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ABSTRACT

This paper presents gait recognition based on human skeleton and trajectory
of joint points captured by Microsoft Kinect sensor. In this paper Two sets of
dynamic features are extracted during one gait cycle: the first is Horizontal
Distance Features (HDF) that is based on the distances between (Ankles,
knees, hands, shoulders), the second set is the Vertical Distance Features
(VDF) that provide significant information of human gait extracted from the
height to the ground of (hand, shoulder, and ankles) during one gait cycle.
Extracting these two sets of feature are difficult and not accurate based on
using traditional camera, therefore the Kinect sensor is used in this paper to
determine the precise measurements. The two sets of feature are separately
tested and then fused to create one feature vector. A database has been
created in house to perform our experiments. This database consists of
sixteen males and four females. For each individual, 10 videos have been
recorded, each record includes in average two gait cycles. The Kinect sensor
is used here to extract all the skeleton points, and these points are used to
build up the feature vectors mentioned above. K-nearest neighbor is used as
the classification method based on Cityblock distance function. Based on the
experimental result the proposed method provides 56% as a recognition rate
using HDF, while VDF provided 83.5% recognition accuracy. When fusing both
of the HDF and VDF as one feature vector, the recognition rate increased to
92%, the experimental result shows that our method provides significant result
compared to the existence methods.

Keywords: Human Gait recognition, Kinect sensor, Horizontal Distance
Feature, Vertical Distance Feature.

1. INTRODUCTION
Biometrics is the automated use of physiological or behavioral characteristics
to determine or verify identity of a person, the physiological biometrics
examines physiological characteristics, like: iris, face , fingerprints, DNA, and
hand geometry; the behavioral biometrics examines behavioral issues, such
as: voice, signature, and gait [1]. The importance of automatic identification of
people has increased during the past decades, especially in high security
areas such as airports and banks [2]. Each person has distinguishable unique
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characteristics that can be used for identification. The science of biometrics
uses these unique characteristics to verify and identify the person's identity.
Gait recognition is one of the important biometric tools that aims to recognize
individuals (from distance) by their style of walking, psychological studies show
that people have a reasonable ability to recognize other individuals by the way
they walk [1]. A unique advantage of gait, as a biometric measure, is that it
potentially offers recognition from a distance at low resolution whilst requiring
no user cooperation, whereas other biometrics are likely to require a certain
level of cooperation [3]. Gait recognition systems are based on analyzing video
sequence recordings. Microsoft has produced a device called the Kinect
sensor which supports this kind of analysis, as described below.

Microsoft Kinect is a product used with XBox 360 gaming console, with this
device a participant can control games by body motion without carrying any
other sensor. Kinect also enables the tracking of different types of information
involving for example: the human skeleton, face geometry, and also creating
different depths of the captured image. Using Kinect SDK for Windows with a
set of APIs provides a very efficient tool to develop a gait recognition
application [4].

Nowadays, most gait recognition applications use normal video cameras to
record video sequences of people walking. Using these traditional videos,
however, causes many difficulties when extracting features. In [5] and [6],
features are manually determined as dot points on the subject in each frame.
All these motion based methods present difficulties in extracting the features
precisely, where Kinect can provide these feature more precisely, as well as
providing details of the body skeleton.

2. RELATED WORK

Different ways of recognizing individuals by their gaits have been widely
discussed in the literature for many years. The first work in this area was
carried out by psychologists in 1971, when Johansson attached light points to
the joints of people’s bodies in a dark area. Participants then were asked to
walk, run, or ride a bicycle [7] and [8]. The results suggested that people can
recognize each other by their individual walking styles. Work carried out by
Perry in [9] and Kumar et al. in [10], led to the hypothesis that gait is a
characteristic that can be used as a biometric tool to identify people.

