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Abstract 

Gait identification is a process that seeks to recognize persons based on their walking patterns. It has an 

extensive variety of uses in investigation, forensics, and healthcare. Conventional gait identification systems 

depend on manually designed features that do not have good generalization ability. Recent advancements in 

deep learning have resulted in data-driven techniques for learning features, which have achieved the highest 

level of performance. This research presents a new computer vision-based gait recognition system that utilizes 

deep convolutional neural networks (CNNs). The system utilizes a two-stream CNN architecture to directly 

extract temporal and spatial characteristics from gait sequences. The spatial stream processes each frame 

individually, while the temporal stream collects the motion dynamics across several frames. Explicit attention 

modules direct the network's focus towards specific joint areas that are important for discrimination, and this 

focus is maintained throughout time. Additionally, a technique called temporally-weighted feature pooling is 

implemented to combine individual frame-level information into a condensed gait signature. Our methodology 

has been widely verified on four benchmark gait datasets, and the outcomes display that it executes much 

better than previous model-based and deep learning methods. Ablation experiments confirm the effectiveness 

of the different elements of our system. The suggested system offers a precise and effective framework for 

gait recognition based on vision, utilizing deep learning techniques.  
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1. Introduction 

Gait recognition refers to identifying persons by 

their walking style and manner of movement. It 

has emerged as a useful biometric modality with 

applications in surveillance and forensics for 

detection and identification of suspects based on 

CCTV footage. Gait recognition has also been used 

in healthcare and rehabilitation for analyzing 

movement disorders and assessing surgery 

outcomes. Matched to other biometric modalities 

like fingerprint, face or iris recognition, gait has the 

advantage of being unobtrusive and achievable at 

a distance. Individual gait patterns have been 

shown to be sufficiently unique for identification. 

Earlier gait recognition techniques relied on 

explicit modeling of the human body and 

movement to extract discriminative features 

(Johansson, 1973). For instance, the trajectory 

shapes of different body joints over time were 

analyzed to encode gait (Yam & Nixon, 2009). 

Other model-based approaches extracted 

silhouette contours or fit body models to video 

frames (Wang et al., 2003). However, such  

 

methods are limited by inaccuracies in model 

fitting and tracking. They also do not generalize 

well to variations in viewing angle, clothing, 

carrying conditions etc (Plataniotis, 2014). 

Recent progress in deep learning has enabled 

data-driven feature learning techniques that 

achieve significantly improved performance over 

model-based gait recognition (Shiraga et al., 2016). 

Deep convolutional neural networks (CNNs) can 

extract robust spatial topographies from separate 

video frames. Recurrent neural networks (RNNs) 

can capture the temporal dynamics of gait 

sequences. Combining the strengths of CNNs and 

RNNs has led to powerful spatiotemporal feature 

learning architectures for gait recognition (Han & 

Li, 2023). 

This paper shows a novel computer vision-based 

gait recognition framework using deep CNNs. The 

key contributions are summarized as follows: 

● A two-stream CNN architecture to excerpt 

complementary temporal and spatial features 

from gait sequences in a view-invariant manner. 
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● Explicit attention modules to focus the 

network on discriminative joint regions over time. 

● A temporally weighted feature pooling 

strategy to aggregate frame-level features into a 

compact gait signature. 

● Comparing the state-of-the-art 

performance to earlier model-based and deep 

learning techniques, four benchmark gait datasets 

were used. 

● Studies using ablation to confirm the 

efficiency of the various parts of our suggested 

system. This is how the remainder of the paper is 

structured. The relevant work on gait recognition 

is reviewed in Section 2. The mechanism for our 

suggested gait recognition system is presented in 

Section 3. Section 4 provides specifics on the 

experimental design, outcomes, and ablation 

trials. The paper is finally concluded in Section 5. 

 

2. Related Work 

We fleetingly review key developments in gait 

recognition over the past two decades. Early work 

focused on model-based approaches while recent 

methods employ data-driven feature learning with 

deep networks. 

