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Abstract—Vehicle classification is an inherently difficult prob-
lem. Most of researches for vehicle type recognition use images
where there are only one vehicle in restricted conditions. In
traffic surveillance videos have many different conditions, which
increase the degree of difficulty in recognizing the type of
vehicle. Thus, the various restrictions in the conventional models
make them limited, creating the need of sophisticated models
that combine segmentation techniques that allow to extract the
information needed to recognize a vehicle within a complex
scenario. This work presents a model for vehicle type recognition
in traffic surveillance videos. The main obstacle in this kind of
videos is the great quantity of information and the constantly
variations in the scene. This work presents a model based on
local features.

Our proposed method is divided into two stages. In first
stage, the moving objects are segmented using frame difference
techniques, the background image is progressively generated by
a heuristic function. In the second stage, each segment(image
region with one or more vehicles) is processed, a local descritor
is used for feature extraction and this information is organized
in a visual vocabulary. A SVM classifier is used for recognizing
occlusions and the type of vehicle. We introduce a very simple
method to remove occlusions, this method is based on intensity
level reduction.

Keywords-Background image; frame difference; temporal in-
tensity histogram; reward and penalty function 1

I. INTRODUCTION

Video Based Surveillance System(VBSS) is a branch of
Intelligent Transportation Systems (ITS) that have been widely
explored in the last years. New models for ITS require more
information about the vehicular traffic. Nowadays, robust
systems join different resources to manage the information at
public transportation or predict some traffic situations. Vehicle
type could add very useful information for control systems, for
example: vehicles in forbidden lanes, plate number, the quan-
tity of trucks in determinate avenue, vehicle classifications, etc.
Also the vehicle type can be used as statistical information in
traffic predictions, for example, the number of trucks coming
in determinate area may generate a traffic jam in next blocks
or in street intersections. Despite of many investigations in the
area [1], like vehicle counting [2], vehicle speed detection [3],
vehicle tracking [4]; vehicle type recognition is not a trivial
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task and in most cases, it englobes many processes. However,
this would be useful, because other kind of knowledge like:
speed, position, count, trajectory, etc. can be deduced from
initial vehicle segmentation in the video surveillance. An
important clue in video monitoring is the target object, where
most of information in video traffic sequences corresponds to
vehicles. Then, the accurate detection of vehicles is the key in
any VBSS.

Literature presents studies about vehicle type recognition,
a particularity in most of these researches is that the images
contain a single vehicle that occupies almost the entire image
[5] [6] [7]. In video traffic surveillance, these models cannot be
suitable because exist many restrictions about the environment
and the vision area of the camera. There are some character-
istics in video traffic sequences that differentiate them from
other kind of vehicle recognition. The camera position, that
commonly is over six meters over the floor [8]. In outdoors
scenes the lighting is an important factor, because it can
produce false object movement, or decrease the illumination of
regions in the scene and consequently removes representative
features of interest objects (vehicles). Another factor is the
weather, that can introduce noise in the sequences. There
are also other factors that difficult the vehicle recognition
like video encryption, camera vibration, occlusion between the
cars, etc. All of them can produce many distortions like: shad-
ows, increase or decrease the appearance of colors, reflection
and occlusion. These factors make difficult the vehicle type
recognition, especially for vehicle segmentation and feature
extraction.

a) Related works: Kagesawa et.al. [9] propose a method
based on local-feature (eigen-windows) configuration, it em-
ploys infra-red images. This model uses B-snake technique
to segment the vehicles. A problem with this work is that
it needs many vehicle examples in different angles. Yiguang
et.al. [10] propose a method that uses a hybrid neural network
to identify the type based on head face vehicle’s dimensions.
This method has many restrictions like: different vehicle’s
dimensions, different types of head faces and the images
have to be captured at a specific position. Ambardecar [11]
introduces a method that identifies the vehicle type using 3D
models. This method requires many 3D models and also it
has many camera restrictions. In literature, many methods of



vehicle type recognition contain certain restrictions that can
not be applied in the case of video surveillance or traffic in
real-time solutions. Furthermore, in surveillance videos the
environment conditions are so changeable that many models
with certain restrictions may not apply.

This paper describes a method for vehicle type (motorcy-
cles, cars and buses) classification in video traffic sequences.
Our model aims to be adaptive to the conditions attached to
city traffic, as well as being adaptable to different climatic
conditions of the environment. We use frame difference to
segment moving objects, then representative features are ex-
tracted using Scale-invariant feature transform (SIFT) [12].
Segmented image features are organized in a visual dictionary.
Then a classification process is divided in two recognition
steps. A first step recognize the occlusions in the segments.
For this stage, we introduce an occlusion removal technique.
Finally, vehicle types are identified in the last step.

