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Abstract

In order to solve the problem of pedestrian detection performance, the des
operator was improved. In this paper, semantic local binary pattern SL
Thls

nce. And

er is trained

histogram of oriented gradient (HOG) are combined as new feature
feature method would enrich the information and enhance th degectlo

then histogram intersection kernel support vector machin SVM) @
by the augment feature. Because the time cost is to tional SVM.
HIKSVM could make up this drawback, and sig red th aining time. The
experiments on the INRIA pedestrian dataset sho t the m & obtained significant
improvement in accuracy comparing to HOG riptors
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1. Introduction s\\

Pedestrian detection has% ortamt ications in video surveillance, content-
based image retrieval, video anhétatio n. However, detecting humans in images
is a challenging task om@a their vaﬁ\' e*appearance and the wide range of poses that

they can adopt.

Pedestrian detegﬁigs to seg the pedestrian outline from the background and
locate accuratelm ch fra e video sequence. It is a typical challenging task in
object detection ield. However,” owing to high variations of pose, clothing, cluttered
backgroun parti @sion handling that people can adopt, the detection task is
rather difficult. So it i al to extract feature and choose classifier.

Several preval res are widely used for pedestrian detection, such as Haar-like
feature, Local @ Pattern(LBP) , Histogram of Oriented Gradient(HOG) and Scale
Invariant Featurg, Transform(SIFT), etc. Among these features, HOG is better than other
features @estrian detection, and usually used to capture the edge or local shape
i he most representative work can be found in [1-5], where overlapped and
gl descriptors based on HOG are extracted trained via Support Vector Machine

is a better method in a compromlse between the runtime and accuracy through great
experiments. T. Ojala et al. [6] developed Local Binary Pattern(LBP) operator to extract
local texture features, that is highly discriminative and its key advantages is namely
invariance to rotation [9] and monotonic gray level changes [7]. Wang et al. [8] combined
HOG and LBP to solve the partial occlusion problem. For the histogram is built according
to binary-to-decimal conversion codes, there is no guarantee that semantically similar
features must fall into spatially nearby histogram bins, so we adopt semantic
LBP(SLBP)to replace basic LBP and combine with HOG feature as the method in this

paper.
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Support Vector Machine (SVM) and variants of boosted decision trees are two of the
leading techniques used in object detection in images, like face recognition [12-13],
human detection [1, 15] and Vehicle Identification [14-15]. Although boosted decision
trees have faster classification speed, they are significantly slower to train and the
complexity of training can grow exponentially with the number of classes. However,
linear SVM is widely used in real-time detection due to its fast speed in training and
classification. Linear SVM has some special structures that have been exploited to
provide super-fast linear SVM solvers, e.g., dual coordinate descent [17-18]. These linear
SVM solvers can solve large problems (e.g., with millions of examples) very efficiently
(in the order of seconds). Linear SVM is frequently used in text classification, a domain
that can easily have millions of feature dimensions. Classification of images need to deal
with a large (but not too large) number of feature dimensions (e.g., from thousands to tens
of thousands) [19]. Linear SVM usually has lower accuracies than non-linear kernels in
this case. So HIKSVM is used in this paper to train and test pedestrian images [20] .

The remainder of this paper is organized as follows. In Section 2, an introduc e
proposed algorithm of human detection is provided. Detailed description o Yﬁ
and HIKSVM is given in Section 3. Section 4 shows the exp rlmental resu ction
5 gives the conclusion. Q

2. The Overview of the Proposed Huma g/
The general pedestrian detection process mai ncludes aspects as follows:
selecting the training samples, feature extr@rocess classifier training and using the

trained classifier to detect. The procedyre, ur propo\ uman detection algorithm
based on the HOG-SLBP feature are sh igure @
\d

atlige Extraction Classifier
Preprossng Gllecting (Hocesl?sCtng:v) ] (J}?gm)

Image
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4

. N\ W . . .
Flgu% e Frar of Pedestrian Detection Algorithm

From thre 1,
two phases of any obj

see two horizontal flows of these blocks, representing the
tection framework, i.e. the training phase and the detecting

rithm and has great influence for the next procedures. The more information
m the pre-processing stage, the better performance would be achieved for the

ondly, this paper adopts the improved HOG-SLBP algorithm to extract features
the training sample set. Although the HOG feature could solve most of the detection
problems, there are still some factors that could degrade the performance, such as the
noisy background of the humans in the image. We use the mixed features which combines
HOG and SLBP to improve the performance, because the latter could make up for some
of the disadvantages of the former.

