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uman gait recognition (HGR) is a method of biometric identification that is widely 
adopted in fields of identification and authentication. Despite the fact that such a 
method is effective, it suffers from certain limitations caused by common 

variations, including illumination, carrying-condition, and walking-speed variations. In this 
paper, a new method called the 3D-CNN model is designed from scratch to overcome this 
problem. The proposed model uses silhouettes to obtain both spatial and temporal features. 
The proposed approach is based on some steps, such as acquisition of data, preprocessing, 
augmentation, designing of the 3D-CNN model, training of the model, and evaluation. The 
3D-CNN model comprises four convolution blocks followed by a classification head. 
Experimental evaluation on the CASIA-C dataset demonstrated a validation accuracy of 
98.48%, with a macro precision of 98.22%, macro recall of 97.60%, and macro F1-score of 
97.53% by setting the number of epochs to 150. While accuracies of 95.87% and 96.52% 
were achieved using 100 and 200 epochs,respectively. 
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Introduction:  
Authentication and identification of individuals is an important aspect of safety. To 

achieve this authentication, different methods such as facial recognition, palm print 
recognition, fingerprint recognition, etc., are used. These methods [1] are considered more 
efficient because of the uniqueness of the characteristics of individuals that can serve for 
their identification. Currently, one of the most popular methods is HGR due to the 
simplicity of data acquisition [2]. HGR is the study of human movement to identify an 
individual’s gait. Gait can be influenced by many factors, including body structure, muscular 
strength, and habitual actions, which makes it an excellent biometric measure. The advantage 
of this method is that it does not require subjects to cooperate when it records the data. The 
length of stride, gait speed, and total body movement can be measured from a distance; this 
is why it is regarded as a non-intrusive method. Gait recognition is regarded as effective in 
different applications [3] and domains such as surveillance, security, and medical diagnostics. 
For example, in the area of surveillance and security, detection of gait can be used for the 
identification or authentication of a person even in a crowd. In addition, HGR can also be 
used in the forensic field for the identification of criminals based on their walking style. The 
medical field also uses gait for the diagnosis of numerous pathologies relating to gait, 
including walking abnormalities, spinal stenosis, Parkinson’s disease, etc. Also, gait 
recognition can be applied to observe the process of treatment and rehabilitation [4][5][6]. 

Moreover, gait is very important for the development of assistive devices, enabling 
the monitoring and improvement of gait abnormalities. The method facilitates detection and 
recognition of patients’ gait, enabling analysis of abnormal patterns of gait [7]. 

The classical HGR method includes some steps, such as data collection by means of 
a camera [8]. Then the collected data is processed by various methods. Hence, the need for 
human cooperation has been mitigated, enabling more accurate and effective measurements.  

The recent development in the CNN model with the use of the RNN method has 
improved the work of identification [9]. 

The rapid evolution of Deep Learning (DL) systems has greatly advanced HGR 
through automatic construction of stable spatiotemporal features from silhouette sequences.  
Specifically, 3D-CNNs showed promising results in learning information about spatial 
appearance and temporal movement simultaneously in comparison with classical two-
dimensional convolutional networks. Moreover, breakthroughs in recent research carried out 
in the field of gait recognition have shown significant improvement in gait recognition 
results through the introduction of attention mechanisms, graph convolutional networks, 
transformer- based architectures, and multi-scale feature learning to enhance the recognition 
process in complex walking conditions [10][11][12][13][14]. Still, despite all these 
advancements, the gait recognition task in unconstrained conditions remains difficult 
because of the existence of factors that affect the result of the gait recognition process, such 
as changes in viewpoint, clothing, carrying conditions, variance in walking speed, occlusions, 
illumination variation, etc. Some researchers state that, among other challenges, improving 
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the resilience of the gait recognition process to these factors is one of the most important 
tasks in the area of practical gait recognition development.  Moreover, although modern DL 
models proved to be efficient regarding recognition tasks, many of them utilize complex 
network architectures, attention mechanisms, and complicated feature fusion approaches 
that significantly complicate the recognition process and prevent its successful 
implementation in real-time practice [10][11]. 

