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ABSTRACT

Introduction: Nowadays human gait identification/recognition is
available in a variety of applications due to rapid advances in bio-
metrics technology. This makes them easier to use for security and
surveillance. Due to the rise in terrorist attacks during the last ten
years research has focused on the biometric traits in these applica-
tions and they are now capable of recognising human beings from
a distance. The main reason for my research interest in Gait bio-
metrics is because it is unobtrusive and requires lower image/video
quality compared to other biometric traits. Materials and Meth-
ods: In this paper we propose investigating Kinect-based gait rec-
ognition using non-standard gait sequences. This study examines
different scenarios to highlight the challenges of non-standard gait
sequences. Gait signatures are extracted from the 20 joint points
of the human body using a Microsoft Kinect sensor. Results and
Discussion: This feature is constructed by calculating the distanc-
es between each two joint points from the 20 joint points of the
human body provided which is known as the Euclidean Distance
Feature (EDF). The experiments are based on five scenarios, and
a Linear Discriminant Classifier (ILDC) is used to test the perfor-
mance of the proposed method. Conclusions: The results of the
experiments indicate that the proposed method outperforms previ-
ous work in all scenarios.
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INTRODUCTION

In the last decade, biometric systems have attract-
ed considerable interest due to their potential use
in forensics, access control and security surveillance
applications. Gait is an attractive biometric with re-
gards to human identification, in that it is unremark-
able and easily captured at a distance compared with
other biometrics such as the iris, fingerprints, face,
etc. The hypothesis offered by * shows that gait is a
characteristic that can be used to recognise a human
being as a biometric system. Recently, gait recogni-
tion has become increasingly interesting to research-
ers due to the possibility of extracting a gait signa-
ture from a low resolution image, which is one of its
main advantages over other biometrics that require
high resolution images to gain information*. Eat-
ly psychophysiological studies focused on gait rec-
ognition used moving light displays (MLDs) in the
form of light points attached to the body, they con-
cluded that individuals are able to recognise human
motion solely by the movement of such MLDs ©.
Basically, gait identification/recognition approach-
es can be categorised in two parts: model-free and
model-based*”. Model-free works directly on the gait
sequences without considering a model for the hu-
man body ¥ ®-©-In ®-a mass vector is extracted

as a gait signature, this feature is generated based on
the number of pixels that represent the human body
in the rows of silhouettes (i.e. pixels of binary value
1). To overcome the problem of direct frame-by-
frame matching, the coordinates of the mass vectors
are dealt with as time-series and hence the Dynam-
ic Time Warping (DTW) method can be applied for
matching purposes. This is due to the fact that in
reality people may slightly alter their speed and style
of walk. Gait Energy Image (GEI) and Gait Entropy
Image (GEnl) methods are an efficient model-free
gait representation that are widely proposed by the
researcher to be used as a gait feature. GEIs are gen-
erated by calculating the average silhouette images

to represent both body shape and movement in one
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gait cycle ©, while GEnl is based on applying entro-
py, a GEnl encodes in a single image the random-
ness of pixel values in the silhouette images during
one gait cycle. The limitation of the two models
(GEI and GEnl) is the lacking of robustness to cope
with covariate conditions that affect the static areas
of human body. Although GEnl is better than GEI
in dealing with such problem, but still is not enough

to offer good performance.

Conversely, model-based approaches use a structur-
al model to extract a gait signature & @-(%-Tn ®—
the structural parameters are extracted based on the
stride and cadence to be used as a gait signature. The
cadence is optioned by the walking periodicity, while
the stride length is computed by calculating the ratio
of the distance travelled and the steps taken.

Furthermore, many companies have tried to pro-
duce different types of devices to provide human
body information. For instance, Microsoft released
the Kinect sensor to support the Xbox gaming sys-
tem. Accordingly, many researchers have focused on
using a Kinect sensor in different applications. In 4,
there is a Kinect sensor that presents a health moni-
toring system to collect data on posture recognition.
Furthermore, a Kinect sensor is used as an alterna-

tive to the traditional camera that used for biometric
recognition 12 (1

A stick-figure model is often used as a model in
which the human body is characterised by joints and
sticks 2. The model constructs gait features using
human body length parameters &> 4% and 2. In
18 the authors created a gait database using a Ki-
nect-sensor which involved gait information from
ten participants. Each person walked five times to
represent a training sample. In other words, there
were 50 sequences of gait templates in the database.
During the testing process, each participant walked

five times in front of Kinect.



