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Abstract. In this era where both techniques and technology are going
digital, there is a need of designing and developing such a system that
automatically identifies the person and also the person’s attributes with
the help of the biometric system. The biometric of every person is unique.
Therefore, in this context, the use of the biometric system to identify
the identity of an individual is a popular approach. Gait is a biometric
approach that helps to verify the identity of a person by their walking
patterns. Owing to the advantages of gait as a biometric, its popularity
among the researchers is amplified in recent years. In this paper, a review
is represented, where several papers with different methods, have been
mentioned which recognize the person and its attributes such as gender
and age based on the gait of the person.
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1 Introduction

In recent years, the researchers’ major area of inclination is towards biometric
identification owing to its potential application in surveillance systems, social
security, etc. [1]. Biometric helps in identifying an individual using their body
parts. There are some characteristics in a human being, those are unique and
can be used as biometric like the fingerprint, the retina of the eyes and many
more [2]. Biometric can be classified as physiological and behavioral biometrics.
Under the physiological biometrics the face, palm, ears, and eyes are considered,
whereas the behavioral biometric includes voice, gait, speech, handwriting, and
signature. Gait is a biometric approach that is becoming popular in recent years.
The popularity of gait is due to its advantages, such as it can work in low
resolution as well as does not need any person’s cooperation as compared to
other biometrics, such as face where high resolution is required to collect the
person’s face image as well as it requires the person’s cooperation [3]. Gait is
defined by the walking pattern of an individual. It works as a biometric because
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every person has a unique walking pattern that cannot be imitated. The gait
as a biometric differs from the others as it can be captured from distance as
well as it does not need any cooperation from the individual. The gait features
depend on various attributes such as the anatomy, gender, age, muscle mass,
etc. [4]. One of the main advantages of using gait is that no one can imitate the
walk of an individual [5]. Also in recent years, gait information has been used
to help in various diseases like Parkinson’s disease, Neurodegenerative Diseases
and many more [6]. The approaches for gait recognition are: one is the model-
free approach, and the other is the model-based approach. In the former, the
silhouette of a person is extracted to find the attributes of that person while
walking. The model-free approach is computationally efficient, but at the same
time, it has few drawbacks due to the following reasons, such as changes in
viewpoint, lighting, and clothing, whereas in the latter, there is a pre-defined
model from which the dynamic characteristics of an individual are extracted. It
is computationally expensive but at the same time, gains more information and
also forceful to changes in lighting, clothing, and viewpoint in contrast to the
model-free approach [7-9].

The inclination towards gait as a biometric and its huge implementation to
identify the individual, the gender, and to estimate the age has been increased
widely in recent years, and this has been the motivation to make this paper.

In this paper, different methods of gait recognition from various recent
research works have been studied and compared. The remainder of the paper
is organized as follows: Sect. 2 briefly elaborates on sensors that have been used
to recognize the gait of an individual. Sections3, 4, 5, 6, and 7 represent the
comparison of the methods from different papers. Apart from that, in each sub-
section, the feature extraction, classifiers, and the pros and cons have been dis-
cussed. There is a table which includes all the papers that have been compared.
Section 8 represents the conclusion.

2 Literature Review

Gait as a biometric has an important role in many application areas such as
surveillance systems, social security, senior monitoring, disease detection, identi-
fication and verification of an individual etc. This survey is organized by taking
only a part of the gait recognition that includes person identification, gender clas-
sification and age estimation. In this regard, a classification tree is constructed
in the Fig. 1, and it also includes whether the Kinect sensor is used or not.
Kinect sensor is one among the other sensors, which is very effective to extract
the skeleton points of an individual as well as to extract features. There is hard-
ware, embedded in the Kinect sensor [4]. They are: RGB camera, Depth sensor,
and Multiarray microphone. One of the major application for which the Kinect
sensor is developed by Microsoft is the gaming application for the Xbox 360.
Kinect has been used in biometrics, such as facial recognition, gait analysis, etc.
[10]. There are two versions of Kinect sensor, one is Kinect v1 sensor, and the
other is Kinect v2 sensor. In comparison to the Kinect v1 sensor, the skeleton
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Fig. 1. Classification tree

tracking from Kinect v2 sensor is more precise and also at a faster rate. The
resolution of the Kinect v2 sensor is huge enough but there is a disadvantage
that the Kinect v2 sensor is not lightweight compare to the Kinect v1 sensor.
Both the sensors have different methods to calculate the depth.