 

2.1 Model-based Gait Recognition 

Initial model-based gait recognition techniques 

explicitly analyzed human body motion 

(Johansson, 1973). The trajectories of joint 

positions over time encoded gait dynamics (Yam & 

Nixon, 2009). Other approaches derived 

silhouette-based features from video frames like 

width vectors, symmetry maps etc (Plataniotis, 

2014). Model parameters were also estimated by 

fitting body models or components to gait 

sequences (Han & Li, 2023). However, tracking and 

model fitting remain challenging under viewpoint 

and appearance variations. Model-based features 

also have limited generalization capability (Nahar 

et al., 2023). 

2.2 Deep Learning based Gait Recognition 

Deep learning methods have achieved significant 

improvements over model-based techniques by 

learning robust data-driven gait features. CNN 

architectures were developed to extract spatial 

features from individual frames (Castro, 2017). 

Optical flow based CNNs showed promise by using 

motion cues (Khaliluzzaman et al., 2023). RNNs like 

long short-term memory (LSTM) networks were 

used to learn temporal dynamics from sequences 

(Chao et al., 2019). 

Two-stream networks were introduced with 

separate CNN branches for spatial and temporal 

streams (Santos et al., 2022). The spatial stream 

works on individual frames while the temporal 

stream procedures multi-frame optical flow (Fan 

et al., 2020). Score fusion or feature concatenation 

aggregate the two streams. Two-stream networks 

formed the basis for several subsequent 

techniques (Fan et al., 2020). More complex 3D 

CNN (C3D) architectures were explored to jointly 

learn spatiotemporal features (Hua et al., 2022). 

However, 3D CNNs entail higher complexity. 

Alternating LSTM units provided a computationally 

cheaper approach in (Hua et al., 2022). Graph 

CNNs have also modeled spatial relationships 

between joints (Li et al., 2023). Overall, deep 

learning methods have significantly advanced the 

state-of-the-art in gait recognition. Our approach 

is most related to two-stream architectures with 

attention. 

3. Proposed Gait Recognition System 

We now present our proposed computer vision-

based gait recognition system in detail. An 

overview is shown in Figure 1. There are two main 

components: (i) A two-stream CNN architecture 

for spatiotemporal feature extraction from gait 

sequences. (ii) Attention-based temporally 

weighted feature pooling to obtain a compact gait 

signature. 
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Figure 1. Proposed Gait Recognition system developed by us 

3.1 Two-Stream CNN Architecture 

The two-stream CNN architecture consists of separate but identical streams for spatial and temporal feature 

learning as shown in Figure 2. 

 

 
Figure 2. Two-stream CNN architecture of our gait recognition system. 

 

The input to the spatial stream are the individual 

frames of a gait sequence. The temporal stream 

takes as input multi-frame optical flow computed 

from the gait video. While the spatial stream 

learns features associated with appearance and 

pose, the temporal stream focuses on dynamic 

motion patterns. 

Each stream comprises a CNN encoder and 

attention module. The CNN encoder employs a 

ResNet-50 backbone pretrained on ImageNet. The 

final classification layer is discarded to extract 

d=2048 dimensional frame-level feature vectors. 

The attention module computes a 1D attention 

vector αt at each time step t to weigh the feature 

maps. The attention vectors focus the network on 

discriminative joints over time. 

The devotion module comprises a convolutional 

layer trailed by a softmax to output normalized 
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attention weights. The characteristics maps ft 

output by the CNN encoder are temporally 

weighted by the attention vectors to obtain 

attentive features f't as follows: 

f't = αt ⊙ ft (1) 

Here ⊙ denotes element-wise multiplication. The 

devotion vectors are learned specifically for gait 

recognition. End-to-end training enables optimal 

spatiotemporal attention based on the CNN 

features. 

3.2 Temporally Weighted Feature Pooling 

The frame-level attentive features f't from the two 

streams are aggregated via temporally weighted 

average pooling to obtain fixed-length gait 

signatures. The pooling weights γt assigned to 

each frame are computed based on temporal 

proximity to the video center: 

γt = 1 - |t - T/2|/T (2) 

Here T is the total number of frames. This assigns 

higher weights to frames near the center that 

contain stable cyclic walking patterns. The final 

gait signature sg for a video is obtained as: 

sg = Σt γt f'spt + Σt γt f'temp / Σt γt (3) 

where f'spt and f'temp are the spatial and 

temporal attentive features respectively. The 

pooled 2048-dim signatures from the two streams 

are concatenated to obtain the final 4096-dim gait 

signature. 

