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ABSTRACT 

This article focuses on defining the problem of solving the problem of human identification by means of gait recognition in bi-

ometric identification systems. In order to determine the prospects of using gait recognition methods for human identification, a gen-

eralized model of a biometric identification system was considered, the main modules of the system were identified and a brief de-

scription of each module was provided. Next, the basic requirements for human biometric features were identified, the main bio-

metric features were considered, and the features of their use in biometric identification systems were determined. The issue of using 

gait as a biometric identifier was also considered. It has been determined that the use of human gait allows to get rid of two main 

obstacles in the construction of biometric identification systems: users are not required to provide personal biometric information in 

advance, and the system does not require specialized equipment. Also, the issue of multi-view gait recognition was considered. Mul-

ti-view gait recognition involves capturing gait data from different angles and using this data to improve recognition accuracy. This 

approach has shown great promise in challenging scenarios such as low lighting conditions. Next, we analyzed scientific works in the 

field of gait recognition. It was determined that gait recognition methods can be divided into template-based and non-template-based 

methods. Template-based methods are aimed at obtaining patterns of torso or leg movements, i.e. they usually focus on the dynamics 

of movement in space or on spatio-temporal methods. Non-template-based methods consider shape and its features as more relevant 

characteristics, i.e., human recognition are performed using measurements that reflect the shape of the person. Next, we consider the 

use of different datasets in the process of training and testing human gait recognition methods. The main datasets were identified and 

their characteristics and features were collected. We considered the presence of various characteristics in the datasets, as well as the 

means of representing information about human gait. The research has identified the main problems and challenges facing research-

ers in this area, as well as the main trends in the field of human gait recognition in biometric identification systems. 
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INTRODUCTION,  

FORMULATION OF THE PROBLEM 

The desire to differentiate and identify various 

persons has grown as human civilization has devel-

oped. The performance of computers has significant-

ly increased over the past several decades due to the 

fast growth of information technology, and ever-

more complicated recognition scenarios have been 

suggested, which has accelerated the development of 

recognition and identification systems [1]. 

Biometric traits, such as height, weight, and 

face, are often the most reliable ways to identify 

someone since they do not vary much over time.  

© Purish S., Lobachev M., 2023    

Biometric features can successfully prevent 

these drawbacks. Recognition systems based on oth-

er characteristics’, such as keys and passwords, are 

also useful, but there are drawbacks like losing keys 

and forgetting passwords. A number of biometric 

traits, including voice, hand, fingerprint, iris, face, 

and even DNA, have been employed as human at-

tributes for identification since the 1960s thanks to 

significant advancements in digital signal processing 

[2]. 

For a candidate characteristic to be deemed a 

biometric qualifying criterion, it must satisfy the 

following conditions [3]: 

universality – every individual must possess 

this feature;  

 uniqueness – any two individuals must differ 

significantly in terms of the trait;  
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 permanence – the trait must remain mostly 

intact through time;  

 collectability – the trait may be quantified.

In the practical application of biometric sys-

tems, however, other issues must be considered, in-

cluding: 

 performance – the ability to quickly recog-

nize a trait with achievable accuracy, the amount of 

resources required to achieve the desired accuracy 

and speed of recognition, and operational and envi-

ronmental factors that may affect accuracy and 

speed; 

 acceptability – the degree to which people 

are willing to accept the use of a particular biometric 

identifier in a given context; 

 privacy – how hard it is to trick the system 

with fake information [3]. 

Although the reliability and security of com-

mon biometric identification methods is confirmed 

by their successful application in banks and public 

administration systems, two main obstacles to the 

use of these systems should be emphasized: they 

depend on the prior provision of personal biometric 

information (i.e., the person must provide or register 

the necessary information for recognition), and they 

require specialized equipment [4] 

An alternative approach that does not have the 

aforementioned drawbacks is gait-based human iden-

tification models (especially when it comes to ap-

proaches based on video surveillance systems). This 

approach does not suffer from the above-mentioned 

problems, since obtaining biometric information de-

pends, in most cases, only on a regular camera, with-

out the need to use sensors or other devices [5]. 

