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ABSTRACT

Human gender recognition has captured the attention of researchers
particularly in computer vision and biometric arena. These investi-
gations based on computer vision or image processing have high-
lighted applications in security systems, medical applications etc.

This work is primarily aimed at investigating a possible character-
istic difference in upper body movement kinematics between males
and females and, in the affirmative, if that kinematic information
alone is sufficient to distinguish each cohort from the other. We
use a Microsoft Kinect® to capture the human upper body gait
kinematics to uncover gender based kinematic variations.

Two groups of healthy volunteers (18 females, 16 males) were re-
quested to walk along a linear pathway in front of the camera.
Upper body movement kinematics were extracted from the male
and female cohorts during walking. Principal component analy-
sis (PCA) was employed to substantiate the differences between
the two cohorts in terms of kinematic information. Finally, we use
k-means clustering to classify and evaluate the performance of
the classification system. Despite of the limitation of the dataset,
e.g., the limited range of the Kinect® camera, the accuracy of the
proposed approach reached up to 94%, indicating that upper body
joint movements possess significant information content on human
gender based features.
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1 INTRODUCTION

Recent developments in computer vision, image and video process-
ing can be employed to extract meaningful information of human
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movements, which in turn can result in developing novel appli-
cations ranging from rehabilitation to security and surveillance
systems. Recognition of human movement features has received
considerable attention in the recent past and constitutes an integral
part in numerous computer vision systems developments, security
and surveillance systems. Motion based Human-Computer Interac-
tion technology particularly in mobile devices is becoming a rapidly
enhancing feature impacting modern daily life in numerous aspects.

Gender recognition research is typically based on features of hu-
man face, voice and gait. Indeed, the gender dependency on speech
is an important and seemingly obvious characteristic, investigated
in [5] where the first order statistics of the signal spectrum was used
for feature extraction. The gender detection scheme subsequently
used neural networks (NN) as a classifier. The system robustness
addressing adverse audio quality has been highlighted in addition
to the language independency in gender recognition. Besides using
voice to recognize human gender, number of studies focused on
combining the gender classification with automatic face detection
and recognition [3, 12]. Here, firstly, the problem of face detec-
tion and feature extraction is addressed prior to engaging in the
classification problem by evaluating number of classification algo-
rithms resulting in gender recognition and subsequent performance
evaluations.

Recently, gender dependency on gait has attracted the attention
of researchers particularly in the bio-medical space. In addition to
biometrics such as facial and vocal features walking style or gait
patterns are considered to contain gender specific information [7].
In [4], a depth stream and skeleton stream from Kinect® sensor
was utilized to capture human silhouettes as they consider gait as
a sequence of repetitive walking patterns. Based on that, accumula-
tion of the sequence of silhouette is used to obtain the Gait Energy
Image (GEI) which can be considered as the average image of the
sequence of silhouette in a gait cycle. Subsequently, the entire GEI
is used as the feature vector for training and testing the SVM classi-
fier. In [1], anthropometric and gait information captured from the
subjects using a Kinect® sensor are used as features in the gender
classification process. In order to obtain anthropometric informa-
tion, several body segments of each frame were extracted and the
Euclidean distance between the two tracked joints from skeleton
stream was used.

Although gait-based approach is an effective way to obtain walk-
ing style patterns, there are some drawbacks in the gait based clas-
sification problem: (i) using image as features usually demands a
high computational cost, (ii) different thickness of clothes weakens
the distinct differences between males and females when obtaining
gait features. In order to overcome these problems and obtain pure
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kinematic information, we employ a depth camera to capture rele-
vant joint locations. Even though lower limbs are often used as the
crucial biometric for gait analysis [10], it is difficult to collect this
information in certain applications due to limited field of cameral
view concerning the full body. Therefore, unlike in other gait based
approaches, we are primary interested in ascertaining if there is
any gender based information embedded in the upper body during
the locomotor activity. Kinect® camera is used to capture upper
body 3-dimensional joint depth information during gait cycle and
subsequently a simplified skeleton is reconstructed. Females have
a better upper body control strategy [9], allowing them to exhibit
a more effective shoulder to head attenuation compared to males
producing relatively smaller upper body accelerations. Though fe-
males have a better control strategy, their pelvises in general have
higher acceleration than their male counterparts. Based on our
observations in line with [9], joints positions located at the head,
neck and shoulder were picked out to calculate the signal attributes
of human accelerations when walking. Joints from hip were also
taken into consideration in our experiment to establish which joints
content the most significant information of human gender.