Gait recognition approaches can be classified into two models: motion -based
(model free), and model-based. Model-free is based on the binary
representation of a silhouette to generate spatio-temporal patterns and state-
space; these are methods used for representing the human body as described
in [11] and [12]. In [11] mass vector was used as a feature that is based on the
number of 1’s representing the object. The authors used Dynamic Time
Warping (DTW) for the matching scheme to overcome the problem of direct
frame-by-frame matching, because people do not always walk using the same
speed and style. Other researchers, however, in [12] proposed a different
method of using a motion based. Here, they relied on step-forward and step-
following templates, based on the Frame Difference History Image (FDHI).
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Model-based approaches use the structure of the human body and its motion
as a model, utilizing information from body parts such as the foot, knee, ankle,
hip, wrist shoulder, torso, thigh, head, and hand, for extracting features [1], [3],
[5], [6] and [13]. Measuring lengths and distances between different parts of
the body has been used for constructing gait features. In [13] up to 20 subjects
were proposed using simple activity-specific parameters (height, torso length,
leg length, and step length) extracted from the double support phase (when
both feet are on the ground) of the gait cycle. Singh and Jain [5] proposed
dynamic features for representing the human body by constructing two
triangles between three points: the first triangle created was based on the
hands and the right and left heel, the second triangle used the same hands
with the right and left toes, the third triangle was constructed by defining the
intersection points of the two triangles and hand. They then calculated the
mean value of the angles created based on the new triangle for each subject
in one gait cycle. The authors of [6] used dynamic features to represent the
human body by using one of the hands and both feet as a feature. The
concept involves inserting dots on selected parameters of the subject in all
frames, drawing a triangle among points, then calculating each angle of the
triangle and finding the mean value of one cycle. Papers [5] and [6] used
CASIA database A, that recorded data using a standard video camera,
inserting dots manually on subjects to determine the points for extracting
features.

Conversely, many research work were based on using Kinect sensor
supported by its SDK. The authors of [1], [3], and [14] used Kinect sensors to
record data to track 20 points in human skeletons from the head, through the
hip, to the foot. A Kinect sensor is also used in different applications such as
games, health care and security surveillances, Parajuli et al. in [15] used a
Kinect sensor to present a health monitoring system of seniors to collect data
on posture recognition (sitting versus standing) and gait recognition (normal
walking versus abnormal walking). Preis et al. in [1] describes the extraction
of 14 biometric features for representing the human body, using 12 static
features (i.e. height, torso, both lower legs, right and left upper arms, the
length of both upper legs, both thighs, both forearms), and 2 dynamic features
(i.e. the step length and speed) for 9 subjects who were asked to walk from the
right to left side view of the Kinect sensor, 8 times per person. They then used
3 different sets of features: the first set included the height, length of legs,
length of the torso, and length of the left upper arm, the second static features
(which are not used in the first set), and the third set used only dynamic
features. Three different classifiers were used R1, C 4.5 and Naive Bayes
these features achieved 62.7%, 76.1% and 90 % rates of recognition
respectively, which comprises the best set of features compared with the
recognition rates of the other two sets. Furthermore, Kumar and Venkatesh [3]
claimed a recognition rate of over 90% with 20 subjects, again using skeleton
points, recorded by a Kinect sensor. In this study, each subject walked
towards the camera 10 times in 2 different scenarios (i.e. with a fixed and a
then a moving camera). Five different parts of the skeleton were selected as a
feature (i.e. spine, left arm, right arm, left leg and right leg).
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The authors of [16] proposed 18 dynamic features, based on the changing
angle in the lower limb joints. They then calculated the mean, maximum and
standard deviation of the three angles for both legs in the half gait cycle and
achieved a 43.6% recognition rate. Other researchers in [14] proposed 2 sets
of features: the first set included static features comprising joints from the
upper body (i.e. shoulder center, shoulder left, hip left, hip center, hip right and
shoulder right) and from the lower body (i.e. hip center, hip right, knee right,
ankle right, ankle left, knee left and hip left). The second set consisted of 4
distances measured between the hands and legs, taken as the dynamic
features. Using the Adaptive Neural Network for selection and classification of
features resulted in the highest recognition rate of this approach of 86%.

