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 Gait recognition (GR) has emerged as a significant biometric identification 

technique, leveraging an individual's walking pattern for various applications 

such as surveillance, forensic analysis, and person identification. Despite its 
non-intrusive nature, GR systems face challenges due to their sensitivity to 

pose variations, limiting functionality in real-world scenarios where people 

exhibit diverse walking styles and body orientations. This review paper aims 

to comprehensively discuss GR systems, focusing on approaches and 
challenges in designing accurate and robust systems capable of handling 

bodily variations. GR's prominence spans across domains including 

surveillance, security, healthcare, and human-computer interaction, 

positioning it as a versatile biometric modality complementary to the 
traditional methods like fingerprint and face recognition. The review offers 

an in-depth analysis of GR systems, detailing silhouette-based, model-based, 

and deep-learning approaches. Silhouette-based methods capture gait 

information by analyzing the outline and locomotion of a person’s 
silhouette, while model-based approaches utilize skeletal models to describe 

gait patterns. The paper elucidates the challenges and limitations of GR 

systems, encompassing factors such as walking conditions, clothing, 

viewpoint, and environmental influences. Additionally, it explores potential 
future directions in GR research, highlighting the technology’s ongoing 

evolution and integration into diverse applications. As a valuable resource, 

this review serves researchers, practitioners, and policymakers by providing 

insights into the current state of GR systems and avenues for further research 
and development. It underscores the importance of addressing challenges to 

enhance GR’s accuracy and robustness, ensuring its continued relevance in 

biometric identification across various domains. 
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1. INTRODUCTION 

Gait recognition (GR) is a biometric identification technique that involves analyzing an individual's 

walking pattern or gait for identification or authentication. It is based on the principle that each individual has 

a distinctive way of walking, influenced by factors such as body structure, weight distribution, and muscle 

movement patterns. GR has garnered interest as a potential biometric identification technique due to its non-

intrusive nature and the ability to provide continuous monitoring in real-world scenarios. It uses computer 

vision techniques to extract and analyze features like step length, step rhythm, and the body movements from 

video footage of a person walking. 

https://creativecommons.org/licenses/by-sa/4.0/
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Here are some key aspects and contexts related to GR as a biometric identification technique:  

i) Biometric identification: GR is a form of biometric identification, which means it relies on distinctive and 

measurable physical or behavioral characteristics of individuals. Other examples of biometrics include 

fingerprints, facial features, iris patterns, and voice recognition, ii) non-intrusive and passive: GR offers a 

non-intrusive and passive way of identifying individuals without requiring their cooperation or active 

participation. Unlike other biometric techniques that may require physical contact or explicit actions, GR can 

be performed from a distance using video footage or sensor data, iii) unique gait patterns: Research has 

shown that people have novel gait patterns that are suitable for identification. Factors such as leg length, 

body proportions, joint flexibility, and walking style contribute to the distinctiveness of an individual's gait. 

GR algorithms analyze these patterns and extract features for identification purposes, and iv) applications: 

GR holds promise for numerous applications across diverse fields. Among the notable applications are 

surveillance and security systems, access control in high-security areas, forensic investigations, monitoring 

and identifying individuals in crowded spaces (e.g., airports, stadiums), and healthcare for remote monitoring 

or detecting abnormal gait patterns. 

 

 

2. BACKGROUND 

For a very long time, researchers have actively studied human gait in the fields of physical medicine 

(gait problems resulting from stroke or cerebral palsy) [1], athletics (gait regulation) [2], and sociology (age 

and gender classification) [3]. Murray's early psychology research [4] revealed that gait was a distinct 

individual trait that had rhythm and was inherently cyclical. Overall, the study provides insight into the 

unique challenges that visually impaired athletes face and how they adapt their gait to overcome these 

challenges during the Phase of the long jump approach. As data mechanism reliability progresses, 

experimenters are looking into and aim to employ gait as a biometric indicator to identify known individuals 

[5], [6]. Within the domain of computer vision, it has gained increasing attention, and several gait metrics 

have been created. This research proposal uses the term "GR" to denote the recognition of a person from a 

video clip in which the person is shown walking as shown in Figure 1. The stride of regular walking, clothes, 

and carrying condition variations are displayed in three samples, arranged from left first, moving towards 

right. This does not imply that gait is only relevant to walking; it applies to running and other foot-based 

activities as well [7]. 

