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[bookmark: xg9n97httken]Abstract
Several techniques are used widely for human authentication and recognition, including fingerprints, iris, retina, etc., but human gait recognition plays a vital role due to its data acquisition approach. In gait recognition, the subject is not required to be in contact for data retrieval as gait patterns can be captured from a distance with the help of cameras. However, this method also has some factors that need to be addressed, including variation of data due to clothing carrying, speed, shadow, and lighting. Previously, many techniques were implemented by researchers for gait recognition. This work aims to extensively study different types of gait recognition methods, such as deep learning and attention-based methods, and Multi-View and Multi-Modality Gait Recognition techniques. Moreover, the analysis of these methods is also carried out in terms of the challenges they faced and the problems they solved. Furthermore, this work also highlights different publicly available datasets that researchers could use for implementation. This work will help researchers with the practical implementation of the gait method selection in a real-world environment. 

Keywords Artificial intelligence · Deep learning · Human Gait Recognition · Hand Crafted Features 

	Abbreviations
	
	Bi-LSTM
	Bidirectional long short-term

	BiLSTM
	Bidirectional LSTM 
	
	

	CNN
	Convolution neural networks
	
	memory

	GaitPT
	Gait Pyramid Transformer
	BPNN
	Back propagation neural network

	ViTs
	Vision Transformers 
	BRNN
	Bilinear recurrent neural network

	XAI 
	Explainable AI
	CNN
	Convolutional neural network

	BPNN
	Back propagation neural network
	
	

	BRNN
	Bilinear recurrent neural network
	
	