In 4% the Kinect-based gait identification method
proposed generating 12 static features (i.e. height,
torso, both lower legs, right and left upper arms, the
length of both legs, both thighs and both forearms),
and two dynamic features (i.e. the step length and
speed). To test their proposed method they created a
database using a Kinect sensor, this was carried out
by recording nine persons walking from the right to
left side view of the Kinect sensor, and each par-
ticipant doing this walk eight times. Three different
classifiers were used to test the performance of the
proposed scheme called: R1, C 4.5 and Naive Bayes.
Although recently researchers widely focused on
proposing human gait as one of the biometric recog-
nition system, however one of the serious challenges
of human gait is to address the effects of covari-
ate factors such as clothing, carrying conditions, and

view angle on recognition performance @,

There are model free gait recognition approaches in
the literature that presumed to be robust to bag or
clothing variations by selected parts of human body

to be used as a gait signature (feature) 4942

In “* GEI used and the best region of interest is
selected by dividing the images into equal parts of
horizontal and vertical and ® proposed a method
based on GEI which is decomposed into three in-
dependent shape segmentations; vertical, horizontal
and grid resolution. Unfortunately, such type of ap-
proaches fails to predict all possible cases of covari-

ate factors.

In “® the Kinect-based gait recognition methods
proposed were based on neutral and non-neutral
gait sequences (wearing coat and carrying bags). In
their proposed method two sets of dynamic features
called Horizontal Distance Feature (HDF) and Ver-
tical Distance Feature (VDF) are used to represent a
gait feature (signature). To test the performance of
the proposed feature set, they created a Kinect-based
gait database called Kinect database-2. In this data-

base, 20 participants were asked to walk in front of

the Kinect sensor and 25 walking sequences were
recorded for each subject, consisting of five neutral
(i.e. Set Nu), five wearing long coats (i.e. Set WLC),
five wearing short coats (i.e. Set WSC), five carrying
bags over their shoulders (i.e. Set CBS) and five car-
rying bags on their backs (i.e. Set CBB). Finally, they
adopted the Linear Discriminant Classifier (LDC) as

the classification method.

The current study focuses on gait identification us-
ing a Kinect sensor. The main objective of our work
is to investigate neutral and non-neutral (wearing a
coat and carrying bags) gait sequences based on a
new feature set called EDFE. We have used the same
database used in ¥, which recorded 20 persons with
25 traits each.

In the rest of the paper we provide a detailed de-
scription of the proposed method, the experimental
setup and results. Finally, we offer a conclusion and

recommendations for future work.
PROPOSED METHOD

In this method we recommend a set of Kinect-based
features to be utilised for the human gaitidentification.
As Mentioned in eatlier sections, a Kinect sensor
with a Software Development Kit (SDK) can record
two persons’ skeletons. In this method we used the
same dataset created and used in **. Our proposed
method is divided into four stages, as presented in
Figure 1. The first stage starts with detecting the gait
cycle for each participant in the dataset. The second
stage includes feature extraction. At this stage a high
dimensional feature set is extracted and used which
is known as the Euclidean Distance Feature (EDF).
Consequently, at the third stage, PCA and LDA re-
spectively are applied with the aim of reducing the
high dimensionality of the feature set. The final stage
is the process of classification. At this stage a Linear
Discriminant Classifier is used as the classification
method. Further details on the proposed method

provided in the following sub-sections.
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Figure 1: Diagram of the Proposed Gait Recognition System

Skeletal Gait Cycle Feature
Recording Estimation Extraction

Training and Testing Set

|dentification

A9

A. GAIT CYCLE ESTIMATION

The gait cycle is a repetitive modality of two steps, which can be measured from the time one foot hits the
ground until the same situation occurs. The gait cycle is estimated using two steps based on two periods; the
stance period and the swing period. The stance period includes 60 percent per one cycle, while the swing

period covers the remaining fragment as shown in Figure 2.

Figure 2: The overview of human walk in one gait cycle
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Usually, the cycle for gait is determined in two ways; local minima, (feet are close together). Secondly, local
maxima (feet are wide apart). In this paper, we apply local maxima. To provide a more accurate gait cycle, the
distance between the ankles was calculated instead of the feet, as is shown in equation (1).



Distance of ankles = |X right ankle - X left ankle|

..(1)

As shown in Figure 3; there are two gait cycles provided, A and B, and one of them needed to extract the

features.