Thirdly, the HIKSVM classifier is adopted in this framework. During the training phase,
one classifier is obtained by training these samples. Usually, to get a better classifier, the
training phase would cost a lot of time due to the large amount of images. The
conventional SVM could achieve high accuracy than other classifiers. But the training
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time is sometimes difficult to accept. So this paper adopts the HIKSVM, which could
reduce the training time and guarantee the same accuracy at the same time.

Then in the detecting phase, this paper uses multi-scale sliding window method [7] to
detect pedestrian by this classifier. This method scales the image in multiple scale, then
uses the fixed size sliding window to slide on the whole image by an isometric step in the
whole image sliding, and detects each sliding window.

3. Detailed Description of HOG Feature, SLBP Feature and HIKSVM
Classifier

This section gives a detailed description of HOG feature, SLBP feature and HIKSVM
classifier.

3.1 HOG Feature

HOG descriptor characterizes the local gradient amplitude and the feat
direction. It is not sensitive to the illumination changes and small o d can
effectively depict edge features of the human. Detailed step for the e @of HOG
features are shown as follows: %{

The first step is to normalize the whole image. As us for to grey-scale

map, the compression formula as follows(y=1/2):
1Ge,y) = IGx, VQ \}/ (1)
Then calculate the gradient of the |mage zonta and oordinate direction,

and gradient direction value of each plxel |ve o can not only capture the
contour, figure and texture mformatlo further en the effect of illumination.
The gradient of image pixel (x y) |s c o V|a Wlng formula:

— 1 V:]

G @ x.y + 1 x.y—1) 2)
Where G, . v, Gylx. v, eparatelysimpress the horizontal direction gradient,
nt a

the vertical direction gradie the Ri \a ue of the input image pixel(x, y). Use the

following formula to cou@e pixel( radient amplitude and gradient direction:
*\\Q Glx ,*ﬂli}x{x,ﬂ: + Gy, y)?
Qx,y] =tan~? (MJ 3

Q Gy L2670
Where ,0,1] aa @,1]T gradient operator to proceed convolution operation on

the original Image an in gradient component of X and Y direction, then the gradient
magnitude and dire f the pixel are calculated by the formula above.

gradient direction histogram for each cell unit, and the image is
ich contains 6:6 pixels. Adopt 9-bin histogram to count the gradient

directio m 0° to 180°. In this way, we can obtain gradient orientations which are
i of the light-dark relationship of the luminance of the target and the

en the cells are combined into blocks, normalize the gradient histogram in blocks,
and the normalized block descriptor (vector) is called HOG descriptor. The best setting
parameter is 3x3 cells / interval, 66 pixels/cell, 9 histogram channels, so the feature
dimension is 3x3x9.In the end, collect the HOG features of all overlapping blocks in the
detection window, and they are combined into the final feature vector for classification.

3.2. SLBP Feature

The original LBP operator (OLBP) is defined as: in the 3x3 window, take the center
pixel as the threshold and compare the center pixel with the gray value of the adjacent 8
pixels. If the surrounding pixel value is greater than the central pixel value, the position of
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the pixel is marked as 1, otherwise as 0. Thus, the 8 points in the 3x3 region can generate
8 binary number by comparison ( usually converted to a decimal number that is LBP
code, in total 256 species ), that is the LBP value of the window center pixel, which is
used to reflect the texture information of the region. As shown in Figure 2, LBP (x)
=1+2+16+32+64+128 =243.