In our proposed method we will use a Kinect sensor for constructing 2 sets of
dynamic features; the Horizontal Distance Feature (HDF) and the Vertical
Distance Feature (VDF). These features are extracted based on data related
to the feet, knee, hand, shoulder, hip and height during one gait cycle.

3. GAIT RECOGNITION PROPOSED METHOD

In this paper, we propose a model for gait recognition based on the skeleton
that is provided by the Microsoft Kinect sensor. As explained before, a Kinect
sensor supported with its SDK provides a high quality of a human skeleton for
up to two persons. Kinect also provides RGB image and depth image, but we
used a skeleton model only. In general, our system consists of four stages:
firstly the creation of an application for skeleton recording and creating a
database by recording skeleton information using Kinect, secondly the
detection of a gait cycle for each subject, and thirdly the extraction of features
in two different sets: VDF and HDF, this will be described in more details later.
Finally, K-Nearest Neighbour (KNN) is used as a classification method, as
shown in figure 1.

Skeleton Generation

And Recording - Gait Cycle Estimation == Feature Extraction

Horizontal Verfosl, Deatancs
Destance Feature I
HDF and VDF

'

Normalazation

'

Training and\-,\
Human Identification <= Classification <— Testing | ".I

Figure 1.0ver view of gait recognition system.
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3.1.System Review

Kinect technology is a human machine interface that has been attracting more
interest from researchers. In this paper we propose gait recognition system
based on Kinect. Kinect is providing 20 useful points (see Table 1) presenting
human skeleton from head over hip to foot more precisely that can have a
major role in gait recognition as compared to other types of cameras.

Table 1. Joint points name and numbers

Joint . Joint . Joint .
Number Joint Name Number Joint Name Number Joint Name
1 Hip Center 8 Hand Left 15 Ankle Left
. Shoulder
2 Spine 9 Right 16 Foot Left
Shoulder . N
3 Center 10 Elbow Right 17 Hip Right
4 Head 11 Wrist Right 18 Knee Right
5 Shf‘eﬂfer 12 Hand Right 19 | Ankle Right
6 Elbow Left 13 Hip Left 20 Foot Right
7 Wrist Left 14 Knee Left

3.2.Data Recording

As the Kinect is relatively new there is no standard database available in the
public domain, so it was necessary to build our own database using the Kinect
camera before we started to conduct our experiment. We tested the accuracy
of Kinect measurements of distances between Kinect and subject by recording
10 short records for 5 persons at different distances such as 3.5m, 3m and
2.5m. We then compared the accuracy of these distances. We decided the
optimum distance between Kinect and the subject to be 2.5m because at this
distance the skeleton information presents more clearly than at the other
distances and provides more than one gait cycle. The height of the Kinect
sensor was 0.6m, the angle of the Kinect was 0 degrees and it recorded at
approximately 30 frames per second. For the experiment, 20 participants (16
males and 4 females) walked across in the front of the Kinect sensor from right
to left at an angle of 90 degree. They were asked to walk normally 10 times,
providing a total of 200 records, as shown in figure 2.

Direction of walkinos

Kinect sensor

Figure 2. Expe place
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3.3.Gait Cycle Estimation

The gait cycle is a walking pattern which starts from a heel-strike of a single
foot to the next same heel-strike. The gait cycle is classified into 2 parts:
stance phase and swing phase. The stance phase is the first part of the cycle
that comprises 60% of the cycle and consists of 4 components (loading
response, mid-stance, terminal stance, and pre-swing). The swing phase
comprises the second, 40% part of the cycle of the cycle and is divided into 3
components (initial, middle and terminal swing) [17]; see figure 3.

2R

http://www.oandp.org/jpo/library/popup.asp?xmipage=1997_01_010&type=image&id=f2

Figure3. Representation of human walking in one gait cycle

Typically, there are two techniques for estimating gait cycle. The first
technique is the mid-stance or local minima, where both feet are close
together [18]. The second is the double support phase where the distance
between the two feet is at the maximum. In our proposal we used the double
support phase to determine gait cycle, measuring the distance between the
ankles instead of feet for better accuracy.

