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Abstract
In this paper, an enhanced contour descriptor is presented for pedestrian
detection, an important and challenging task in computer vision. A dis-
criminative feature is essential to build a robust detection. Histograms
of Oriented Gradients (HOG) and Local Binary Patterns (LBP) are well
known descriptors with proven efficiency. We propose here the use of
Variational LBP (VLBP) as an auxiliary feature and combine it with
HOG to generate a discriminative contour descriptor used in our detec-
tion model. We also perform feature selection by using the Feature Gen-
erating Machine in order to select the most useful elements of a descriptor
vector without impacting on the classification performance. Moreover, a
two-layer cascade model is proposed to achieve both accurate detection
and lower computational complexity. The intersection kernel based sup-
port vector machine is employed in our cascade model as a performing
classification tool that integrates well histogrammic features. A boot-
strapping algorithm is also applied in our training procedure to improve
the performance of classification. The result of the experiment shows
that our approach achieves good performances on the INRIA benchmark
dataset. A conclusion of this work is that an enhanced and concise de-
scriptor that combines HOG and VLBP can improve contour description
and thus leads to better detection performance.
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1. INTRODUCTION

Pedestrian detection is an active area of research in
computer vision. This topic draws attention because of its
usefulness in many applications, such as intelligent surveil-
lance, driver assistance system, and event detection. More-
over pedestrian detection is also considered as the fun-
damental component for several high-level systems, such
as pedestrian tracking, people re-identification and action
recognition. Pedestrian detection remains a challenging
matter because of the complexity of the background envi-
ronment, the variability in shapes of pedestrians’ body and
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the wide diversity in pedestrian’s clothing and postures.
The identification of a discriminative feature is essential

to the design of a robust detection system. A wide variety
of descriptors has been proposed in the recent literature,
several of them are presented and analyzed in [1]. Among
them, the Histograms of Oriented Gradients (HOG) [2] [3]
[4] has been shown to be one of the best performing fea-
tures, and it has been used in several existing methods.
HOG extracts contour information and is invariant to ge-
ometric and photometric transformations which makes it
particularly suited for pedestrian detection. Another no-
table descriptor is the Local Binary Patterns (LBP) [5]
that extracts the textural information of an image patch.
It has been successfully applied to face detection [6] and ob-
ject segmentation [7]. Some works have been proposed that
combine HOG and LBP for improving pedestrian detection



CNSER IJCVSP

Figure 1: The procedure of our enhanced and concise descriptor.

[8]. However, LBP is designed to describe texture infor-
mation rather than contour information. For the problem
of pedestrian detection, contour information usually plays
a more important role than texture. Indeed, pedestrian
wear clothes showing a wide diversity of patterns and col-
ors and, as a result, no specific textural pattern can be
considered as a good indicator of the presence of a person
in an image. Variational LBP (VLBP) has been proposed
by Wu et al. in [9] [10] to extract contour information in
the context of scene categorization and object detection.
VLBP is based on the image gradient, which focuses more
on contour information while disregarding contextual de-
tails, conveyed by the original image. In order to provide
a better characterization of the contour information in an
image patch, we combine here HOG and multi-scale VLBP
and propose an enhanced descriptor to improve detection
performance. But the merging of these two descriptors
result in a high-dimensional representation; this one can
then be made more concise by applying feature selection.
Usually Principal Components Analysis (PCA) [11] [4] and
Partial Least Square (PLS) [12] are popular approaches to
achieve this goal. In this work, we use the Feature Gener-
ating Machine (FGM) [13] to generate a concise descriptor
which preserves the most important parts of the combined
feature without significantly impacting the classification
performance. Figure 1 shows an overview of the computa-
tional process for the feature descriptor introduced in this
paper.

To build a powerful detection system, we also propose

a two-layer cascade classifier as shown in Figure 2. The
first layer of this classifier uses a classic linear SVM for
fast classification while a Histogram Intersection Kernel
based Support Vector Machine (HIKSVM) [14] is used in
the second layer to improve the accuracy of the classifica-
tion. In addition, our training procedure has recourse to
bootstrapping [15] [16] [2] [17] [18], in order to improve the
classification performance with a limited number of train-
ing samples.

The main contribution of this work is an enhanced
contour descriptor that combines HOG and VLBP in an
efficient two-layer cascade classifier. We show that this
model outperforms the baseline detection model of HOG
linear SVM while keeping the computational complexity
low. This paper is organized as follows: In Section 2 a brief
referral of the related works is presented. In Section 3 we
describe the contour descriptor used in our work. Section
4 explains our 2-layer cascade detection framework and the
techniques used in the feature selection, classification and
training procedures. In Section 5 we show the result of
experiments on the INRIA benchmark dataset. Finally in
Section 6 a conclusion of this paper is made.