In the feature extraction stage, PCA is employed to obtain the
respective component, which exhibits significant level of informa-
tion of the total variance of each joint that was in turn considered
as the feature vector for the succeeding phase. Feature vectors cor-
responding to all the relevant joints were combined and PCA is
employed again to obtain the resulting principal component of the
input data. At the last stage, k-means clustering technique is used
to classify and evaluate the performance of the overall system.

The remainder of this paper is organized as follows. Section
3 provides a description of data collection involving a Kinect®
sensor for kinematic information capture. The main contribution
of our work is described in section 4, including feature extraction
leading to the gender classification processes. Section 5 reports the
experimental results with section 6 providing concluding remarks.

2 DATA ACQUISITION SYSTEM

Kinect® camera motion-sensing device substantially simplifies the
data collection in term of capturing kinematic information. Indeed,
the electro-optical information from the sensor is used to obtain
the 3D joint positions and for our analysis we solely rely on this
information. Our primary objective is to capture upper body kine-
matic information during the gait. Based on the output data from
this device, we can readily extract specific kinematic information
in terms of joint positions. Besides that, Kinect® camera has the
advantage of capturing and tracking human motion without the
use of markers, special clothing or and without any form of contact
with the individual.

In the software functionality, there are three data streams for the
Kinect® sensor including RGB stream, depth map stream and the
skeleton stream. In our system, skeleton stream is utilized to take
full advantage of reconstructing simplified skeleton and extract-
ing 3D representations of the human joints as depicted in Fig. 1.
Moreover, skeleton stream is not sensitive to lighting conditions
or objective factors as thickness of clothes that typically results
in distinct differences between males and females - particularly
relevant to gait-based approaches.
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Figure 1: Data extracted from Kinect® sensor: (a) Skeleton
joint location (b) Human motion reconstructed in 3D space.

Our data was recorded under indoor laboratory conditions. Two
groups of healthy volunteers including 18 females and 16 males
were requested to walk 3 meters along a straight line path directly
in front of the camera.

3 ANALYSIS

With calibrated measurements from the Kinect® sensor here we
look at feature extraction of normalized data streams for gender
classification.

3.1 Normalization

Let the position information pertaining to each posture is given by,

(1)

where n is number of joints of the skeleton, (X;, Y;, Z;) is the coor-
dinates of joint i in the X, Y, Z Cartesian co-ordinate systems.

In the dataset, the subjects have different heights, ranging from
1.6 meters to 1.8 meters for males, and 1.56 meters to 1.6 meters for
females. In this study, as we are primarily interested in the kinemat-
ics, and as the difference in heights can influence the classification,
we have normalized each of the silhouette. In fact, the height dif-
ferences can cause upper body movement accelerations, adversely
affecting the objective of the underlying study (i.e. average male
height is greater than that of the female). Therefore, prior to feature
extraction, each subject is normalized by its corresponding size
scale factor that is defined by finding a least-square solution to the
equation (2) [11],

P=(X1,Y1,Z1, - Xn, Yo, Zn) 7,

1 n
Pio=sij= > Pro- (2)
J I kz::l k,0

Here, p(j, 0) is the static full body posture of subject j. Similarly,
p(k, 0) is the static full body posture of subject k, and s; is the size
scale factor of subject j and n is the number of subjects in our
dataset.

This size normalization process avoids the misclassification of
each gender for the case where a male’s height is close to a female’s
height. Furthermore, it also reduces the subject height influencing
the classification process while the emphasis of the peripheral
acceleration characteristics of the upper body is subjugated.
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Figure 2: Sine waveform signal of motion of joint on X axis.

3.2 PCA based orthogonalization

According to [9], the females have a better control strategy, allow-
ing them to exhibit a more effective shoulder to head attenuation
compared to males resulting in smaller upper body accelerations
than those of the males. In other words, there exists a difference
in gender via the control of the upper body accelerations during
walking. Therefore, in this study, five joints at head, neck, shoulder
and spine (indicated by a green dash circle in Fig. 1), were used to
extract specific characteristics for the gender classification.