Distance of ankles = | X right ankle — X left ankle| (1)
[ 140 ] |
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Figure 4: Gait cycle generation.

As explained above any gait cycle consists of three maximum distances
between the feet. Thus, according to Figure 4, there is one gait cycle and one
extra step, we can define “A” as a gait cycle and “B” also can be considered as
another gait cycle, as shown in figure 4.
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3.4.Feature Extraction

In our study the process of feature extracting is totally different from the
techniques based on normal cameras because Kinect sensor is used for
recording human skeleton information. As already mentioned, the Kinect
sensor examines 20 joint points of the human skeleton, thus our dataset
includes X-axis and Y-axis for 20 joints, totaling 40 attributes. Sixteen
attributes have been selected for extracting features as follows: X and Y of
both ankles, X of both feet, X of both knees, X of both wrists, X of both
shoulders, Y of the head, Y of the right wrist, Y of the right shoulder, and Y of
the center hip. Relying on these points, we have extracted two sets of dynamic
features: the first set is HDF, and the second set is VDF. These two sets will
be explained below.

3.5.Horizontal Distance Feature (HDF)

The Horizontal Distance Feature is based on measuring the changes of
distances between skeleton joints according to the X-axis during one gait
cycle. We proposed four features; the step length (HD1), the distance between
right and left knees (HD2), the distance between right and left wrists (HD3),
and the distance between right and left shoulders (HD4), as shown in fig. 5.
Here, instead of measuring the distance between the left and right feet to
detect step length we used the left and right ankles for better accuracy. Then
we calculated the mean, skew and standard deviation for each of these
measurements in one gait cycle. For creating the feature vector we used the
mean and standard deviation to represent the temporal changes of distances
in all frames during one gait cycle. The following set of equations represents
the construction of the feature vectors (figure 5).

Figure 5: Horizontal and Vertical distances extracted from the skeleton.

HD1= abs (D (Jx (19) - Jx (15))) 2)
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HD2= abs (D (Jx (18) - Jx (14)))
HD3= abs (D (Jx (11) - Jx (7)))
HD4= abs (D (Jx (9) - Jx (5)))
MeanH= mean {HD1, HD2, HD3, HD4}
StdH= Std {HD1, HD2, HD3, HD4}
SkwH = Skew {HD1, HD2, HD3, HD4}
HDF = {MeanH, StdH, SkwH}

NN N SN S S~
O OoONO O1h W
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Where D is distance, Jx is horizontal joint coordinate

3.5.1. Vertical Distance Feature (VDF)

This set of features is based on changes in the distance between a skeleton
joint and the ground according to the Y-axis. Here we proposed six features to
represent the human body, as follows: the participant’s height (VD1), the
height of right wrist (VD2), the height of right shoulder (VD3), the height of right
and left ankles (VD4 and VD5). We then calculated the means and the
standard deviations of all of these measurements in one gait cycle. Finally, we
created a triangle based on the hip-center and the distance between right and
left Feet (VD6). The mean of VD6 was calculated during one gait cycle and
added to the feature vector. The following set of equations represents the
construction of the feature vectors (figure 5).

VD1=D (Jy (4) Ly (0)) (10)
VD2=D (Jy (1 ) Ly (0)) 11
VD3=D (Jy (9) - (0))
VD4=D (Jy(19) - Ly (0))

VD5=D (Jy (15) - Ly (0))

VD6= 1/2 *(] Jx(20) — Jx(16)]) * Jy(1)

MeanV= mean {VD1, VD2, VD3, VD4, VD5, VD6}
StdV= Std {VD1, VD2, VD3, VD4, VD5}

VDF = {MeanV,StdV}

Where D is distance, Jy is vertical joint and Ly is land line.