Our proposed method segments the vehicles from video
surveillance where the quality of the images are low and
the feature extraction results in a difficult task. This occurs
because, the vehicle images usually are tiny and have low
resolution. For occlusion removal, our model introduces a
novel and simple method to divide the occluded vehicles
and then performs the vehicle recognition. Another important
outline is that the proposed method can identify the vehicle
type from different vision points.

This paper is organized in the following sequence: in Sec-
tion 2, we present our proposed approach, which is composed
by moving object segmentation, feature extraction and vehicle
type recognition. In Section 3, is described the moving object
segmentation. Feature extraction and Visual vocabulary is
described in Section 4. The final vehicle type recognition is
shown in Section 5. In Section 6 the experimental results are
explained and discussed. Finally, in Section 7 the conclusion
are exposed.

II. OUR PROPOSED METHOD

In Fig. 1, we present a diagram of our model. This model
is based on local-features, it segments moving objects using
frame difference technique [13], then features are extracted
from segmented images using the SIFT descriptor [12]. The
extracted features of the moving segments lacks of global
information. Our model builds a visual vocabulary in order
to join representative features in clusters [14]. Thus, the
features are organized using the semantic information of the
segments. Each image contains a feature vector builded using
the visual vocabulary [15], for final vehicle type classification,
the model uses two Support vector machines (SVM) [16], the
first discriminates the occlusions an the second recognizes the
vehicle type. In case of occlusions, our model performs an
occlusion removal technique and extracts already the feature
vector for the new divided segments.

III. SEGMENTATION

Background subtraction is a commonly used technique for
segmenting out objects of interest (vehicles) in a scene [17].

Video
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Fig. 1. Our proposed model.

Due to constantly changing conditions, some specific back-
ground image generation techniques exist for outdoor scenes
[18]. Once the background image is generated, the moving
object segment is remarked using a binary mask builded by
the diference between the observed frame and the generated
background image.

A. Background Image Generation

Mora and Cámara [19] proposed a method for progressive
background image generation. This method is bassically di-
vided in three parts: partial background generation, histogram
update and background generation.

1) Partial Background: In this initial step, an image, called
partial background, that contains the static segments between
two generations is builded using the Eq. 1.

Pbi(p) =

{
fi(p)+fi−1(p)

2 if |fi(p)− fi−1(p)| < γ
−1 otherwise

. (1)

where, fi and fi−1 are two consecutive frames. The resulted
image Pb contains the information about the static segments
in recent time, this step aims to be more adaptive for eventual
changes in the background image.

2) Histogram Update: Each pixel in the image has a
histogram in which intensity behavior of pixel is represented
by scalar values. These histograms are modified by a reward
and penalty function.

Basically, the values in the histogram are modified when
considerably variations in the pixel intensity occurs. It means,
if the difference between the value of the partial background
with the last generated background image is bigger than
a threshold, then this pixel intensity suffers a variation in
its group (background/foreground). The modifications in the
histograms are done using a neighborhood scheme, the idea
is to increment or to decrement a group of intensities. Thus,
if a determinate evaluated intensity bin has to be modified, it



and its neighbor intensities will suffer a modification using
normal distribution centered in the evaluated intensity bin.
All these modifications are resume in two rules:(1)Reward
the intensity (bin and its neighborhood), that remains in two
consecutive background generation.(2)Reward the incoming
intensity, and penalize the last growing intensity. Note, that
the first rule is accomplished when pixel intensity has not
significant variation, in the other hand, second rule is applied
when pixel intensity suffers a big variation. In each generation
all the histograms are updated.

3) Background Generation: The background image H is
recalculated from the updated histograms. For each pixel in
the image, the method looks for the highest cumulative value,
the bin position of this value corresponds to the background
intensity that will be set in the histogram table or background
image.

B. Moving Objects Segmentation

Once the background image was generated, the vehicles
can be segmented from the frame. Commonly, a binary mask
of moving objects is generated by the difference between
the current frame and the background. In most cases, this
image contains noise and it is necessary to filter the resulting
image. But in gray scale, some background intensities are
similar to the foreground. For example, in some tests the
windshields are too similar with the track intensities, these
region is consider as background leaving dark spots in the
region corresponding to a vehicle. In Fig. 2(a), we can see a
frame difference between background image and the current
frame, it is clear that some pixels in vehicles are similar to
the background intensities. Morphological operators are used
to eliminate noise, the result is a binary mask with black spaces
inside region that correspond to a vehicle. To avoid this hides
intensities of the binary mask, our method also uses another
frame difference, this time between two consecutive frames.
First, we explain the equation that builds the binary masks
using next equation:

B =

{
1 if |I1 − I2| < κ
0 otherwise

, (2)

where I1 and I2 are images, depending on the case I2 can be
a previous frame or the background image, κ is a threshold.