2. RELATED WORK

Pedestrian detection has been the object of several works
in the recent literature [1] [19]. In an effort to improve the
detection performance, these works have been focusing on
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Figure 2: General framework of the proposed detection system

two main aspects: feature description and classification al-
gorithms.

The Histograms of Oriented Gradient (HOG) descrip-
tor is a milestone feature [20]. This descriptor conveys the
contour information of objects in images. The fundamental
aspect of this descriptor is that a robust and invariant rep-
resentation of a target object can be obtained from the dis-
tribution of its intensity gradient orientations. Specifically,
a detection window is divided into small connected regions
(cells), and for each cell, a histogram of edge orientations
is calculated. The gradient histograms from these different
cells are then concatenated together in order to produce
a single descriptor. HOG shares some similarities with
the Scale Invariant Feature Transformation (SIFT) [21].
HOG is calculated on a dense array of overlapped sample
windows while SIFT uses sparsely distributed descriptors
based on the interest points. SIFT is often used to identify
object categories using a bag of words framework[22]. Zhu
et al. proposed fast calculation of HOG descriptor in [23]
by using integral histograms.

Texture information can also be used to describe the
characteristics of an object. To describe texture informa-
tion, the LBP descriptor was first proposed in [5]. It is
nowadays a classic texture descriptors and has been used in
several areas, for instance, face recognition [6], face detec-
tion [24], [25], and object segmentation [7]. This descrip-
tor is invariant to change in illumination, which makes it
to perform well and robustly in classification and segmen-
tation task. Other types of LBP descriptors, have been
proposed to improve its performance and to meet specific
requirements, such as Elongated Local Binary Patterns
(ELBP) [26], overlapped LBP (oLBP) [27], Rotation In-
variant LBP [28]. Of particular interest is the variational
LBP descriptor that have been proposed by Wu, et al. in
[9]. This variational LBP (VLBP) descriptor is used to
extract the contour and texture feature from the gradient
image.

Color information can also be a useful cue for improv-
ing pedestrian detection accuracy. The Color Self Simi-
larity (CSS) descriptor was introduced by Walk et al. in
[16]. The author proposed a new feature descriptor that
uses color information with the idea that color patterns of

pedestrian’s clothes can potentially offer additional infor-
mation that can be exploited by a classifier. This color
self similarity feature is generally computed in HSV color
space. The pairwise similarities of the features’ histograms
are computed and histogram intersection is used as the
distance function. However by using co-occurrence his-
tograms, a second order image statistics, the dimension of
the feature descriptor becomes high. Note also that this
descriptor is usually employed as a complement to other
features such as the HOG.

As an another important system component, an effec-
tive algorithm of classification is also essential to a power-
ful detection system. Support Vector machines (SVM) is
a leading technique used in vision tasks such as pedestrian
detection [2], [29] , face detection [30], and car detection
[31]. SVM is a supervised learning model with associated
learning algorithms that analyze data and recognize pat-
terns, and is mostly used for classification and regression
analysis.

The deformable part models (DPM) [32] [15] [33] [34]
[35] is probably the most successful approach for object de-
tection based on HOG. It achieves state-of-the-art people
detection [36] through the use of a latent SVM formula-
tion. This DPM approach is trained using a discriminative
procedure that only requires the bounding boxes of the
objects, leading to an efficient and accurate detector. By
using this elegant framework, DPM can capture variations
in appearance. An important benefit of this approach re-
sides in the fact that a part-based model is trained without
an explicit labeling of the part locations. Part-based mod-
els are generally better at handling pose variations in the
object model. However, they are computationally more
complex even if efficient detection mechanism can be in-
troduced such as the star-cascade presented in [37].

An approach based on feature pooling is proposed in
[38]. In this method, a spatial pooling operator over low-
level features is introduced in order to improve the recogni-
tion rate. Classifier learning is based on AdaBoost in which
the partial area under the ROC curve (pAUC) is optimized.
They observe that by combining multiple features, detec-
tion performances are generally improved. Recently, good
recognition performances have been obtained using deep
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networks. In [39], a deep learning framework that learn fea-
tures jointly with deformation and occlusion handling com-
ponents. A deep model that automatically learns multi-
scale scene-specific features in static video surveillance is
proposed in [40]. In this approach, the target training sam-
ples are automatically selected and labeled. An objective
function is introduced that encodes the confidence scores of
each training sample. This way, the deep model becomes
robust to labeling mistakes on target training samples.

