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ABSTRACT

A biometric system offers automatic identification of an individual based
on characteristic possessed by the individual. Biometric identification sys-
tems are often categorized as physiological or behavioural characteristics.
Gait as one of the behavioural biometric recognition aims to recognize
an individual by the way he/she walk. In this paper we propose gender
classification based on human gait features using wavelet transform and
investigates the problem of non-neutral gait sequences; Coat Wearing and
carrying bag condition as addition to the neutral gait sequences. We shall
investigate a new set of feature that generated based on the Gait Ener-
gy Image and Gait Entropy Image called Gait Entropy Energy Image
(GEnEI). Three different feature sets constructed from GEnEI based
on wavelet transform called, Approximation coefficient Gait Entropy
Energy Image, Vertical coefficient Gait Entropy Energy Image and Ap-
proximation & Vertical coefficients Gait Entropy Energy Image Finally
two different classification methods are used to test the performance of
the proposed method separately, called k-nearest-neighbour and Support
Vector Machine. Our tests are based on a large number of experiments
using a well-known gait database called CASIA B gait database, includes
124 subjects (93 males and 31 females). The experimental result indicates
that the proposed method provides significant results and outperform the
state of the art.
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INTRODUCTION

Individual recognition is a necessary task to identify/
verify human. Biometrics aim to measures and ana-
lyzes individual’s characteristics for the purpose of
identification/ verification. Biometric comes from
the Greek words contain two words bios (life), and
metric (measure). The meaning of biometric system
in today’s world has been maintained by the must
do a large-scale identity management system whose
functionality relies on the accurate determination
of an individual’s identity: ID cards, punch, a secret
password, and PIN are used for personal identifica-
tion. Biometric system, are basically classified into
two parts; physiological and behavioural character-
istics *“. Physiological features are connected to the
shape of the body, like a fingerprint, palm veins, face
recognition. A physiological biometric might distin-
guish by one’s voice, DNA, handprint or behaviour.
Conversely, behavioural features are connected to
the pattern of behaviour of a person, including gait,
handwritten signature, and voice. Behavioural fea-
tures can be recognized by identification systems.

Gait as a type of behavioural characteristics recently
has been gained a great interest by the researcher.
To use gait as a biometric recognition/identification
system is strongly motivated by the need for an auto-
mated identification system for monitoring applica-
tions and visual surveillance. Generally, we can divide
gait analysis into two parts: Gait recognition where
identify subject’s ID and gait classification which in-
cludes gender classification, action classification, and
estimation of age .

There are many types of research related to human
gait recognition > “, but only a few recent works
used gait for gender classification ®. In this paper,
we propose gender classification based on gait fea-
ture using neutral and non-neutral gait sequence.

RELATED WORK

Gait is one of the behavioral biometric traits that
can play a major role in security surveillance and au-
thentication applications. Basically, gait signature can
be used for two main purposes; human identifica-
tion, where identifying the subject’s ID in the spe-
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cific environment and human classification, includ-
ing gender classification ; action classification, and
estimation of age. Gender classification approaches
plays an important role in many applications, espe-
cially in security surveillance systems. In © a method
proposed to study gender classification from human
walking manner, they demonstrated that observers
are able to recognize the point-light walkers’ gender.

Gait features are divided into two main categories:
model-based and motion-based. Model-based gait
recognition approaches converge on improving the
structural model of human motion, and the gait pat-
terns are then generated from the model parameters
or tracking body components such as limbs, legs,
arms, and thighs ®® and "%, In ¥ the model-based
gender classification method proposed using gait
feature. The dataset created based on Kinect sensor;
30 balanced number of participants recorded from
male and female. Dynamic features of several limbs
were extracted and represented by Euler angles in
coordinate system attached to the human body, then
principal components analysis (PCA) was used for

reducing the dimension of the feature vectors, and
non-linear SVM with RBF kernel used to classify hu-
man gender. In “, another gait-based gender classi-
fication scheme suggested based on anthropometric
and gait attributes using data recorded by Kinect
sensor; two sets of features were extracted: the first
set is spatiotemporal, with parameters calculated us-
ing the average step length of gait cycles; the second
set is Kinematic parameters were extracted from the
angles’ curves created in one gait cycle. k-NN, SVM
and Multilayer Perceptron (MLP) are used as clas-
sification methods. In ** two sets of gait features
extracted to be used for gender classification: the
first is based on height and the length of arms and
legs, called physical features; the other set is a set of
dynamic features, (like; the distance between left and
right elbows, knees, hands, and ankles), then C-SVM,
and V-SVM are used as classification methods.