The models obtain various important features from raw data. However, there are 
some drawbacks faced by the existing models due to many variations of activities, such as 
clothes, walking, and carrying items. The gait features also distort due to the shadow and 
changes in the view angle. The modern gait recognition methods have problems with getting 
spatial and temporal data.  
Research Objectives: 

To address these issues, the paper presents a new model based on the use of a 3D-
CNN architecture. The primary objective of this research is to develop an end-to-end 3D-
CNN framework for accurate and robust HGR using silhouette sequences. The proposed 
framework is designed to effectively learn both spatial and temporal gait representations 
directly from input frames. Specifically, the objectives of this study are as follows: 

• To develop a 3D-CNN model capable of learning both spatio-temporal gait features 
for accurate and robust authentication and identification of a person. 

• To evaluate the performance of the proposed 3D-CNN model through 
comprehensive experiments by setting the learning rate to 0.0001, a batch size of 4, 
and training durations of 100, 150, and 200 epochs. 

• To evaluate the proposed framework on the publicly available CASIA-C gait dataset 
using different training configurations and analyze its recognition performance. 

• To compare the proposed method with recent state-of-the-art gait recognition 
approaches to demonstrate its effectiveness and practical applicability for biometric 
identification. 

Research Novelty: 
There have been various implementations of DL in recognizing human gait. The 

most innovative of approaches combines the attention concept, graph convolutional 
networks, transformers, and multi-stream fusion, aiming at improving recognition rates. 
However, while these methods are indeed promising, they suffer from high computational 
complexity and the necessity of optimizing the modeling system, which complicates their 
implementation in real biometric systems. 

This research introduces the new concept of an end-to-end 3D CNN architecture 
that is capable of producing hierarchical spatio-temporal gait features without using any 
additional technologies or approaches. The proposed system comprises four consecutive 3D 
convolutional blocks that successfully capture both spatial characteristics and motion effects 
during the entire process of recognition. Moreover, the new architecture is built in a 
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comparatively simple manner, but it still demonstrates rather good recognition ability, as 
evidenced by the test results. 

The proposed architecture can be transformed into a complete end-to-end learning 
system, which includes a preprocessing function, spatio-temporal feature extraction, and 
hierarchical representation learning. Thus, this proposition proves the possibility of 
producing certain features in a semi-automatic way without using any specialized behavior 
cues. 
Related Work: 

A lot of work has been done by the author previously in the field of HGR. The 
authors introduced a lightweight device to capture multi-modality data such as ground 
reaction force (GRF), surface electromyography, and joint motion information [15]. The 
data acquisition is performed in different scenarios, including walking on stairs, walking on 
a slope, and standing still. They used a Bi-LSTM model to classify data and attained 
promising results.  

To address the lateral view problem in HGR, a new method based on frontal view 
analysis is proposed [16]. The method uses multimodal data to represent the features of 
gait. Initially, the holistic silhouette and optical flow are obtained. Next, the background 
effect is eliminated using Gait-YOLO, which is based on YOLOv7. Afterward, the feature 
fusion at the channel and spatial level is performed. Furthermore, the global features are 
obtained with the help of the gait feature encoder to improve the multi-modal feature 
fusion. The performance evaluation of the method is carried out by employing CASIA-B 
and OUMVLP gait, and improved results are achieved compared to recent HGR methods.  

In [17], the authors presented an HGR method called RDBA-Net, which is based 
on the residual block and attention mechanism. The residual block processes the features 
and concatenates them in the backward direction. The residual block obtains distinct 
features with the help of attention cues at both the spatial and temporal levels using the 
silhouette sequence. Moreover, the information flow is improved at earlier layers by 
employing the backward flow mechanism. The method attained promising results on 
CASIA-B and OU-MVLP.  