In this work, our objective was to design an enhanced
pedestrian detector mainly by improving the contour de-
scription. We found that when HOG is combined with
VLBP, the enhanced descriptor is better than either HOG,
LBP or VLBP. The computational constraint is a major
requirement in applications such as pedestrian detection
for driver-assistance systems in which the detection algo-
rithm needs to be implemented on a low-power hardware
architecture having severe memory limitations and fixed-
point constraints. When feature selection is employed, our
enhanced descriptor is concise without impacting on the
performance.

3. ENHANCED CONTOUR
DESCRIPTION

This section briefly presents the HOG descriptor and
the Variational LBP descriptor for describing contours in-
formation of pedestrian in images. We use VLBP as an
auxiliary feature and combine it with HOG to generate
our discriminative descriptor.

3.1. HOG

The HOG descriptor is well-known as a robust contour
descriptor and has been widely used in many applications.
The main idea of this feature is that contours of objects
in an image can be described by using the distribution
of intensity gradient directions. To compute the HOG de-
scriptor, a detection window is divided into non-overlapped
8× 8 cells. For each cell, a histogram of gradient orienta-
tions made of 9 bins is computed and weighted by gradi-
ent magnitudes. Each 2 × 2 neighboring cells constitute
a block, and the corresponding 4 histograms are concate-
nated to a 36-dimensional feature vector followed by a L2-
normalization. For a 64 × 128 detection window, there is
a total of 105 overlapping blocks when the block stride is
set to 8 × 8 pixels. The corresponding HOG descriptor is
built by concatenating all features from these 105 blocks.
As a result, the HOG descriptor has 3780 dimensions.

3.2. VLBP

The VLBP descriptor , which was proposed by Wu et
al.[9], is a variant of LBP, that extracts edge information
in a detection window. Instead of using the original gray
image, the computed gradient magnitude image is used to
produce the corresponding LBP image. For each scanned
window, the VLBP descriptor is composed of the histogram

features of the blocks in the LBP image. Specifically, the
gradient G is computed by using a pair of Sobel filters given
an input image I. Let M = |G| denotes the magnitude of
G. The LBP image L is computed on M , at pixel p using
the clockwise sequence of pixels qi in the 3×3 neighborhood
of p

Lp =

7∑
i=0

2i • s(p, qi),

s(p, qi) =

{
1, if p ≥ qi;

0, otherwise;

(1)

The VLBP descriptor is made of the concatenated his-
tograms computed over overlapping blocks inside the de-
tection window. Finally the VLBP descriptor is normalized
by L2-norm.

For a 64 × 128 detection window, we clip the center
48 × 96 region for VLBP feature extraction because we
experimentally found that the border region of image in
the INRIA training dataset fails to provide discriminative
information. Similar to the HOG descriptor computation,
a histogram of LBP values with 64 bins is computed in
each 16×16 block. We use a block stride of 8×8 to obtain
a total of 55 blocks, and concatenate the corresponding
histograms to build a 3520-dimensional VLBP descriptor.

To capture more discriminative information, a multi-
scale representation is usually adopted. In this work, we
use three window sizes: 12 × 24, 24 × 48, 48 × 96. In
the first case, the block sizes and strides are changed to
12 × 12 and 6 × 6 respectively. The proposed multi-scale
VLBP descriptor is illustrated in Figure 3.

3.3. Enhanced Contour Descriptor

An enhanced contour descriptor is obtained here by
combining the HOG and the VLBP descriptors, but the
dimension of this combined descriptor vector is 8132 (HOG
dimension 3780 + three-scale VLBP dimension 4352). This
imposes a significant computational load on the classifier.
We therefore introduce feature selection to simplify our
combined descriptor.

In order to identify the most discriminative features
without impacting on the classification performance, the
Feature Generating Machine (FGM) [13] algorithm is ap-
plied, which is a very useful tool to perform feature se-
lection on high dimensional data. Alternatively, for the
purpose of dimensionality reduction, the PCA algorithm is
often used. It is an unsupervised approach that uses an or-
thogonal transformation to projects high-dimensional data
into a lower dimensional space. In both the training and
test phases, the full feature vector needs to be computed
before the projection. Different from PCA, FGM is a su-
pervised method for feature selection. Specifically, FGM
employs a sparse support vector machine to determine a
subset of feature components for discriminant, while avoid-
ing impacting on the classification accuracy. The selected
components are considered to be more discriminative than
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Figure 3: An example of multi-scale VLBP computation

the others. FGM feature selection is performed by re-
peatedly generating a pool of informative feature subsets.
Specifically, the problem of feature selection is formulated
as a SVM problem, in which the features are selected or
rejected according to a 0-1 vector. After convex relaxation,
the problem can be transformed into a convex multiple ker-
nel learning problem and solved by an efficient and scalable
cutting plane algorithm. It should be noted that FGM is
performed in the training phase. After feature selection,
only the selected feature components need to be computed
such that less computation is required in the test phase.