In addition, the collection of such biometric in-

formation is carried out in a passive mode (the legal 

aspects of collecting such information are not con-

sidered in this paper). Thus, the successful function-

ing of such systems does not require cooperation or 

provision of any information from the monitored 

persons [6]. 

Thus, the purpose of this research is to deter-

mine the prospects of using gait as a biometric fea-

ture in biometric identification systems. To achieve 

this goal, it is necessary to consider a generalized 

model of a biometric identification system and con-

duct a scientific analysis of works in the field of gait 

recognition, identify the main obstacles and trends in 

this area. 

1. GENERAL BIOMETRIC IDENTIFICATION

SYSTEM MODEL 

A broad explanation of a biometric identifica-

tion system (BIS) is required for comprehending 

biometric identification technologies and comparing 

systems that seem to be dissimilar. 

Despite the fact that other generalized models 

may be offered, a really universal model is preferred 

over taxonomies or splitting systems into distinct 

phases. James L. Wayman suggested such a model; 

illustrating a system diagram with five distinct sub-

systems that may be deemed independent at first 

glance [7] (Fig. 1). Below is a full description of 

each subsystem. 

The subsystem for collecting data. This com-

ponent is liable for capturing the biometric charac-

teristic to be examined. The biometric trait must be 

distinguishable and consistent throughout time. The 

biometric characteristic is supplied to the sensor for 

data gathering. Often, a preset presentation is re-

quired (such as putting a fingertip on a sensor while 

applying mild pressure).  

While creating a biometric identification sys-

tem, the degree of user involvement necessary and 

the context in which data collection will occur must 

be considered in order to create as little variance as 

feasible in the data collecting phase. 

The transmission subsystem. In many in-

stances, the collecting and processing of biometric 

data occur at separate sites. Hence, some kind of 

transmission is necessary. Moreover, data compres-

sion may be necessary to reduce transmission band-

width. 

Many distinct situations involving data transfer 

come to mind: 

data are gathered at one site and then trans-

ferred to another for processing (feature extraction, 

storage, decision making, etc.). There are compres-

sion standards for fingerprints, face imagery, voice, 

etc; 

 in one site, data collection and feature extrac-

tion occur, while at another, data storage and deci-

sion-making occur. Data compression is unlikely to 

be required in this scenario. 

The signal processing subsystem. This sub-

system turns the original data (or maybe the degrad-

ed data after compression and expansion) into a fea-

ture vector, attempting to retain any discriminant 

information that might be used to discriminate be-

tween two distinct persons while deleting redundant 

information.  

The purpose of feature extraction is to create a 

compact representation of the biometric information 

suitable for the pattern matching module, which 

compares the extracted feature vector to a number of 

previously stored feature vectors, one by one, yield-

ing a numerical measure that quantifies the degree of 

similarity between the compared patterns. 
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Fig. 1. Generalized structure of biometric identification system 

Source: compiled by the [7] 

Feature extraction and pattern matching are the 

foundation of all biometric technologies, and these 

procedures are intended to establish as much separa-

tion as possible between real and imposter distance 

distributions, hence reducing error rates. 

The storage subsystem, which contains tem-

plates for each user registered in the system. This 

database may be centralized or distributed in some 

manner. 

The decision-making subsystem. This subsys-

tem receives as inputs the numeric values derived 

from the comparison of the feature vector with 

stored templates, and must use a technique to deter-

mine if the user is registered in the database. The 

decision-making procedure may be as simple as 

comparing the distance to a threshold (whose value 

is computed to meet some objective criteria). 

Depending on the objective of the identification 

system, the actions resulting from a match or non-

match may range from giving access to restricted 

locations or resources in the event of a match to re-

starting the whole procedure in the case of a non-

match. 

