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Abstract: This paper describes SVM-based parameter setting of seliente-filter (SQEF), and its application to
noise robust human detection combining SQEF, histogranasiefited gradients (HOG), and support vector
machine (SVM). Although human detection combining HOG aMMSs a powerful approach, as it uses
local intensity gradients, it is difficult to handle noiserepted images. On the other hand, although human
detection combining SQEF, HOG and SVM can realize noisestfuman detection, SQEF requires manual
parameter setting. Our aim is not only to train SVM but alsadgust the parameter of self-quotiemfilter
using the trained SVM in training procedure. The experirakrgsults show that we can realize noise robust
human detection by using SQEF with the obtained parame@g Eind SVM trained by intact images without
noise.

1 INTRODUCTION property of an image, while removing extrinsic factor
corresponding to the lighting. Feature extraction by
Detecting human from images is an important ap- SQF is simpler than that based on multi-scale smooth-
plication in image processing. The important re- ing (Gooch et al., 2004). SQF can extract the outline
quirement is to extract the feature from the images of the objects independent of shadow region. How-
clearly, even in backgrounds under different illumi- ever, as it assumes that the image does not include
nation. Histogram of Oriented Gradients (HOG) al- noise, it can not extract the shape and texture when
gorithm is a useful approach to match this require- the noise damages the image. The noise influence be-
ment (Dalal and Triggs, 2005). It can extract the fea- comes large due to the self-quotient effect of SQF.
ture clearly compared to other existing feature sets in-  Although many studies have been reported to re-
cluding wavelets (Viola et al., 2003). The approach duce the small amplitude noise while preserving the
is related to edge orientation (Freeman et al., 1996), edge (Himayat and Kassam, 1993; Tomasi and Man-
SIFT descriptors (Lowe, 2004) and shape contexts duchi, 1998), it is considered thafilter is a promis-
(Belongie et al., 2001). Although locally normalized ing approach due to its simple design. It does not
HOG detectors are attractive approaches to detect theneed to have the signal and noise models in advance.
human from the image, it is difficult to detect them It is easy to be designed and the calculation cost is
from the noise corrupted images because it uses localsmall because it requires only switching and linear
intensity gradients. operation. We can clearly extract the feature from
To handle the problems, we introduce self- noise corrupted image images by defining SQEF as
quotiente-filter (SQEF), which is an advanced noise the ratio of two different-filters, and can reduce the
robust self-quotient filter (SQF) and propose a noise noise influence by employing SQEF as preprocessing
robust SVM-based human detection combining SQEF of HOG.
and HOG. Although human detection combining HOG,
SQEF (Matsumoto, 2010a; Matsumoto, 2010b) is SQEF and SVM can realize noise robust human de-
based on the idea of SQF (Wang et al., 2004) and tection, SQEF requires manual parameter setting. Our
filter (Arakawa and Okada, 2005). aim in this paper is not only to train SVM but also to
SQF is a simple nonlinear filter to extract the fea- adjust the parameter effilter using the trained SVM
ture from an image (Wang et al., 2004). It needs only in training procedure.
an image, and can extract intrinsic lighting invariant The rests of this paper are organized as follows:
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clarify the handling problem. Let us defixéis,iz)

as the image intensity at the poin& (iq,i2) in the
image. The aim of self-quotient filter is to separate
the intrinsic property and the extrinsic factor, and to
remove the extrinsic factor (Wang et al., 2004). To
solve the problem, self-quotient filter assumes that a
smoothed version of an image has approximately the
same illumination as the original one. In self-quotient
filter, we first calculate the following equation:

. X(iq,i
(a) A sample (c) Filter output Z(i1,iz) = M, (D)
image from of SQF when we of SQEF when we Fix(i1,i2)]
MIT pedes- used original im- used original im- where x(i1,i2) is the original image and is the
trian database age age smoothing function.

(file name- Due to the process of Eq.1, the texture and edge

can be extracted because the original image is divided
by the smoothed image. However, self-quotient fil-
ter assumes that the image does not include the noise.
When we consider the noise corrupted image, the
noise is reduced in the smoothed imag€és(i1,i2)],
while the original image(i1,i2) includes the noise.
As a result, the influence from the noise in SQF is
emphasized very much due to the self-quotient effect
of SQF in Eq.1.