In [18], the authors presented a local fuzzy histogram energy image (LFHEI) based 
HGR method. Initially, the ROI is extracted using the lower body limb, and different sub-
regions are used to obtain the optical flow data. Afterward, the feature representation is 
obtained from the LFHEI, which reflects the characteristics based on the spatial and 
temporal representations. The features of the descriptors are obtained by employing the 
deep learning algorithm. After that, the nearest neighbour algorithms are used to map the 
candidate and query embeddings. CASIA-A and CASIA-B are used to evaluate the method 
and yield the accuracy of 95.0% and 89.9%, respectively.  

A new method [19], which uses the CNN and short-term Fourier transform 
(STFT), is called STFT-CNN. The data of different walking speeds are acquired with the 
help of a biomechanical sensor signal mounted on the body. The walking speed data of 22 
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subjects is processed using a 2D CNN model for classification. An 80:20 ratio is used to 
evaluate the models' performance, and an accuracy of 91% and 81.40% is obtained for the 
single-input “IMU-5s” and “GON-NoSeg”. In the case of multi-modality data, the attained 
values for accuracy are 84.20% and 82.80% using “Multi-5s” and “Multi-NoSeg, 
respectively. To recognize a person from video data, a new HGR method based on DL and 
moth flame optimization (MFO) is presented [20]. Initially, the two pretrained models are 
used for feature extraction using a transfer learning approach. Next, both feature vectors 
are fused by applying the voting-based technique. The feature optimization is performed 
with the help of a probability-based MFO algorithm. In the final step, various ML 
algorithms are used for classification. The method is tested with the help of six CASIA-B 
angles and attained more than 90% accuracy. To deal with the problem of variation in gait 
identification, a new method is proposed called the improved dense capsule network [21]. 
Initially, the media pipe pose library is used to transform the silhouettes into skeleton 
images. Next, for feature extraction from both the skeleton and silhouette images, a CNN 
model is employed.  Additionally, an Improved Dense CapsNet is utilized to integrate the 
high-level features extracted using a CNN model. To evaluate the method, CASIA-A and 
CASIA-C silhouettes are used, and the method offered promising results. 

A handcrafted feature and ML classifier-based HGR method is presented by the 
authors to address the challenges of recognition [22]. Initially, the FAST and Harris corner 
detectors are used to capture important features from input data. The output of these 
methods is fused and optimized with the help of the K-means clustering algorithm. Finally, 
the features are subjected to various ML classifiers for recognition. The HGR method 
evaluation is performed using CASIA-A, and an accuracy of 92.77% is attained. 

To overcome the variation problem in the gait video data, a spatial and temporal-
based modulation network is used [23]. The spatial features are extracted at different levels 
of frames with the help of an attention-based CNN model. Furthermore, a Bi-LSTM 
model is used to extract the temporal features. To improve the segmentation in the video 
data, an attention mechanism is used. The CASIA-B and OUMVLP are used to evaluate 
the proposed method, and an accuracy of 91.03% on CASIA-B and 89.10% on the 
OUMVLP was attained.  

A new method called channel topology graph convolution is presented to address 
the problem of information loss in the spatial and temporal feature-based HGR methods 
[24]. The topology of nodes is used based on the computation of the unique correlation for 
each channel. To improve the sensitivity towards the movement of the joint, an attention-
based mechanism is used for spatial information. The CASIA-B and OUMVLP-Pose are 
employed to assess the performance of the method, and promising results are obtained.  

In [25], the authors proposed a two-stream network using spatiotemporal feature 
extraction. They used the CASIA-B dataset and attained promising results. In [26], the 
authors utilized a two-phase model for gait recognition using a 21-layer CNN model. They 
used a frontal view of the CASIA-B dataset and attained improved results.   
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Materials and Methods: 
This paper proposed a new HGR technique based on feature extraction using a 3D-

CNN model. The technique comprises several stages. These stages include data collection, 
preprocessing, development of the 3D-CNN model, training the model, and testing the 
model. The method can be seen in Figure 1, while the upcoming sections explain the 
methodology in detail. 

