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Abstract

Vulnerability to human authentication is a major problem in today's digital society in real-time settings such
as airports, hospitals, metro stations, etc. Video surveillance security solutions have grown in popularity as a
result of this problem. Due to its subtle and imperceptible character, behavioural biometric feature gait has
become a viable candidate for a surveillance monitoring system in recent years. One benefit of even more
human gait is that it may be observed in low-resolution footage and from a distance. Lastly, it is challenging
to mimic gait characteristics. In this paper we cover gait recognition system and its types. The paper delves
further into different classification methods which are mainly used for gait recognition. Additionally, the paper
covers description of databases that can be used for research, divided into two groups: sensor-based and
Vision Based. We look closely at the variables that influence gait recognition, recent work was done to address
these variables. Furthermore, after reviewing the most recent research in the field, this paper suggests CNN
based architecture which has recognition the person with high accuracy as compare to other discussed

methods. Finally, we also provided a brief overview of the suggested workflow.
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1. Introduction

In the modern digital world, a reliable and safe
method of verifying an individual's identity in real-
time situations like computer security, border
crossings, airport parking, and metro stations is
necessary. Conventional authentication methods,
such as passwords and tokens, are highly vulnerable
to hackers, password forgetting, theft and other
problems. In order to address these problems, human
body characters or traits such as the face, ear shape,
fingerprint, gait, etc. have come to be recognised as
biometrics and are crucial to an individual's identity
throughout time. There are two categories that can be
used to classify biometric modalities: physiological
(which includes things like the face, fingerprints, and
iris, among other things) and behavioural (which
includes things like voice, gait, signature, and so on).
All of the many types of biometric modalities come
with their own set of benefits and drawbacks [1, 2].
In this paper section II, explains the detailed working
of the gait recognition system, outlining all processes
involved in gait identification. We additionally
delineate feature selection and categorization

methodologies.  Section III  discusses  gait
categorization approaches mostly based on machine
learning and distant learning. In part IV, we examine
the gait VB and SB datasets and delineate the
architecture of the CASIA dataset. In section V,
discuss the conclusion.

2. Gait Recognition System

Researchers curiosity is excited by the significant and
broad research scope of gait-based human
authentication. Applications for gait recognition
include video surveillance monitoring, gender
recognition [3]-[5], age classification [6], [7]and
gait-based clinical disease diagnosis [8][9] A type of
pattern recognition technique known as "gait-based
authentication" gathers each subject's gait patterns for
analysis and assessment. Model Based (MB) and
model Free (MF) feature representation techniques
are the two groups into which gait recognition
techniques fall. For Model Based techniques to
produce gait characteristics, modelling was necessary
beforehand. The authors [10] were the pioneers in
employing light display reflectors on specific body

OPEN anccsss IRJAEM

1682


about:blank
mailto:monikajhapate24@gmail.com
mailto:arunjhapate11@gmail.com

https:

International Research Journal on Advanced

Engineering and Management
oldncloudpublications.com
https://doi.org/10.47392/IRJAEM.2026.0248

e ISSN: 2584-2854
Volume: 04 Issue: 05
May 2026

Page No: 1682 - 1693

joints to illustrate the Model Based approach and
provide gait data for individual validation.
Conversely, Model Free utilizes silhouette frames to
directly extract features. The first group to extract
spatiotemporal features for recognition, Niyogi et al.
[11] achieved 81% accuracy. Comprehensive
elucidation of the methodologies (Model Based (MB)
and Model Free (MF)). The general gait recognition
system contains two distinct phases: the training
phase and the testing phase, as illustrated in Figure 1.

Gait Acquisition

Feature Extraction

Feature Selection
Gait Recognition mode

Identification Verification
1:N 1:1

Figure 1 General Work Flow of Gait Recognition
System

Each phase undergoes a sequence of stages. The
performance of a gait recognition system or the
similarity between trained and test data can be
evaluated through two methods: verification and
identification [12], [13].The performance of the gait
system was illustrated using the receiver operating
characteristic (ROC) in verification mode, utilizing
two error metrics: the false acceptance rate (FAR)
and the false rejection rate (FRR). Conversely, in the
identification mode, the cumulative match
characteristics (CMC) score was represented using
rank order [1]. Using various modalities (sensing
technologies), the first stage of gait identification is
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primarily focused on gathering gait datasets. The
obtained data samples have a significant impact on
the model's correctness and success. According to the
taxonomy displayed in Figure 2, the gait acquisition
technologies is categories in two major parts : Vision
Based and sensor based.

Gait Acquisition
Technologies
Vision Based Sensor Based
Marker Marker Floor Wearable

free Based

sensor sensor
l;menc Camera Resl::Cm € Force . Gyroscope
ensor ips plates Mocap Suit Accelerometer
Markers
\