A simple idea to solve the noise influence in SQF
is to use two smoothed filters instead of original im-
age as follows:

¥ 1 ' f % -f% _I-:!-

(R = t,.; < e,

(d) Impulse noise (e) Filter output (f) Filter output
corrupted image of SQF when of SQEF when

(40%  impulse we used impulse we used impulse o Fi[x(i1,i2)]
noise) noise corrupted noise  corrupted y(iz,i2) = Rlx(is,i2)] 2
image image ’

F, andF, should be different because the output al-
Figure 1: Self-quotient filter and self-quoties¥filter from ways becomes 1 #; andF, are the same smoothed
original image and impulse noise corrupted image. filter

i ) ) However, even if we design SQF by using two dif-
In section 2, we introduce the algorithm of SQEF tgrent smoothed filters, not only the noise is smoothed
and describe its features compared to SQF. In sectiony;; 550 the texture and shape are blurred. As the blur
3, we explain SVM-based parameter setting of self- |g\g| of one smoothed filter is different from the other,
quotiente-filter, and implement it in human detection j; is 150 difficult to handle impulsive noise. Hence,
combining SQEF, HOG and SVM. In section 4, ex- \ye need to employ alternative filters, which can re-
perimental results are given to.clanfy th.e 'valldness duce the small amplitude noise effectively, while pre-
of our approach. Human detection combining SQEF, gerying the texture and shape information instead of
HOG and SVM with the obtained parameter is also gjmpje'smoothed filter. The alternative filters should
shown with the results using other approaches. A lib- po simple to keep the simplicity of SQF.
svm (Chang and Lin, 2001), MIT pedestrian test set Based on the above prospects, self-quotieilter
(Papageorgiou and Poggio, 2000) and standard im'(SQEF) is designed as follows:
age database (SIDBA) are used as a SVM classifier,

positive sample images and negative sample images, y(it,iz) = M, (3)
respectively throughout the experiments. Conclusion Pe, [X(i1,12)]
follow in section 5. where®, represents-filter described as follows:

Z(in,i2) =

e [X(i1,12)] = X(i1,i2) + 4
2 SELF-QUOTIENT e- FILTER K K

a(j1, j2)F(x(ir+ ja,iz+ j2) —

We first describe the algorithms of self-quotient filter 1==Kj2=-K
and self-quotient-filter, and explain their features to X(i1,i2)),
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where a(ji1,j2) represents the filter coefficient.
a(]j1, j2) is usually constrained as follows: Training images Tost images
K K without noise with noise

> a(jsjz) =1 (5)
=

j1==Kjz==K

F(x) is the nonlinear function described as follows:
|F(X)| S €.—® S X S ©, (6) Histograms of
. . iented gradients riented gradi
whereg is a constant number constrained as follows, === et e

0 S E. (7) Support vector Trained SVM
It should be noted that calculation cost&filter is -
small because it requires only switching and linear
operation. See the references (Arakawa and Okada, Figyre 2: Basic concept of SVM-based parameter setting.
2005) if the reader would like to know the details
abOUts-fl Ite r. ) | Gradient calculation Frequency Frequency

When we apply SQEF to impulse noise corrupted EHER
image, it is considered that bothfilters in SQEF —> —>
keep the impulse noise in the image unlike when two
smoothed filters are employed. Hence, when one fil-
ter output in SQEF is divided by the other filter in
SQEF, the impulse noise effect is reduced by the self-
guotient effects.

Some examples are shown to clarify the difference
between self-quotient filter (SQF) and SQEF. Figure 1 :> :> S
shows the examples of filter output of SQEF to show -
its robust feature extraction from noise corrupted im- sliding
ages. We also show the filter output of self-quotient
filter (SQF). Fig.1(a) shows a sample image from MIT
pedestrian database (Papageorgiou and Poggio, 2000)
. Figs.1(b) and 1(c) show the filter outputs of SQF Filter output
and SQEF, respectively when we used the original im- figure 3: Procedure of Histogram of Oriented Gradients
age. On the other hand, Fig.1(d) shows the sample(HOG) from SQEF output.
image corrupted with 40% impulse noise. Figs.1(e)
and 1(f) show the filter outputs of SQF and SQEF, re-
spectively when we used the impulse noise corrupted
image. As shown in Fig.1, both SQF and SQEF can
extract the feature from the original image. However,
SQF cannot extract its feature from the impulse noise
corrupted image, while SQEF can extract the feature
from the impulse noise corrupted image.