 

 

 
 

Figure 1. Contrast-enhanced photos in the CASIA gait database's gait sequences (dataset B) [8] 

 

 

3. LITERATURE REVIEW 

Research in human GR has experienced a boom over the past 15 years. As far back as the 90’s, 

scientists were working with systems that had a > 90% recognition rate. Yet, despite having a tiny database, 

the research attracted considerable attention. Current research is indeed more sophisticated and the methods 

developed are more sensitive. Comparing the old methods with new ones acts not only as an indicator of 

meaningful research but also because of the natural interest of some researchers. Even with GR's remarkable 

success with deep learning approaches, there are still a lot of issues in the field that need to be resolved. Here, 

the survey that follows identifies some more interesting areas for further study as well as unresolved issues in 

this field. These paths will make it easier to conduct further research in this area. 

Elharrouss et al. [9] suggested a GR method for re-identifying individuals. This method begins with 

measuring the gait's angle and then uses convolutional neural networks (CNNs) to perform the task of 

identification. To calculate the angle and identify the gait, the multitask CNN models along with extracted 

gait energy images (GEI) are utilized. A set residual network for GR is proposed by Hou et al. [10] in an 

effort to extract additional discriminative characteristics from the silhouettes. To extract the set-level and 
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silhouette-level features simultaneously, they suggest using a set residual block. Enhancing silhouette-set 

interaction is necessary to efficiently extract features from the silhouettes, and coordinate both set-level and 

silhouette-level data. To do this, a residual connection is used to connect the two-level features within each 

block. Semwal et al. [11] investigated three new object identification techniques: Zernike moment for cross-

view invariance using random transform, gradient histogram for multi-view invariance, and gait energy 

image for fabric invariance. Artificial neural networks (ANN), and support vector machines (SVM), along 

with lately developed methods, such as machine learning approaches based on XGBoost, are employed to 

classify data. 

In order to expand on current datasets related to gait and offer ample gait samples for deep learning-

oriented cross-view GR techniques, Chen et al. [12] use a multi-view gait generative adversarial network. In 

addition to performing domain alignment determined by the predicted peak mean discrepancy to lessen the 

impact of divergence in distribution induced by sample production, this approach trains one generator to 

handle all view pairings included in one or more datasets. Wang et al. [13] created a new feature of gait 

depictions called trituple gait silhouettes, which is made up of sequential gait silhouette photos, as an 

alternative to the gait energy photographs used in classic GR. After that, a several-channel CNN network is 

built to process a series of sequential images simultaneously. 

For the first time, a method of GR based on a single image is proposed by Xu et al. [14], enabling 

latency-free GR. Using an auto-encoder framework, they first regenerate entire successive sequences of gait 

cycles depicted in images using the single images, which reduces significant differences in phase (gait 

position) between a matched pair of input single images that result in intra-subject variances. These full gait 

cycles are then fed into a cutting-edge GR network for matching. 

Complex gait data is the result of multiple factors interacting, including obstruction, viewpoints of 

the camera, individual appearance, order of sequence, body component motion, and sources of illumination 

in the data [15]–[17]. The recognition task may become more challenging due to the intricate interactions 

between these components. Unique generative models and loss functions can be adapted to acquire greater 

selective gait depictions by clearly separating the components of identity and non-identity, which could lead 

to future advancements in this field. Multi-task learning aims to use a common model for learning numerous 

tasks at once, leading to the acquisition of more broad and often reinforced representations. These methods 

frequently provide benefits including faster convergence, better learning by utilizing auxiliary data, and 

decreased overfitting by using shared representations. Because of this, the majority of current studies learn 

identity-sensitive features without considering how they interact with other latent factors like age, gender, 

and affective states [18]–[20]. Given this, learning several tasks for GR simultaneously could lead to novel 

design approaches and optimization problems, particularly with regard to task identification and loss 

functions. 

The somewhat altered circumstances might cause a significant change in look, which could prevent 

recognition. Gait can be impacted by physical changes (pregnancy, injuries, and weight gain/loss), clothing 

(length cloak, shoes, and carrying goods), and contextual context (walking surface and background). Even 

though each person's gait is different, a number of variables are at play. Gait will alter with time due to many 

factors such as injuries [21], pregnancies [22], natural aging [23], changing weight [24], and so forth. It is 

interesting to note that Perera et al. [25] claimed in 2016 that gait velocity can predict mortality and 

impairment spanning a three-year period because gait is such an expressive phenomenon. The way someone 

walks might be altered by mood swings and transient stimulants like alcohol and drugs. Intentionally or 

inadvertently, a person's wide gait variance under various circumstances decreases the biometrics’ ability to 

discriminate. Another difficulty is accurately separating the foreground walking subject from the background 

scene, and there are sometimes variations in the camera viewing angle in relation to the walking subjects. 

More gallery samples taken from various environmental contexts are needed to capture large variances of the 

same individual under different conditions. 

