), thus the resultant training set includes 18000
samples (9000 positive samples and 9000 negative samples).
The testing set is generated from ten captured videos and
two testbed videos. For captured videos, 250 positive samples
and 250 negative samples are extracted for every environment
condition. Both testbed videos are at sunny daytime and con-
tain strong moving cast shadows, and 500 positive samples
as well as 500 negative samples are extracted from them to
verify the generalization ability of the proposed approach.

For either training or classification, if and only if any
vehicle part is within the middle subregion of the virtual loop
(see Fig. 3), the virtual loop is defined as being occupied by
vehicle and the pattern label is set to “1”; otherwise, the
virtual loop is defined as not being occupied by vehicle and
the pattern label is set to “0”.

After training three classifiers, we found that different
classifier owns different classification accuracy (error rates)
on the training set, as shown in Fig. 7. The least classi-
fication error (2.59%) was achieved by RF. Table II gives
the classification result of RF on the training set. It shows
that 178 of 9000 positive samples were wrongly classified
as negative, whereas 288 of 9000 negative samples were
wrongly classified as positive.
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Fig. 5. Videos captured under different illumination and weather conditions.

Fig. 6. Testbed videos: Highway I and Highway II.

We extracted 3000 fresh samples from the captured videos
to generate the testing set, which includes 1500 positive
samples and 1500 negative samples. The classification error
rates of three classifiers are shown in Fig. 8. Once again,
RF achieved the lowest error rate. Then we explored testing
error rate for every environment condition, as shown in Table
III. Accordingly, testing result on the testing set from testbed
videos is shown in Table IV.

Fig. 7. Classification error rates of three pattern classifiers on the training
set.

Fig. 8. Classification error rates of three pattern classifiers on the testing
set.

From above experiment data, we obtained two findings: 1)
Machine learning is particularly useful to build a robust clas-
sifier for vehicle and non-vehicle pattern; 2) compared with
LDA + Adaboost and SVM, RF owns the least classification
error in the current context.

Then we utilize RF to do vehicle counting. After obtaining
the classifier output (1 or 0) at each instant, we apply
median filtering operator to mitigate the adverse effect of
occasional classification errors, and then identify a vehicle
by searching for a series of label “1”. Table V lists the
vehicle counting result for captured videos under different
environment conditions and two testbed videos at sunny
daytime.

As Table V illustrates, combination of appropriate pattern
feature and pattern classifier based on machine learning
makes the average vehicle counting accuracy as high as
96% at daytime. Although vehicle headlights at nighttime
strongly disturb vehicle detection, the accuracy does not
decrease remarkably. Therefore, the proposed approach is
highly robust and reliable to detect vehicles under complex
dynamic environments.
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TABLE III
Classification Error Rates on the Testing Set from Captured Videos

Index Environment
Condition LDA+Adaboost SVM RF

1 Sunny 6.00% 8.60% 1.40%
2 Cloudy 6.60% 8.40% 1.00%
3 Foggy 13.40% 12.60% 1.40%
4 Rainy 18.40% 16.60% 3.80%
5 Nighttime 20.00% 17.40% 13.00%
6 Dawn 25.40% 21.60% 10.80%

TABLE IV
Classification Error Rates on the Testing Set from Testbed Videos

Index Environment
Condition LDA+Adaboost SVM RF

1 Testbed videos 6.37% 4.32% 2.78%

VI. CONCLUSION AND FUTURE WORK

In this paper, a generic video vehicle detection approach
through multiple background-based features and statistical
learning is presented to improve the existing virtual loop
method. The main idea is to configure several virtual loops
(as vehicle detection zones) on the image, assuming moving
vehicles may cause pixel intensities and local texture to
change, then by identifying such pixel changes to detect ve-
hicles. In this research, multiple pattern classifiers, including
LDA + Adaboost, SVM, and Random Forests, are utilized
to detect vehicles that are passing through virtual loops.

For both training and classification, we extract fourteen
pattern features (five about foreground area, five about
texture change, and four about background intensity and
contrast) to represent the vehicle and non-vehicle pattern; and
three classifiers are trained to partition the feature space. As
experimental results verify, Random Forests is particularly
effective to discriminate between vehicle and non-vehicle
pattern, and makes the average vehicle counting accuracy as
high as 96% at daytime. The proposed approach is deemed
to be generally robust in detecting vehicles under complex
dynamic environments, and thus video detection devices
integrating this generic approach could improve the accuracy

TABLE V
Vehicle Counting Result Using RF

Index Environment
Condition

Actual Vehi-
cle Number

Detected Ve-
hicle Number Error Rate

1 Sunny 88 90 2.27%
2 Cloudy 73 72 1.37%
3 Foggy 41 39 4.88%
4 Rainy 38 41 7.89%
5 Nighttime 61 74 21.31%
6 Dawn 35 33 5.71%

7 Testbed video
Highway I 28 26 7.14%

8 Testbed video
Highway II 34 35 2.94%

of traffic data collection in all weather for long term.
For the future, we will seek more discriminative features

between vehicle and non-vehicle pattern. For example, we
would like to study image segmentation with mixtures of dy-
namic textures [17] in order to build a more compact pattern
representation. On the other hand, since all machine learning
methods used in this paper are offline and supervised, we
will attempt using online learning techniques to enhance the
algorithm adaptability in unknown environments. Besides,
detailed comparisons with other virtual loop algorithms and
eventual applications of this generic approach are highly
desired.
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