Voting Connection

Figure 2 shows the procedure of our approach to
set the parameter of SQEF by using SVM. We first
prepare numerous training images without noise, and
apply not SQEF but SQF to the training images. We
then extract the features from the filter output of SQF
by using HOG. Figure 3 shows the procedure of fea-
ture extraction from SQF outputs using HOG. The
method is based on evaluating well-normalized local
histograms of image gradient orientations in a dense
3 SVM-BASED PARAMETER grid. When we employ the intact images without

SETTING noise, as local object appearance and shape are kept
in SQF output, the gradient intensity and the gradient
This section gives the algorithm of SVM-based pa- direction of SQF are calculated for all the pixels as
rameter setting, and describes the implementation offollows:

human detection combining SQEF, Histograms of £ (i1.i9) = V(i1 4 1io) — V(i1 — 1.i 8
Oriented Gradients (HOG) and support vector ma- '1(.1’.2) y(_lJ.r /i2) y(.l 7 2
chine (SVM). As is described in the previous section, fi,(i1,i2) = y(i1,i2+1) —y(is,ia—1)  (9)
SQEF can extract the features not only from the in- N TR

tact images without noise but also from the noise cor- m(iy,iz) =/ + T (10)
rupted images. However, SQEF requires parameter Sy fi,

setting to obtain the adequate filter outputs. 8(i1.i2) = arctanﬁ (11)
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Table 1: Experimental results of human detection from im-
pulse noise corrupted image.

Used images Recognition rate|
Original images 50%
Self-quotient filter 50.1%
Self-quotient-filter 80.7%

The basic idea of HOG is that local object ap-

pearance and shape can often be characterized rather

well by the distribution of local intensity gradients or
edge directions, even without precise knowledge of
the corresponding gradient or edge positions (Dalal
and Triggs, 2005). In practice, this is implemented
by dividing the filter output into small spatial re-
gions (“cells™), for each cell accumulating a local 1-
D histogram of gradient directions or edge orienta-
tions over the pixels of cell. The obtained direction
0 (0° < 6 < 180) is divided with 20 intervals. 9
dimensional feature vector is generated by adding the
gradientintensityn(is,i2). We thenregard & 3 cells

as “Block” and generate many blocks by sliding on a
pixel to pixel basis. The feature vector is finally ob-
tained by combining all the feature vector. The ob-
tained feature vector is used to train support vector
machine (SVM). The above procedure corresponds to
the left procedure in Fig.2.

After the above procedure, we set the parameter of
e-filter using the trained SVM. The test images with
noise are first applied to self-quotienfilter. We then
extract the feature from the filter outputs of SQEF by

ROBUST HUMAN DETECTION

(a) Person image (b) Non-person from
from MIT pedes- SIDBA (Airplane)
trian database

(per00003.pgm)

image

" .-'I.H:"":H o
(c) Person image (d) Non-person
from MIT pedes- SIDBA with 40% impulse noise

B,

from

image

trian database (Airplane)
with  40% im-

pulse image
(per00003.pgm)

Figure 4: Sample images of person image and non-person

using HOG the same as the preprocessing. The ob-image (Original and noise corrupted images).

tained feature vector is adopted to SVM trained in the
preprocessing. It is expected that the recognition rate
will be high if the filter output of SQEF is similar to
the filter output of SQF from intact images without

noise. Hence, the parameter is obtained as the param

eter, which maximizes the recognition rate with re-
gard to the test images. Finally, we can detect human
from noise corrupted images by using SQEF with the
obtained parameter, HOG and SVM trained by the in-
tact images without noise.

Let us test our criterion experimentally.

4 EXPERIMENTS

We conducted some experiments on SVM-based pa-

rameter setting of self-quotiestfilter. MIT pedes-
trian database and SIDBA were employed as image

noise corrupted images by adding the impulse noise to
the above 1800 images. Figure 4 shows original per-
son / non-person images and its noise-corrupted ver-
Sion. Our aim is to detect human from these types of
noise corrupted images not by using the data trained
by the impulse noise corrupted image but by using the
data trained by intact images without noise.