The LBP code value of the center point is calculated using the formula:

LBP(x, . y.) = Z¥=g flp; — p )2’ (4)

As shown in the formula, p. is the brightness value of center pixel (x..y.J, p; is the

brightness value of the i point in the K adjacent domain. Function f(x) is defined as:

F{x:]:{l,.r:_*[] )

0, x=0

Threshold -
’7 f(x) j Multiply N
56 | 224 | 19 110 72| 2 1120 1?y

325078:>0 1E>23 2‘[>0Af?

79 | 136 | 98 1111 ¢ 1 32ds

L
Feature 2 CalculatlonQ aI
The shortcoming of OLBP texture is that_3 eighborh cannot describe the
texture of the large scale structure, so i extende different scales of the
neighborhood for computation, mclud smg the cular neighborhood and

interpolation to calculate the pixel val d Local Binary Pattern) can be
used for the texture features of d@t pix \ r and different radius circular

neighborhood, expressed as L
9 XPress > SH poin re elected through uniforming circular

neighborhood, R is neighbo radius, t esentatlon form is related to the rotation
angle of the texture. The higger the RNIs, smaller the R is, the more powerful the
texture is, the higher t utationa plexity is, and the higher the noise effects.
The ELBP ope m&} generate §* different output values, corresponds to 2* different
binary mode pat S thes’ﬁ tates, LBP value also changes. An operator LBBS
i

iance is defined*via the following formula:
\E min{ROR(LBRF ,i)li= 0,1, K— 1} (6)

Where ROR(x, i) exfire¥ses that x shifts right i bit. Thus we can know that the unified
model 00000001 r@s to 000000001, 00000010, 00000100, 00001000, 00010000,
00100000, 010 00000000.

If the local b pattern meets the following conditions:

a. LBRg loperator is the rotation invariant LEB i operator;

LBP[E‘_R as the texture unified model of LEF; g (abbreviated as ULBP), which is
C texture feature. Where function U(x) said the number of 0/1 jumps of the binary

cogé ring through connecting beginning and end of x, such as U(01100000)=2. Replace
LBP operator with ULBP operator, the fKormuIa is shown as following:
. -1
ULBP[.?_R = E\ix:] = IEi:D l:f‘--F"i - F"l::] U{LBPH_R = 2} (7)
K+1 others

By definition, the point with K neighborhood contains K+2 ULBP patterns. These
patterns are distributed to their unique label (0-K) according to the number of 1 in each
model, other non-uniform patterns of texture can be identified as K+1. The 256 binary
patterns are reduced to 10 uniform patterns which can represent the vast majority of

178 Copyright © 2016 SERSC



International Journal of Multimedia and Ubiquitous Engineering
Vol.11, No.10 (2016)

texture information, so that the histogram is more compact and less susceptible to noise
interference. And the Figure 3 shows the uniform patterns in the (8, R) neighborhood.

slololoplolole
HOOBOOHE
HOOBOOHE
ST )

& N

Figure 3. Fifty-Eight Different Unif ®3atter imhe (8, R) Neighborhood

These are the introduction of sev %P op%\ we will use another LBP operator
from a geometric point of vie tt@) in and redefine, that is, the semantic local binary
pattern model (SLBP). For m% ram builtsagcording to binary-to-decimal conversion
codes, there is no guarantee tiat se i similar features must fall into spatially

@orage requirement on the other hand. For

nearby histogram bins, it has
example, (1000111}1)gmictockwise ghiftS’left a bit to (0001111), there is a high similarity
between them, bu%\' fere@en them is far behind after decimal coding.

The semanti% binary n<s based on the uniform LBP operator; the binary
sequence i ise reppesented as circular arc in geometrical sense. Two features of
the arc len dthe a the main shaft replace the decimal encoding number of the

basic LBP operator.
As shown in Fj the two binary are consistent, and the axes differ by 45 degrees,
which are acco, ith the characteristics of semantic similarity, and the uniform LBP

operator has, twonransitions between 0 and 1. The uniform LBP operator has at least two
transition?iueen 0 and 1, and then it may be a circular arc.

