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Abstract—This paper presents a novel method for interest
region description which is based on the idea that the appearance
of an interest region can be well characterized by the distribution
of its local features. We introduce a new texture feature called
Grid of Local Binary Patterns (GoLBP) that is a modified
version of the well-known Local Binary Pattern (LBP) feature.
Experiments show that, the proposed descriptor can be used for
the real-time vehicle detection in Vietnam.

I. INTRODUCTION

Real-time object detection has wide range of application
such as human-machine interaction (gestures recognition, face
detection), video surveillance systems (people tracking, video
vehicle detection), robot localization, etc. One of the most
used fast object detection techniques in images is the sliding
window technique [3]. The key idea of the sliding window
technique is using a window of predefined size, which is
slided over the interest region of the input image with a
certain step of displacement. At each slide step, the underlying
sub-image is cropped and given as input to an image classifier.
Thus, this type of processing is very time consuming. In
order to overcome the problem of computing features at
each step, integral representations have been proposed. Two
types of integral representations usually employed are the
Integral Image [2] and the Integral Histograms [16]. The basic
characteristic of both is to precompute the features before
sliding the windows in this way the features are computed
only once.

In general, the majority of object detection systems
have two main modules: feature extractor, and feature
classifier. Feature extraction is special form of dimensionality
reduction, when the input data (pixels of the image) will be
transformed into a reduced representation set of features by
some descriptor. On the other hand, good features should
be discriminative, robust, easy to compute and efficient
algorithms are needed for a variety of tasks such as detection,
recognition and tracking.Various local descriptors such as
SIFT[13], Haar-like [2], Histogram of Oriented Gradients
(HOG) [12], Local Binary Pattern (LBP) and its variants [1]
have been proposed over the recent years.

Feature classifiers may use Artificial Neural Networks,
Support Vector Machines, Bayesian inference, or a combina-
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Fig. 1. Duplicate local neighborhood C1-C2 in the LBP operator

tion of these, among other techniques. A very prominent face
detection method is the combination of Adaboost and Integral
Image representation, first proposed by Viola and Jones [2]

LBP is a computationally-efficient descriptor that is pop-
ular in texture classification [14], [15] and face detection
[5], [6], [7]. LBP is illumination and contrast invariant as
it only considers the sign of the difference between two
pixels. Representing LBP in the form of histogram makes the
descriptor resistant to translations within the neighbourhood
of histogramming. This paper focuses only on designing a
new descriptor, which modifies an existing LBP descriptor to
capture more local information.

II. RELATED WORKS

The Local Binary Pattern operator has been widely used to
represent, detect and recognize faces [7], [5], as well as other
object classes [8]. The success of LBP in face description is
due to the discriminative power and computational simplicity
of the operator, and its robustness to monotonic gray scale
changes caused by, for example, illumination variations. LBP
was proposed by Ojala et al. [1] as a histogram with N levels.
The LBP operator was extended in many ways, one of those
extensions is the rotation invariant LBP [11]. In [17], the
authors proposed using a concatenation of cell-structured LBP,
similar to [12], and HOG to describe humans. Their feature
showed a much better performance compared to [11]. Nguyen
Duc Thanh et al. [8] proposed using NRLBP for human
description by mapping an LBP code and its complement to
the minimum of the two. So far many extensions of LBP have
been proposed: boosting LBP [7], MultiBlock-LBP [5], CLBP
[9] etc.

However, among these methods, LBP operators describe
each pixel by the relative gray-levels of its neighboring pixels
and the histogram of the binary pattern computed over a region
of image. Hence, correlation between pixels can be obtained
from duplicate local neighborhoods (Fig.1), obviously, the
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Fig. 2. LBP operator

number of the computational performance of the LBP operator
can be reduced by decreasing number of the redundant neigh-
borhoods. The next section presents how to localize redundant
information between pixels and proposes an optimal descriptor.

III. OBIJECT REPRESENTATION USING LBP AND GOLBP

The LBP operator is an image operator which transforms an
image into an array or image of integer labels describing small-
scale appearance of the image. These labels or their statistics,
most commonly the histogram, are then used for further image
analysis. The most widely used versions of the operator are
designed for monochrome still images but it has been extended
also for color images as well as videos and volumetric data.
We adopt the following notation. Given a pixel ¢ = (z¢, Ye),
the LBP code of c is defined by:

P-1

LBPi—p)(we,ye) = Y, $(gn, — 9c)2° e))
=

where P is a number of neighbor pixels, n,, is a neighbor pixel
of ¢ and the distance from n,, to ¢ does not exceed R. gn,,, gc
are the gray intensity of n, and c respectively, and
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However, Fig.5 represents the transformation of the original
LBP operator on 9 pixels which the LBP code of the center
pixel is obtained by comparing its intensity with 8 neighboring
pixels’ intensity. Obviously, the transformation is equivalents
of 20 neighborhoods’ information(C1-C2,C2-C3,C3-C6,C6-
C9...). To capture more information of the object’s pixels, we
propose a novel LBP, namely, Grid of LBP, as follow,

(P-1)/2] ‘

GoLBP,—p)(%c,ye) = $(gn, — 9¢)2" +
=0
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where [x] means integer part of x; n;,n;, nj are neighboring
pixels of ¢ and their indexes j, k are selected by some structure
(that is called Grid of LBP).
This paper focuses on GoLBP with n = 1, P = 8 (see Fig.3)
as follow,

GoLBP =dg . +da 2+ d3,.2% +d5 2> + dy 42* +
dy62° +d7 225 +d7 42" ()
where dy , = 5(9z,9y) (see Fig.4).

It can be seen that the GoLBP captures more information
than the LBP descriptor. For example, the GoLBP representa-
tion in Fig.6 reflects the relative contrast between 28 couples
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Fig. 3. GoLBP structure
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Fig. 4. GoLBP operator

of pixels (against 20 in Fig. 5). Hence, the GoLBP is more
robust and adaptive to changes of the gray intensity.

IV. REAL-TIME OBJECT DETECTION USING GOLBP

Visual object detection is under constant pressure to in-
crease both its quality and speed. Such progress allows for
new applications. A higher speed enables its inclusion into
larger systems with extensive subsequent processing (e.g. as
an initialization for segmentation or tracking), and its deploy-
ment in computationally constrained scenarios (e.g. embedded
system, large scale data processing). In this paper we focus on
improving the speed of vehicle detection ( see Fig. 7), while
providing state-of-the-art detection quality.

To evaluate the performance of the proposed method, we
conducted some experiments. The proposed descriptor was
evaluated by employing it to detect motorbike from video.
The experiments were conducted on the data set including 604
images with 3378 labeled motorbike in frontal view. We use
3000 samples for training and 378 samples for testing (in 61
images). For the implementation of the training and detection
experiments,in the MultiBlock LBP (that was implemented in
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Fig. 7. LBP and GoLBP operators



b O
O

O
Y
{

&)
Ocs

C6
Cc9

C3

€2~
O
c8

C1
@
Cc7

)

O
O

Cé

@)=
Y

N
Oco

Ocs

.
e
c9

O

O
Y

O Cc2
OCS

C6
C9

O
O

Qs

Cé

Ocs
.

c9

O
Y

c/z
OCS

AN

C1l O c2
\m
NS
cs
c7 Ocs

Q
%

c2
CS

O
Ocs

a4

Oa
Y
N

C
Oc

Oc4

C5

N
AN

Q

\O c4

Fig. 5. LBP operator on 9 pixels and grid of their neighborhoods
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Fig. 8. MultiBlock GoLBP feature for image representation

OpenCV 2.4.6 library) original LBP descriptor was replaced
by GoLBP descriptor and trained Gentle AdaBoost.

A more detailed description of such GoLBP operator can
be found in Fig.8. GoLBP (based on MultiBlock approach)
can capture large scale structures that may be the dominant
features of images. Totally, we can get 256 kinds of binary
patterns. The experimental results show the GoLBP features
are more distinctive than Haar-like features and original LBP
features. Another advantage is that the number of exhaustive
set of features (rectangles at various scales, locations and
aspect ratios) is much smaller than Haar-like features. Given
a sub-window size of 20x20, there are totally 2049 features,
this amount is about 1/20 of Haar-like features (45891).

For real-time system vehicle detection as can be seen in
Fig.9, the GoLBP outperforms the original Multiblock LBP
and Haar-like with regard to accuracy.

V. CONCLUSION AND FUTURE WORKS

In this paper we presented the GoLBP descriptor and re-
lated algorithms for fast object detection. Superior performance
of the GoLBP descriptor and algorithms were demonstrated
on several examples with detailed comparisons to previous
techniques and features. The method can be extended in
several ways. For example, following automatical detection
of an object in a video, it can be tracked in the following
frames using this approach. As the object leaves the scene,
the distance score will increase significantly which ends the
tracking. Currently we are working on multiple classification
algorithms which use the GoLBP features to recognize hand
gestures.
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Fig. 9. Performance of GoLBP againts MB-LBP and Haar-like

Fig. 10. Some results of the motorbike detection process