3 Person Identification

This section elaborates on how the different types of features have been extracted
through different Kinect sensors and the different classifiers have been used to
identify the person. Finally, the pros and cons of different papers are discussed
and compared.

3.1 Feature Extraction

All the papers in the table where a person is identified have used different meth-
ods and different types of Kinect sensors. In [11], the Kinect v1 sensor has been
used to extract the 20 skeleton joint points, and from each point the distance
feature vector is calculated with respect to the other points, and then for each
joint the mean and the variance are calculated as features whereas in [1], the
Kinect sensor has been used for the extraction of 20 skeleton joint points and
then both the static and dynamic features are extracted. However, in [1] a sin-
gle value of the feature is taken from a sequence of frames. In [12], also Kinect
sensor is used for the extraction of 20 different skeletal points and here 11 static
features and two dynamic features are extracted. In [13], the 3d skeletal data is
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extracted using the Kinect v2 sensor. Here two new features have been intro-
duced, one is the JRD (Joint Relative Distance) and the other is the JRA (Joint
Relative Angle). From these two features, the relevant features are selected by
the genetic algorithm. In [14], the poses are extracted from the gait sequences
with the help of the Kinect sensor. After these poses are acquired, they are used
for the feature extraction and it is done by smoothing the voxel volume. In [15],
the Kinect RGBD sensor is used to extract the skeleton data of a person. In
this method, all the joints are taken in order to examine the entire video gait
sequence and to extract the motion and anthropometric features.

3.2 Classifier

In [11], the KNN (K-nearest neighbor) is applied for the classification. It is a
simple classifier and it classifies according to the similarity measured by the
distance function. In [1], there are two classification methods used, one is the
Levenberg-Marquardt back propagation and the other is the correlation algo-
rithm. From the experiment, it has been seen that the recognition rate in the
Levenberg-Marquardt back propagation is better than the correlation algorithm.
In [12], three classifiers are used, one is the C 4.5, second is the Decision Tree
and the third is the Naive Bayes classifier. The Naive Bayes classifier is a prob-
abilistic classifier, performs better than the other two classifiers. In [13], a new
classification method has been introduced, which is known as DTW (Dynamic
Time Warping) based kernel. It is a non-linear time alignment technique. In
[14], K-means clustering is used for the recognition method of an individual. In
[15], two classification methods have been used. Firstly, SVM is used to identify
the actions walk and run. After the respective action is identified, the person is
recognized by calculating the identity cost of that person.

3.3 Discussion

In [11], the distance feature vector is calculated, which helps in the significant
enhancement of the recognition rate as well as the reduction of computational
time. In [1], only the single value of the feature is taken from the series of frames
of a video sequence and it, in turn, becomes advantageous, since it reduces the
training time as well as the classification time. Also, the compulsion of the gait
cycle detection is eliminated. In [13], JRD and JRA methods have been used,
which can handle speed variation and also it is robust to view and pose variation.
In [14], the silhouette recorded by the Kinect gathers the depth information
which in turn, preserves the vital gait information. In [15], the method identifies
both the walk and run activities and the person. When the motion pattern and
anthropometric features are used, the recognition rate is more accurate. In [12],
the feature can be easily extracted by the use of the Kinect sensor.

In [11], it has some limitations in terms of the accuracy rate. The method
that uses mean or variance has a lower accuracy rate compared to the method
that uses both mean and variance. In [1], some of the features extracted like the
length of both the hands, the length of both the legs do not offer distinguishing
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features amid different individuals, which in turn becomes a disadvantage. In
[13], it is susceptible to the changes that happen in the clothing and carrying
object of an individual such as a handbag, etc. In [14], the method has higher
response time. In [15], when biometric is used individually, it can be sensitive in
some respect. In [12], the disadvantage is that the approach cannot fit for the
identity of an individual among the crowd.