[bookmark: 4sn3cky1kz5q]
Introduction
Several biometric authentication methods are being used for personal identification. These methods can be divided into physical or behavioral categories [1]. The face, fingerprints, palm, and ears lie under the physical biometric technique, while in the behavioral category, voice, signature, and stride pattern are considered [2]. In the case of gait, the walking pattern is used without the consent of the subject under consideration [3]. The gait is considered appealing because it is comprised of 24 distinct components, such as angles and displacement of joints of the human body. The gait method is being widely used to ensure security [4].  
Gait recognition has captured much attention in computer vision due to its potential in data capturing using non-invasive methods [5]. Researchers have made a significant effort to the practical application of gait recognition in the past few decades. However, the majority of techniques are based on lateral-view data of human silhouettes [6] features extraction, which makes it difficult due to a data collection requirement. This problem occurs in the real-time indoor surveillance environment where a large sequence of data collection is not feasible [7]. Furthermore, the cameras installed for security and surveillance are mostly installed in corridors, exits, or narrow places in which only a frontal view is captured [8]. Therefore, the frontal view gait analysis is preferred to handle this problem. 
These methods addressed the problem of frontal-view recognition at some level, but still, there are problems of low accuracy due to environmental factors and complicated backgrounds [9]. Moreover, an extra layer of computational cost also makes it impractical due to the usage of camera depth and radar sensors. 
Despite the importance, robustness, and efficiency of gait recognition, there are still problems interfering with the authentication and recognition of an individual. These factors include variations of view angles, clothing, load carriage, walking speed, shadow, etc. [10]. These problems reduce the recognition rate of a gait recognition system. To address these problems, several gait recognition methods are implemented that can be categorized as model-free and model-based. 
The model-based approach aims to obtain the characteristics of human stride, which uses the human body. Mostly, this technique faces the problem of a lack of reliable approximation of the human body. However, this method needs high-quality images, which makes it a challenging task. The model-based method can further be classified as pose-based and sensor-based. The model-free approach, on the other hand, focuses on the extraction of human silhouettes directly from the human body [11]. 
The gait recognition tasks can be implemented with the help of two broadly used methods, including hand-crafted feature extraction that requires manual feature extraction [12] and deep learning-based features [13]. The hand-crafted features are referred to as the classical methods and are inaccurate and time-consuming. These methods rely on manually designed feature extraction techniques, such as shape-based descriptors, model-based approaches, and statistical analysis of gait cycles. They often require domain expertise to select relevant features, making them sensitive to variations like clothing, carrying conditions, and walking styles. The deep learning-based methods are accurate and do not require human effort for feature extraction, and features are automatically obtained from the input data. The deep learning methods for gait recognition introduce new approaches to process the data and address the covariant problem such as clothing, carrying, and walking variation. However, these deep learning models reflect the attributes of a black box nature and may be problematic if not properly fine-tuned and need information about the pre-training conditions and parameters. To overcome these problems, there is a demand for robust, accurate, and efficient gait recognition methods that process the data correctly.
Background
Gait recognition has emerged as a crucial biometric identification method, evolving from traditional handcrafted feature-based approaches to modern deep learning techniques. Early methods relied on manually extracted features, such as silhouette and motion descriptors, which often suffered from variations in clothing, carrying conditions, and occlusions. With advancements in deep learning, models like Convolutional neural networks (CNNs), Bidirectional LSTM (BiLSTM), and attention mechanisms have significantly improved feature extraction and recognition accuracy. Additionally, multi-view and multi-modality approaches have enhanced gait recognition in challenging environments. However, despite these advancements, various challenges remain, including high computational costs, sensitivity to noise, and dependency on large datasets for training.
Traditional Approaches in Gait Recognition
Early gait recognition methods [12] primarily relied on handcrafted features extracted from silhouettes, motion descriptors, and other manually designed representations. While these methods provided initial success, they faced challenges due to variations in clothing, carrying conditions, and occlusions, which affected recognition accuracy.
Deep Learning-Based Gait Recognition
With advancements in deep learning, gait recognition has significantly improved through models like Convolutional Neural Networks (CNNs) [14], Bidirectional Long Short-Term Memory (BiLSTM) [15], and attention mechanisms. These models automate feature extraction and enhance recognition accuracy by capturing spatial and temporal dependencies in gait sequences.
Multi-View and Multi-Modality Approaches
To further improve gait recognition in challenging environments, multi-view and multi-modality approaches [16] have been introduced. These methods integrate information from different perspectives and sensor modalities (e.g., RGB, depth, and infrared) to enhance robustness against occlusions and environmental variations.
Human Gait Recognition (HGR) 