O
O i:
@ h Begnnn@

(a) (10001111) (b) (00011111)

Figure 4. Circular Arc of Uniform Local Binary Pattern Model
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Firstly, we will operate binaryzation on the color image space. Then calculate the arc
length and the angle of the main shaft, and give up the non-uniform pattern. Finally, carry
out the transformation between the matrix and the vector, and get the one dimensional
vector through connecting each column of the matrix. Figure 5 describes the semantic
implications of SLBP.

Arch angle =)

N

(= yibus| yory

Figure 5. Implications of SLBP 0
2
From Figure 5, it can be seen that, in the form of \%try, fo%ﬂerent binary
sequences are represented, which are expressed as twolditensionaNmnatsix, respectively,

the arc length and the angle of the main shaft are @ as variables, which are expressed
as two dimensional matrix.
N Qo
3.3 The Description of HIKSVM | O \
We define two n-dimensional histo@&B E)”\@]d b; are j dimensional vectors ,

so HIK is expressed as following: & &
'B) = T thin(a;, by) (8)
The more Ky (A EB] is, re simil& gram A and histogram B are, otherwise
the A and B are more different. IKS\/\@zes the discrimination function as following
to classify the sample x E@

. ) =38, a,y.(F2, min(x().x, D)) + b ©)

It can be seep he ting1 torage complexity are O(m=n) for HIKSVM to
h

classify the $: When eithegof the feature dimension n or the dimension m of the
support ve 5 arbitrari rge, the amount of computation and the required storage
space will b e esp arge.
4. Experime esults and Analysis

This p combines HOG feature with SLBP feature as the feature vector, and uses
HIKSV ssifier to detect pedestrian. Besides, it implements the proposed algorithm
on th dataset, which provides the original images with high resolution and the

ins 614 positive samples (including 2416 pedestrians) and 1218 negative samples for
traifing, 288 positive samples (including 1126 pedestrians) and 741 negative samples for
testing. In order to verify the effectiveness of the proposed method for human detection
application, this paper uses the ROC (the Receive Operating Characteristic) and DET (the
Detection Error Tradeoff) curves to evaluate. The detection results are shown in Figure 6,
which compare the classification performance between HOG detector, HOG-LBP
detector and HOG-SLBP detector.

Figure 6(a) gives the ROC curve using different methods, the detection performance of
HOG-SLBP in this paper is better than others. It uses 0.01 false positive rate as a
reference point, the true positive rate of HOG-SLBP is increased than HOG, HOG-LBP
by 27.9%, 15.5%. As shown in Figure 6(b), obviously low false negative rate together

Qr ding label files, and each image size is 64x128 pixels. In this experiment, it
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with low FPPI is favorable in the DET curve. Moreover, HOG, HOG-LBP, HOG-SLBP
respectively achieve the accuracy of classification 80.2083%, 94.5%, 96.21%. Therefore,
the combination of HOG-SLBP with complementary characteristics significantly
improves the performance of a single feature detector.

ROC for classification

DET for classification

0.8 — : ]
i —— 1 HOG(80.2083%)

oLl R S —#— 2 HOG-LBP(94 5%)
: —*— 3 HOG-SLBP(96 21%)

06

e i)
s g
2 2
s @
[i'a L
F il
: | ——1HOG(80.2083%)
.4 pemmgffemmmmmmmemes oyl e 9 HOG-LBP(04.5%) [
; | —*— 3 HOG-SLBP(96.21%) ; ;
0.001 0.01 0.1 1 0 0001 001
False positive rate Ealse positive peri a

(a)ROC \%
Figure 6. Detection Performance USI@‘\ D\
5. Conclusion . QQ \9
\c ion r@

\éeatu res

In order to improve the pedestria ance, this paper extracts HOG
features and SLBP features, and use er to train and classify pedestrians.

Compared to other state of th rlthm ou proach has stronger discriminative

power and high detection rz},%‘ INRI estrian database. We will make further

improvement to deal with comp bac nd occlusion situations.
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