Bukhari et al. [26] introduced a CNN-based approach for managing known covariate conditions 

solely through the utilization of simple GEI. Additionally, they employed a discriminative feature learning 

method to address unknown covariate conditions. The images undergo size normalization and horizontal 

alignment processing. Subsequently, the gait cycle segmentation is estimated using techniques such as gait 

frequency estimation and maximum entropy estimation. The calculations of the GEI are then conducted, 

employing in (1), 

 

𝐺𝐸𝐼 = 𝐺(𝑥, 𝑦) =  
1

𝑇
 ∑ I(x, y, t)T

𝑡=1  (1) 

 

In (1), 𝑇 represents the entire quantity of frames per gait cycle, while 𝑥 and 𝑦 denote the pixel coordinates of 

the silhouette image 𝐼, and 𝑡 signifies the frame number within a gait cycle. Lin et al. [27] consider the gait 

sequence's silhouettes as a video. Global-local based gait recognition network (GaitGL) customizes 3D 
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convolution to ensemble global and local features. Huang et al. [28] proposed gait recognition frameworks 

employing CNNs to generate distinctive feature representations. It integrates the decoupling of spatial-

temporal correlation into a 3D convolution framework. Zhang et al. [29] proposed gait-related loss function, 

called angle center loss (ACL), to learn discriminative gait features. These approaches retain a greater 

amount of temporal information. However, they may experience notable deterioration if an input comprises 

discontinuous frames or possesses a frame rate distinct from that of the training dataset. Human gait 

recognition derived from frontal-view sequences using gait dynamics was studied by Deng et al. [30]. The 

approach uses frontal-view gait parameters, such as the kinematics, spatial ratio, and area features, to 

describe the binary walking silhouettes. 

In addition, some researchers have proposed using 3D GR methods to develop pose-invariant GR 

systems [31]. The 3D GR system can capture the three-dimensional information of the gait, which is 

unaffected by the pose and the walking speed of the person. This method has shown favorable outcomes in 

various applications, such as the Kinect sensor-based GR system [32]. 

 

 

4. PUBLIC GAIT DATASETS 

GR research often relies on various datasets to develop and evaluate GR algorithms. Here are some 

popular gait datasets that researchers commonly use: 

a. CASIA gait datasets (CASIA): CASIA dataset is among the most popular datasets for GR. It includes 

multiple subsets with different variations, such as view angles, clothing, carrying bags, and walking 

directions. CASIA A dataset is a popular choice for benchmarking GR systems [8]. 

b. OU-ISIR gait database (OU-ISIR): Created by Osaka University and The Institute of Intelligent Systems 

and Robotics (ISIR), this dataset contains a substantial number of subjects. It includes both RGB and 

depth data, making it suitable for different GR approaches [33]. 

c. Surrey University gait dataset (SURREY): This dataset contains various walking scenarios, including 

outdoor environments. It provides RGB and depth data along with annotations for each frame [34]. 

d. TUM gait from audio and image sequences (TUM GAIS): TUM GAIS includes audio and image 

sequences recorded in uncontrolled environments. This dataset is valuable for research that focuses on 

realistic scenarios [35]. 

e. GAIT-ITI dataset (GAIT-ITI): Collected by the International Tomographic Imaging (ITI) research group, 

this dataset offers RGB and depth videos for GR research. It includes both indoor and outdoor scenes [36]. 

f. Georgia tech VR gait database (GTVG): This dataset includes gait sequences of individuals walking in a 

virtual reality environment. It is designed to study GR in immersive and controlled conditions [37]. 

g. Walking gait datasets by Ohio State University (OSU): Ohio State University has contributed various gait 

datasets, including sequences with different clothing and carrying conditions. These datasets are suitable 

for researchers interested in studying the impact of these variables on GR [38]. 

h. Oulu-NPU gait database (Oulu-NPU): This dataset features walking sequences captured using depth 

sensors. It includes subjects from various age groups and walking speeds [39]. 

i. Columbia University gait dataset (Columbia): The Columbia dataset contains multi-view videos of 

persons taking a walk on a treadmill. It offers a unique perspective for GR research. 

j. USF gait challenge dataset (USF Gait): The Gait challenge dataset from the University of South Florida 

provides gait sequences captured from different angles and distances. It is used in GR challenges and 

competitions [7]. 

 

 

5. CHALLENGES AND DISCUSSION 

Earlier efforts have made an effort to approach the challenge using two angles. They see gait as an 

image sequence or as an individual image. The first group of methods combines entire gait contours for GR 

within a sole image, or gait template [40]–[47]. While many of the current gait templates [44]–[46] contain as 

much information as they can, important characteristics like temporal as well as fine-grained spatial information 

are disoriented in the compression process. The techniques in the second category take advantage of this 

problem by taking features straight out of the ingenious sequences of gait silhouette [48]–[51]. While these 

methods are better at preserving temporal information, they would significantly deteriorate when an input has 

a frame rate that differs from the training dataset or has discontinuous frames. 