Human Gait Recognition (HGR) refers to the process of identifying individuals based on their walking patterns. It is a biometric technique that captures both the spatial and temporal dynamics of movement, offering a non-invasive and distance-based identification method that is robust even when facial or fingerprint recognition is not feasible.
Handcrafted Features
Handcrafted Features are manually designed descriptors derived from domain knowledge capture essential characteristics of gait. These include silhouette-based metrics such as step length, width, joint angles, or derived images like Gait Energy Images (GEIs). While effective in controlled environments, they often struggle with variations in viewpoint, clothing, or occlusions.
Deep Learning-Based Features
These methods automatically extract relevant patterns from raw gait data using neural networks. Unlike handcrafted approaches, these methods learn hierarchical representations directly from data, often achieving higher accuracy and better generalization across different scenarios.
Model-Based vs. Model-Free Approaches:
· Model-Based Approaches rely on a parametric representation of the human body, such as stick models or 3D skeletons, to analyze gait.
· Model-Free Approaches, on the other hand, use image sequences or silhouettes directly without fitting a human model, making them more flexible but potentially more sensitive to noise and variations.
Convolutional Neural Networks (CNNs) 
CNNs are deep learning architectures particularly effective for extracting spatial features from gait sequences. They use convolutional layers to capture local patterns such as edges, contours, and textures in gait silhouettes or GEIs.
Bidirectional Long Short-Term Memory 
BiLSTM networks are a type of recurrent neural network that process input sequences in both forward and backward directions. In gait recognition, BiLSTMs are useful for capturing the temporal dependencies and transitions in walking sequences, improving performance over standard unidirectional models.
Attention Mechanisms
 Attention Mechanisms dynamically focus on the most informative parts of the input sequence, allowing the model to emphasize key gait phases or body regions. This leads to more robust and interpretable recognition systems.
Spatiotemporal Features 
These features represent both spatial (appearance and structure) and temporal (movement over time) aspects of gait. Deep architectures often combine CNNs (for spatial features) and RNNs or Transformers (for temporal dynamics) to effectively model these joint characteristics.
Multi-View and Multi-Modality Gait Recognition 
It aims to improve robustness by incorporating gait data from multiple angles (e.g., side, front, oblique) or various sensor types (e.g., RGB, infrared, depth). This fusion enables better handling of real-world challenges like occlusion, lighting changes, and viewpoint variations.
Vision Transformers (ViTs) 
These methods are transformer-based models adapted for image understanding tasks. In gait recognition, ViTs can capture long-range spatial dependencies and global context within gait silhouettes, often outperforming traditional CNNs in complex scenarios.
Gait Energy Image (GEI) 
GEI is a widely used representation in HGR that condenses a gait sequence into a single grayscale image by averaging silhouette images over a gait cycle. It retains critical spatial features and serves as a compact, informative descriptor for many recognition algorithms.
Metaheuristic Algorithms 
These algorithms are optimization techniques inspired by natural phenomena (e.g., genetic algorithms, particle swarm optimization) used to optimize model parameters or feature selection in gait recognition systems, particularly in hybrid or ensemble models.
AutoML (Automated Machine Learning) 
This refers to methods that automate the process of designing, training, and tuning machine-learning models. In HGR, AutoML can help identify optimal architectures or hyperparameters, reducing the need for expert intervention and accelerating the development of effective models.
Problem Definition 
In human gait recognition, the features are extracted from the walking style of an individual for authentication or recognition. This method is used in different domains such as security, health, sports, etc. In the past, many techniques have been implemented for gait recognition. These methods face the problem of different variations in the data due to changes in the view angles, clothes, carrying, walking speed, lighting, etc. Moreover, the data biases also create problems during recognition due to complexity. There are many techniques based on classical methods and deep learning approaches introduced in the past. There is a need to study these approaches to design a robust, accurate, and efficient gait recognition method that can address these challenges.
Motivation 
With a strong background in deep learning and computer vision, researchers have previously worked on human gait recognition, utilizing models such as Vision Transformers (ViTs) and AutoML techniques. The motivation for this research stems from the need to improve the knowledge of readers and computer vision experts by providing the analysis of recent studies based on gait recognition.  
Research Questions 
This study aims to address the following key research questions:
1. How can deep learning improve the robustness of gait recognition against variations in clothing, carrying conditions, speed, shadows, and lighting?
2. What impact do different hyperparameters (learning rate, epochs, optimizer) have on the performance of deep learning-based gait recognition models?
3. How can dataset enhancement techniques (e.g., data augmentation, synthetic data generation) improve gait recognition accuracy?
4. How do different deep learning architectures (e.g., ura, BiLSTM, Vision Transformers) compare in terms of recognition accuracy and computational efficiency?
5. How can gait recognition be optimized for real-world deployment, considering factors like occlusion, multiple viewpoints, and environmental changes?
Human Gait Datasets
There are several publicly available datasets being utilized by researchers for human gait recognition. 
Table 1: Publicly Available Datasets for Human Gait Recognition
	Dataset Name
	Link
	Biomarker(s)
	Size & Samples
	Limitations

