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ABSTRACT 

Gait refers to the patterns of movements the limbs make when walking. 

Human gaits refer to the variety of ways in which an individual can move, 

either naturally or as a result of training. The gait of each individual is as 

unique as their voice. On the basis of this knowledge, Machine Learning (ML) 

algorithms have been developed for gait recognition. Computer Vision (CV) 

techniques have facilitated the development of a wide range of approaches for 

identifying people by their movements in videos using both natural biometric 

characteristics (the human skeleton, silhouette, changes during walking) and 

abstractions. A gait recognition system identifies the human body based on its 

shape and the way it moves. A machine-learning system can recognize a person 

even if their face is hidden, turned away from the camera, or concealed behind 

a mask. An algorithm analyzes a person's silhouette, height, speed, and walking 

pattern to identify him or her. Gait recognition technology acquires data from 

multiple sources, such as video cameras and motion sensors. Data from these 

sources are then processed by a number of algorithms. Gait is recognized, data 

is processed, contours and silhouettes are detected, and individual features are 

segmented, according to the algorithm. After this, the feature extraction 

algorithm takes effect - this is what differentiates one gait from another. There 

are many different algorithmic requirements, and these algorithms can vary. 

Some algorithms, for example, are designed to process video information, while 

others employ sensor data. Because each gait is distinct, the identification 

algorithms are always confronted with new data. The system will assess future 

data better if it detects more gait variants. Assume the program compares two 

gaits that are highly similar. The algorithms for pattern recognition and 

silhouette segmentation have been trained to separate the tiny details and enter 

them into the database. This enables for more accurate gait categorization and 

improved results in the future. 

Keywords : Gait Biometric, Gait Recognition, Gait Verification, Gait Analysis, 

Gait Representation, Pattern Recognition, Feature Extraction.  
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I. INTRODUCTION 

 

There are two types of traditional gait recognition 

techniques: model-free and model-based. 

 

Gait characteristics or gait features are extracted in 

model- free (or appearance-based) gait identification 

algorithms by distinguishing a person's presences 

from the surroundings. In model-free approaches, 

these presences are transformed into gait properties 

like as contours, silhouettes, and depth. Gait 

identification was first focused on elements such as 

silhouettes and contours in model-free techniques. 

The accuracy of model-free gait detection systems, on 

the other hand, is dependent on silhouette features. 

The characteristics of silhouettes are linked to a 

subject's surroundings or situations, such as their 

movements, directions, clothing, camera viewpoint, 

walking surface, and lighting environment. To deal 

with the viewpoint problem, a number of model-free 

techniques have been developed. A GEI is a two-

dimensional image formed by integrating all spatial-

temporal silhouettes of a subject walking during a 

short period of time. In several model-free techniques, 

the GEI is commonly used. On model- free datasets, 

the LSTM was used in some model-free gait 

recognition studies (sequential silhouette images). 

 

Before feature extraction operations, gait information 

is reduced into a predefined structure in model-based 

techniques. These buildings are made to seem like 

human skeletons or body parts. Because of new 

technologies like the Microsoft iris, which helps user 

to generate human skeletons from films, many gait 

recognition studies have recently focused on model-

based methodologies. A Microsoft Iris was designed to 

be used as a controller at first (XBOX-360). From a 

video stream, a Xbox and associated SDK can build a 

3D skeleton stream. A skeleton flow is a collection of 

frames that depict a subject's bodily joints as three-

dimensional points in space. Bone data from Iris 

sensors is used in several model-based gait detection 

systems. 

II.  LITERATURE REVIEW 

 

In their work Vision-Based Gait Identification: 

Jasvinder Pal Singh, Sanjeev Jain, Sakshi Arora, and 

Uday Pratap Singh conducted an extensive evaluation 

of current research exertions in the domain of vision-

based gait detection systems in their Survey paper. 

Several Renaissance authors contributed to the field 

of gait analysis, according to the text. The kNN 

classifier has become the most often used 

classification approach by writers in recent years of 

study. Despite the fact that deep learning requires a 

bigger dataset to perform, it has recently been tested 

in gait detection and has showed great results. In this 

paper, feature extraction strategies in both model 

based and model free gait detection are thoroughly 

examined. According to the paper, a vision-based and 

sensor gait database has been developed since 1998. 

OUISIR and CASIA, the two biggest gait datasets, 

account for the bulk of factors that impact gait 

recognition performance. Researchers determined 

that 38 percent of studies on vision-based gait 

identification from 2012 to July 2018 used the 

CASIA-B dataset to evaluate their proposed gait 

recognition algorithm. Soft biometrics and clinical 

diagnostics are two areas where gait has been studied. 

These discussions covered how gait analysis may help 

with soft biometrics (such gender categorization and 

age prediction) as well as clinical analysis (such as 

lower limb disorder, Parkinson patient diagnosis, etc.). 