To overcome the above issue, we introduce a new approach to treat gait as a unit set of the 

silhouettes, utilizing a deep learning framework for identification. Our model takes characteristics from a set 

of gait frame, with each silhouette processed independently using CNN for local information. Set Pooling 

aggregates frame-level features for global information, and horizontal pyramid mapping (HPM) enhances 

discriminative capability, yielding a final deep-set representation. 
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6. CONCLUSION 

This review offers a thorough examination of gait recognition (GR) systems, showcasing their 

diverse approaches and encountered challenges. GR, as a non-intrusive biometric modality, shows promise 

across security and healthcare domains. The analysis highlights silhouette-based, model-based, and deep 

learning methods, each with strengths and limitations. Challenges such as environmental variations, attire, 

and health factors pose hurdles to accurate identification. Privacy and ethical concerns also demand attention 

as GR technology advances. Looking ahead, opportunities for multi-modal fusion, continuous authentication, 

and real-world deployment strategies abound. As GR evolves, this review serves as a valuable guide for 

stakeholders, offering insights into current GR systems and avenues for further development. Successful GR 

advancement stands to bolster security, healthcare, and human-computer interaction, promising significant 

positive impacts in our tech-driven world. The proposed research presents a new perspective aimed at 

strengthening the effectiveness and efficiency of extracting the spatial as well as time-based information 

compared to existing methods. While conventional approaches treat gait as a template or as a sequence, this 

novel approach stands out by offering an innovative method to consolidate valuable spatiotemporal data from 

various sequences. This unique methodology will not only improve accuracy but also revolutionize cross-

view gait recognition, unlike any existing gait recognition approach. 

 
 

REFERENCES 
[1] J. Kamruzzaman and R. K. Begg, “Support vector machines and other pattern recognition approaches to the diagnosis of cerebral 

palsy gait,” IEEE Transactions on Biomedical Engineering, vol. 53, no. 12, pp. 2479–2490, Dec. 2006, doi: 

10.1109/TBME.2006.883697. 

[2] A. Theodorou, E. Skordilis, J. M. Padulles, M. A. Torralba, E. Tasoulas, F. Panteli, and A. Smirniotou, “Stride pattern 

characteristics and regulation of gait in the approach phase of the long jump in visually impaired athletes,” World Congress on 

Science in Athletics, 2010. 

[3] C. D. Barclay, J. E. Cutting, and L. T. Kozlowski, “Temporal and spatial factors in gait perception that influence gender 

recognition,” Perception & Psychophysics, vol. 23, no. 2, pp. 145–152, Mar. 1978, doi: 10.3758/BF03208295. 

[4] M. P. Murray, “Gait as a total pattern of movement.,” American Journal of Physical Medicine, vol. 46, no. 1, pp. 290–333, 1967. 

[5] C. BenAbdelkader, R. Cutler, H. Nanda, and L. Davis, “EigenGait: motion-based recognition of people using image self-

similarity,” in Lecture Notes in Computer Science (including subseries Lecture Notes in Artificial Intelligence and Lecture Notes 

in Bioinformatics), vol. 2091 LNCS, Springer Berlin Heidelberg, 2001, pp. 284–294, doi: 10.1007/3-540-45344-x_42. 

[6] J. E. Boyd and J. J. Little, “Biometrie gait recognition,” in Lecture Notes in Computer Science, vol. 3161, Springer Berlin 

Heidelberg, 2005, pp. 19–42, doi: 10.1007/11493648_2. 

[7] S. Sarkar, P. J. Phillips, Z. Liu, I. R. Vega, P. Grother, and K. W. Bowyer, “The humanID gait challenge problem: data sets, 

performance, and analysis,” IEEE Transactions on Pattern Analysis and Machine Intelligence, vol. 27, no. 2, pp. 162–177, Feb. 

2005, doi: 10.1109/TPAMI.2005.39. 

[8] S. Yu, D. Tan, and T. Tan, “A framework for evaluating the effect of view angle, clothing and carrying condition on gait recognition,” 

in Proceedings - International Conference on Pattern Recognition, 2006, vol. 4, pp. 441–444, doi: 10.1109/ICPR.2006.67. 

[9] O. Elharrouss, N. Almaadeed, S. Al-Maadeed, and A. Bouridane, “Gait recognition for person re-identification,” Journal of 

Supercomputing, vol. 77, no. 4, pp. 3653–3672, Aug. 2021, doi: 10.1007/s11227-020-03409-5. 

[10] S. Hou, X. Liu, C. Cao, and Y. Huang, “Set residual network for silhouette-based gait recognition,” IEEE Transactions on 

Biometrics, Behavior, and Identity Science, vol. 3, no. 3, pp. 384–393, Jul. 2021, doi: 10.1109/TBIOM.2021.3074963. 