	CASIA-A
	http://www.cbsr.ia.ac.cn/english/Gait%20Databases.asp

	Silhouettes
	20 subjects, 3 views (0°, 45°, 90°)
	Small dataset, treadmill-based

	CASIA-B
	http://www.cbsr.ia.ac.cn/english/Gait%20Databases.asp

	Silhouettes, multi-view gait
	124 subjects, 11 angles (0°–180°)
	Limited real-world diversity, controlled environment

	CASIA-C
	http://www.cbsr.ia.ac.cn/english/Gait%20Databases.asp

	Infrared silhouettes
	153 subjects, outdoor setting
	Occlusions make recognition difficult

	OU-ISIR Large Population
	http://www.am.sanken.osaka-u.ac.jp/BiometricDB/GaitMVLP.html#:~:text=Introduction,for%20cross%2Dview%20gait%20recognition.

	Silhouettes, gait features
	4,007 subjects
	Limited pose variations

	OU-ISIR Multi-view
	http://www.am.sanken.osaka-u.ac.jp/BiometricDB/GaitMVLP.html

	Silhouettes, multi-view gait
	10 views, indoor setting
	Only side views are well-represented

	OU-ISIR Age & Gender
	http://www.am.sanken.osaka-u.ac.jp/BiometricDB/GaitLPAge.html

	Silhouettes, age & gender variations
	1,615 subjects (ages 2-87)
	No depth or RGB data

	TUM-GAID
	https://www.ce.cit.tum.de/mmk/verschiedenes/tum-gaid-database/

	RGB, Depth, Silhouettes, Audio
	305 subjects, 3 conditions (normal, backpack, coated)
	Small dataset

	SOTON Gait Database
	https://web-archive.southampton.ac.uk/www.gait.ecs.soton.ac.uk/database/

	Silhouettes, multi-view
	115 subjects
	Outdated dataset, low diversity

	Florence 3D Gait (FVG)
	https://cvlab.cse.msu.edu/frontal-view-gaitfvg-database.html

	RGB, Depth, 3D Skeletons
	180 subjects, indoor & outdoor
	Small sample size



Related Work 
The researchers performed a lot of work in human gait recognition. This section provides some of the latest studies introduced by authors for human gait recognition. 
Metaheuristic and Machine Learning-Based Gait Recognition
A new gait recognition technique called Stacked-Gait [13]  is designed based on several steps, including image resizing, image conversion to grayscale, training, and stacking of autoencoders, and classification using machine learning algorithms. The Stacked-Gait was tested using CASIA-B and attained an average accuracy of 98.18% using CASIA-B. 
To assess the contribution of important gait features in pattern recognition, a new method is presented for gait recognition that utilizes metaheuristic optimization for feature selection  [17]. Initially, the features are extracted from the input data, and optimization is performed afterward with the help of the metaheuristic method. The optimized features are passed to various classification models for recognition. The method was tested with the help of 800 individual data and obtained 99.81% accuracy. The comparison of the method is also performed with the recent feature selection method. 
The effectiveness of deep learning models, including CNN, MLP, SOMs, and transfer learning with EfficientNet, are used for gait recognition [18]. These models are utilized for robust feature extraction from the image data. They used 92,596 images of 64 × 64 size obtained from 10 individual sequences. Furthermore, a modified deep learning model based on a dense classification layer is also implemented, which obtained 97.12% accuracy on the CASIA-B dataset. 
On the one hand these methods made improvements but on the other hand they also face some challenges. The method [13] also faces some challenges, such as it relies on the quality of the input image, but on the other hand, it also addresses the problem of the dimensionality of features. In [17], the method offered improved results, but it also faces the problem of computational cost and needs extensive hyperparameter selection. In [18], the dense classification layer improves the feature discrimination, but the model is also dependent on the large data for training. 
Attention Mechanisms and Spatiotemporal Deep Learning-Based Methods
A gait recognition method to acquire the cooperative motion of the human exoskeleton is designed based on the feature extraction of the deep learning model [19]. Initially, data is acquired with the help of a lightweight device using three sensors.  Different conditions are considered to capture the data, such as walking on stairs, sloping, and being still. A Bi-LSTM model with an attention mechanism is used to obtain features from input data. The method was tested on 27 classes and achieved improved results. 