 
Figure 1. Proposed 3D-CNN Model Architecture for HGR 

Dataset Collection: 
The CASIA dataset for gait analysis was employed in this work.  This dataset 

comprises multi-view video recordings of human silhouettes. The CASIA-C dataset makes 
use of infrared sequences and was acquired in a real-world, outdoor climate [2]. The dataset 
contains walking patterns of 153 people, with variations that include normal walking, slow 
walking, fast walking, and normal walking while carrying a bag. The overall visualization of 
the videos is 25fps with a resolution of 352x240. In the gait analysis, the silhouettes of 
bodies are utilized. In order to retrieve the sequences, a class for the dataset was designed. It 
automatically inserts the necessary temporal stride into every recorded video instance. The 
lengths of segments in this case can differ; hence, the positions of frames will change based 

on the lengths of recorded videos. Each sequence 𝑆𝑖 for subject 𝑖 consists of a set of frames: 

𝑆𝑖 = [𝐹1, 𝐹2, … , 𝐹𝑇𝑖
] 𝐹𝑖  ∈  R𝐻×𝑊 (1) 

where 𝑆𝑖denotes the gait sequence corresponding to the 𝑖thsubject, 𝐹𝑡represents the 

silhouette frame captured at time step 𝑡, 𝑇𝑖denotes the total number of frames in the 

sequence, and 𝐻and 𝑊represent the height and width of each silhouette frame, respectively. 
Preprocessing of Input Data: 

To achieve better performance, preprocessing has been carried out. To ensure 
consistency, a clip length and a temporal stride are used before giving frames to the 3D-
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CNN model. The length is denoted as 𝐿, and a temporal stride is denoted as 𝑠. The selection 
of frames is as follows:  

𝑆𝑖
′ = [𝐹1, 𝐹1+𝑠, 𝐹2+𝑠 … , 𝐹1+(𝐿−1)𝑠] (2) 

where 𝑆𝑖
′ denotes the preprocessed gait sequence, 𝐿 is the fixed clip length, 

𝑠 represents the temporal stride used for frame sampling, and 𝐹1+(𝐿−1)𝑠denotes the last 

sampled frame in the selected sequence. 

To stabilize the input frames, the last frame of the sequence, denoted as 𝐹𝑇𝑖
,  is 

extended by adding redundancy with respect to the frame in the sequence if 𝑇𝑖 < 𝐿. In case 

𝑇𝑖 > 𝐿, the sequence will be trimmed to a length of L. 
To enhance the generalizing ability of the 3D-CNN model and avoid the overfitting 

issue, several augmentation techniques have also been adopted with respect to the input 
frames. 
Random Horizontal Flipping: 

In the input data, each frame has a 50% chance of being flipped along the horizontal 
axis. The horizontal flip can be mathematically given:  

𝐹𝑗
𝑓𝑙𝑖𝑝(𝑥, 𝑦) = 𝐹𝑗(𝐻 − 𝑥 − 1, 𝑦), 𝑥 ∈ [0, H − 1], 𝑦 ∈ [0, W − 1] (3) 

Where 𝐹𝑗
𝑓𝑙𝑖𝑝

 denotes the horizontal flip for an input frame 𝐹𝑗 . 𝑥 and 𝑦represent the 

horizontal and vertical pixel coordinates, respectively, while 𝐻and 𝑊denote the image height 
and width. 

This augmentation helps the model learn left-right invariance, which is particularly 
important in gait recognition, as a person may walk with similar patterns from either side. 
Random Rotation: 

During this phase, all the frames ⁠ 𝐹𝑗 undergo random rotations of 𝜃, where 𝜃 is 

sampled from a uniform distribution. The advantage of this augmentation is that it helps the 
model to become more robust against factors like slight changes in the viewing conditions, 
as well as the position change of the object being observed. 

𝜃 ∼ μ = −100, 100  (4) 

where 𝜃 denotes the randomly selected rotation angle sampled from a uniform 

distribution within the range [−100, 100]. 
While the rotated frames can be given as follows:  

𝐹𝑗
𝑟𝑜𝑡 = 𝑅𝜃(𝐹𝑗)  (5) 

where 𝐹𝑗
𝑟𝑜𝑡represents the rotated image, 𝑅𝜃(⋅)denotes the rotation operator with 

angle 𝜃, and 𝐹𝑗represents the original input frame. 