Comparing [1] and [12] with [11], it has high precision and recognition rate.
The approach used in [13] is more accurate than the approach used in [15], as
only those joint pair is taken which are relevant.

4 Gender Classification

In this section, the methods used to extract the feature as well as the methods
used to classify the gender have been elucidated and at the last, the pros and
cons of different papers are discussed and compared.

4.1 Feature Extraction

The gait can be used for gender classification. Various papers for gender classifi-
cation have been detailed in the table. In [16], the data of the human skeleton is
extracted with the help of the Kinect sensor and along with that 20 joint points
are captured. Here, the dynamic features are extracted differently by calculating
the dynamic distance feature. In [17], the silhouette is segmented from the frames
of a video, and then GEI and AEI are calculated. The feature space becomes
better by applying the feature selection and resampling method. In [18], poses
are taken from the video sequence, and then the feature extraction is done with
the help of histogram. In [14], the new database is generated known as d gait
database that contains the depth information of the subject. Here both the 2D
and 3D gait features are extracted.

4.2 Classifier

In [16], three different types of classification methods have been used separately;
those are the NN (Nearest Neighbor) classifier, LDC (Linear Discriminant Clas-
sifier), and SVM (Support Vector Machine). Out of these three, the accuracy
rate of NN is better than the other two. In [17], the KNN is used for classifica-
tion purpose. As the value of K = 1 in KNN, the performance degrades because
KNN does not work well in the intrinsic data characteristics. In [18], for the
classification purpose, the RBF kernel SVM is applied. In [19], a kernel SVM is
used for the classification.

4.3 Discussion

In [16], the distance between the ankles is measured by which the accuracy to
classify the gender becomes better. In [17], the feature selection reduces the
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dimensionality so that the classifier can work more rapidly and also more effi-
ciently. In [18], the method is neither dependent on viewing angle, nor on clothing
or carrying objects nor on the number of frames, which is an advantage of this
method. In [19], the depth information gained by the Kinect is useful and also
robust when the view of a person changes with respect to the camera.

In [16], it has a disadvantage to the database as it doesn’t have a variant in
clothing and bags. In [17], the gait considers not only the movement but also
the appearance. Due to this fact, the approach is comprehensively affected and
the dataset SOTON attains a poor result. In [18],in real world the challenge of
tracking people in the mass gathering area still remnants. The variance calcu-
lated in the paper [19], shows that the 3D GF has a lower variance than 2D GF.
Due to this reason, the 2D GF is less robust compared to the 3D GF in case of
view variation.

The method in [16] gets the accuracy above 90% whereas the method in [17]
has an accuracy of 87% which shows the result of [16] is better than [17]. Since
there is no detection of the gait cycle in [18], the method is better than [19],
where gait cycle is needed.

5 Age Estimation

In this section, different method names that include a calculation to extract
features and also different classifiers to estimate the age of a person are discussed.
In the end, the pros and cons of various papers are illustrated.

5.1 Feature Extraction

In [20], the feature of an individual gait is captured by calculating the gait
energy image (GEI). It represents both the static and dynamic features. In [21],
three types of gait features are taken, which are based on silhouette. These gait
features are the gait energy image (GEI), the frequency domain features and
the gait periods. In [22], the feature extraction is done using gait energy image
(GEI). The extracted feature dimension is reduced by applying a multi-label
guided subspace.