A frontal view gait representation method called LFHEI, based on the spatiotemporal features, is implemented  [20]. The method uses dynamic parts of the body and offers robust features. The LFHEI feature descriptor is passed to the deep learning model for feature extraction, and gait recognition is performed using the nearest neighbours. The CASIA dataset was used to test the method and obtained 95.0% accuracy on CASIA-A and 89.9% on CASIA-B. The method is also compared with the recent method and shows 4% improved results. By employing a deformable convolution, a gait recognition method is called DCNGait, which uses the temporal dimension [21]. The deformable convolution aims to enhance the temporal dynamics representation. The proposed TD3D convolution is capable of obtaining diverse features using temporal patterns. Careful feature extraction is performed by designing spatial and temporal blocks. The method DCNGait obtained 93.70% accuracy on CASIA-B. 
The Attention Mechanisms and Spatiotemporal Deep Learning-Based Methods also has pros and cons such as the attention mechanism [19] helped focus on the most relevant gait features but also struggled with sensor noise and inconsistent motion data. The LFHEI descriptor [20] enhances motion-based gait representation but is also sensitive to clothing and occlusion variations and may leave the subtle information of the data. The TD3D convolution [21] improves gait feature adaptability over time, but, it also requires careful tuning of spatial-temporal feature extraction.
Multi-View and Multi-Modality Gait Recognition
A new deep-learning model based on the attention mechanism is introduced to minimize the variability in the gait data [22]. Initially, the data is obtained in the form of gait energy images based on multi-recurrent features. Secondly, the deep learning model is used to obtain the relevant features from input data. They used attention-based blocks to highlight the important gait features for improved performance. The temporal relation of frames is obtained using the Bi-GRU layer. The method testing is carried out with the help of CASIA-B and OULP gait achieving accuracy of 93.4% and 97.4%. To obtain spatiotemporal information from the contour of the human body, a gait recognition method used on the GaitSet model is presented [23]. This method aims to improve the recognition rate of video data based on the multi-modality of silhouette and gait energy images. The method is tested with the help of CASIA-B and attained 95.8% on NM, 89.3% on BG, and 72.5% on CL, which is improved in contrast to recent gait recognition methods. 
[bookmark: _GoBack]A new gait recognition algorithm is designed for indoor data called GaitTS, which is based on spatiotemporal features of different scales [24]. The method aims to address the problem of lacking attention to the features of data. The GaitTS aggregates temporal features of multiple frames. The spatial features are divided into different maps having several sizes to give attention to different parts of the human body. The method obtained an accuracy of 97.9% on NM, 95.4% on BG, and 85.7% on CL, respectively. An average accuracy of 76.50% is obtained on occCASIA-B and 93.0% on CCPG. 
The Multi-View and Multi-Modality Gait Recognition methods performed well in some scenarios but also has some limitations such as attention-based blocks [22] enhanced discriminative gait feature extraction but also faced the problem of performance issues due to improper temporal alignment. The multi-modality approach [23] improved recognition rates for diverse conditions but also faced the challenges of redundancy due to overlapping silhouettes. The multi-scale feature maps [24] improve attention to different body parts but also struggle with occlusion and missing frames. 
Summary of Related Work 
Table 2: Summary of Recent Human Gait Recognition Methods
	References
	Datatype
	Training Model
	Accuracy
	Dataset