Figure 3: Gait cycle detection
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B. EUCLIDIAN DISTANCE FEATURE

The feature extraction step is the process of deter-
mining the gait signature, this process using a Kinect
sensor is different from the methods recorded as it
is based on normal cameras. This is due to extract-
ing features using the skeleton information provided
by the Kinect sensor. The Kinect sensor with SDK
for Windows offers 20 joint points for the skeleton;
hence the database contains an X-axis and Y-axis for
20 joints. To extract the features vector, 190 distance
values have been calculated from the 20 joint points
provided by a Kinect sensor, and called the EDE

The EDF vector is generated by applying various
statistical moments. The statistical moments include
mean, standard deviation, skewness and the slope of
the measured Euclidian distances. Moreover, the 20
joint points provided by the Kinect sensor for the
human skeleton of each frame during the gait cycle.
Hence, the total number of calculated distances of
all pair joint points will be equal to 190 distance val-
ues. Figure 4 shows an example of the first distance

lines between the hip centre with the other 19 joint

points.
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Figure 4: Example of Distance Lines between Hip Centres with All Other Joint Points.
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Afterwards, all the statistical moments will be measured regarding all of the frames in one gait cycle. Addi-
tionally, the length of the frame sequences for a gait cycle differ in the recording data from one person to
another. Therefore, the statistical moments, such as mean, standard deviation, skewness and slope will be

calculated based on the equations 2, 3, 4, 5, and 6 respectively:

MeanEDF = {mean(d1;_1.,), mean(d2,_1.,),......., mean(dm;_1.,)} (2)
StdEDF = {std(d1,_1.,,),std(d2;_1.,),......,std(dm;_1,)} (3)
SkewEDF = {skew(d1,_1.,),skew(d2;_1.,),........, skew(dm;_1.,)} (4)
SlopEDF = {slop(d1;_1.,),slop(d2,_1.,,)..,slop(dm_1.,)} (5)
EFD = [MeanEDF,StdEDF,SkewEDF,SlopEDF] (6)



Iis the index of each frame, n is the length of frames
per gait cycle, d is the Euclidian distance value be-
tween each pair joint point from the person’s body,
and m is the number of all pairs over the 20 joint

points of the human body.

Each of MeanEDF, StdEDF, SkewEDF and Slope
EDF has 190 dimensional features, and the EDF
feature set has 760 dimensions. Therefore, PCA and
LDA respectively are applied in order to reduce the

dimensions of the features vector.

C. LINEAR DISCRIMINANT CLASSIFIER

Linear Discriminant Classifier (LDC) is a statistical
technique used to find linear combination of the fea-
tures set, that aim to best discriminates the data in
the classes of interest. These various combinations
are named discriminant functions. It is less expensive
computationally compared to other classifiers i.e., ar-
tificial neural network. LDC one of the generative
group of classifiers, the classes are anticipated to
have normal distributions and equal covariance ma-
trices “*. Moreover, the optimal classifier reduces to

calculating linear discriminant functions (see Figure

5).

Figure 5: LDC model, p is mean, SWis Std of Within class and SB is Std of between class. (blog.

csdn.net)
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EXPERIMENTAL SETUP

To test the performance of the proposed method,
the same dataset (Kinect database-2) and scenarios
in ¥ are implemented in the proposed method, to
present a convenient comparison. Kinect database-2
contains the details of 20 participants who were
asked to walk 25 times in front of the Kinect sensor

from the side view (at an angle of 90 degrees), to
provide a total of 500 records (Figure 6). The gait
sequence in this dataset is classified into neutral and
non-neutral gait sequences. For each participant,
five neutral (Nu), five wearing short coats (WSC),
five wearing long coats (WLC), five carrying bags on
their backs (CBB) and five carrying bags over their
shoulder (CBS) gait sequences are recorded, which
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offer experiments without the limitations of un- mance of the proposed method. The experiments in
balanced class samples. The process of feature ex- the proposed method were conducted under various
traction, resulting in a set of a high dimensional fea-  scenarios each specifying the number and cases of
tures called EDE, to reduce the dimensions of EDF,  samples of gait sequences involved in the training
PCA and LDA, have been applied sequentially for all ~ and testing sets. Table 1 presents five scenarios for
the scenarios (except the first scenario). Moreover  the experiments, where Tr. stands for Training (Gal-
our experiments are based on LDC as a classifica- lery) set and Te. Stands for Testing (Probe) set.

tion method that is used separately to test the perfor-

Figure 6 : Kinect dataset-2 example.

Nu 5 Non 5 Non 5 Non 2 3 1 4
CBB Non 5 1 4 2 3 2 3 1 4
CBS Non 5 1 4 2 3 2 3 1 4
wsc Non 5 1 4 2 3 2 3 1 4
WI.C Non 5 1 4 2 3 2 3 1 4
NS 5 Rec. 9 13 Rec. 10 Rec. 5

8 Innovaciencia
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EXPERIMENTAL RESULTS AND DISCUSSION

In this paper we tested the performance of five
different scenarios in relation to neutral (Normal)
and non-neutral gait sequences (as mentioned in
the previous section). Table 2 presents the results
of all scenarios. In the first scenario the training set
consists wholly of Nu cases (5 Nu gait sequences),
while the testing set includes 20 gait sequences from
non-neutral cases (five for each of CBB, CBS, WSC
and WLC). The average result achieved in this sce-
natio is 68%; the reason for this result is that the
training case contains only Nu gait sequences. In the
second scenario, the training set is included with one
sample for each of the non-neutral cases. Hence we
have nine samples in the training set and 16 in the
testing set. The results of the second scenario show
that the accuracy of the results improved significant-
ly compared to what was attained in scenario one in
all cases.