Figure 2 Taxonomy of Gait Acquisition
Technologies

2.1.Sensor Based
The data is collected by sensors and different devices
i1s come under the category of sensor-based data and
devices are used to generate the data is called sensor
devices. There are two categories of sensor devices:
wearable sensors and floor sensors. In wearable
sensor According to Bachlin et al.[14], A wearable
device for detecting the start of frozen gait in
individuals people with Parkinson's disease. They
utilised on-body acceleration. sensors to gauge the
patient's walking pattern. based on clothes Bergmann
et al.'s [15] proposed sensor system. Senses were put
into the fabric to measure the characteristics of the
knee joints for clinical examination. Muaaz and
Mayrhofer's [16] smartphone-based gait recognition
system was proposed to achieve a zero-effort and
minimally effortful walk in real-world conditions.
They created an Android app which collected data on
gait movement using an accelerometer sensor built
into a smartphone. More complex equipment is
needed for the sensor based (SB) gait acquisition. for
data sensing. Nevertheless, they offer precise
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quantitative data for examination. These methods of
acquisition are frequently employed in clinical
diagnosis, such as Parkinson's knee osteoarthritis
[17], illness [14], and other illnesses connected to
gait. According to Bachlin et al. [14], a wearable aid
for identifying the sign of freezing gait in people with
Parkinson's  disease. They utilised on-body
acceleration. sensors to gauge the patient's walking
pattern. based on clothes Bergmann et al.'s proposed
sensor system[15]. Senses were put into the fabric to
measure the characteristics of the knee joints for
clinical examination. Muaaz and Mayrhofer's[16]
smartphone-based gait recognition system was
suggested in opposition to Achieve a zero-effort and
live minimal-effort walk under actual situation. They
created an Android app. Which collected data on gait
movement using an accelerometer sensor built into a
smartphone. More complex equipment is needed for
the SB gait acquisition. for data sensing.
Nevertheless, they offer precise quantitative data for
examination. These methods of acquisition are
frequently employed in clinical diagnosis, such as
Parkinson's knee osteoarthritis [17], illness [18] and
other illnesses connected to gait. On the other hand,
in floor sensor Pressure sensors are used, which are
positioned on a certain floor, and when someone
walks over it, they produce pressure signals [19],
[20]Weiss and associates used two Kistler force
plates in [19] to gather kinetic parameters (ground
reaction forces) for 50 sick and 37 healthy people on
a 10-meter-long pathway. In a similar vein, Kotti et
al. used two Kistler force plates in order to get 47
patients' ground reaction forces for osteoarthritis in
their knee’s diagnosis. The creation of a cumulative
foot pressure picture database Zheng et al.'s
work[21]. The RScan USB foot sensor was utilised to
record ground reaction force data, taking into account
two factors, namely walking pace and the use of
different shoes. A total of 121 subjects provided a
total of 3000 photos. When it comes to wearable
sensors, the devices are affixed to specific parts of the
human body in order to record dynamic
characteristics. (such position, acceleration, speed,
etc.), which can be utilised to analyse gait [14].
Tereso and associates [5] used using an inertial sensor

to gather spatiotemporal characteristics of
osteoarthritis patients in their knees

2.2.Vision Based
A visual camera is required for this sensing modality
to capture gait information and assess the gait cycle.
There are two further classifications for this category:
marker-based and marker-free. Marker-based
reflective approaches involve the application of tapes
or markers on a human body to capture dynamic
information for analysis, including kinematic
parameters, joint angle movements, and distance
[22], [23]. Mahyuddin et al. [24] developed a dataset
on gait using LED markers, which can be employed
for clinical diagnosis and rehabilitation purposes. The
optical 2D motion analyzer system was developed by
collecting kinematic and Kinect characteristics from
a dataset consisting of 212 people. Ishikawa et al.
[25] utilised eight optical cameras equipped with
plug-in-gait markers to gather data on knee patients
for diagnostic purposes. The employment of this
sensory modality may be advantageous in clinical
diagnostics. Visual cameras can be used as a method
to capture gait patterns for recognition without the
necessity for markers. Nowadays, Kinect sensors
(depth cameras) are used to find gait joints without
attaching any of the previously described sensors.
The number 28 is enclosed in square brackets[29].
Wang et al. [30] employed a Kinect sensor to
generate a dataset for gait detection, utilising a 3D
skeleton framework. To obtain both static and
dynamic information for recognition purposes, a
human model was developed. Research on gait
recognition over the last couple decades has been
based on video datasets. One or more cameras
installed anywhere can be sufficient to record human
gait patterns for identification in these databases. As
a result, gait can be used in real-time scenarios. The
detailed explanation of feature extraction techniques
based on the video gait database covered in Figure
3. Gait Classification Techniques
Classification, the final phase in gait recognition, is
employed to compare test and trained feature vectors
to evaluate their similarity and assess the accuracy of
the proposed model. A taxonomy system has been
created, which describes the classifiers that have been
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used recently to recognise gaits, separated into two
groups: machine learning based and distance based.
Machine learning based, as depicted in Figure 3. In
this section, we examine the distance-based and core
machine learning classifier in brief. measures that are
often employed in the identification of VB gaits
based. Table 1 displays an ML classifier based on
categorization benefits and drawbacks.

Gait Recognition Classifier

|
[ ]

Distance based

Machine learning
based

[ i

Unsupervised

Normalized, Euclidean
distance, Dynamic time
wrapping, minimum distance
classifier, Euclidean distance,
Median Euclidean distance

Supervised

{ |
Deep Affinity

learning Propagation
CNN

Figure 3 Classifier in Gait recognition

The majority of machine learning classifiers in gait
recognition have been developed, with the analysis
based on the sources cited in this article. K-NN is the
preeminent classifier, owing to its simplicity of
application. Neural networks are extensively utilized
in gait recognition. Currently, supervised machine
learning, particularly deep learning, is focusing gait
identification  experts' attention towards its
implementation in real-time environments [35, 36].
3.1.Distance Based Classification