Conversely, motion-based (Model-free) recognition
approaches describe the motion pattern of the body,
regardless of its fundamental structure ¥, 4% and
129 Tn "V static features are used that describe the sil-
houette appearance of a human walking for person
identification and gender recognition. To represent



appearance, the human silhouettes have been divid-
ed into seven regions that could be fitted with ellips-
es, movement and some parameters of the ellipses
model of the same region were performed across all
the frames of the sequences, which is resulting in a
set of 57 attributes at per sequence. The classifica-
tion experiments on the MIT Gait Database led to
an accuracy close to 80%.

Spatial-temporal silhouette analysis is suggested in
12 in their proposed method, Eigenspace transfor-
mation based on the Principal component analysis
(PCA) is used to reduce the dimensionality of the
image sequence and supervised algorithm is used for
gait classification. In “* another method proposed
that deale with a different appearance-based method
for gait-based gender recognition, the method was
tested on the CASIA gait database. Given a sequence
of gait silhouettes, a Gait Energy Image (GEI) is cre-
ated. The GEI is divided into 5 regions, head/hair-
style, chest, back, waist/buttocks and legs, which are
weighted as regards a previous psychological study.
Experiments involved a single subset composed of
31 women and 31 randomly selected men that fed
a Support Vector Machine (SVM) with a linear ker-
nel. The best classification result was an accuracy of
95.97%. Nevertheless, the use of only one subset
raises doubts about the reliability of the result.

The method that proposed in “* described the anal-
ysis of body using human radiation frequency gen-
der classification. The human radiation frequency
is experimentally studied from 33 healthy humans.
They used 17 males and 16 females and k-Nearest
Neighbor (k-NN) as a classifier is employed for gen-
der classification. They first analysed raw data set
and post-processing dataset and then they compare
their classification results. They obtained accuracy of
93.8%.

Human gait challenges are divided into two factors:
External and Internal factor; clothes, viewing angles
and objects carried are classified as an external factor,
while drunkenness, aging, gaining or losing weight
and pregnancy are classified as internal factors.

The authors of ! and ““ addressed external factor
challenges by investigating the problem of two varia-
tions: clothing (coats wearing) and carrying bag con-

dition in addition to the normal gait sequence. In &
a hierarchy approach proposed for gender classifica-
tion based on human gait. In this method, different
influence factors like clothing and carrying condition
changes are used. they used 31-fold cross validation
is employed to evaluate the CCR, moreover, low di-
mensional discriminative representation obtained as
the Gabor-MMI feature and gender-related Gauss-
ian Mixture Model with Hidden Markov Models
(GMM-HMMs) are constructed in this classification
model.

In“® three different sets of the feature are proposed
based on wavelet transform the first called Spa-
tio-temporal distance that extracted based on the-
distance of the human body parts (like feet, knees,
hand, Human Height and shoulder). The other two
sets of feature extracted based on LL and non-LL
subbands. This method used 10-fold cross validation
followed by k-NN which is used as a classification
method.

In this paper we aim to propose gait-based gender
classification and we will address the same challeges
as investigated in > and ** (carrying bag and coat
wearing gait sequences as addition to using neutral
(normal) gait sequences), Moreover, a new feature
set will be generated base on GEI and Gait Entropy
Image (GEnlI) called GEnEL

PROPOSED METHOD

Gait-based gender classification is designed to detect
human gender based on his/her gait. In this meth-
od, we address three types of gait sequences; Neu-
tral (Nu), Coat Wearing (CW) and Carrying Bag (CB)
gait sequences. The method has been developed
based on three main steps (see Figure 1). The first
step is the pre-processing, this is starting by process-
ing all the videos from CASIA database, each video
is containing a single individual walking in a certain
view direction. The selected viewing direction in
our proposed method is 90 degrees (i.e. side view),
which provide more dynamic information about hu-
man gait. The videos are pre-processed by applying
a background subtraction method to generate the
silhouettes. In this paper, we used frame difference
method by calculating the difference between the
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consecutive frame and frame reference. To generate
the frame reference we find the average of the first
ten frame assuming that there is no object on the
scene. Box boundary, Normalization and alignment
are applied for each of the silhouette images, this is
followed by the gait cycle estimation as a final pro-
cess in this step.