2. COMMON BIOMETRIC IDENTIFICATORS 

The most common biometric identifiers are fin-

gerprints, iris, face, and gait, among others. Consider 

and briefly describe several of these biometric mark-

ers. 

A fingerprint is a pattern of ridges and furrows 

on the fingertip. For millennia, fingerprints have 

been used for personal identification, and the match-

ing accuracy has been quite high. Patterns have been 

extracted by imprinting the fingertip with ink on pa-

per. Nowadays, these patterns are captured digitally 

by small sensors [8].  

Fingerprint recognition for identification gets 

the first image by a live scan of the finger via direct 

contact with a reader device, which may additionally 

check for verifying properties such as temperature 

and pulse.  

Due to the fact that the finger actually contacts 

the scanning device, the surface might get greasy 

and foggy with continuous usage, reducing the sen-

sitivity and dependability of optical scanners. This 

authentication technique is conventional and pro-

vides accuracy for contemporary fingerprint recogni-

tion systems. 

Hand geometry systems provide estimations of 

specific hand dimensions, such as the length and 

breadth of the fingers. There are several ways for 

measuring the hand. Often, these procedures are 

based on mechanical or optical principles. Nowa-

days, the latter are far more prevalent. An individu- 
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al's hand geometry is utilized for identification and 

recognition [9]. 

The qualities of a person's voice are determined 

by physical traits such as the vocal tracts, mouth, 

nasal cavities, and lips utilized to produce sound. 

Certain properties of human speech are consistent 

among individuals, but the behavioral component 

varies with age, medical problems, and emotions. In 

a two-factor situation, speaker verification employs 

speech as the authenticating element. Speaker identi-

fication aims to identify a person based on their 

voice. 

At the third month of gestation, the iris starts to 

develop, and by the eighth month, the components 

that create its pattern are mostly complete. It’s com-

plicated design may include arching ligaments, fur-

rows, ridges, crypts, rings, corona, freckles, and zig-

zag collarettes [9].  

Iris scanning is less invasive than retinal scan-

ning since the iris is visible from a distance of sever-

al meters. Reactions of the iris to variations in illu-

mination may serve as a crucial supplementary indi-

cator that the given iris belongs to a living person. 

Another benefit of identical twins is that their irises 

are not similar. 

The manner in which a person writes his or her 

name is indicative of that person. Signature is a 

basic, physical representation of the distinct hand 

geometries of individuals. Sample collection for this 

biometric needs subject consent and a writing 

tool [10].  

Signatures are behavioral biometrics that fluc-

tuate over time and are affected by the subject's 

physical and mental state. A signature recognition 

system may additionally detect the pressure and ve-

locity of the stylus over the sensor pad, in addition to 

the basic form of the signature. 

Facial recognition is the most natural means of 

biometric identification. The approaches to face 

recognition are based on shape of facial attributes, 

such as eyes, eyebrows, nose, lips, chin and the rela-

tionships of these attributes [11].  

As this technique involves many facial ele-

ments; these systems have difficulty in matching 

face images. 

Table 1 shows the features of using the most 

common biometric identifiers. 

3. GAIT RECOGNITION METHODS 

An analysis of scientific literature in the field of 

human identification by gait reveals that gait recog-

nition methods can be categorized into two main 

categories: template-based and non-template-based 

methods. 

The objective of template-based methods is to 

acquire patterns of thoracic or limb movement, i.e., 

they typically emphasize the dynamics of movement 

in space or spatio-temporal methods [12]. These in-

clude the Walking Path Image (WPI) method de-

scribed in [13], the Gait Information Image (GII) 

method [14], and the Gait Energy Image (GEI) fea-

tures that can be obtained using canonical correla-

tion analysis [15], the Joint Sparsity models [16], the 

Group Lasso Motion segmentation [17], and a num-

ber of others [18, 19], [20]. 

When it comes to human recognition, meas-

urements that represent the shape of an object are 

used [21]. This is because non-template approaches 

take into account the shape and its features as more 

significant attributes. 