The distance classifier is a typical statistical method
employed in gait recognition to assess the degree of
similarity between the stored gallery gait data set and
the probing feature set based on a predefined
threshold. The standard representation method for
behavioural biometric gait identification is Euclidean
distance (ED) where we calculate the distance
between pixel values and then match is it with stored
values foe identifications. Jia et al. [50] proposed a
view-invariant gait identification method that utilized

the Euclidean distance between the Lucas-Kanade
gait for similarity assessment. Bouchrika et al. [51]
used Euclidean distance to figure out the difference
in performance between the labeled features and the
recovered joint features. Also, Kusakunniran et al.
[48] used Euclidean distance to see how similar gait
traits they got from a view transformation model
(VTM) were to each other. Wang et al. [52] noted
that the Normalized Euclidean Distance (NED)
between two consecutive projection centroids (C1
and C2) can be used to make the matching more
similar.
3.2.Machine Learning Based Classification
A branch of artificial intelligence called machine
learning (ML) improves data-driven model building
methods. In this context, data refers to information
like pictures, movies, etc., while a model is the result
of machine learning. ML has shown itself to be a
potent method in recent years that improves gait
recognition ability [31], [51]. This section presents a
quick look at the machine learning approaches that
are most often used in gait classification. These are
SVM, k-NN, NN, and Deep Learning.
3.2.1. Support Vector Machine

The support vector machine (SVM) is a type of
supervised machine learning that can be used to sort
data in gait recognition. SVM is a good non-linear
mapping function that can be used to fix problems
with regression and classification. The goal of
support vector machines (SVM) is to make a
hyperplane that splits all training feature vectors into
two groups. SVMs can be taught to correctly sort
things into two or more groups. Using a binary SVM
classifier, divide the data set into two groups (1 and
—1) based on whether each item is in a class or not. Li
et al's study [42]applied gait analysis to gender
classification. They classified gait patterns using SVM
into two classes—male and female—and attained a 98%
accuracy rate. Similar work is done by Sudha and Bhavani
[53], who use spatiotemporal aspects of gait to do gender
classification. For classification, they employed two
classifiers, SVM and PNN, and achieved 82.5% accuracy
for each. Nandy et al As part of their study into how
clothes affect GEnl, [35] used three classifiers—SVM, k-
NN, and MDC (minimum distance classifier)—to check
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how accurate their results were. They got a precision that
was 80% higher in SVM and MDC than in k-NN.

Table 1 A Summary of the Machine Learning Classification Methods for Recognising GAITs

S | Learning Type§ of Sub category Merits Demerits Reference
no method learning
Support 1) Fewer parameters 1) More ‘learmng
Vector . time [31],[32]
1 ) should be considered.
Machine 2) Avoid overfittin 2) Use complete [33]
(SVM) & data
1) Use white box D Wo.ﬂf with 1
Decent quantitively data
2 Tree (DT) model 2) Frequentl [341.133]
2) Deal with hard data quently
wrong
1) No need to
normalize the 1) Difficult to
3 Random feature understand. [1] [36]
forest 2) More accurate 2) Overfitting
3) Can operate on issue
large dataset
Navie Supervised Classification 1) Slmp1§ to 1ns.ta.11 1) More 211, [371.
4 Bayes 2) Needs little training inaccurate [38]
(NB) data
1) Expensive
1) Capability to computation
Neural tolerate faults 2) Require a lot of
> Network 2) Is able to manage data [39]-42]
noisy data 3) Avoid hostile
situations
1) The cost of
computation is
Convoluti 1) Improved output significant (41
onal 2) Effective 2) Extensive
6 o [43][18],
Neural extractors of intricacy [41]-[43]
Network features 3) Unable to deal
with a tiny
dataset
1)  Simple and
straightforward 1) Slow algorithm
7 K nearest Supervised Instance based execution 2) Extremely [431-[47]
neighbour p 2) Does not assume susceptible to
anything about the anomalies
data
Affinity D Clany and LW ) pigfieult o
8 | Propagatio | Unsupervised Clustering 2) Needs less ascertain ideal [48], [49]
n . . parameters
processing time
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3.2.2. K-Nearest Neighbour (KNN)
In recent years, KNN has become the most common
method to describe gait recognition because it is
simple and easy to use. When KNN figures out how
far apart its training and test vectors are, it chooses
the k vector that is closest to them for the average
calculation. It costs a lot for the k-NN classification
to sort an unknown test pattern into a category. It also
takes a lot of work to make the training set bigger,
because the distance between the k close neighbors
has to be calculated a lot of times. A study by
Tafazzoli et al. [42] used a k-NN predictor to make
sure that the genetic algorithm-extracted optimized
features were correct. With 1500 people and 46
specific traits, they got 87% accuracy with k-NN.
With an 81% success rate. Wang et al. [52] used k-
NN to find the Procrustes distance and figure out the
walking style of 20 patients by looking at their
Procrustes statistical shape features. A study by
Mahfoufet al. [54] used optical foot tracking to figure
out how people walked and a k-NN classifier to sort
1000 movies with 100 people into groups. The group
groups were correctly sorted 97% of the time. Author
Portillo et al. [55] tested how well k-NN classifier
could recognize walking patterns in 11 different
views using the CASIA-B dataset with 124 subjects.
About 99% of the time, they were right. Table 1
shows A Summary of the Machine Learning
Classification Methods for Recognising GAITs
3.2.3. Artificial Neural Network (ANN)