The second step is the process of feature extraction,
gait feature is generated based on wavelet transform
and GEnEI In this method three feature vectors
have been created; the first feature vector extract-
ed from LL2 wavelet subband, by applying GEnEI
method on the sequence of frames during one gait
cycle and called Approximation Coefficient Gait En-
tropy Energy Image (AGEnEI). The second feature
vector extracted from LH2 subband, by applying
GEnEI method and called Vertical Coefficient Gait
Entropy Energy Image (VGEnEI). The last feature

vector constructed from the first and second feature
vector by first dividing human body into two-part
Upper and Lower body part using on golden ratio
proposition (Lower body = 0.32 X height, Upper
body = 0.62 X height), and then for this feature in
the upper body we use Vertical coefficient and for
the lower body part we use Approximation coeffi-
cient, then the GEnEI applied for the created hu-
man body model. This feature called Approximation
and Vertical Coefficients Gait Entropy Energy Im-
age (AVGEnEI). Each mentioned feature vectors
are tested separately and then fused based on deci-
sion level fusion.

In the third step k-Nearest Neighbor (k-NN) and
SVM are applied separately as a classification meth-
od. To test the proposed method, we used CASIA
B gait database that contains 124 subjects (93 males
and 31 females).

_—— — — Background Subtraction

1
Pre-processing
1

Gait cycle estimation

Applying Wavelet Transform

LL2 HL2

e

Feature extraction

HL1

LH2 HH2

LH1 HH1

Applying GEnEl

AGENEI

r

Feature Vector 1

—Classification— —— — —— —— —— —— —

Classification 1

Aﬂ >
VGEnEI I- AVGEnEII

Feature Vector 2

Feature Vector 3

Classification 2 Classification 3

Decision level fusion

Figure 1. Overview of the proposed gender classification method
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A. BACKGROUND SUBTRACTION

This is a technique applied in the fields of image
processing and computer vision. The background
subtraction is used to extracted foreground image
from the background image for further processing
(human body recognition etc.). Background subtrac-
tion technique a widely utilized approach for detect-
ing moving objects in videos from static cameras.
Generally, regions of interest of an image are the
objects (humans, cars, text etc.) in its foreground.
Afterwards, object localization is required for which
background subtraction algorithm is applied. With
this technique, we can  handle lighting changes,
repetitive motions from clutter and long approach

scene 2

The following analyses make use of the function of

V(x,y,t) as a video sequence where t is the time di-

(@)

mension, x and y are pixel area variables. e.g. V(1,2,3)
will be those pixel intensities at (1,2) pixel area of the
picture during t = 3 in the video sequence. Frame

reference (absolute) at time t + 1 is

Dt+1)=V(,yt+1)—V(x,yt)l

In this paper, we used frame difference method by
calculating the difference between the consecutive
frame and frame teference. Furthermore, a thresh-
old is put on this difference image (D) to improve
the subtraction. To generate the frame reference we
calculate the average of the first ten frame assuming
that there is no object on the scene. Box boundary,
Normalization and alignment are applied for each
of the silhouette images, this is followed by the gait
cycle estimation as a final process in this step, see

Figure 2.

(b)

Figure 2. Process of background subtraction (a) Original image (b) Image after background subtraction.

B. GAIT CYCLE ESTIMATION

The gait cycle is described as the motion of the hu-
man frame from its initial placement at some sup-
porting heels on the ground on the point when the
same heel contacts the ground for the second time. A
gait cycle is composed of one right leg step and one
left leg step. The gait cycle is divided into two phases;
stance, and swing, Stance is included in the interval
in which the foot is on the ground, conversely Swing,
and is included in the interval in which the foot is not
in contact with the ground. The gait cycle of the

motion is started when the heel at the stance phase
of foot reaches to the ground and is finished when
the heel reaches on the ground again in the next cy-
cle. The distance between two heels is furthest at the
start and finish stance positions. This procedure will
collect 100% of the gait cycle. In order to robustly
identify a person’s gait signature, there is a need for
the method for extracting gait cycles from a contin-
uous signal of walking data. Commonly, there are
two methods for estimating gait cycle. The first tech-
nique is the local minima, where both feet is nearby
together. The second is the local maxima where the
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distance between the two feet are opened widely. In
this paper, we used the double support phase (local

maxima) to determine gait cycle, see figure 3.
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Figure 3. Gait cycle detection