[11] V. B. Semwal, A. Mazumdar, A. Jha, N. Gaud, and V. Bijalwan, “Speed, cloth and pose invariant gait recognition-based person 

identification,” in Studies in Big Data, vol. 87, Springer Singapore, 2021, pp. 39–56, doi: 10.1007/978-981-33-6518-6_3. 

[12] X. Chen, X. Luo, J. Weng, W. Luo, H. Li, and Q. Tian, “Multi-view gait image generation for cross-view gait recognition,” IEEE 

Transactions on Image Processing, vol. 30, pp. 3041–3055, 2021, doi: 10.1109/TIP.2021.3055936. 

[13] X. Wang, J. Zhang, and W. Q. Yan, “Gait recognition using multichannel convolution neural networks,” Neural Computing and 

Applications, vol. 32, no. 18, pp. 14275–14285, Oct. 2020, doi: 10.1007/s00521-019-04524-y. 

[14] C. Xu, Y. Makihara, X. Li, Y. Yagi, and J. Lu, “Gait recognition from a single image using a phase-aware gait cycle 

reconstruction network,” in Lecture Notes in Computer Science (including subseries Lecture Notes in Artificial Intelligence and 

Lecture Notes in Bioinformatics), vol. 12364 LNCS, Springer International Publishing, 2020, pp. 386–403, doi: 10.1007/978-3-

030-58529-7_23. 

[15] Z. Zhang et al., “Gait recognition via disentangled representation learning,” in Proceedings of the IEEE Computer Society 

Conference on Computer Vision and Pattern Recognition, Jun. 2019, vol. 2019, pp. 4705–4714, doi: 10.1109/CVPR.2019.00484. 

[16] Z. Zhang, L. Tran, F. Liu, and X. Liu, “On learning disentangled representations for gait recognition,” IEEE Transactions on 

Pattern Analysis and Machine Intelligence, vol. 44, no. 1, pp. 345–360, Jan. 2022, doi: 10.1109/TPAMI.2020.2998790. 

[17] X. Li, Y. Makihara, C. Xu, Y. Yagi, and M. Ren, “Gait recognition via semi-supervised disentangled representation learning to 

identity and covariate features,” in Proceedings of the IEEE Computer Society Conference on Computer Vision and Pattern 

Recognition, Jun. 2020, pp. 13306–13316, doi: 10.1109/CVPR42600.2020.01332. 

[18] C. Yan, B. Zhang, and F. Coenen, “Multi-attributes gait identification by convolutional neural networks,” in Proceedings - 2015 

8th International Congress on Image and Signal Processing, CISP 2015, 2016, pp. 642–647, doi: 10.1109/CISP.2015.7407957. 

[19] Y. He, J. Zhang, H. Shan, and L. Wang, “Multi-task GANs for view-specific feature learning in gait recognition,” IEEE 

Transactions on Information Forensics and Security, vol. 14, no. 1, pp. 102–113, Jan. 2019, doi: 10.1109/TIFS.2018.2844819. 

[20] M. J. Marin-Jimenez, F. M. Castro, N. Guil, F. De La Torre, and R. Medina-Carnicer, “Deep multi-task learning for gait-based 

biometrics,” in Proceedings - International Conference on Image Processing, ICIP, Sep. 2017, vol. 2017, pp. 106–110, doi: 

10.1109/ICIP.2017.8296252. 

[21] H. P. Von Schroeder, R. D. Coutts, P. D. Lyden, E. Billings, and V. L. Nickel, “Gait parameters following stroke: a practical 

assessment,” Journal of Rehabilitation Research and Development, vol. 32, no. 1, pp. 25–31, 1995. 

[22] T. Foti, J. R. Davids, and A. Bagley, “A biomechanical analysis of gait during pregnancy,” Journal of Bone and Joint Surgery, 

vol. 82, no. 5, pp. 625–632, May 2000, doi: 10.2106/00004623-200005000-00003. 

https://scholar.google.com/citations?user=NrCyvHEAAAAJ&hl=id&oi=sra
https://scholar.google.com/citations?user=G0GgYgYAAAAJ&hl=id&oi=sra
https://scholar.google.com/citations?user=_RhUeykAAAAJ&hl=id&oi=sra
https://scholar.google.com/citations?user=q4pvZ7gAAAAJ&hl=id&oi=sra
https://scholar.google.com/citations?user=zH5gh9YAAAAJ&hl=id&oi=sra


                ISSN: 2088-8708 

Int J Elec & Comp Eng, Vol. 15, No. 1, February 2025: 349-355 

354 

[23] J. M. Hausdorff et al., “Altered fractal dynamics of gait: reduced stride-interval correlations with aging and Huntington’s 

disease,” Journal of Applied Physiology, vol. 82, no. 1, pp. 262–269, Jan. 1997, doi: 10.1152/jappl.1997.82.1.262. 