Based on the idea that the human brain is made up of
multiple neuron connections, artificial neural
networks (ANNs) are a popular supervised machine
learning model for gait identification. Three parts
make up the basic artificial neural network (ANN):
input, hidden layer, and output. Bhowmick et al. [56]
suggested a method for speed-invariant gait
recognition. For classification, they used a multilayer
perceptron (MLP) neural network and a Bayes-based
probabilistic model. Tan sigmoid was employed as
the activation function in MLP, while gradient decent
was used to minimise errors. The vision
transformation model (VIM) was trained by
Kusakunniran et al [49] using a multilayer perceptron
(MLP) regression model to figure out aspects of

walking from a specific area of interest (ROI) in order
to recognize it. Zeng et al. [41] applied deterministic
learning and radial basis function (RBF) neural
networks to accurately identify human gait in the
sagittal plane, achieving an accuracy rate of 91%. In
another study, Zeng and Wang [57] applied a radial
basis function (RBF) neural network to accommodate
for varying speeds and deliver precise
approximations. Three gait datasets CAISA-C, CMU
MoBo, and OUISIR were used to evaluate their
methods concerning variations in walking speed.
Similarly, RBF was used by Mansur et al [58] to train
the subject matrices for the purpose of mapping
manifolds to image space. Yang et al. [59] provided
a way to recognize gait that was about 90% accurate
by using a back-propagation neural network (BPN)
which is applied on SOTON gait database and the
stick figure model as a base. Krzeszowski et al. [40]
used multilayer perceptron (MLP) and naive bayes
(NB) as classifiers to identify gait. MLP was 90%
accurate, while NB was only 85% accurate. A
probabilistic neural network (PNN) was used by
Sudha and Bhavani [53] to classify genders based on
gait characteristics. With nine feature estimates, they
attained 100% accuracy.

3.2.4. Convolutional Neural Network (CNN)
Deep learning, a type of machine learning, is
currently making the identification more accurate.
Deep learning adds more levels to a multilayer neural
network, which has at least two hidden layers. Pattern
recognition, computer vision [18], and other related
areas can use CNN, a type of deep learning, to solve
problems. CNN gives network layout designers a lot
of freedom by letting them change inputs, outputs,
and loss functions like cross-entropy, Hinge, Huber,
and others. By looking at cutting-edge research, CNN
has been used to solve the problems described above
with recognizing gait and make it better than
traditional methods [60]. Alotaibi and Mahmood
conducted the first study on CNN-based gait
recognition [62] to estimate non-linear and high-
resolution gait data. They used the CNN architecture
with the input of Gait Energy Images with different
feature they develop a architecture with four
convolutional layers in their model with four
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subsampling layers is there, the architecture achieves
a 92% accuracy. In an additional study, Alotaibi and
Mahmood [61] suggested a thorough an examination
of behavioural Biometric Gait Recognition. CNN
design that took into account differences in gait
recognition across views.
4. Survey of Gait Recognition Datasets
A database is necessary for the creation of a new
application. Sufficiently sized data samples are
required for the training and testing of the gait
recognition system, taking into account various
circumstances like carrying a weight, changing
views, clothes, occlusion, etc. During the span of the
past year, there has been a significant advancement in
the creation of technologies that collect gait data.
Additionally, various factors that influence the
performance of gait recognition have been added for
the purpose of investigation. In Sect. IV.1, we also
provide a brief overview of the environmental setup
of the CASIA dataset, a well-known organisation that
produced the VB gait dataset and is extensively
utilised in the gait recognition research field.

4.1.VB Datasets
We know that the dataset used in the VB gait
recognition system was selected to make the system
work well in real-time settings, here VB dataset w
further divided into marker-based where data is
stored by direct calculation or physically touch
method as foot print or kinetic energy and marker-
free situations where data is stored by camera or from
distance. By few years analysis it is observed that
only few of the methods use markers data set, while
most of the methods uses marker free data set. For
researchers, the most important things were carrying
load, different viewpoints, and clothing style.

4.2.Standard Gait Database
The Chinese Academy of Sciences Institute of
Automation (CASIA) offers the CASIA Gait
Database to researchers in the field of gait
identification and related studies, with the aim of
fostering research in this area. The CASIA Gait
Database has three separate datasets: Dataset A,
Dataset B (a multi-view dataset), and Dataset C (an
infrared dataset). Figure 4 illustrates the databases
with their respective creation years.

Dataset -A
Standard Gait
Dataset

Dec-2001

Dataset -B
Multiview Gait
Dataset

—|

Jan-2005

CASIA Gait
Database

Dataset —

Infrared Gait Dataset | | (Jul-Aug)-2005

Dataset -D
Gait Foot print
Dataset

Figure 4 The CASIA Database's Subsets Along
with The Year They Were Created

(Jul-Aug)-2009

1
U

4.2.1. Dataset A
Using spatiotemporal motion patterns, this dataset
was created for the purpose of identifying gaits in
silhouette frames [98]. Dataset recorded outside at 25
frames per second with a resolution of 352 x 240
using a Panasonic NV-DX100EN digital camera. All
subjects in this dataset traverse a linear path in three
distinct viewing angles: horizontally which are taken
by 0° angle, diagonally which are taken by 45°, and
from the front which are taken by 90°. Four of the
twenty subjects are present in the dataset. Figure 4
shows The CASIA Database's Subsets Along with
The Year They Were Created

4.2.2. Dataset B
Multiview Gait Database [99] the 11 view variants at
an 18° difference, including clothes, comprise the
CASIA dataset B, which was designed for gait
detection and classification under various walking
variations and transporting circumstances. Eleven
USB cameras (Model: Fametech 318SC) were
positioned around the left in this dataset the subject's
left-hand side as they were walking. The data was
collected from 124 volunteers of both genders (93
males) in an indoor setting with 31 females) at a
frame rate of 25 frames per second at a 320 by 240
frame size; example frames are displayed in Fig. 10d.