C. FEATURE EXTRACTION

The process of extracting human gait signature
(characteristics) called feature extraction, that will
most efficiently or meaningfully represent the infor-
mation for analysis and classification. In this paper,
we extract a new feature based on two commonly
used feature set GEI and GEnl, called GEnEIL

GEI and GEnl are two methods that are widely used
in the literature as a gait feature, this is due to their
simplicity and effectiveness. The limitation of GEI
and GEnl is the lacking of robustness to deal with
covariate conditions that affect the static areas of
human body. Although GEnl is better than GEI in
dealing with such problems, since GEnl reduces the
effect of static parts that are influenced by bag and
coat, however still both are not enough to provide
good performance, especially in CW gait sequences
case. Usually, each of GEI and GEnl is obtained
from the spatial domain of the sequence of frames
during one gait cycle. In this paper, we extract a
new gait feature based on wavelet transform called
Gait Entropy Energy Image (GEnEI). This feature
is constructed based on GEI and GEnl. First, we
compute GEI, then we check each pixel value in the
constructed GEI, if the pixel value is between 0 and
0.5, then we use the value of GEI in GEnEI, other-
wise, we use the value of GEnl in GEnEIL

Innovaciencia

GEIGGy) =1 ¥, _ 1(xy,t) 1

GEnl(x,y) = — Xk_; pr (% y) logz pi (x,y) @)
_(GEI(x,y) if GEI(x,y) >0and < 0.5}

GEnEI(x, y) = {GEnI(x, y) Otherwise @

Where T is the number of frames in the sequence
I(x,y,t) is a binary silhouette image at frame t; x, and
y are the image coordinates. and Pk (x,y) is the prob-
ability that the pixel takes on the k-th value.

In this paper, three feature vectors are constructed
tfrom GEnEI using wavelet transformation method
(Ievel 2). The first feature vector is based on Approx-
imation coefficient subband, called AGEnEI the
second feature vector is based on Vertical coefficient
subband, called VGEnEI and the last feature vector
called AVGEnEI. To construct the last feature, we
divide the human body into two parts as upper and
lower body, for the upper body part we use VGEnEI
and for the lower body part we use AGEnEI, this is
to reduce the effect of bags and coats that mostly
affect the upper body part.

EXPERIMENTAL SETUP

We tested the performance of the proposed method
by using the three feature vectors (AGEnEI, VGE-
nEIl and AVGEnEI) separately and fusing them
based on the decision level fusion. Decision-level fu-
sion is the process of fusing the classification results
of prior-classification stages. In this paper, the pro-
cess is started by performing the classification results
using each of the 3 feature sets separately, and then



applying the majority voting method to perform the
final decision. CASIA B Gait database is used to test
the proposed method method, the database contains
124 participants (93 males and 31 females) and each
participant has 6 samples. Due to imbalanced gen-
der numbers in this database, we selected random-
ly equal subset of 25 males (25*6 samples) and 25
females (25*%6 samples) of Neutral gait sequences
(Nu) to be used in the experiment. Now, we start to
generate the gallery (training) and probe (test) set, in
all experiments 10 fold cross-validation was applied

to separate the gallery and probe set. The gallery set
was constructed from the Nu gait sequence only, and
the remaining records of Nu, as well as the CW and
CB gait sequences, are used as a probe set. These
experiments are based on two different classification
method (k-NN and SVM), that are used separately to
test the performance of the proposed method. The
experiment was repeated 30 times to give a chance
for most of the Nu gait sequences to be used in the
gallery and probe, see figure 4.

CASIA B(124) Nu

| Random Set (R) =1 |

-
-

\ 4

\ 4

93 Males

31 Females

v

v

25X6 Random Subjects

25X6 Random Subjects

(Males) (Females)
Nu gait
sequences
Wearing Coat Gallery set
data
Probe (Nu)
Carrying bag
data 0
N
o Probe (WC)
~N N

Probe (CB)

Wi

Classification

v

v

Calculate the
average of
classification

Figure 4. Generating gallery and probe set from the CASIA B for gender classification.
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EXPERIMENTAL RESULTS AND
DISCUSSION

The experiments are divided into two parts; the first
part of the experiment is based on k-NN (k= 1, 3,
and 5), see Figure 5, 6 and 7. In this study, the
average and standard deviation of the 30 repeated
experiments is calculated and presented as a recogni-
tion accuracy. Figure 5, presents the result of k-NN
with k=1, the results show that for Nu gait sequence
AGEnEI provided better result compared to VGE-
nEI and AVGEnE], this is because approximation
coefficient subband provide similar information as
the original spatial image provided and also in this
expermet the gallery and probe set contains Nu gait

sequences.