Table 2 provides a concise summary of the deep 

learning-based analysis of methods for identifying a 

person by their gait. Researchers typically employ 

convolutional neural networks for gait recognition. 

This conclusion is predicated on the fact that convo-

lutional neural networks can produce exceptional 

results in a variety of tasks and win the vast majority 

of machine learning competitions. However, other 

deep architectures also contribute to the field of gait 

recognition by producing superior results for certain 

tasks. 

Table 1. A comparative overview of the use of the most common biometric identifiers 

Biometric identifier 
Identification 

accuracy 
Ease of use 

User  

acceptance 

Ease of  

implementation 
System cost 

Fingerprint High Medium Low High Medium 

Hand geometry Medium High Medium Medium High 

Voice Medium High High High Low 

Retina High Low Low Low Medium 

Iris Medium Medium Medium Medium High 

Signature Medium Medium High Low Medium 

Face Low High High Medium Low 

Gait Medium Medium High Medium Low 
Source: compiled by the authors 
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Table 2. Comparative review of selected scientific works in the field of gait recognition 

Year Paper Model Input type Dataset Result Measure 

2017 

[18] 
CNN + Joint 

Bayesian 
Sensors OU-ISIR 97.6 % Identification rate 

[29] CNN Optical flow TUM-GAID  97.52 % Accuracy 

[30] 
CNN + Sia-

mese networks 
Cross-view OU-ISIR 98.8 % Accuracy 

[31] 
CNN + Nearest 

neighbor 
Optical flow 

TUM-GAID, 

CASIA B,  
99.8 % Identification rate 

[32] 
Autoencoders + 

PCA 
GEI CASIA B 97.58 % Identification rate 

2018 

[33] CNN+LSTM 
Accelerometer 

and Gyroscope 
whuGAIT 99.75 % Accuracy 

[27] GAN PEI 
OU-ISIR, 

CASIA B 
94.7 % Accuracy 

[34] DBN Sensors own dataset 93 % Accuracy 

2019 

[35] Capsule LBC and MMF OU-ISIR 74.4 % Accuracy 

[36] CNN GEI CASIA B 98 % Accuracy 

[37] 
Autoencoders + 

LSTN 

Cross-view and 

frontal-view 
CASIA B 99.1% Accuracy 

[38] 
Autoencoders + 

PCA 
GEI OU-ISIR 96.15 % Accuracy 

[39] LSTM Sensors own dataset 0.02 Prediction error 

[40] GAN GEI CASIA A 82 % Recognition result 

2020 

[41] LSTM GEI CASIA B 99.1 % Recognition rate 

[42] CNN Cross-view 
OU-MVLP, 

OU-LP 
98.93% Identification rate 

[26] GAN Cross-view OU-MVLP  93.2 % Identification rate 

[43] Capsule 
Multi-scale 

representations 
CASIA B 84.5 % Identification rate 

[44] DBN Sensors own dataset 2.61 RMSE 

2021 
[45] LSTM IMU whuGAIT 94.15 % Accuracy 

[46] Capsule Sensors Several 99.69 % Accuracy 
Source: compiled by the authors 

Capsule neural networks, for instance, are capa-

ble of obtaining partial hierarchical representations of 

locomotion; yielding superior results when faces or 

objects in a scene are moving in different directions 

or overlapping. Recurrent neural networks, on the 

other hand, are of utmost importance when dealing 

with sequential data, such as video, and are therefore 

required for this method of gait recognition. 

Despite the fact that the majority of deep learn-

ing approaches to gait recognition rely on images 

and videos of the subject area, a substantial number 

of studies have demonstrated success with other data  

sources, such as accelerometer readings, gyroscopes, 

sensors, and manually selected features. 

The majority of this research employs unsuper-

vised deep learning techniques, such as autoencoders 

and deep belief networks, which typically perform 

better with these types of data, whereas convolution-

al neural networks are the preferred option when 

dealing with raw image or video files. 