5.2 Classifier

In [20], the problem of multiple age group classification is solved by the
DAGSVM, which is a directed acyclic graph SVM. The DAGSVM is the solution
to the multi-class classification problem by incorporating multiple binary SVM
classifiers. In [21], the mean absolute error (MAE) and the cumulative score are
taken for age estimation. In [22], the ML-KNN classifier is used for recognition
and age decoding.
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5.3 Discussion

In [20], a new method that is the age group dependent is used. The computational
time is low in this approach. In [21], the database contains approximately all
the ages in the range from 2 to 94 years. This helps in performance evaluation
and also it is reliable for the training model. In [22], the approach of multiple
feature fusion is used, which constantly beats the single feature approach for age
estimation this implies that the multiple feature fusion can give harmonizing
information to represent features, which results in better estimation..

In [20], it refers that, when one of the hyperparameter contribution rates is
lower, MAE (Mean Absolute Error) increases. In [21], there are two failures due
to two reasons: (1) the testing of some subjects fails because the gait features of
those subjects deviate from the gait of their actual age, (2) the test gait features
and the training gait features are different from each other. In [22], the only
single feature that is the GEI feature is extracted for age estimation. Though
the single feature is less robust, the performance is reduced as compared to the
multiple feature fusion.

The approach in [20] is better compare to [21,22] as it uses the age group
dependent approach, whereas others use the single age independent approach.
In the approach of [20], the estimation error is increased as there is an increase
of variation in age. The method in [4] is better for estimation of age than in
[21,22] as it uses spatial proximity and multi-task learning on CNN.

6 Age Estimation and Gender Classification

Here, the methods of feature extraction and the classifier that helped to estimate
age and classify gender are discussed. Also, the pros and cons of various papers
have been illustrated.

6.1 Feature Extraction

In [23], the frequency domain feature is selected for feature extraction as it
contains both 2D spatial information and dynamic information.

6.2 Classifier

In [23], the KNN classifier is applied for the classification approach.

6.3 Discussion

Here, some papers are referred, that worked on both gender and age. In [23],
the database contains multiple views therefore; the multi-view application can
be supported.

In [18], when the diversification in gender and age increases, the classification
becomes tough.
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7 Person Identification and Gender Classification

This section refers the feature extraction method and the classifiers to identify
both the person and its gender. Apart from that, the pros and cons of several
papers are discussed and compared.

7.1 Feature Extraction

In [24], the poses are taken from the video. The poses which are captured are
represented by the Eulers angle which is the vectors of eight selected limbs, and
then the dynamic features are extracted. The dissimilarity space is measured
between the walking and the training sequence and it is represented as dissimi-
larity vector. In [25], the silhouette is obtained by the background subtraction,
and then the cluster is formed. For every cluster, the feature is represented by
calculating the average gait image of that cluster.

7.2 Classifier

In [24], the sparse representation is measured, and with the help of it the recog-
nition and classification task are performed.

In [25], the SRML is used as a discriminative distance metric in order to
perform the recognition method.

7.3 Discussion

In [24], every gait can be represented by the vector of dissimilarity space, and
this approach is efficient. In [25], the method recognizes both the person and
gender in an arbitrary walking direction. This method can be applied to the
outdoor environment.

In [24], when partial body parts such as arms and legs are incorporated,
there exists unpredictability due to the narrow training sample in the training
set. Due to this reason, a faster deterioration in the performance happens when
all the features are incorporated. In [25], the disadvantage is that the method
will lead to failure when the training and testing sequences are different from
each other. Comparing with [17,23,25] executes better recognition, classification
and verification.

Now in the below table, various papers are incorporated that have used a
person’s gait and several methods to identify the person, classify the gender,
and to estimate the person’s age. Table 1 contains the papers in the year range
between 2010 and 2018.
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Table 1. Comparison table

Ref

Identification

Sensor

Method

Feature

Activity

Year

Database

(1]

Person

Kinect

Levenberg-
Marquardt
back
propagation
and
correlation
algorithm

20 joint
points
detected
using
skeleton
data in 3D
coordinates.
From these
20 joints
points, the
static and
dynamic
features are
extracted

Action
[walk]

2015

N.A.

[11]

Person

Kinect V1

Euclidean
distance,
meanv
Variance,
KNN

20 joint
points is
detected .
The distance
feature
vector is
calculated
for each one
of the joint
with respect
to other 20
joints

Action
[walk]

2017

N.A.