Thus, we define Bff and Bfb as the resulted binary mask
between two consecutive frames (the current frame and the
previous frame) and the binary mask between the current
frame and the background, respectively. The final segment
mask Fr is the union result Bff ∪ Bfb. The image Fr is
filtered by morphological operators. In Fig. 2(b), we can see
the second frame difference, Fig. 2(c) is shown the union and
in Fig. 2 the resulted binary mask. These images are extracted
from a poor quality video and discussed in the final sections.

The builded binary mask is used to segment the vehicles,
applying a size criteria, where small objects are unconsidered
and vehicles are extracted as small images.

(a) Background-Current frame (b) Two consecutive frames

(c) Logical Union (d) Segments

Fig. 2. Moving Object Segment

C. Shadow Removal

Due to light conditions cars project shadows that can
occlude other vehicle or cause a false effect of movement.
In this work, we use the method proposed by Jakes et.al.
[20] for shadow removal. This method estimates the pixels
considered as shadows using normalized cross-correlation to
detect shadow pixel candidates, since it can identify scaled
versions of the same signal. Thus, using the discriminate
segments, the next setp is recognize de characteristics.

IV. FEATURE EXTRACTION

A common difficult in any image recognition technique is
the choose of the features that discriminate the objects. We
use SIFT descriptor for feature extraction. SIFT is a well
know descriptor in the literature, a main advantage of this
method is its invariance conditions (scale, rotation, translation
and partially to occlusions). Vehicles in traffic videos suffer
these transformations.

The SIFT descriptor uses a gradient histogram as attribute
for each characteristic point. Where an image has different
number of characteristic points. When spatial local features
are extracted, they only provide a very local and unstructured
representation of the video clips. One way to give a more
meaningful representation is to use the bag of features (BoF)
approach [15]. Using BoF requires the construction of Visual
Vocabulary. In this method, a set of feature clusters is builded,
where each word of this vocabulary is a set of characteristic
that belongs a cluster. We create our visual vocabulary using
descriptors previously extracted from segmented images of
cars, motorcycles and buses. Once we have the feature vectors,
for each image, a classifier method is trained for oclussion or
vehicle type recognition.



V. VEHICLE TYPE RECOGNITION

Our model uses Support vector machines (SVM) [21] to
classify the vehicle type. The SVM is a binary classifier, novel
improvements [22] introduce enhancements in the algorithm
that allows it to classify more than two classes. In this work,
we use three groups: cars, motorcycles and buses. Our model
uses two classifiers, the first was trained to recognize segments
with occlusion, the second was trained to recognize the vehicle
type.

The method builds two visual vocabularies. The first is
divided in two groups: occluded and not occluded. A second
vocabulary contains the information about the cars, motorcy-
cles and buses. An initial step in the recognition process is
to determine if the moving segment, extracted in the previous
step, contains only one vehicle, in occlusion case the method
performs a second segmentation.

Depending of the camera position a vehicle may occlude
partially or totally by other, increasing the difficult to segment
the cars. In some videos, the camera position avoids the
apparition of occlusion, but in many cases, especially in low
angle cameras the occlusion is always present.

We propose a simple method to split the segments with
occlusions into segments with small size and with only one
vehicle inside. The proposed method reduces the intensity
levels to eliminate some details that join the occluded cars.
First, we assume that vehicles usually have a region that
covers almost all the vehicle, this region has an uniform color,
usually perceived colors of windshield and tires are different
to chassis. It is clear, that exist many regions with different
colors, for that the method reduces the intensities in just four
intensities in order to decrease the details. In this reduction,
the vehicles are clear or dark. We define four intensity clusters,
the first intensity (black) represents of background. Actually,
the other three segments are the intensities that we use to
separate the vehicles. The K-means algorithm [23] is used to
the intensity quantization. After define the intensities, small
color segments are dismissed these segments are not enough
representative. Thus, the representative color of the vehicles
are used to divide them, in the case of vehicles with same
color, the method uses characteristics like the brightness to
separate the vehicles. The remained color segments still have
noise, thus , morphological operators are used to filter them. A
binary mask is created that represents the separated vehicles.
In Fig. 3 is showed the process, the classifier detects the
occlusion in the image. First, the method reduces the number
of intensities (in order to eliminate details), after that, color
regions are filtered with morphological operators. Finally, a
binary mask is generated, where each segment receives a label.

Once the vehicles are segmented, their features are extracted
and processed for the final vehicle type recognition using the
second classifier.

VI. EXPERIMENTS

Our model is divided in two parts: the moving object
segmentation and vehicle recognition. The first part is tested
with different videos [24] [25], basically to test the background

(a) Occluded image (b) Intensity reduction

(c) Binary mask (d) Separated vehicles

Fig. 3. Moving Object Segment

generation algorithm. In second part, we use two main groups
of videos to test the framework. The first one, is composed by
our own videos, these videos are very noisy. The second group
is a long time duration video of a street intersection [26], these
videos have heavy traffic flow and many occlusions.