These kinds of deep unsupervised learning ap-

proaches have the capacity to extract and change 

information about the distribution of data, often in 

low-dimensional space. This results in gait recogni-

tion characteristics that are more representative. 

Finally, generative adversarial networks are uti-

lized in certain circumstances where human gait 

identification systems can be trained on a wide vari-

ety of features. These features include things like 

orientation, clothing, number of people in a scene, 

and so on. 
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Generative adversarial networks have the abil-

ity to generate synthetic data that is used for the pur-

pose of training models. In addition, they are helpful 

for analyzing the possibilities of deceiving gait 

recognition systems by producing false photos to test 

the system with. This evaluation may be done using 

these tools. 

The Gait Energy Image (GEI) is the method 

that is used the most often to represent gait image 

data. This method presents a series of a basic energy 

cycle of an image by utilizing a weighted average 

method. 

There are a number of other ways that gait im-

age data may be represented. The sequences that 

make up the gait cycle are then processed such that 

they may be aligned to a binary silhouette [22]. As a 

result, GEI is able to accommodate both the static 

and dynamic aspects of human gait while also great-

ly reducing the amount of computer resources that 

are necessary for picture processing.  

An in-depth investigation of this approach of 

gait representation enables one to highlight various 

aspects that are characteristic of this method [23], 

including but not limited to the following: 

 a sensitivity to silhouette noise in individual 

photographs;  

 a concentration on unique representations of 

human gait, which does not blur the context of vec-

tor images;  

 a representation of human movement in a sin-

gle image while maintaining temporal information. 

In situations where gait recognition systems 

make use of numerous cameras to capture pictures 

of the environment from a variety of perspectives, 

one of the most common approaches to gait identifi-

cation is known as the cross-view recognition tech-

nique. Input photos for such systems must come 

from several completely controlled cameras, and the 

scene itself must be controlled. In addition, these 

systems need to normalize the visual gait character-

istics before merging the input from several camer-

as. This enables the model to understand the correla-

tions between the various visual motions that are 

occurring in the scene [24]. 

The DiGGAN cross-view gait detection system, 

which was created at the University of Newcastle, is a 

good illustration of this methodology. The system 

produced the greatest results while utilizing the 

world's biggest multi-image gait dataset [25], which 

was accomplished via the use of the cross-validation 

method [26] (the dataset contains more than 10,000 

people). 

Notwithstanding the success that has been 

achieved by the gait representation approaches that 

have been mentioned, they have disadvantages that 

other gait representation methods that are not as 

widely used are attempting to address. For instance, 

the Period Energy Image (PEI) makes use of a multi-

channel picture of the gait pattern. This particular 

approach was developed to compensate for the loss 

of temporal information that occurs in the GEI and 

cross-viewing methods [27]. A number of other pub-

lications employ an optical flow depiction of gait, 

which gives pertinent information about items in the 

scene, their spatial placement, and changes in this 

location [58].  

Last but not least, gait identification systems 

that are based on deep learning also make use of a 

broad variety of manually chosen characteristics or 

sensor data. The technique of inertial measurement 

units is one of these approaches, as are the data from 

accelerometers and gyroscopes, as well as the read-

ings from other sensors. 

When it comes to the possible ways for devel-

oping contemporary gait recognition systems, we 

may categorize them as either being data-driven or 

relying on visual representations. 

The 2D convolutional neural network is the 

most often used deep learning architecture for con-

structing a gait detection system utilizing data-

driven scenarios (“two-dimensional” convolution 

networks). The 2D-CNN architecture is used by it-

self for classification in around fifty percent of the 

available solutions. 

The next prominent solutions include genera-

tive adversarial networks and systems that use 3D 

convolutional neural networks. Around ten percent 

of the studied articles and research include each of 

these solutions (the total proportion of the analyzed 

publications contains twenty percent of the solu-

tions).  