4.2.3. Dataset C (Database of the Infrared

Gait)

Infrared Gait Database when other biometrics cannot
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be used to identify a person at a distance, gait is a
helpful behavioural biometric attribute that can. Over
the past ten years, the majority of work on gait
identification has been visible spectrum-oriented,
ignoring night time recognition, which is highly
demanded in real life. In July and August of 2005, the
infrared gait database, or CASIA dataset C, was built
in order to function in low light. There are 153
participants in this data set: 23 girls and 130 males.
The human night gait data was recorded at a frame
rate of 25 frames per second using a thermal infrared
camera with a resolution of 320 x 240. This particular
dataset contains information on four different
walking scenarios: a regular walk, an easy walk, a
quick walk, and a regular walk while carrying a bag.
Conclusion

Biometric behavioral modality denotes a technique
for identifying individuals through their distinctive
behavioral traits. Gait has received heightened
attention in recent years due to its nuanced and
undetectable characteristics. Nonetheless, regarding
development, gait remains at a nascent phase relative
to other biometric modalities such as iris, facial
recognition, and fingerprints. This study presents the
entire framework of the gait recognition system and
an extensive review of the research undertaken in VB
gait recognition over the last ten years. We employed
classification strategies and concluded that the k-NN
machine learning method is the most prevalent
classifier due to its straightforward installation and
capacity for unsupervised operation. Recently, CNN
has been employed in gait detection, leading to an
enhanced gait recognition rate. This research
meticulously analyzed the methodologies employed
by several authors to get information from gait
patterns for recognition objectives. The appearance-
based methodology in gait recognition has
predominantly employed the Gait Energy Image
(GED) technique, which constitutes 62% of the
citations referenced in the article. Nonetheless,
covariate effects adversely influence the efficacy of
appearance-based gait recognition. Additionally, we
conducted a survey of VB and SB gait databases that
are specifically intended for research purposes. Our
findings indicate that 42% of the publications

analysed in our survey utilised the CASIA-B dataset
for their analysis. This dataset was chosen because to
its vast sample size and its ability to account for
various covariate situations. The OU-ISIR
organisation  possesses the most extensive
compilation of gait samples, taking into account
many characteristics such as speed, carrying objects,
and gait variability.

References

[1]. A. K. Jain, A. Ross, and S. Prabhakar, “An
Introduction to Biometric Recognition,”
IEEE Transactions on Circuits and Systems
for Video Technology, vol. 14, no. 1, 2004,
doi: 10.1109/TCSVT.2003.818349.

[2]. A.K.Jain, K. Nandakumar, and A. Ross, “50
years of biometric research:
Accomplishments, challenges, and
opportunities,” Pattern Recognit Lett, vol.
79, 2016, doi: 10.1016/j.patrec.2015.12.013.

[3]. S.Yu,T. Tan, K. Huang, K. Jia, and X. Wu,
“A study on  gait-based  gender
classification,” IEEE Transactions on Image
Processing, vol. 18, no. 8, pp. 1905-1910,
2009, doi: 10.1109/T1P.2009.2020535.

[4]. J. Lu, G. Wang, and P. Moulin, “Human
identity and gender recognition from gait
sequences  with  arbitrary = walking
directions,” IEEE  Transactions on
Information Forensics and Security, vol. 9,
no. 1, pp. 51-61, Jan. 2014, doi:
10.1109/TIFS.2013.2291969.

[5]. A. Tereso, M. M. Martins, and C. P. Santos,
“Evaluation of gait performance of knee
osteoarthritis patients after total knee
arthroplasty =~ with  different  assistive
devices,” Revista Brasileira de Engenharia
Biomedica, vol. 31, no. 3, pp. 208-217, Sep.
2015, doi: 10.1590/2446-4740.0729.

[6]. Z. Lv, X. Xing, K. Wang, and D. Guan,
“Class energy image analysis for video
sensor-based gait recognition: A review,”
Sensors (Switzerland), vol. 15, no. 1. MDPI
AG, pp. 932-964, Jan. 07, 2015. doi:
10.3390/5s150100932.

[7]. L. Wang, T. Tan, W. Hu, and H. Ning,

OPEN 8accsss IRJAEM

1689


about:blank

[8].

[9].

[10].

[11].

[12].

[13].

[14].

https:

International Research Journal on Advanced

Engineering and Management
oldncloudpublications.com
https://doi.org/10.47392/IRJAEM.2026.0248

e ISSN: 2584-2854
Volume: 04 Issue: 05
May 2026

Page No: 1682 - 1693

“Automatic gait recognition based on
statistical shape analysis,” IEEE
Transactions on Image Processing, vol. 12,
no. 9, pp. 1120-1131, Sep. 2003, doi:
10.1109/TIP.2003.815251.

O. Tupa et al., “Motion tracking and gait
feature  estimation  for  recognising
Parkinson’s disease using MS Kinect,”
Biomed Eng Online, vol. 14, no. 1, Oct.
2015, doi: 10.1186/s12938-015-0092-7.

A. Saad, I. Zaarour, F. Guerin, P. Bejjani, M.
Ayache, and D. Lefebvre, “Detection of
freezing of gait for Parkinson’s disease
patients with multi-sensor device and
Gaussian neural networks,” International
Journal of Machine Learning and
Cybernetics, vol. 8, no. 3, 2017, doi:
10.1007/s13042-015-0480-0.