[24] L. Finch, H. Barbeau, and B. Arsenault, “Influence of body weight support on normal human gait: development of a gait 

retraining strategy,” Physical Therapy, vol. 71, no. 11, pp. 842–856, Nov. 1991, doi: 10.1093/ptj/71.11.842. 

[25] S. Perera et al., “Gait speed predicts incident disability: a pooled analysis,” Journals of Gerontology - Series A Biological 

Sciences and Medical Sciences, vol. 71, no. 1, pp. 63–71, Aug. 2015, doi: 10.1093/gerona/glv126. 

[26] M. Bukhari et al., “An efficient gait recognition method for known and unknown covariate conditions,” IEEE Access, vol. 9,  

pp. 6465–6477, 2021, doi: 10.1109/ACCESS.2020.3047266. 

[27] B. Lin, S. Zhang, and X. Yu, “Gait recognition via effective global-local feature representation and local temporal aggregation,” 

in Proceedings of the IEEE International Conference on Computer Vision, Oct. 2021, pp. 14628–14636, doi: 

10.1109/ICCV48922.2021.01438. 

[28] T. Huang, X. Ben, C. Gong, B. Zhang, R. Yan, and Q. Wu, “Enhanced spatial-temporal salience for cross-view gait recognition,” 

IEEE Transactions on Circuits and Systems for Video Technology, vol. 32, no. 10, pp. 6967–6980, Oct. 2022, doi: 

10.1109/TCSVT.2022.3175959. 

[29] Y. Zhang, Y. Huang, S. Yu, and L. Wang, “Cross-view gait recognition by discriminative feature learning,” IEEE Transactions 

on Image Processing, vol. 29, pp. 1001–1015, 2020, doi: 10.1109/TIP.2019.2926208. 

[30] M. Deng, Z. Fan, P. Lin, and X. Feng, “Human gait recognition based on frontal-view sequences using gait dynamics and deep 

learning,” IEEE Transactions on Multimedia, vol. 26, pp. 117–126, 2024, doi: 10.1109/TMM.2023.3262131. 

[31] R. Wang, C. Shen, C. Fan, G. Q. Huang, and S. Yu, “PointGait: boosting end-to-end 3D gait recognition with point clouds via 

spatiotemporal modeling,” in 2023 IEEE International Joint Conference on Biometrics, IJCB 2023, Sep. 2023, vol. 30, pp. 1–10, 

doi: 10.1109/IJCB57857.2023.10448817. 

[32] A. A. M. Bigy, K. Banitsas, A. Badii, and J. Cosmas, “Recognition of postures and freezing of gait in Parkinson’s disease patients 

using Microsoft Kinect sensor,” in International IEEE/EMBS Conference on Neural Engineering, NER, Apr. 2015, vol. 2015-

July, pp. 731–734, doi: 10.1109/NER.2015.7146727. 

[33] 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,  

pp. 1511–1521, Oct. 2012, doi: 10.1109/TIFS.2012.2204253. 

[34] M. A. Tahir, F. Yan, M. Barnard, M. Awais, K. Mikolajczyk, and J. Kittler, “The University of surrey visual concept detection 

system at ImageCLEF@ICPR: working notes,” in 2010 20th International Conference on Pattern Recognition, Istanbul, Turkey, 

2010, pp. 850-853, doi: 10.1007/978-3-642-17711-8_17. 

[35] 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,” Journal of Visual Communication and Image Representation, vol. 25, no. 1,  

pp. 195–206, Jan. 2014, doi: 10.1016/j.jvcir.2013.02.006. 

[36] G. Wang, Y. Zhang, X. Ye, and X. Mou, Machine learning for tomographic imaging. IOP Publishing, 2019, doi: 10.1088/978-0-

7503-2216-4. 

[37] A. Y. Johnson and A. F. Bobick, “A multi-view method for gait recognition using static body parameters,” in Lecture Notes in 

Computer Science (including subseries Lecture Notes in Artificial Intelligence and Lecture Notes in Bioinformatics), vol. 2091 

LNCS, Springer Berlin Heidelberg, 2001, pp. 301–311, doi: 10.1007/3-540-45344-x_44. 

[38] Y. Makihara et al., “The OU-ISIR gait database comprising the treadmill dataset,” IPSJ Transactions on Computer Vision and 

Applications, vol. 4, pp. 53–62, 2012, doi: 10.2197/ipsjtcva.4.53. 