AAAAAAAA
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4. EXPERIMENTAL RESULTS

We tested our method using the database that we created, this human
skeleton information dataset was recorded by a Kinect sensor and contains
data from 20 subjects captured from side views, and 10 records per subject
were recorded. This database is a set of (X, y) coordinates that represent each
joint point captured during each gait cycle. After collecting the data, data pre-
processing tasks were carried out, such as cleaning data, gait cycle
estimation, feature extraction, and etc. resulting in two sets of meaningful
features that are ready to be processed by the recognition system.

In our approach, KNN was used as a classification method that depends on
the shortest distance. After testing the K value from K=1 to K=10, we decided
to set Kto 1 in order to provide a better recognition rate.

We constructed 2 sets of feature vectors, HDF and VDF, as discussed above.
We tested our system by using each set of feature vector separately and then
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combined both in one set. When HDF was used alone the recognition rate
achieved 56%, while VDF provided 83.5% recognition accuracy; by combining
HDF and VDF into one feature vector the recognition rate increased to 92%
(figure 6).

100%
90%
80%
70%
60%
50%
40%
30%
20%
10%

0%

HDF VDF HDF+VDF

Figure 6: Recognition rate with the feature type.

5. COMPARISON WITH EXISTING WORK
Table 2 shows recognition rates reported in other studies of gait recognition
based on Kinect sensors. These have been discussed in the related work
section. Some of these studies tested different sets of features and used
more than one classifier; we report only the highest accuracy rate they
obtained.

Table 2: Comparison According to Recognition Rate

Related work Subje'\::ct’(.pirson) Recognition rate
[16] 4 43.6%
[14] 5 86%
85.1% (all features)
(1] 9 91% (Static
features
Our Method 20 92%

Comparing our approach with those of other researchers, based on accuracy
rates as a measurement is, however, problematic for several reasons. The first
of these is that there is a lack of a benchmark database; no standard
database is available in the public domain. Each researcher who used a Kinect
sensor, including us, therefore created his or her own database; there are
several differences between these databases in terms of the sample size, the
number of records per person, the distance between subject and sensor, the
height of the sensor, and so on; each of these measurements has an effect on
the recognition rate. Secondly, different pre-processing approaches were used;
some researchers used the double support phase for estimating gait cycles,
others used mid-stance, which may have produced different results. The use
of various classification techniques is another factor making comparisons
inconsistent. In the case of non-existing standard databases, the best way to
improve comparisons between our and other researcher's approaches is to re-
implement their approach into a framework and test it in our database. Due to
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time constraints, we implemented the same set of static features that were
proposed in [1] and, compared to the proposed features using our database,
we found that their technique provided 71% recognition rates, whilst ours
provided 92%.

Our approach seems to be practical and has the following positive points:
firstly, we used our database that includes skeleton information for 20 people.
Secondly, we proposed two sets of new and meaningful features for human
recognition.

6. CONCLUSION AND FUTURE WORK

We proposed a gait recognition approach based on skeleton point trajectories
obtained from a Kinect sensor. This sensor examines a new area of features
and provides more robust skeleton information for gait recognition. In our
approach we proposed two sets of features: HDF and VDF; these were
classified separately by using KNN with CityBlock as a distance function, and
were then combined to form one set of features. The recognition rate achieved
for HDF, VDF, and fusing both (HDF+VDF) were 56%, 83.5%, and 92%
respectively. The result outperformed the existing techniques, for two reasons;
firstly by adding a new set of features that depends on the vertical rather than
the horizontal feature (it should be noted, however, that these features cannot
be extracted for a traditional gait silhouette), and secondly by identifying the
feature point more precisely compared with the techniques that used
traditional cameras.

Since gait recognition by using Kinect sensors is relatively new there are many
issues that need further research. We summarize our future work as follows;
Extending current features by extracting new features and using a different
type of classifier to achieve an improved recognition rate, proposing
approaches for gender classification based on human gait using Kinect
sensors, Proposing a technique to overcome gait recognition challenges, i.e.
establishing how carrying objects or wearing different clothes affects normal
walking; we will try to find a method to improve the performance in these
situations, and extending the current dataset and creating a new one based on
the Kinect sensor locating different Variation, walking directions, and angles
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