After examining the movement of the upper body of the subject
while walking on XY, YZ, XZ planes, we observed that the XY
plane contains more information relevant to the motion. For each
joint, we obtain the sine waveform signal of its motion on the X
axis based on frame series. In the signal, each peak contains the
information of one walking step (half gait cycle) of the subject
while walking. During the gait cycle, the upper body moves to the
left or right on each step, so the prominence of each peak gives
us the information about the length of the motion. Besides that,
the width of the peak represents the time that the subject spent on
one walking step. Therefore, prominence and width of peaks were
extracted and considered as specific characteristics of the current
joint (Fig. 2).

In order to reduce noise present in raw skeleton data provided
by Kinect® sensor, we applied the Moving Average filter [2] to the
entire dataset.

With the purpose of combining our concerned joints to utilize
their correlation information, firstly we applied PCA to the pair
features (prominence and peak width) of these joints to extract
their significant values. We then considered these values as a fea-
ture dataset to distinguish between males and females. The PCA
manly projects the current feature space to a new coordinate space
to maximize the variance of the dataset, reduce the original data
dimension without missing information of the data [6]. We defined
the observations-variables matrix X for each joint as follows,

w1

X = 3)
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Table 1: Percentage of Total Variance Denoted by The
Principal Components of Each Joint

Head Shoulder_ Shoulder_  Spine_  Neck
Right Left Shoulder

PC1 90.96 91.72 88.36 87.12 87.96

PC2 9.04 8.28 11.64 12.88 12.04

Here, pry, wi are mean values of prominence and width of all
peaks in the sine waveform signal of joint i respectively and n is
the number of subjects.

In order to estimate the transformation, the eigenvectors and
eigenvalues of the covariance matrix of the matrix X are calculated
as follows,

c=xTx, (4)
Cou = Av. (5)

Here C is the covariance of X, v is eigenvector and is eigenvalue
of C. For each joint, the prominences and width variables are in
different units resulting in different variances. Therefore, we calcu-
late the inverse variances of each variable vector in X as a weight
matrix to perform PCA. For a random variable vector A made up
of n scalar observations, the variance is defined as,

1 )
v=n_1;|Ai—u|, ©)
where y is the mean of A,
1 n
p=s A )
i=1

Then, weight matrix is calculated by inverting variance values
in A as,

W= (Vl’l VZ*I). ®)

The eigenvalues in PCA tell us how much variance can be ex-
pected by its associated eigenvector, the highest eigenvalue indi-
cates the highest variance in the data which was observed in the
direction of its eigenvector. In order to estimate the percentage of
the total variance explained by each principal component, we apply
the above weight matrix to the eigenvalues and then calculate the
contribution E as follows,

E= —W *A 100 9
TYWen ©

Table 1 shows the contribution of each principal component
on the variation of each joint. According to this experiment, we
can see that the first component, which contains 87% to 91% of
the total variance, denoting more information of the joint in a
new coordinate system. Therefore, it is realizable if we discard the
second component and keep the first one as the feature vector of
each joint for the next process.

Subsequently, we combine feature vectors of all joints from the
upper body and employ PCA to find the new coordinate frame
resulting in a better separation of the input data. The process of
this step is similar to the previous step without the use of a weight
matrix. Observations-variables matrix in this step is defined in (10),
where the observation in fact is the subject in our dataset, while



the variables of each observation is the first principal component
of all 5 joints in the previous step.

PCy, PCys
e e
PCp,1 PCp,s

(10)

Here, n is the number of subjects in our dataset, PC; j is the
feature value which is extracted from the previous step of the
ith joint of subject j. In the new coordinate system, the first two
components account for 96% of the total variance of the data.

3.3 Classification

In order to classify the input data and evaluate the significance
of the features extracted from the previous step, we employ the
unsupervised learning method of k-means clustering which auto-
matically cluster the set of subjects into 2 groups: male and female.
Here, all subjects are partitioned into k (k = 2) distinct clusters
based on the Squared Euclidean distance between their feature val-
ues to the centroid value of a cluster. Indeed, the set of observations
(x1, x2, ..., xp), where n is the number of subjects with each
observation is a 2-dimensional feature vectorare partitioned into
two sets G = {G1, G2} so as to minimize the within-cluster sum
of squares [8],

2 2
argminz Z x—pi? = argminZ|G,~|Var G;.

i=1 xeG; i=1

(11)

Here pi; is the mean of points in G;. This is equivalent to minimiz-
ing the pairwise squared deviations of points in the same cluster.