The result of FGM provides an indication of the most
informative features. In our case, the size of our enhanced
contour descriptor is thus reduced by about 50%.

4. PROPOSED APPROACH AND
IMPLEMENTATION

In this paper, a two-layer cascade model is proposed
to get precise detection result while limiting the complex-
ity of the procedure. The first layer is defined as a lin-
ear SVM classifier based on the HOG feature. It is used
to generate candidates for the second layer. So we set a
lower threshold than usual to make this layer accepting
almost all positive samples while rejecting most negative
samples. This way, only a few candidates need to be clas-
sified by the next layer. In the second layer, the HOG
and the Variational LBP features selected from FGM are
used to generate a more discriminative descriptor. More-

over, HIKSVM is employed as a powerful tool for improved
classification. Bootstrapping algorithm is used during the
training process in order to obtain a classifier with optimal
performances. The following subsections provide more de-
tails on the training procedure.

4.1. Classification

Histogram intersection kernel combined with SVM is
employed in this paper for effective classification. Many
works have shown that HIKSVM has outstanding perfor-
mance [14] [41] [42]. In addition, because HOG and our
variational LBP are both histogram features, they are very
suitable for being integrated into a HIKSVM framework.
However, the complexity of intersection operation that HIK
requires is proportional to the number of support vector.
To solve this problem, Maji, et al. [14] proposed a fast
implementation of the HIKSVM. Specifically, for an input
vector X, the decision function of HIKSVM can be rewrit-
ten as follows:
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h(X) =

n∑
i=1

aiyik(X,Xi) + c

=

n∑
i=1

aiyi

 m∑
j=1

min(x(j), xi(j))

+ c

=

m∑
j=1

(
n∑

i=1

aiyi min(x(j), xi(j))

)
+ c

=

m∑
j=1

hj(x(j)) + c,

(2)

where Xi and yi are a support vector and its corresponding
label respectively, ai is the coefficient, c is a constant, and
k(x, y) =

∑n
i=1 min (x(i), y(i)) is an intersection kernel.

Based on Eq.(2), hj can be cheaply computed by using a
lookup table. We employ this efficient HIKSVM on the
second layer of our framework.

4.2. Training Procedure

In the training procedure of our detection system, we
use a bootstrapping algorithm, which was first proposed
in statistics and consists in oversampling the sample data
and applying some results back to the training data. In
our case we use an initially trained classifier to re-scan the
testing samples and randomly select the falsely detected
results to update the training dataset. We then iteratively
update the training dataset, and make it more relevant for
training.

Given the pre-trained detector of HOG+SVM(linear)
as the first layer, the initial training data for the second
layer is generated from this first layer which includes all
positive samples and some randomly selected negative sam-
ples. The HIKSVM is trained by using the HOG VLBP
feature on this initial training set. Next, a test is done on
a testing subset, as described in the next section, to ex-
tract hard negative samples and used them to update our
negative training data. After that, we start over the above
training process based on the updated training dataset.
There are two criteria for stopping this process. The first
one is that the false positive rate on a restricted test set
should be closed to 0 (in our cases, it should be less than
0.0001). The second one is that the total number of hard
negative samples generated from the test should be smaller
than a preset threshold (in our case, it should be less than
30). The two stopping criteria for the bootstrapping al-
gorithm are set to make sure that the recognition perfor-
mances have stabilized and that no more hard samples can
be generated. Bootstrapping, which exploits the hard ex-
amples in the training procedure, is a process that does
contribute much to the training procedure. The bootstrap-
ping procedure is illustrated in Figure 4.

5. EXPERIMENTS

In this section, we evaluate our enhanced contour de-
scription for pedestrian detection on the INRIA dataset.
The performance of our model is presented in form of a
trade-off curve: miss rate (1 − Recall) (Y axis) and false
positive per image (FPPI) (X axis). Given a specific FPPI,
an approach achieving lower miss rate is better.