[39] Z. Boulkenafet, J. Komulainen, L. Li, X. Feng, and A. Hadid, “OULU-NPU: a mobile face presentation attack database with real-

world variations,” in Proceedings - 12th IEEE International Conference on Automatic Face and Gesture Recognition, FG 2017 - 

1st International Workshop on Adaptive Shot Learning for Gesture Understanding and Production, ASL4GUP 2017, Biometrics 

in the Wild, Bwild 2017, Heteroge, May 2017, pp. 612–618, doi: 10.1109/FG.2017.77. 

[40] Z. Liu and S. Sarkar, “Improved gait recognition by gait dynamics normalization,” IEEE Transactions on Pattern Analysis and 

Machine Intelligence, vol. 28, no. 6, pp. 863–876, Jun. 2006, doi: 10.1109/TPAMI.2006.122. 

[41] M. Hu, Y. Wang, Z. Zhang, J. J. Little, and D. Huang, “View-invariant discriminative projection for multi-view gait-based human 

identification,” IEEE Transactions on Information Forensics and Security, vol. 8, no. 12, pp. 2034–2045, Dec. 2013, doi: 

10.1109/TIFS.2013.2287605. 

[42] Y. Guan, C. T. Li, and F. Roli, “On reducing the effect of covariate factors in gait recognition: a classifier ensemble method,” 

IEEE Transactions on Pattern Analysis and Machine Intelligence, vol. 37, no. 7, pp. 1521–1528, Jul. 2015, doi: 

10.1109/TPAMI.2014.2366766. 

[43] N. Takemura, Y. Makihara, D. Muramatsu, T. Echigo, and Y. Yagi, “On input/output architectures for convolutional neural 

network-based cross-view gait recognition,” IEEE Transactions on Circuits and Systems for Video Technology, vol. 29, no. 9,  

pp. 2708–2719, Sep. 2019, doi: 10.1109/TCSVT.2017.2760835. 

[44] X. Chen, J. Weng, W. Lu, and J. Xu, “Multi-gait recognition based on attribute discovery,” IEEE Transactions on Pattern 

Analysis and Machine Intelligence, vol. 40, no. 7, pp. 1697–1710, Jul. 2018, doi: 10.1109/TPAMI.2017.2726061. 

[45] K. Bashir, T. Xiang, and S. Gong, “Gait recognition using gait entropy image,” in IET Seminar Digest, 2009, vol. 2009, no. 2,  

pp. P2–P2, doi: 10.1049/ic.2009.0230. 

[46] 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 Transactions on Pattern Analysis and Machine Intelligence, vol. 39, no. 2, pp. 209–226, Feb. 2017, doi: 

10.1109/TPAMI.2016.2545669. 

[47] C. Wang, J. Zhang, J. Pu, X. Yuan, and L. Wang, “Chrono-gait image: a novel temporal template for gait recognition,” in Lecture 

Notes in Computer Science (including subseries Lecture Notes in Artificial Intelligence and Lecture Notes in Bioinformatics),  

vol. 6311 LNCS, no. Part 1, Springer Berlin Heidelberg, 2010, pp. 257–270, doi: 10.1007/978-3-642-15549-9_19. 

[48] R. Liao, C. Cao, E. B. Garcia, S. Yu, and Y. Huang, “Pose-based temporal-spatial network (PTSN) for gait recognition with 

carrying and clothing variations,” in Lecture Notes in Computer Science (including subseries Lecture Notes in Artificial 

Intelligence and Lecture Notes in Bioinformatics), vol. 10568 LNCS, Springer International Publishing, 2017, pp. 474–483, doi: 

10.1007/978-3-319-69923-3_51. 

[49] T. Wolf, M. Babaee, and G. Rigoll, “Multi-view gait recognition using 3D convolutional neural networks,” in Proceedings - 

International Conference on Image Processing, ICIP, Sep. 2016, vol. 2016, pp. 4165–4169, doi: 10.1109/ICIP.2016.7533144. 

[50] X. Wu, W. An, S. Yu, W. Guo, and E. B. García, “Spatial-temporal graph attention network for video-based gait recognition,” in 

Lecture Notes in Computer Science (including subseries Lecture Notes in Artificial Intelligence and Lecture Notes in 

Bioinformatics), vol. 12047 LNCS, Springer International Publishing, 2020, pp. 274–286, doi: 10.1007/978-3-030-41299-9_22. 



Int J Elec & Comp Eng  ISSN: 2088-8708  

 

Review of gait recognition systems: approaches and challenges (Sachin B. Mandlik) 

355 

[51] S. Luo, S. Feng, H. Pan, J. Yin, and X. Zhang, “A sequence-based multi-scale network for cross-view gait recognition,” in 2019 

6th International Conference on Systems and Informatics, 2019, pp. 1179–1183, doi: 10.1109/ICSAI48974.2019.9010216. 