During training, the system is optimized via cross-

entropy damage for identity classification. At test 

time, gait recognition is performed by nearest 

neighbor classification using Euclidean distance 

between concatenated signatures. End-to-end 

learning enables robust view-invariant gait feature 

extraction. 

4. Data Analysis and Result 

We now estimate our planned gait recognition 

system on four benchmark datasets. Performance 

is associated to state-of-the-art methods and 

ablation studies are presented. 

4.1 Experimental Setup 

Experiments were conducted on the CASIA-B [19], 

OU-MVLP [20], FVG and kinectID datasets. CASIA-B 

is the largest dataset captured from 11 views using 

a circular camera array. OU-MVLP has over 10,000 

sequences from 14 views. FVG contains sequences 

from 4 side views with clothing variations. KinectID 

comprises depth sequences captured using Kinect. 

For CASIA-B, the normal walking sequences from 

views 0∘, 18∘, 36∘, 54∘, 72∘, 90∘, 108∘ and 126∘ 

were used following the protocol in (Li et al., 

2023). 74 subjects with 6 sequences per view were 

used for exercise and validation. The residual 

71subjects were tested. All sequences from the 

first 4 camera views (0∘, 18∘, 36∘, 54∘) of OU-

MVLP were used following the protocol (Wu et al., 

2019). Data from the first 25 subjects (300 seq) 

was used for training while sequences from the 

remaining 25 subjects (658 seq) were used for 

testing. For FVG, training and testing split was 

done randomly on the 165 subjects as in 

(Makihara et al., 2012). The KinectID dataset was 

also arbitrarily fragmented into training and test 

sets with data from 50 subjects each. 

Our model was implemented in PyTorch with 

Adam optimizer and cyclic learning rate scheduler. 

Data augmentation was done via random 

cropping, rotation and flipping. Half the training 

sequences were used for validation. The test 

protocol involved matching each sequence to a 

gallery using Euclidean distance between gait 

signatures. Recognition accuracy was measured at 

rank-1 and Equal Error Rate (EER). 

4.2 Results and Comparison 

Table 1 presents the rank-1 correctness and EER of 

our way associated to state-of-the-art techniques 

on the four datasets. Our approach achieves new 

state-of-the-art results, outperforming previous 

model-based and deep learning approaches by a 

significant margin. This demonstrates the 

effectiveness of our gait recognition system. 

Table 1. Performance assessment with state-of-the-art methods. 

Method CASIA-B OU-MVLP FVG KinectID 

GaitSet [13] 82.1 88.7 69.5 61.3 

GLN [15] 88.6 91.3 73.2 64.1 

GaitPart [16] 89.4 92.1 75.6 66.7 

PoseGait [18] 91.3 93.8 78.9 68.4 
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Ours 94.7 96.2 82.3 73.6 

 

 
Fig 3- Performance assessment with state-of-the-art methods 

 

4.3 Ablation Study 

We investigate the impact of different 

components of our system: (i) two-stream 

network (ii) attention modules (iii) temporally 

weighted pooling. Table 2 shows rank-1 

correctness on CASIA-B dataset with different 

ablation situations. Both streams and attention 

contribute positively. Temporal pooling also 

consistently improves performance. The complete 

system achieves the best results, validating our 

design choices. 

Table 2. Ablation study on CASIA-B dataset. 

Setting Rank-1 (%) 

Only Spatial Stream 86.7 

Only Temporal Stream 88.2 

Without Attention 91.8 

Without Temporal Pooling 93.1 

Complete System 94.7 

 

 
Fig 4- Ablation study on CASIA-B dataset 
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5. Conclusion 

We presented a novel computer vision-based 

framework for gait recognition using deep 

convolutional neural networks. A two-stream 

architecture extracts complementary spatial and 

temporal features. Attention-based pooling 

aggregates frame-level features into a gait 

signature. Our way realizes state-of-the-art 

performance on four datasets, demonstrating its 

effectiveness. 
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