4 EXPERIMENTAL RESULTS AND
DISCUSSION

In our experiment, data is collected from two groups of healthy
volunteers including 18 females and 16 males under an indoor
laboratory conditions.

In order to identify the joints containing the most significant
information that intrinsically consists gender related information,
prominence and peak width of nine joints from the upper body
named in Fig. 1 are taken into consideration. Fig. 3 is the distribu-
tion of the input data using the first principal component values
when we apply PCA for prominence and peak width of the joint
under consideration. In our experiment, joints from shoulder to
head give the better variance information of the dataset where the
distance of mean values are greater and the standard deviations
are smaller compared to joints in the hip area. Our experiment also
points out that the joints in the head and right shoulder higher
contribution when we combining with the other joints in gender
based classification.

From the upper body, three sets of joints were extracted and were
subjected to the same process to evaluate the correlation between
the movements of joints and the difference in human gender. We
define three different cases as follows,

o Case I: Five joints including Head, Neck, ShoulderLeft, Shoul-
derRight and SpineShoulder (green dash circle in Fig. 1).

e Case 2: Six joints including SpineMid joint in addition to the
joints in Case 1.
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Table 2: Group Distribution and Classification Accuracy for
Different Combinations of Joints

k-means clustering

Accuracy i1 o1 12 )
Case 1 32/34 0.59 1.25 -0.86 1.24
Case 2 32/34 0.64 1.35 -0.94 1.34
Case 3 31/34 1.65 1.73 -0.95 1.83

e Case 3: Nine joints including Case 2 and HipLeft, HipRight
and SpineBase joints.

In Case 1, we considered joints from shoulder to head, which
gave better variance information as information as per the preced-
ing description. In Case 2 we included SpineMid joint to Case 1
joints. We considered SpineMid in Case 2 instead of Case 1 as we
have noticed that joints from shoulder to head have similar motion
directions and attitudes and hence resulting in a better correla-
tion when prominence and peak width from their waveform signal
were used. According to [9], even though females have a better
control strategy, their pelvis have higher acceleration compared
to men. Therefore, we defined Case 3 to combine the joints from
shoulder to head and also joints from hip to investigate if the gait
based distinguishing characteristic between female and male are
emphasized.

According to the output from k-means clustering, our data can
be clustered into two groups automatically, with accuracy reaching
up to 94.12% (Case 1). In Fig. 4, female subjects are located in light
red area and male subjects are in light blue area. There are two
female subjects misclassified into the male group. Moreover, the
accuracy, mean p and standard deviation (SD) o of two clusters
are used to evaluate the results of the above three cases. In generic
terms, larger distance between the two mean values of each cluster
and smaller SD value in each cluster implies the cluster separation
is greater.

From the outcomes depicted in Table 2, for Case 1 and Case 2,
distance between two mean points of two cluster are 1.45, 1.58,
respectively, so in Case 2, this distance is relatively significant.
However, the SD values are greater than the value for Case 1. For
Case 3,two clusters are further apart. However, the accuracy rate in
Case 3 is lower compared to the other two cases. Therefore, among
three cases, Case 1 gives the best result with higher accuracy with
a better distribution in each cluster. For Case 3, the combination of
joints from Case 1 and joints from the hip does not contributed to
increase the accuracy; in fact it decreases the correlation values.

5 CONCLUSION

According to the experimental results, with gender classification
accuracy exceeding 94%, we can deduce that the upper body accel-
erations are vital features for human gender representation. Indeed
the upper body kinematics contains gender specific characteristics
during gait. Combining joints at head, neck, and shoulder provides
enhanced information content with regards to the distinct differ-
ences between males and females engaged in the locomotor activity.
Among these, joints at the head and right shoulder contain the most
distinct information between males and females. Moreover, even
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Figure 4: Male and female recognition using k-means

clustering.

though the pelvis acceleration is also a signification characteris-
tic to distinguish between female and male, the prominence and
peak width feature of the sine waveform signal considered in our re-
search are not the appropriate features for the joints at hip. By using
features from joints in the skeleton stream, the proposed approach
also overcomes the drawbacks in cloth thickness dependencies
and computational demand requirements, which is applicable in

number of practical applications.
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