[12]

Person

Kinect

1R, C4.5
decision
tree, Naive
Bayes

20 different
points are
detected
from the
skeleton and
from there
13 biometric
features are
extracted
out of which
11 are static
and 2 are
dynamic
feature

Action
[walk]

2012

N.A.

[13]

Person

Kinect V2

DTW, rank
level fusion,
genetic
algorithm

Detection of
the gait
cycle is done
using Kinect
v2 sensor
and then
JRD (Joint
Relative
Distance),
JRA (Joint
Relative
Angle)
features are
calculated

Action
[walk]

2015

N.A.

[14]

Person

Kinect

Coordinate
system
transforma-
tion,
K-Means
clustering

Fronto-
Parallel
silhouette is
generated
and from
these set the
key poses is
derived

Action [pose]

2014

N.A.
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Table 1. (continued)

Ref | Identification Sensor Method Feature Activity Year | Database
[15] | Person Kinect SVM,PCA, Motion Action 2012 | N.A.
RGBD MDA pattern and | [walk, run]
anthropo-
metric
features
[16] | Gender Kinect DDF, LDC, | From the 3D | Action 2017 | N.A.
SVM, mean, | skeleton [walk]
standard data, the 20
deviation joint point is
and Skew extracted

and the gait
signature is

extracted
using
dynamic
distance
feature

[17] | Gender N.A. GEI, AEI, The Action 2013 | CASIA

KNN silhouette is | [walk] dataset A

being and
segmented SOTON
from the dataset B

frames of a
gait video

sequence

and then the

GEI and

AEI are

calculated

[18] | Gender Kinect EulerAngle, | The feature | Action 2013 | UPCV

RGD PCA, SVM extraction is | [Pose] Gait
Sensor done with

the help of

histogram

[19] | Gender Kinect PCA, LDA, | 2D and 3D Action 2012 | D-Gait
SVM gait features | [walk]

[20] | Age N.A. DAGSVM, GEI feature | Action 2018 | OULP
age-group [walk] -Agr
dependent Dataset
manifold
learning,
nonlinear
SVR, L2
distance

[21] | Age N.A. Gaussian Three Action 2011 | Whole
process silhouette [walk] Generation
regression, based gait
baseline features are
algorithm taken such

as averaged
silhouette,
frequency
domain
feature and

gait period
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Table 1. (continued)

Ref | Identification Sensor Method Feature Activity Year | Database
[22] | Age N.A. Label Gabor Action 2010 | USF
encoding feature [walk] Database
algorithm,
MLG
(Multi-Label
Guided),
MLKNN,
Gabor
Magnitude,
Gabor phase
[23] | Age+ Gender | N.A. KNN Frequency Action 2010 | Multi
domain [walk] View Gait
features Database
[24] | Person + Kinect Euler’s Dynamic Action [pose] | 2015 | N.A.
Gender angle, features are
dissimilarity | extracted
measure,
Sparse rep-
resentation
[25] | Person + Kinect Background | The feature | Action 2014 | USF and
Gender subtraction, | taken is the | [walk] CASIA-B
SRML cluster- Database
based
averaged
gait image

8 Conclusion

Gait has many advantages that make it more robust compared to the other
biometric. But in some perspective, it is not robust when the changes in clothing
and shoe types are considered. This is the limitation of gait that still needed to
be approached. In this context, a database is needed, which should include all the
perspectives like different view angles, changes in clothing etc., which is required
for the more accurate recognition method. The gait as a biometric can be used
in various places like in airports, shopping malls, etc. Gait recognition can be
combined with many other research areas such as face recognition, security, and
identification of an individual in crowd, which can be more tighten. In the recent
years, gait recognition is used in smart phones with the help of the sensor like
accelerometer to enhance the privacy of the smart phone. Nowadays, the most
popular application of gait recognition is the health monitoring and surveillance
system for elders and disabled persons. Also, many other applications of gait
have introduced, which make gait recognition popular and hot topic in the area
of Computer Vision.
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