100% 97,0% 96,3%
95% 9
oot §7 4% 87 0% 90,4%
85% 83 6%
80%
75%
70%
65%
60%
55%
50%
AGENEI AVGENEI

In the case of using different gait sequence in the
probe and gallery set, the experimental result shows
that VGEnEI provided the better result for CB
while for CW again AGEnEI provided better result
compared to other set of feature. The reason behind
these result is that the GEnEI originally reduced
the effect of coat on the human body, that is why
AGEnEI provided better result, while the effect of
bag is still remain on the human body after using
GEnEIl, therefore VGEnEI which is based on the
vertical subband provided better result compared to
other two feature sets. When the three feature set
are fused using decision level fusion, the accuracy

significantly increased for all the cases, as shown in

figure 5.
96,2% 92.8%
,270
91,4% 92,2%
86,3%
82,4%
I
VGEnNEI Fusion

EBNu mCB mCW

Figure 5. The results of the proposed method using kNN (k=1), for each of Nu Normal, CB Carrying Bag

and CW Coat Wearing,

In figure 6 we present the results using k-NN with
k=3; the experimental result shows that for Nu and
CB cases the results are below what provided by
(k=1) in each of AGEnEI, VGEnEI and AVGEnEI
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with one exception (AGEnEI in CB case), while for
CW the results are better than (k=1) in the case of
using AVGEnEI and decision level fusion.
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95,3%
89,7% 89,9%
I 86,4%
81,7% I I

VGEnNEI Fusion
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Figure 6. The results of the proposed method using k-NN (k=3), for each of Nu Normal, CB Carrying Bag

and CW Coat Wearing,

Figure 7, present the results of gender classification
using k-NN with k=5, the experimental results show
that in all of the case the results achieved using k=5

1 0,
o 95,3% 93,9%
95% ’
88,8% .
90% TER 87,4%
85% 82,6%
80%
75%
70%
65%
60%
55%

50%

AGENEI AVGEREI

are below what achieved by k=1 and k=3 with two
exceptions (AGEnEI and VGEnEI in CW).

99,1%
93,9%
89,1% 89,2%
86,1%
8I2 % I I
VGENEI Fusion

ENu mCB mCW

Figure 7. The results of the proposed method using kNN (k=5), for each of Nu, CB and CW.

By looking at the results provided using (k-NN with
k=1, 3, and 5), we conclude that k=1 provide rela-
tively better accuracy compared to k=3 and 5, and
the results performed based on the decision level fu-
sion is better than using each of the feature set sepa-
rately in all of the cases. In the next experiment, we

shall test the performance of the proposed method

based on SVM using the same feature sets that used
in the previous experiment, (see Figure 4.6).

First, each of the features set tested separately, then

decision level fusion is used to combine the three
feature sets (AGEnEI, VGEnEI, and AVGEnEI).
Experimental results show that in general, Nu gait
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sequences provided better results compared to CB
and CW. For Nu case, AGEnEI provided 97.3%,
which is better than VGEnEI and AVGEnEI that
provided 96.7% and 94.4% respectively. For CB the
results are below what the method achieved by Nu
case, this is because of two reasons; first, the gallery
set contains Nu gait sequences only, secondly due
to the effect of bags on the human body. In term
of the feature set, AGEnEI and AVGEnEI provid-
ed 66.7% and 66.3% respectively, while in VGEnEI
the recognition rate is 78.9% which is better com-

100% 97,3%
95%
90%
85%
80%
75%
70%
65%
60%
55%
50%

96,7%

81,2%
76,2%

66,3%

AGEnNEI AVGENEI

pared to other two sets, this is because VGEnEI is
based on the vertical coefficients only. In the case of
CW the result is relatively better than CB for each
AGEnEI, AVGEnEI, and VGEnEI which provides
76.2%, 81.2% and 83% respectively.

The decision level fusion in this experiments leds to
increase the result in Nu gait sequences, while for
CB and CW the results are below what achieved by
VGEnEL

99,7%

94,4%
83 0% 81,9%
78,9%
I 69,4%
VGEnNEI Fusion

ENu mCB mCW

Figure 8. The results of the proposed method using SVM, for each of Nu normal, CB Carrying Bag and

CW Coat Wearing.