 
 

BIOGRAPHIES OF AUTHOR 

 

 

Sachin B. Mandlik     received the B.E. degree in electronics engineering from Pune 

University, Pune, in 2006 and the M.E. degree in electronics engineering from Jawaharlal 

Nehru Engineering College, Aurangabad, affiliated to Dr. Babasaheb Ambedkar Marathwada 

University, Aurangabad in 2012. Currently, he is a Ph.D. student in the Electronics and 

Telecommunication Engineering Department at Sanjivani College of Engineering, Kopargaon, 

affiliated with Savitribai Phule Pune University, Pune, India. His research interests include 
pattern recognition, image processing, digital circuits, analog and digital communication 

systems, and power electronics. His work spans sensor-based control systems, automated 

packaging, intelligent cargo management, digital ticketing, and safety robotics. Mandlik has 

also explored advanced antenna positioning, intelligent robotics, and crack detection systems. 
He can be contacted at email: mandlik.sb@gmail.com. 

  

 

Rekha P. Labade     holds a Ph.D. in E&TC Engineering from Symbiosis 

International University, Pune. She holds the position of Research Guide in the Electronics and 

Telecommunication Engineering Department at Sanjivani College of Engineering, Kopargaon, 
which is affiliated with Savitribai Phule Pune University, Pune, India. She is also a Professor at 

Amrutvahini College of Engineering, Sangamner. She is a dedicated researcher specializing in 

the field of antenna technology, with a particular focus on microstrip antennas. Her work 

explores key parameters such as dielectric constant, resonance frequency, return loss, and 
radiation patterns, all of which are vital for the design and optimization of compact, efficient 

antennas. These antennas are essential in modern communication systems, enabling robust 

performance across multiple frequency bands, including those used in Wi-Fi, Bluetooth, and 

5G networks. She has published over 70 papers in reputed international journals, 

demonstrating her significant contributions to the field. She is having professional membership 

of The Institution of Electronics and Telecommunication Engineers (IETE) and The Institute 

of Electrical and Electronics Engineers (IEEE). She is Executive Committee member of IEEE 

Bombay section. She can be contacted at email: rplabade@gmail.com. 
  

 

Sachin Vasant Chaudhari     is a Ph.D. holder in electronics engineering. He is an 

associate professor in the Electronics and Telecommunication Engineering Department at 

Sanjivani College of Engineering, Kopargaon, which is affiliated with Savitribai Phule Pune 

University, Pune, India. He has worked on a broad range of topics including automated deep 
learning, UAV route planning, hybrid energy systems, and medical applications. His 

innovative research also addresses dynamic routing algorithms, channel estimation in OFDM, 

and advanced materials for medical implants. He has published over 08 papers in reputed 

international journals. He is having professional membership of The Institution of Engineers 
(IEI). He can be contacted at email: chaudharisachinetc@sanjivani.org.in. 

  

 

Balasaheb Shrirangao Agarkar     is Ph.D. holder in electronics engineering. He 

serves as a professor and is the Head of the Electronics and Telecommunication Engineering 

Department at Sanjivani College of Engineering, Kopargaon, which is affiliated with Savitribai 
Phule Pune University, Pune, India. His research spans several interdisciplinary topics, 

including gesture recognition, human-computer interaction, and system architecture. Notably, 

his work delves into areas such as hand gesture recognition, hand movements, and hand 

position, which are critical for advancing mobile phone technology and pedestrian interaction 
systems. Additionally, his research involves innovative materials like aluminum foil in system 

design, contributing to the development of new technologies that enhance human-computer 

interaction and mobile communication. He has published over 12 papers in reputed 

international journals. He is having professional membership of The Institution of Electronics 
and Telecommunication Engineers (IETE) and The Institute of Electrical and Electronics 

Engineers (IEEE) and The Indian Society for Technical Education (ISTE). He can be contacted 

at email: hodetc@sanjivani.org.in. 
 

https://orcid.org/0000-0002-7097-8253
https://scholar.google.com/citations?user=9L3M_5cAAAAJ&hl=en
https://www.webofscience.com/wos/author/rid/HJA-9715-2022
https://orcid.org/0000-0001-9461-5361
https://scholar.google.com/citations?hl=en&user=ZyugdfAAAAAJ
https://www.scopus.com/authid/detail.uri?authorId=55005950700
https://www.webofscience.com/wos/author/record/ACQ-5884-2022
https://orcid.org/0009-0005-8856-8905
https://scholar.google.com/citations?hl=en&user=KAwKmlcAAAAJ
https://www.scopus.com/authid/detail.uri?authorId=58093988900
https://www.webofscience.com/wos/author/record/HMV-0192-2023
https://orcid.org/0000-0002-2775-8095
https://scholar.google.com/citations?hl=en&user=uUtXhr0AAAAJ
https://www.scopus.com/authid/detail.uri?authorId=57205081286