G. Johansson, “Visual perception of
biological motion and a model for its
analysis",” 1973.

S. A. Niyogi and E. H. Adelson, “Analyzing
and recognizing walking figures in XYT,” in
Proceedings of the IEEE Computer Society
Conference on Computer Vision and Pattern
Recognition, 1994. doi:
10.1109/cvpr.1994.323868.

A. Mansur, Y. Makihara, R. Agmar, and Y.
Yagi, “Gait recognition under speed
transition,” in Proceedings of the IEEE
Computer Society Conference on Computer
Vision and Pattern Recognition, 2014. doi:
10.1109/CVPR.2014.323.

S. Jia, L. Wang, and X. Li, “View-invariant
gait authentication based on silhouette
contours analysis and view estimation,”
IEEE/CAA Journal of Automatica Sinica,
vol. 2, no. 2, 2015, doi:
10.1109/JAS.2015.7081662.

M. Béchlin et al., “Wearable assistant for
Parkinsons disease patients with the freezing
of gait symptom,” IEEE Transactions on
Information Technology in Biomedicine,
vol. 14, no. 2, pp. 436446, Mar. 2010, doi:
10.1109/TITB.2009.2036165.

OPEN 8accsss IRJAEM

[15].

[16].

[17].

[18].

[19].

[20].

[21].

[22].

J. H. M. Bergmann, S. Anastasova-Ivanova,
I. Spulber, V. Gulati, P. Georgiou, and A.
McGregor, “An attachable clothing sensor
system for measuring knee joint angles,”
IEEE Sens J, vol. 13, no. 10, pp. 4090-4097,
2013, doi: 10.1109/JSEN.2013.2277697.

M. Muaaz and R. Mayrhofer, “Smartphone-
Based Gait Recognition: From
Authentication to Imitation,” IEEE Trans
Mob Comput, vol. 16, no. 11, pp. 3209—
3221, Nov. 2017, doi:
10.1109/TMC.2017.2686855.

X. Cui, Z. Zhao, C. Ma, F. Chen, and H.
Liao, “A gait character analyzing system for
osteoarthritis pre-diagnosis using RGB-D
camera and supervised classifier,” in IFMBE
Proceedings, 2019. doi: 10.1007/978-981-
10-9035-6_53.

Z. Wu, Y. Huang, L. Wang, X. Wang, and T.
Tan, “A Comprehensive Study on Cross-
View Gait Based Human Identification with
Deep CNNs,” IEEE Trans Pattern Anal
Mach Intell, vol. 39, no. 2, pp. 209-226, Feb.
2017, doi: 10.1109/TPAMI.2016.2545669.
R.J. Weiss et al., “Gait pattern in rheumatoid
arthritis,” Gait Posture, vol. 28, no. 2, 2008,
doi: 10.1016/j.gaitpost.2007.12.001.

S. G. Eppeland, G. Myklebust, C. Hodt-
Billington, and R. Moe-Nilssen, “Gait
patterns in subjects with rheumatoid arthritis
cannot be explained by reduced speed
alone,” Gait Posture, vol. 29, no. 3, 2009,
doi: 10.1016/j.gaitpost.2008.11.010.

Y. Ran, Q. Zheng, R. Chellappa, and T. M.

Strat,  “Applications of a  simple
characterization of human gait in
surveillance,” IEEE Transactions on

Systems, Man, and Cybernetics, Part B:
Cybernetics, vol. 40, no. 4, pp. 1009—-1020,
Aug. 2010, doi:
10.1109/TSMCB.2010.2044173.

Y. Yun, H. C. Kim, S. Y. Shin, J. Lee, A. D.
Deshpande, and C. Kim, “Statistical method
for prediction of gait kinematics with
Gaussian process regression,” J Biomech,

1690


about:blank

[23].

[24].

[25].

[26].

[27].

[28].

[29].

https:

International Research Journal on Advanced

Engineering and Management

oldncloudpublications.com
https://doi.org/10.47392 /IRJAEM.2026.0248

e ISSN: 2584-2854
Volume: 04 Issue: 05
May 2026

Page No: 1682 - 1693

47, no. 1, 2014, doi:

vol.
10.1016/j.jbiomech.2013.09.032.

J. K. Moore, S. K. Hnat, and A. J. van den
Bogert, “An elaborate data set on human gait
and the effect of mechanical perturbations,”

Peer], vol. 2015, no. 3,
10.7717/peerj.918.

A. 1. Mahyuddin, S. Mihradi, T. Dirgantara,
M. Moeliono, and T. Prabowo,
“Development of Indonesian Gait Database
Using 2D Optical Motion Analyzer System,”
ASEAN Engineering Journal Part A, vol. 2,
no. 2, 2012.

Y. Ishikawa et al., “Gait analysis of patients
with knee osteoarthritis by using elevation
angle: confirmation of the planar law and
analysis of angular difference in the
approximate plane,” Advanced Robotics,
vol. 31, no. 1-2, 2017, doi:
10.1080/01691864.2016.1229217.

H. Iwama, M. Okumura, Y. Makihara, and
Y. Yagi, “The OU-ISIR gait database
comprising the large population dataset and
performance evaluation of gait recognition,”
IEEE Transactions on Information Forensics
and Security, vol. 7, no. 5, 2012, doi:
10.1109/TIFS.2012.2204253.