Solutions that are based on deep autoencoders 

account for only 5 % of published papers, while re-

current neural networks account for 3 %, capsule 

neural networks account for 2 %, deep belief net-

works account for 1 %, and graph convolutional 

networks account for 1 %. Less common are solu-

tions that are based on graph convolutional net-

works.  

On the other hand, twenty-six percent of the 

publications provide solutions that are based on hy-

brid techniques. The CNN-RNN combo (which 

stands for convolutional neural network and recur-

rent neural network) is the hybrid method that is 

used the most often and can be found in around 15 

% of studies. 10 % of the publications use the com-

bination of DAE-GAN-RNN, which stands for deep 
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autoencoder, generative adversarial network, and 

recurrent neural network.  
Two percent of the problems may be solved us-

ing RNN-CapsNet solutions, which combine recur-
rent neural networks with capsule neural networks. 

When it comes to the most cutting-edge sys-
tems that are based on visual representation, roughly 
85 percent of them make use of a human silhouette 
for gait detection. While it is often described as one 
of the most promising approaches for visual gait 
identification, the use of a visual representation of 
the human skeleton is still only found in 10% of the 
publications.  

This approach is commonly touted as one of the 
most promising methods for visual gait identifica-
tion. The other 5 % of works use a variety of visual 
representations based on the skeleton and silhouette, 
using a variety of ways for synthesizing both visual 
representations. These works account for the majori-
ty of the total number of works. 

When we think about the most significant is-
sues and obstacles that need to be overcome in the 
area of human gait identification, one thing that 
comes to mind is the complicated nature of gait data, 
which results from the interaction of a number of 
different factors, such as occlusions and obstacles in 
the scene, camera viewpoints, facial appearance, the 
order of movement of body parts, illumination, and 
so on. These elements are a potential cause of prob-
lems and may impede the process of gait detection. 

At this time, there is a proliferation of more so-
phisticated approaches in different domains connect-
ed to pattern recognition (face recognition, emotion 
recognition, pose estimation, etc.).  

These research concentrate on gaining an un-
derstanding of perplexing settings, which enables the  
extraction of representations that can differentiate 
between various explanatory factors in a high-
dimensional data space.  

On the other hand, the vast majority of previ-
ously published research on deep learning gait iden-
tification has not yet investigated such methods. As 
a consequence of this, the currently available gait 
identification systems are unable to unambiguously 
divide the structure of the gait data into meaningful 
non-overlapping variables.  

Even if there has been some recent success 
made in the form of the use of context-confused 
methods in some works, there is still potential for 
advancement in this particular field. 

4. GAIT RECOGNITION DATASETS 

The steps of training and evaluating machine 
learning models are dependent on the usage of da-
tasets that include data from the topic area. This is 
true regardless of the technique that is used to train  

and evaluate the models (supervised, unsupervised, 
or any other). In addition, the use of standard data 
sets provides us with the ability to evaluate the effi-
ciency of a given approach to the resolution of a cer-
tain issue and evaluate it in relation to other potential 
solutions.In the field of gait identification, the num-
ber of large-scale standardized datasets is small, in-
cluding both public and private datasets.  

This lack of training data hinders the develop-
ment of new artificial intelligence models that can 
recognize people by the way they walk or move. 

There are two obstacles to creating a large 
number of datasets: 

obtaining gait biometrics requires a large num-
ber of recordings of the subject's movements, mean-
ing recording and creating several videos for each 
subject. In addition, such videos are usually high-
dimensional, which entails the need for high-
capacity data warehouses to store and manipulate the 
data; 

obtaining and publicly disseminating biometric 
data requires permission from each subject of the 
training data. Creating and disseminating gait da-
tasets without the official consent of each individual 
may lead to lawsuits. 

The next step is to analyze the gait datasets that 
are most commonly used for gait recognition tasks. 

Table 3 provides information on the presence of 
covariates in a particular dataset.  

Based on the results of the analysis, the covari-
ates were divided into twelve main characteristics: 
viewpoint, speed, objects, shoes, clothing, time, sur-
face, silhouette, gait oscillation, treadmill walking, 
ground walking, and foot pressure. 