The third scenario locates more samples than sce-
narios one and two, by adding another sample from
the non-neutral cases. Accordingly the training set
contains 13 samples (five Nu and eight non-neutral).

The results show that the accuracy rate improved
more compared to scenario two, by about 3% as
an average of all the non-neutral cases. For scenar-
io four, two samples from each of the neutral and
non-neutral cases were used to create a training set.
In this scenario we also tested the accuracy of the
neutral cases as additions to the non-neutral cases.
This experiment presents the result of a balanced
number of neutral and non-neutral samples in the
training and testing sets. The results show that the
accuracy rate in this scenario outperforms the results
of scenarios 1, 2 and 3, which provides 95.3% of
accuracy rate.

In the final scenario we reduced the number of sam-
ples by using one sample for each type of gait se-
quence. In this scenario the accuracy was reduced
compared to the other three scenarios which is ex-
pected. This scenario is similar to the first in terms
of having the same number of samples in the train-
ing set, but the difference is that in scenario five, we
used neutral and non-neutral samples in the training
set, while in scenario one, we used only neutral sam-
ples. When comparing these two scenarios, the re-
sults achieved in scenario five are significantly higher
than the results achieved in the first scenatio.

Table 2. Recognition Rate of the Proposed Method

Scenarios CBB CBS WSC WLC Nu Average
First 79.0% 78.0% 60.0% 55.0% 68.0%
Second 97.0% 93.8% 86.3% 87.3% 91.1%
Third 97.3% 95.5% 92.7% 92.8% 94.6%
Fourth 99.0% 94.7% 92.0% 96.0% 95.0%  95.3%
Fifth 93.5% 90.8% 86.3% 86.5% 87.0%  88.8%

To the best of our knowledge, there is no study related to Kinect-based gait identification addresed covariate
factors (wearing coat and carrying bags) except in “, therefore, we shall compare our results with the results
achieved by the method proposed in ¥, where they used the same dataset and scenatios that we used in our

proposed method (see Table 3).
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Table 3: Comparison based on the Recognition Rate

First Second Third Fourth Fifth
Scenario Scenario Scenario Scenario Scenario

(18) 58.0% 85.0% 90.0% 91.0% 84.8%

CBB
Our M. 79.0% 97.0% 97.3% 99.%% 93.5%
(18) 68.0% 85.5% 88.2% 88.3% 82.0%

CBS
Our M. 78.0% 93.8% 95.5% 94.7% 90.8%
(18) 65.0% 82.8% 86.7% 87.0% 82.0%

WSC
Our M. 60.0% 86.3% 92.7% 92.0% 86.3%
(18) 56.0% 81.3% 85.8% 83.0% 79.8%

WILC
Our M. 55.0% 87.3% 92.8% 96.0% 86.5%
(18) 92.0% 86.5%

Nu
Our M. 95.0% 87.0%
(18) 61.8% 83.6% 87.7% 87.3% 82.1%
Average

Our M. 68.0% 91.1% 94.6% 953% 88.8%

The results shown in Table 3 demonstrate that the
proposed method outperforms other schemes in all
the scenarios with two exceptions (scenario 1, WSC
and WLC).

CONCLUSIONS

This paper presents a new Kinect-based human gait
identification scheme under different covariate fac-
tors. The method tested was based on the Kinect
database-2 which includes 500 records for 20 par-
ticipants. In addition to five neutral gait sequence
samples, the database contains 20 samples for each
of CBB, CBS, WSC, and WLC as a non-neutral gait
sequence sample. Furthermore, in this paper we in-
vestigated a high dimensional feature set called EDE
Since the EDF is a high dimension feature, PCA and
LDA are used respectively to reduce the dimensions
of EDF In addition, LDA may lead to improvements

Innovaciencia
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in the classification performance by maximising the
separation between the classes. The performance of
the proposed scheme was tested in five scenarios
and LDC was used as a classification technique. The
average results for all the cases in each scenario are
presented, and the results indicate that the proposed
method achieved significant results. Furthermore,
the proposed method is compared with another
scheme proposed in the literature and based on the
same dataset and scenarios. The compared results
shows that the proposed method outperforms the
other method in most of the cases and scenarios. In
further work, we aim to extend the current study to
investigate another feature set to be fused with EDF
to cope with the cases from scenario one. Moreover,
we plan to investigate the combination of gait and
face biometric traits.
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