	Xu et al. [17]
	Kinematics and kinetics data waveform
	Machine Learning Models 
	99.81%
	800 group gait data

	Zhan et al. [19]
	sEMG, GRF, and joint motion information
	Bi-LSTM model
	More than 90%
	25 classes

	Deng et al. [20]
	Video data
	Optical Flow and Deep Features  
	95.0% on  CASIA-A and 89.9% CASIA-B
	CASIA-A and CASIA-B

	Junaid et al. [22]
	Video Data
	Attention-based Deep Learning 
	93.4%  and 97.4%
	CASIA-B and OULP 

	Shi et al. [23]
	Multi-Modal 
	GaitSet Model
	95.8%, 89.3%, and 72.5%
	CASIA-B

	Zhang et al. [24]
	Image Sequence 
	Attention based CNN model 
	97.9% on NM, 95.4% on BG, and 85.7% on CL. 76.50% on occCASIA-B, 93.0% on CCPG. 

	CASIA-B, occCASIA-B, CCPG-

	Kim et al. [21]
	Image Sequence 
	DCNGait 
	93.70%
	CASIA-B

	Mehmood et al. [13]
	Image Sequence 
	Stacked Autoencoders 
	98.10%
	CASIA-B

	Aman et al. [18]
	Image Sequence 
	Deep Learning 
	97.12% 
	CASIA-B



State of the Art
Recent advancements in human gait recognition have been driven by Vision Transformers, self-supervised learning, and multi-modal fusion techniques. Recent studies indicate a shift from traditional CNNs to more attention-based architectures. Pretrained models such as BERT-inspired transformers and AutoML-based feature selectors have demonstrated superior performance in classification tasks.
In [25], authors introduce Gait Pyramid Transformer (GaitPT), a hierarchical transformer architecture based on skeleton pose estimation to obtain unique features from gait without depending on the appearance. The method achieved state-of-the-art performance on CASIA-B and GREW datasets. 
The authors introduced a temporal features-based gait recognition method called MCAT, which uses  three scales and adaptively aggregates them using contextual information from both local and global perspectives [26]. Demonstrated improved outcomes on CASIA-B, OU-MVLP, and GREW datasets. In [27], employs attention mechanism-based Vision Transformer (ViT) for gait recognition, using gait energy images divided into patches and later transformed into sequences. The method achieved 99.93% accuracy on CASIA-B, 100% on OU-ISIR D, and 99.51% on OU-LP datasets.
In [28], the authors explored the development of deep models for state-of-the-art outdoor gait recognition. They discussed different techniques, including classical CNN-based and Transformer-based architectures. The proposed models attained significant performance improvements on Gait3D and GREW datasets. 
An overview of gait recognition and analysis of environmental elements and complications that could affect it, comparing it to other biometric recognition systems offered by authors [29]. Examines existing deep learning techniques employed for human gait recognition.
Key Challenges
Key challenges in this research include the limited publicly available datasets for multi-angle gait recognition and the issues related to occlusions, varying walking speeds, and clothing changes affecting model performance. Furthermore, the transformer-based models require significant computational resources, making real-time deployment challenging.
Research Objectives
The main objectives of this work are given as:
· To design a deep learning model to address factors that affect the gait recognition method.
· To select a publicly available dataset and conduct experiments on that dataset to improve the recognition rate.
· To train the model after selecting hyperparameters after extensive experiments. These parameters include epochs, learning rate, optimizer, etc. 
· To conduct a comparison of the proposed method with the recent gait recognition method to confirm the variability. 
Opportunities (Research Gaps)
Several research gaps present opportunities for contribution:
· Enhancing generalization: Current models struggle with unseen gait variations; exploring domain adaptation techniques could improve robustness.
· Multi-view fusion: Integrating multiple perspectives for improved recognition accuracy remains underexplored.
· Lightweight architectures: Developing efficient models for real-time deployment can enhance practical usability.
· Explainable AI (XAI) for gait recognition: Few studies have explored interpretability in gait biometrics, which could improve trust and adoption.
Discussion and Analysis 
The survey highlights three main categories of gait recognition techniques. Metaheuristic and machine learning-based methods optimize feature selection but struggle with computational efficiency and hyperparameter tuning. Attention mechanisms and spatiotemporal deep learning models enhance gait feature extraction but are sensitive to noise and require careful tuning of spatial-temporal features. Multi-view and multi-modality gait recognition techniques improve recognition accuracy across different conditions but introduce redundancy and struggle with occlusion and missing frames. While these methods offer significant improvements, their practical application requires addressing challenges such as scalability, efficiency, and robustness to real-world variations.
Conclusion 
Human gait recognition is an advanced method for authentication and recognition of a person which requires the walking pattern. The gait recognition techniques range from the handcrafted method to deep learning. This study is based on the analysis of current gait recognition methods, such as metaheuristic and machine learning-based methods, attention mechanisms and spatiotemporal deep learning-based methods, and multi-view and multi-modality gait recognition techniques. Each category presents unique methodologies, challenges, and improvements that have contributed to the advancement of gait recognition. This study will help researchers develop a gait recognition method that is efficient, robust, accurate, and suitable for real-world scenarios. 
Future Work
To further advance gait recognition, hybrid models that integrate metaheuristic optimization with deep learning can enhance both efficiency and accuracy. Lightweight architectures should be explored to reduce computational costs, making real-time applications feasible. Robust data augmentation techniques can help mitigate issues related to occlusion and missing frames. Incorporating Explainable AI (XAI) techniques can improve model interpretability and fine-tuning. Additionally, cross-dataset validation should be emphasized to ensure model generalizability across different environments and datasets. By addressing these challenges, future gait recognition systems can become more reliable, scalable, and applicable in real-world scenarios.
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