Table 4 shows the classification of datasets by 
the environment of dataset creation and representa-
tion (color-based and thermal information), as well 
as a list of works devoted to a particular dataset. 

CONCLUSIONS 

The research that was reviewed in this part 
sheds light on the primary obstacles and efforts that 
have been made by the research community to create 
strategies for approving and ensuring access to regu-
lated resources using gait identification. The investi-
gation also uncovered the benefits that gait-based 
systems provide in comparison to other types of bi-
ometric authentication methods that make use of 
more typical biometric characteristics. In this sense, 
the analysis made it possible to point out the ad-
vantages of gait biometrics in comparison to other 
biometric methods and to highlight the latest meth-
odologies and state-of-the-art architectures in this 
field. In addition, the analysis made it possible to 
point out the advantages of gait biometrics in com-
parison to other biometric methods. 
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Table 3. Comparative overview of datasets in relation to the characteristics present in the sets 

Characteristic 

Dataset 

CMU 

MoBo 

TUM 

GAID 

HID-

UMD 
CASIA 

OU-

ISIR 
USF SOTON 

AVA

MVG 
KY4D 

whu 

Gait 

Viewpoint YES YES YES YES YES YES YES YES YES 

Shoe YES YES YES YES YES YES YES YES 

Time YES YES YES YES YES 

Ground walk YES YES YES YES YES YES YES YES 

Surface YES YES YES YES YES YES YES YES 

Clothing YES YES YES YES YES YES YES 

Treadmill YES YES YES 

Pace YES YES YES YES YES YES 

Foot pressure YES 

Ground walk YES YES YES YES YES YES YES YES 

Treadmill YES YES YES 

Silhouette  YES YES YES YES  
Source: compiled by the authors 

Table 4. Comparative overview of datasets in terms of environment type and data representation 

Dataset Papers 

Environment Representation 

Indoor Outdoor 
Colors Thermal 

Static Active Static Active 

CMU Mobo [21, 29, 47] YES YES YES 

TUM GAID [30, 48] YES  YES YES 

HID-UMD [33, 38, 49] YES YES 

CASIA [24, 31, 50] YES  YES YES YES 

OU-ISIR [25, 39] YES  YES YES 

USF [28, 42, 51] YES YES YES 

SOTON [40, 52] YES  YES 

AVAMVG [44, 45, 53] YES YES YES 

KY4D [32, 46, 54] YES YES YES YES YES YES 

whuGait [41, 55] YES   YES  
Source: compiled by the authors 

Regarding the gait recognition models and vid-

eo-based datasets that are used in this area, there are 

many key factors that should be highlighted: 

when it comes to model training and testing, 

the datasets that were evaluated do not reflect more 

than one person in the video; 

 the surroundings in which the datasets were 

recorded are entirely within the model's control. One 

may see that there is a lack of diversity in the items 

or even the backdrop colors, despite the fact that 

certain sets have different viewpoints;  

other videos were recorded with people walk-

ing on electric treadmills, which means even more 

control over the movements and the environment; as 

a result of this, the models that were presented in the 

analysis are likely to exhibit flaws and inappropriate 

behavior when they are applied to real-world human 

identification tasks (e.g., identifying the people 

walking on streets). 

In terms of impending developments, the author 

of this thesis anticipates a rise in the number of 

scholarly articles that are connected to the following 

topics: 

 transformer neural networks – this model is 

aimed at processing streaming data, such as video, 

which is ideally suited to the task of gait identifica-

tion [56]; 

gender and age recognition – gender and age 

recognition to improve the accuracy of human identi-

fication by gait is considered a promising area that has 

become increasingly popular in recent years [57]; 

monitoring of hazardous environments - iden-

tification of people by gait is ideally suited to the 

purpose of monitoring hazardous environments, as 

they (environments) typically have limited illumina-

tion, making it very difficult to obtain more distinct 

biometric identification features [58]. This is because 
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it is very difficult to obtain more distinct biometric 

identification features in hazardous environments; 

numerous persons in a scene - the majority of 

the work on gait identification focuses on the pro-

cessing of video with a single person in a scene in a 

controlled setting. This is because several people in a 

scene complicate the task of identifying gait patterns. 