5.1. Dataset

The INRIA dataset is a classic and popular dataset for
pedestrian detection. This dataset contains a large number
of annotated upright pedestrians in still images which are
taken from various viewpoints and with a variety of scenes
captured under different lighting conditions. This dataset
is split into two subsets: the training set and the testing
set. There are 1208 annotated pedestrians , which are usu-
ally flipped horizontally to get 2416 images, in 614 full size
positive image set, and 1218 full size negative image sam-
ples. Thus the initial dataset is composed of these positive
samples (2416) and negative samples (1218). In addition
there are 1126 annotated pedestrians in 288 images pos-
itive set and 453 negative image samples in the testing
dataset. For our testing procedure during bootstrapping,
we use a testing subset, which contains 453 original images,
of the INRIA dataset. We then randomly extract 10 small
64 × 128 sub-images from each original image. Thus the
test dataset for extracting hard negative sample contains
4530 non-pedestrian images.

5.2. Bootstrapping

We trained the two classifiers in our two-layer model
through bootstrapping. In this experiment, we focus on the
effectiveness of bootstrapping on the second layer in Fig-
ure 5. The curve of the initial round represents the perfor-
mance of the model trained using all 2416 positive samples
and 1126 initial random selected negative samples. The
other curves are the results of the subsequent bootstrap-
ping rounds retrained by the same positive samples and
the updated negative samples, which consist of the sam-
ples of the previous round and new hard negative samples
generated via the model scanning on the non-pedestrian
testing images. For example, there are 2372 negative sam-
ples obtained after the first round, which is composed of
1126 initial negative samples and 1246 hard negative ex-
amples extracted by the trained model. In the experiment,
the bootstrapping procedure is performed over 7 rounds.
The number of negative samples obtained on the 7th round
is almost the same as that on the 6th round, which means
that only a very small number of hard negative samples
are extracted and the 7th round improves only marginally.
It can be observed that the performances of these 7 rounds
are getting progressively better, which demonstrates that
the additional hard negative samples generated through
the bootstrapping algorithm contribute significantly to the
resulting model performance.
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Figure 4: The procedure of bootstrapping.

Figure 5: Performance of the proposed method after bootstrapping.

5.3. Comparison with contour descriptors

In order to validate our approach, we compare our ap-
proach with the following detectors: HOG detector, VLBP
detector, HOG LBP detector, HOG VLBP detector,
HOG VLBP (Multi-Scale) detector (our proposed model).
All these detectors are tested on the INRIA testing dataset.
From Figure 6, we can see that the performances of VLBP
are only marginally better than HOG. When we combine
HOG and VLBP descriptors, the results are improved.
This demonstrates that HOG and VLBP features are com-
plementary to each other. The result of the HOG feature
combined with the VLBP feature is also better than the
HOG feature combined with the LBP feature, which shows
that the variational LBP is better than the original LBP
in our model. We used the multi-scale VLBP features on
the second layer of our model, and the performance of the
curve of the multi-scale VLBP feature is better than that
of a single scale VLBP feature. Furthermore by using the
FGM algorithm, we reduced the dimension of our enhanced
descriptor by almost 50% (from 8132 to 4000 dimensions)

without significantly impacting the performance. The de-
tection speed of our proposed cascade model achieve 0.5
frame per second on the INRIA dataset on average. Some
comparison results are shown in Figure 7.

Figure 6: Comparison of contour descriptors.

5.4. Comparison with other approaches
We also compare our proposed method with other clas-

sic detector: The Viola-Jones detector [43] , DPM detector
[32], and ConvNet detector [44]. From the Figure 8, we can
find that our model is better than the Viola-Jones detec-
tor, which is a widely used detection system. Besides our
approach is also better than ConvNet in some cases (when
FPPI <0.1). When compared to the DPM method, consid-
ered as one of the state-of-the-art approaches, our method
obtains competitive results at low FPPI, which is the usual
operational requirement.

6. CONCLUSION

In this paper, we mainly focus on presenting an en-
hanced descriptor, which is combined with HOG and VLBP,
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(a) (b)

Figure 7: Comparison of (a) HOG baseline method and (b) our en-
hanced contour detection method.

to better describe the contour information of pedestrian in
images. Feature Generating Machine was used to gener-
ate a concise descriptor without impacting on the perfor-
mance. Moreover we proposed a two-layer cascade to co-
operate with this discriminative descriptor for pedestrian
detection. Given a trained HOG+SVM(linear) detector on

Figure 8: Comparison of our proposed method with other methods.

the first layer to quickly generate candidates, we trained an
HIKSVM based detector to make a final decision in the sec-
ond layer. As a powerful tool for classification, HIKSVM
can be used in an efficient way through a fast implemen-
tation. Bootstrapping was used to produce an optimally
trained classifier. The experiment results show that our
enhanced contour model for pedestrian detection outper-
forms the baseline model on the INRIA dataset.
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