Y. Iwashita, K. Ogawara, and R. Kurazume,
“Identification of people walking along
curved trajectories,” Pattern Recognit Lett,
vol. 48, 2014, doi:
10.1016/j.patrec.2014.04.004.

D. Kastaniotis, I. Theodorakopoulos, G.
Economou, and S. Fotopoulos, “Gait-based
gender recognition using pose information
for real time applications,” in 2013 18th
International Conference on Digital Signal
Processing, DSP 2013, 2013. doi:
10.1109/ICDSP.2013.6622766.

M. Hofmann, J. Geiger, S. Bachmann, B.
Schuller, and G. Rigoll, “The TUM Gait
from Audio, Image and Depth (GAID)
database: Multimodal recognition of subjects
and traits,” J Vis Commun Image Represent,
vol. 25, no. 1, 2014, doi:

2015, dot:

OPEN 8accsss IRJAEM

[30].

[31].

[32].

[33].

[34].

[35].

[36].

[37].

10.1016/j.jvcir.2013.02.006.

Y. Wang, J. Sun, J. Li, and D. Zhao, “Gait
recognition based on 3D skeleton joints
captured by kinect,” in Proceedings -
International ~ Conference on  Image
Processing, ICIP, 2016. doi:
10.1109/ICIP.2016.7532940.

A. Saini and H. Singh, “Enhanced Human
Identity and Gender Recognition from Gait
Sequences using SVM and MDA,” Int J
Comput Appl, vol. 119, no. 2, 2015, doi:
10.5120/21037-3358.

N. Muthukrishnan, J. J. Abbas, and N.
Krishnamurthi, “A wearable sensor system
to measure step-based gait parameters for
parkinson’s disease rehabilitation,” Sensors
(Switzerland), vol. 20, no. 22, 2020, doi:
10.3390/520226417.

J. Ortells, R. A. Mollineda, B. Mederos, and
R. Martin-Félez, “Gait recognition from
corrupted silhouettes: a robust statistical
approach,” Mach Vis Appl, vol. 28, no. 1-2,
2017, doi: 10.1007/s00138-016-0798-y.

T. W. Yeoh, F. Daolio, H. E. Aguirre, and K.
Tanaka, “On the effectiveness of feature
selection methods for gait classification
under different covariate factors,” Applied
Soft Computing Journal, vol. 61, 2017, doi:
10.1016/j.as0c.2017.07.041.

A. Nandy, R. Chakraborty, and P.
Chakraborty,  “Cloth  invariant  gait
recognition using pooled segmented

statistical features,” Neurocomputing, vol.
191, 2016, doi:
10.1016/j.neucom.2016.01.002.

M. H. Abdelhafiz, M. I. Awad, A. Sadek, and
F. Tolbah, “Sensor positioning for a human
activity recognition system using a double
layer classifier,” Proc Inst Mech Eng H, vol.
236, no. 2, 2022, doi:
10.1177/09544119211040588.

E. R. H. P. Isaac, S. Elias, S. Rajagopalan,
and K. S. Easwarakumar, “View-Invariant
Gait Recognition Through Genetic Template
Segmentation,” IEEE Signal Process Lett,

1691


about:blank

[38].

[39].

[40].

[41].

[42].

[43].

[44].

[45].

https:

International Research Journal on Advanced

Engineering and Management
oldncloudpublications.com
https://doi.org/10.47392/IRJAEM.2026.0248

e ISSN: 2584-2854
Volume: 04 Issue: 05
May 2026

Page No: 1682 - 1693

24, no. 8, 2017, doi:

vol.
10.1109/LSP.2017.2715179.

R. K. Begg, M. Palaniswami, and B. Owen,
“Support vector machines for automated gait
classification,” IEEE Trans Biomed Eng,

vol. 52, no. 5,
10.1109/TBME.2005.845241.
T. Krzeszowski, A. Michalczuk, B. Kwolek,
A. Switonski, and H. Josinski, “Gait
recognition based on marker-less 3D motion
capture,” in 2013 10th IEEE International
Conference on Advanced Video and Signal
Based Surveillance, AVSS 2013, 2013. doi:
10.1109/AVSS.2013.6636645.

B. Kwolek, A. Michalczuk, T. Krzeszowski,
A. Switonski, H. Josinski, and K.
Wojciechowski, “Calibrated and
synchronized multi-view video and motion
capture dataset for evaluation of gait
recognition,” Multimed Tools Appl, vol. 78,
no. 22, 2019, doi: 10.1007/s11042-019-
07945-y.

W. Zeng and C. Wang, “Human gait
recognition via deterministic learning,”
Neural Networks, vol. 35, 2012, doi:
10.1016/j.neunet.2012.07.012.

W. Zeng, C. Wang, and Y. L1, “Model-Based
Human Gait Recognition Via Deterministic
Learning,” Cognit Comput, vol. 6, no. 2,
2014, doi: 10.1007/s12559-013-9221-4.

G. Batchuluun, H. S. Yoon, J. K. Kang, and

2005, doi:

K. R. Park, “Gait-Based Human
Identification by Combining Shallow
Convolutional Neural Network-Stacked

Long Short-Term Memory and Deep
Convolutional Neural Network,” IEEE
Access, vol. 6, 2018, doi:
10.1109/ACCESS.2018.2876890.

W. Tao, T. Liu, R. Zheng, and H. Feng, “Gait
analysis using wearable sensors,” Sensors,
vol. 12, no. 2. pp. 2255-2283, Feb. 2012.
doi: 10.3390/5120202255.