The implementation of gait recognition systems that 

are functional in the real world calls for the develop-

ment of solutions that are resilient in uncontrolled 

contexts and include several individuals within the 

same scenario. 

In addition, there is an increasing need for the 

ability to recognize the stride of persons when they 

are wearing various garments or while they are in 

the act of carrying goods [32]. Moreover, hybrid 

techniques, which include the detection of gait in 

addition to the use of other cues like the face or the 

ear, are becoming an increasingly popular 

choice [59]. 

From the author's point of view, the most prom-

ising approach is multi-view gait recognition. Multi-

view gait recognition involves capturing gait data 

from different angles and using this data to improve 

recognition accuracy. Multi-view gait recognition 

allows of multi-sensor fusion usage. Multi-sensor 

fusion techniques have been used to combine data 

from multiple sensors, such as RGB cameras, depth 

sensors, and inertial sensors. This fusion of modali-

ties can improve recognition accuracy and robust-

ness to different environments. 

The most promising datasets for multi-view gait 

recognition are the OU-ISIR MVLP and AVAMVG 

datasets because they have large population dataset 

with a wide view angle and presented a statistically 

reliable performance evaluation of multi-view gait 

recognition.
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АНОТАЦІЯ 

Стаття присвячена визначенню проблеми вирішення завдання ідентифікації людини за допомогою розпізнавання ходи 

в системах біометричної ідентифікації. З метою визначення перспективності використання методів розпізнавання ходи для 

ідентифікації людини було розглянуто узагальнену модель системи біометричної ідентифікації, виділено основні модулі 

системи та надано короткий опис кожного модуля. Далі були визначені основні вимоги до біометричних ознак людини, 

розглянуті основні біометричні ознаки та визначені особливості їх використання в системах біометричної ідентифікації. 

Також було розглянуто питання використання ходи як біометричного ідентифікатора. Визначено, що використання ходи 

людини дозволяє позбутися двох основних перешкод при побудові систем біометричної ідентифікації: від користувачів не 

потрібно заздалегідь надавати персональну біометричну інформацію, а система не потребує спеціалізованого обладнання. 

Також було розглянуто питання розпізнавання ходи за кількома видами. Розпізнавання ходи з декількох ракурсів передба-

чає захоплення даних про ходу з різних кутів і використання цих даних для підвищення точності розпізнавання. Цей підхід 

показав велику перспективу в складних сценаріях, таких як погане освітлення. Далі ми проаналізували наукові роботи в 

галузі розпізнавання ходи. Було визначено, що методи розпізнавання ходи можна розділити на шаблонні та нешаблонні. 

Шаблонні методи спрямовані на отримання шаблонів рухів тулуба або ніг, тобто зазвичай орієнтовані на динаміку руху в 

просторі або на просторово-часові методи. Нешаблонні методи розглядають форму та її особливості як більш релевантні 

характеристики, тобто розпізнавання людини виконується за допомогою вимірювань, що відображають форму людини. 

Далі ми розглянемо використання різних наборів даних у процесі навчання та тестування методів розпізнавання ходи люди-

ни. Було визначено основні набори даних та зібрано їх характеристики та особливості. Розглянуто наявність різних характе-

ристик в наборах даних, а також способи представлення інформації про ходу людини. Дослідження виявило основні про-

блеми та виклики, з якими стикаються дослідники в цій галузі, а також основні тенденції в галузі розпізнавання ходи люди-

ни в системах біометричної ідентифікації. 

Ключові слова: Біометрична ідентифікація; нейронні мережі; розпізнавання образів; набори даних; глибинне навчан-

ня; згорткові нейронні мережі; комп'ютерний зір. 
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