As a SVM tool, we used libsvm, a library for
support vector machines (Chang and Lin, 2001), and
employed default setting and parameters throughout
the experiments for simplicity. In the experiments,
we used original 450 pedestrian images from MIT
pedestrian database and 450 non-person images from
SIDBA. SVM was trained by using the data combin-
ing SQF and HOG from the above 900 person / non-
person images. To simplify the experiments, we set
€1 was set to 0, (Original image), and tried to sgt

database. MIT pedestrian database contains 900 im-by using the proposed method.

ages. The size is 64 pixel 128 pixel. Some non

We then checked the relation betwesvalue and

person images were selected from standard imagerecognition rate when we used the method combining

database (SIDBA). 900 64 pixel 128 pixel images
were cut from them. We also prepared 40% impulsive

SQEF with changing the parameter, HOG and SVM
trained by the previous procedure. Figure 5 shows the
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80% — — |'_£‘=—i' %]
R re—— Recognition rate is maximal _Hr-: !I_!.__ AT
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40%

——Recognition rate

30%

20%

e —— K

10% ’ ik -
(a) A test image (b) Impulse noise (C) Filter output

L USSR, from MIT pedes- corrupted image of SQF when
SRR T AR RS S A AT RAOEDRS —A T . . .
~~~~~~~~~~ aaadad trian database (40% impulse we used impulse
Figure 5: Relation betweea value and recognition rate: (file name: noise) noise  corrupted
Impulse noise corrupted images were used. per00927.pgm) image

relation betweere value and recognition rate. The
parameter, which maximizes the recognition rate was
90 as shown in Fig. 5.

Finally, we conducted the experiments of human
detection by using SQEF with the obtained param-
eter, HOG and SVM. The test images are the re-
maining 450 pedestrian images from MIT pedestrian
database and the remaining 450 non-person images
from SIDBA with impulse noise, which are differ-
ent from the training images. For comparison, we
a!sp tested to classify them using the methOd. C.Om- we used impulse we used impulse we used impulse
blnlng HOG and SVM, and the method Comb'”'”g noise  corrupted noise corrupted noise corrupted
SQF, HOG and SVM. Table 1 shows the recogni- image. ¢,=90) image. €,=10) image. €,=250)
tion results. It should be note that the recognition
rate becomes 50% even if the System a|WayS SaysFi.gl..]re 6 Self-quoti_entimage and Self'quotie.'fﬂjterfrom
“human” or “non-human” because the sample images original image and impulse noise corrupted image.
include human and non-human images evenly. In
other words, the recognition results of the comparison from the impulse noise corrupted image with the ob-
method were almost no meaning when the noise weretained parameter, while it could not extract the feature
added. On the other hand, the proposed approacl’fl’om the impulse noise corrupted image with inade-
could detect human from noise corrupted images overquate parameters.

80% using training data with intact images without
noise and the obtained parameter.

We finally show the example of the filter outputof § CONCLUSIONS
self-quotient-filter with the obtained parameter. Fig-
ure 6 shows the obtained results. Figure 6(a) shows|, this paper, we proposed SVM-based parameter set-
a sample image from MIT pedestrian database. Fig-ting of self-quotiente-filter (SQEF) and implement
ure 6(b) shows the sample image corrupted with im- it 1o human detection combining SQEF, HOG and
pulse noise. Figure 6(c) shows the filter output of SQF gy, We conducted some experiments and com-
when we used the sample image corrupted with im- pared the filter output with the adequate parameter to
pulse noise. . _ the filter outputs with other parameters. Throughout

Figure 6(d) shows the filter output of SQEF with  the experiments, the proposed method could obtain
the obtained parametent-90) when SQEF is applied  the adequate parameter and could realize noise robust
to the sample image corrupted with impulse noise. hyman detection from noise corrupted images using
For comparison, we also show the filter outputs of the training data with the clean image without noise.

SQEF with regard to the sample image corrupted with For future works, we would like to apply our approach
impulse noise wheg, was set to 10 and 250 as shown g robot vision.

in Figs 6(e) and Fig. 6(f), respectively.
As shown in Fig.6, SQEF could extract the feature

(d) Filter output (e) Filter output (f) Filter output
of SQEF when of SQEF when of SQEF when
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