A. Kale et al., “Identification of humans
using gait,” IEEE Transactions on Image
Processing, vol. 13, no. 9, pp. 1163-1173,

OPEN 8accsss IRJAEM

[46].

[47].

[48].

[49].

[50].

[51].

[52].

[53].

Sep. 2004, doi: 10.1109/T1P.2004.832865.
Y. Su, Z. Feng, and M. Xing, “Spatio-
Temporal Large Margin Nearest Neighbour
(ST-LMNN) Based on Riemannian Features
for Individual Identification,” in Proceedings
- IEEE International Conference on
Multimedia and Expo, 2018. doi:
10.1109/ICME.2018.8486532.

W. Kusakunniran, “Recognizing gaits on
spatiooral feature =~ domain,”  IEEE
Transactions on Information Forensics and
Security, vol. 9, no. 9, pp. 14161423, 2014,
doi: 10.1109/TIFS.2014.2336379.

W. Kusakunniran, Q. Wu, J. Zhang, and H.
Li, “Speed-invariant gait recognition based
on procrustes shape analysis using higher-
order shape configuration,” in Proceedings -
International ~ Conference on  Image
Processing, ICIP, 2011. doi:
10.1109/ICIP.2011.6116403.

I. Rida, X. Jiang, and G. L. Marcialis,
“Human body part selection by group lasso
of motion for model-free gait recognition,”
IEEE Signal Process Lett, vol. 23, no. 1, pp.
154-158, Jan. 2016, doi:
10.1109/LSP.2015.2507200.

M. Goffredo, 1. Bouchrika, J. N. Carter, and

M. S. Nixon, “Self-calibrating view-
invariant gait biometrics,” IEEE
Transactions on Systems, Man, and

Cybernetics, Part B: Cybernetics, vol. 40, no.
4, 2010, doi:
10.1109/TSMCB.2009.2031091.

L. Wang, T. Tan, S. Member, H. Ning, and
W. Hu, “Silhouette Analysis-Based Gait
Recognition for Human Identification.”

L. R. Sudha and R. Bhavani, “An efficient
spatio-temporal gait representation for
gender classification,” Applied Artificial
Intelligence, vol. 27, no. 1, pp. 62-75, Jan.
2013, doi: 10.1080/08839514.2013.747373.
Z. Mahfouf, H. F. Merouani, 1. Bouchrika,
and N. Harrati, “Investigating the use of
motion-based features from optical flow for
gait recognition,” Neurocomputing, vol. 283,

1692


about:blank

[55].

[56].

[57].

[58].

[59].

[60].

[61].

https:

International Research Journal on Advanced

Engineering and Management

oldncloudpublications.com
https://doi.org/10.47392 /IRJAEM.2026.0248

e ISSN: 2584-2854
Volume: 04 Issue: 05
May 2026

Page No: 1682 - 1693

2018, doi: 10.1016/j.neucom.2017.12.040.
J. Portillo-Portillo et al., “Cross view gait
recognition  using  joint-direct  linear
discriminant analysis,” Sensors
(Switzerland), vol. 17, no. 1, 2017, doi:
10.3390/s17010006.

S. Bhowmick, A. Nandy, P. Chakraborty,
and G. C. Nandi, “A speed invariant human
identification system using gait biometrics,”
Int J Comput Vis Robot, vol. 4, no. 1-2,
2014, doi: 10.1504/1IJCVR.2014.059356.

X. Zeng, X. Zhang, S. Yang, Z. Shi, and C.
Chi, “Gait-Based Implicit Authentication
Using Edge Computing and Deep Learning
for Mobile Devices,” Sensors (Basel), vol.
21, no. 13, Jul. 2021, doi:
10.3390/s21134592.

L. F. F. Felicio et al., “Cognitive abilities of
institutionalized  older  persons  with
depressive symptoms,” J Bras Psiquiatr, vol.
71, mno. 3, 2022, doi: 10.1590/0047-
2085000000383.

H. Y. Kim, Y. H. Cha, J. S. Lee, K. M. Kil,
and W. S. Choy, “Changes in gait and
radiographic and clinical results of calcaneal
lengthening osteotomy in children with
idiopathic flexible flatfoot,” CiOS Clinics in
Orthopedic Surgery, vol. 12, no. 3, 2020,
doi: 10.4055/c10s19150.

H. Qiao, S. Liu, Q. Xu, S. Liu, and W. Yang,
“Two-stream convolutional neural network
for video action recognition,” KSII
Transactions on Internet and Information
Systems, vol. 15, no. 10, 2021, doi:
10.3837/iis.2021.10.011.

M. Alotaibi and A. Mahmood, “Improved
Gait recognition based on specialized deep
convolutional neural networks,” in 2015
IEEE Applied Imagery Pattern Recognition
Workshop, AIPR 2015, 2016. doi:
10.1109/AIPR.2015.7444550.

M. Alotaibi and A. Mahmood, “Improved
gait recognition based on specialized deep
convolutional neural network,” Computer
Vision and Image Understanding, vol. 164,

OPEN anccsss IRJAEM

[62].

2017, doi: 10.1016/j.cviu.2017.10.004.
Jhapate, M., Shrivastava, H. An optimized
machine learning framework for
spatiotemporal gait analysis and biometric
recognition. Int. j. inf. tecnol. (2025).
https://doi.org/10.1007/s41870-025-03016-
8

1693


about:blank