To preset the effect of the classification methods in
the proposed scheme we shall compare the use of
k-NN and SVM. Table 1, present the results achieved
by SVM and k-NN using each of the feature set and
their fusion. The experimental results show that for
Nu gait sequences SVM provide a better result for
each of AGEnEI and AVGEnEI, while in VGEnEI
and decision level fusion, k-NN with k=1 is provid-
ed better accuracy. For CB and CW gait sequences
k-NN (k=1) provided better results compared to

Innovaciencia

SVM for all the cases with one exception (VGE-
nEI in CW). The reason behind the results of Nu
is that, for Nu gait sequences the gallery and probe
set contain the same type of gait sequences (Nu gait
sequences), thus in VGEnEI some necessary infor-
mation are removed, due to using vertical subband
only, while in CB and CW the galley and probe con-
tain different gait sequences, thus bags and coat have

an effect on the results negatively.



Table 1. Comparitsion results of the proposed methods using kNN (k=1) and SVM

k-NN (k=1) AGEnEI AVGEnEI VGEnEI Fusion
Nu 97.0% 96.3% 96.2% 99.8%
CB 87.4% 90.4% 91.4% 92.2%
CW 87.0% 83.6% 82.4% 86.3%
SVM

Nu 97.3% 96.7% 94.4% 99.7%
CB 66.7% 66.3% 78.9% 69.4%
CW 76.2% 81.2% 83.0% 81.9%

Now, we shall compare our result with the published
work in the literature. In the process of comparison,
we selected those methods that proposed gender

classification in the neutral and non-neutral case and

used CASIA B gait database. The comparison shows
that our scheme outperforms the two other schemes

with one exception (CW case in 4%).

Table 2. Comparing propoed method with results published in the literature

Methods Nu% CB% CW % Average of (Nu, CB and CW) %
) 96.7 88.7 83.8 89.8
a6 97.6 90 87.5 91.7
Proposed Method 99.8 92.2 86.3 92.8
CONCLUSIONS VGEnEI and AVGEnEI). To test the performance

In this paper we investigated gait-based gender clas-
sification method using Neutral (Nu) and Non-neu-
tral (Carrying Bags (CB) and Coat Wearing (CW))
gait sequences. A new feature set is used that gener-
ated from GEnl and GEI and called GEnEI This
feature has been presented in three different form
based on wavelet transform, using approximation

and non-approximation coefficient called (AGEnEI,

of the proposed method, CASIA B gait database
used as a large and widely used database. Two dif-
ferent classification method is used separately called
k-NN and SVM. In the proposed method the three
mentioned feature sets were tested separately and
fused using decision level fusion. As an addition to
Nu, CB and CW gait sequences were used as well to
address the external factor of gait challenges. The

gallery set consists of a part of Nu gait sequences
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only, while in the probe set we test the remaining
Nu as well as CB and CW gait sequences. The ex-
perimental result indicates that in the case of using
k-NN as a classification method k=1 provided better
result compared to k=3 and k=5. When the method
tested based on SVM the experiments show that for
Nu case, AGEnEI and AVGEnEI provided 97.3%
and 96.7 respectively, these results are better than
97% and 96.3% which provided by the same two fea-
ture set using k-NN. However, SVM outperformed
by k-NN using VGEnEI feature set by 1.8%.

Moreover, for CB and CW gait sequences, k-NN
(k=1) provided better accuracy than SVM except in
the case of using VGEnEI for CW, in which SVM
outperform k-NN by 0.6%. The reason behind these
results is that SVM is supervised and k-NN is un-
supervised classification method. ~ Combining the
three proposed feature sets (AGEnEI, VGEnEI and
AVGEnNEI) using kNN at the Decision level fusion
has led to highest accuracy in comparison with us-
ing each feature set separately as well as the state of
the art. Furthermore, decision level fusion based on
SVM has not improved the result except in the case
of Nu case. Although in general, k-NN provides
better results with low dimensional space and SVM
does with high dimensional space, however, the per-
formance of both classifiers initially depends on the

dataset chosen.

Few research works, including the current paper,
used side view angle for gait-based gender classifi-
cation. In real time scenarios, you can not guarantee
human gait with specific view angle (direction), in
future work we will focus on investigating different

view angle for gender classification.
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