A. First group test

Several datasets have been proposed for evaluating vehicle
detection algorithms. However, these datasets mostly consist
of images of vehicles restricted to frontal/rear and side poses,
which in our opinion, is insufficient for capturing the entire
degree of variation in the appearance of cars in surveillance
videos due to changes in pose, viewpoint, illumination and
scale. We create our own ground truth to train our classification
method. We use 400 images of different vehicles (200 cars,100
motorcycles,100 buses). The occlusion classifier was trained
with 200 that contain occlusion cases and the whole set as
examples of images with no occlusion.

In Fig. 4, can be appreciated an observed frame and
the generated background image from the same video. This
sequence contains many noises, such as: constantly lighting
variation, vibrations, poor camera encryption, etc. We use the
following parameters for the generator background function
for all video sequences: v1 = 1, v2 = .1 and v3 = .9, these
variables represents the multipliers of m1,m2 and m3 of the
background generation algorithm.

The model uses a determinate region of the scene for
observation (ROI; region of interest). Depending on the size
of a vehicle, this one may appears many times in the ROI.
Each time a vehicle appears, it passes for a type recognition
process. In Fig. 5, it can be appreciated an example of a ROI
in an observed frame (the darker region at the bottom of the
image).

We track each vehicle using a spatial-temporal criteria,
where in two consecutive frames, a region in the image only
contains a one vehicle [27]. This technique allows the method
to count and track each vehicle. The transition of a vehicle
from the beginning of the ROI at the end, corresponds to many
frames, in each frame a vehicle receives a label. When vehicle
outcome of the scene, its type (car, motorcycle, bus) is defined
using a voting criteria using its previous assigned labels. In



(a) Current frame

(b) Background image

Fig. 4. Background image generation.

Fig. 5. Observation region.

Fig, 6, we appreciate an image of the ROI where a vehicle is
tracked.

In Table I, is shown the confusion matrix for our own set

Fig. 6. Vehicle tracking.

of videos composed of four videos. We also made a vehicle
trajectory recognition [28], and using a voting model we define
the vehicle type. The total accuracy in these tests was 83.33%.
We also do other tests using SURF [29] descriptor, but the
general recognition decreased by 5% in almost all cases.

TABLE I
CONFUSION MATRIX

Cars Motorcycles Buses
Cars 89,58 10,42 0,00
Motorcycles 0,00 75,00 25,00
Buses 21,43 14,29 64,29

B. Second group test
In the second experiment, we use the MIT traffic video

data set [26]. The MIT data set consists of 20 videos of an
avenue intersection, with many occlusion cases. We use this
data base to test the occlusion method, because they have a lot
of occlusion cases. Also, with these videos, we test the model
with different view point of the vehicles.

Due to the characteristic of an intersection, vehicles come
from many directions. Thus, the vehicles in an occlusion may
appear in different directions and senses. A single segment
with occlusion can contain from two to five cars. In this case,
we just recognize the vehicles and their types, we can not
use the trajectory algorithm used in the first experiment. The
challenge in this second experiment is the occlusion removal
step since the vehicles are constantly occluded by others. The
classifier detects the occlusions with 96% of accuracy, our
model achieves to separate 80% of the occlusions, separating
into their constitutive elements. Finally, the vehicle type accu-
racy was of 85%. It is important to notice that our model



recognize a vehicle from different directions, i.e., we can
recognize a vehicle by the front, side, rear and other views.

VII. CONCLUSIONS AND DISCUSSIONS

This paper presents a local feature based model for vehicle
type recognition. The presented model fits in many traffic
situations and different weather conditions and also does not
need camera calibration.

The background model uses partial background images,
which are robust to camera vibrations, camera movements
(pan, zoom, tilt, track) and illuminance changes. The heuristic
function allows the method to react faster when a background
pixel suffers a change in its intensity. In segmentation step,
the moving object mask is builded using more than one frame
diference. Actually, most of methods just use the difference
between the observed frame and background image. Adding
the two consecutive frame difference, a big amount of noise
can be eliminated. Using local features, we can obtain a good
representation of the vehicles, and the visual vocabulary helps
to organize these knowledge for a later recognition stage. The
final step is supported by SVM, that is a well known and
powerful classifier.

It is important to outline, our video data set is from surveil-
lance camera, these sequences contains much noise and a low
quality encryption. The classifiers using for test were trained
with a tiny set of vehicle images, nevertheless, the accuracy of
the multi-view vehicle type recognition obtained is promising.
Also, the proposed method introduce a technique for occlusion
removal, it uses a very simple operations. Therefore, there is
a lack in the divide occlusion method, especially in case of
big vehicles (trucks) with different colors.

Finally, our model is capable to detect and classify vehicles
requiring minimal scene-specific knowledge.
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