More research in many application fields, notably 

clinical diagnostics, may be necessary to build an 

automated system for early diagnosis of gait-based 

ailments. Following an assessment of the state-of-the-



International Journal of Scientific Research in Science and Technology (www.ijsrst.com) | Volume 9 | Issue 2 

Prof. Sharon M et al Int J Sci Res Sci & Technol. March-April-2022, 9 (2) : 179-182 

 

 

 
180 

art in gait-based person recognition, it was found that 

further work is required to achieve accuracy in a 

variety of covariate circumstances. Only when 

walking under typical conditions does accuracy 

exceed 90%, but performance declines as a result of 

vision shifts, appearance changes, and occlusion. 

These are the unresolved scientific issues that 

researchers can delve deeper into. 

 

In their article Re-identification and recognition of 

gaits Piya Limcharoen, Nirattaya Khamsemanan, and 

Cholwich Nattee propose a gait detection and re-

identification approach based on the regional LSTM 

learning model for 2-second walks. A 2-second 

freestyle walk is what the suggested approach is 

designed to manage. It is based on the idea that each 

part of the body has its own rhythmic movement 

while walking, with certain motions having more 

distinct features than others. A novel LSTM model is 

being developed to extract relevant information from 

sequential data of each body part. This process 

gradually obtains unique qualities of a bodily region, 

which maintains the regional movement's rhythm. 

The proposed technique then combines the output of 

all 22 regional LSTM models to form a gait-embedded 

vector. By combining all 22 areas into one feature, the 

proposed model distributes weights to different 

regions. As a result, in the process of recognition and 

re-identification, not all regions may be given equal 

weight. Experiments reveal that the proposed regional 

LSTM learning model greatly surpasses existing 

strategies in all three commonly used human 

recognition and re-identifiable tests: On both 

balanced and unbalanced datasets, Cumulative 

Matching Characteristics (CMC) curves and top-k 

accuracy, Receiver Operating Characteristic (ROC) 

curves, and Precision-Recall (PR) curves were 

calculated. This indicates that the proposed regional 

LSTM learning model has strong ranking performance 

(CMC test), can successfully differentiate a subject's 

gaits from those of others (ROC test), and has a high 

relevance ability (PR test). Because participants in the 

exhibit are not part of the training set, the 

experimental findings suggest that, unlike traditional 

gait recognition, the suggested regional LSTM trained 

model may be used effectively for facial detection and 

re-identification without object labelling. This 

indicates that the proposed regional LSTM approach 

can assist authorities in tracking down and re-

identifying a key witness, especially one who is 

unknown. 

 

In their paper Gait Recognition using a Bilateral 

Intensity Transformer Network that is Robust Versus 

Clothing and Carrying Status, Xiang Li, Yasushi 

Makihara, Chi Xu, Yasushi Yagi, and Mingwu Ren 

present a unified joint intensity transformer network 

for gait detection that is resistant to changes in 

apparel and carrying status. Combined intensity 

metric training has never been implemented into 

such a deep learning system before. A JIMEN, a joint 

density converter, and a DN are all components of the 

JITN, which is a three-part integrated CNN-based 

architecture. In addition, based on the gait 

recognition challenge, it is constructed with varied 

loss functions. Experimental findings employing four 

publicly accessible datasets demonstrate that the 

proposed technique outperforms existing state-of-the-

art methods. For the validation and identification 

tasks, they employed two different network designs 

with contrastive or triplet losses, which might be 

prohibitive when memory is limited (e.g., an 

embedded system). Researchers were ready to train a 

cohesive model that utilizes less memory by 

combining the verification or identification loss in a 

multi-task environment. The proposed technique 

combines cross-view gait recognition with joint 

intensity adaptation to cope with clothes and carrying 

status, as well as a spatially transformation to cope 

with the significant spatial displacement caused by 

viewing angle changes. 
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III.    SCOPE AND METHODOLOGY 

 

The Gait-based recognition system are inconspicuous, 

non-invasive, and undetectable. This makes the 

system excellent for smart visual surveillance 

monitoring system. Gait recognition is a significant 

use in visual surveillance because it can recognize a 

person from a great distance. The system is based on a 

vision-based gait library and recognizes single user 

gait patterns with all of the system's registered gait 

signatures. The verification mode compares the 

claimed user's identification to the already registered 

or enrolled user's identity in the system.  In such a 

system, a 1:1 connection is achieved to determine if 

the asserted identity is real or not. Gait features or 

gait features can be determined by separating a 

person's look from the surroundings. The feed for our 

method is a brief stroll conducted using a device. The 

recommended approach focuses on consecutive 

motions of each area of the body by creating models 

for each component of the body. All of the data is 

then merged to create a gait-embedded matrix for the 

rest of the body. In this method, various weights are 

assigned to different areas to reflect varying degrees 

of uniqueness. 

 

IV. CONCLUSION 

 

Gait recognition is a significant use in visual 

surveillance as it can recognize a person from a great 

distance. Gait analysis may be used in security 

monitoring to detect potentially dangerous or 

suspicious behaviour. However, gait recognition has 

applications beyond security. This technology, for 

example, might be included into the smart home 

ecosystem. Gait analysis does not involve any 

interaction with the individual and is highly 

customizable for implementation in public spaces. 

When paired with gait data, other biometrics can 

boost recognition robustness and reliability even 

further. A notable example is the combination of face 

and gait recognition. 
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