Random Resized Cropping: 
The input images go through random resizing and cropping procedures. The scaling 

can be calculated in the following way:  

𝑠𝑟 ∼ 𝑈(0.9,1.1)  (6) 
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where 𝑠𝑟denotes the randomly selected image scaling factor sampled from the 

uniform distribution 𝑈(0.9,1.1). 

After that, the frames are restored to 𝐻 × 𝑊 size. This helps the network give 
importance to local features and become unaffected by minimal spatial changes. 
Data Normalization: 

Lastly, for training process stabilization, the pixel values are transformed into a zero-
mean and unit-variance as computed below: 

𝐹𝑗
′ =

𝐹𝑗−μ

σ
, μ=0.5, σ=0.5 (7) 

where 𝐹𝑗
′ denotes the normalized image, 𝐹𝑗  represents the original input image, and 

𝜇 and 𝜎 denote the mean and standard deviation used for normalization, respectively. 
Normalization is performed to keep the values in the same range and hence make 

sure that the gradients support the training process. The application of the augmentations 
makes it possible for the neural network to learn the spatiotemporal features that come from 
the movement of the limbs. 
Model Architecture: 

After input data preprocessing, the architecture of a 3D-CNN was developed to 
extract spatio-temporal characteristics from the data. The architecture consisted of several 
3D convolutional layers with ReLU activation and batch normalization so that hierarchical 
spatiotemporal features are captured. 

The proposed 3D-CNN accepts an input tensor of shape (𝐶, 𝑇, 𝐻, 𝑊), where 𝐶 

denotes input channels. While the 𝑇 denotes the temporal frames, 𝐻 is the height, and W is 
the width of the input data, respectively. This representation enables the network to learn 
spatio-temporal gait information from silhouette sequences. The 3D-CNN consists of four 
convolutional blocks followed by a classification head. 

Block-1 comprises a 3D convolutional layer with 1 input channel and 64 output 
channels, using a kernel size of 3 × 3 × 3, a stride of 1, and a padding of 1. This layer is 
followed by BatchNorm3D, a ReLU activation function, and a MaxPool3D layer. The 
output feature map generated by this block has dimensions of 64 × 20 × 56 × 56. 

The second convolutional block expands the feature channels from 64 to 128 using a 
3D convolutional layer with the same kernel size, stride, and padding configuration. 
BatchNorm3D, ReLU activation, and a MaxPool3D layer with a kernel size of 2 × 2 × 2 are 
subsequently applied. The resulting output feature map is 128 × 10 × 28 × 28. 

Block-3 contains two consecutive 3D convolutional layers. The first convolutional 
layer increases the feature channels from 128 to 256, while the second maintains 256 output 
channels. Each convolutional layer is followed by BatchNorm3D and ReLU activation, and 
the block concludes with a MaxPool3D layer of size 2 × 2 × 2. The output of this block is a 
feature map of size 256 × 5 × 14 × 14. 
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The final feature extraction stage, Block-4, also consists of two consecutive 3D 
convolutional layers. The first layer increases the number of channels from 256 to 512, 
whereas the second preserves the 512-channel representation. Similar to the previous blocks, 
each convolution is followed by BatchNorm3D and ReLU activation, and a MaxPool3D 
layer with a kernel size of 2 × 2 × 2 is applied at the end of the block. This block produces 
an output feature map of size 512 × 2 × 7 × 7. 

After feature extraction, the output is forwarded to the classification head. An 
AdaptiveAvgPool3D layer first reduces the feature map to a dimension of 512 × 1 × 1 × 1. 
The pooled output is then converted into a 512-dimensional feature vector using a Flatten 
layer. The feature vector is passed through a fully connected layer, followed by a ReLU 
activation function and a Dropout layer with a rate of 0.5. Finally, a second fully connected 
layer and a Softmax activation function generate the class probabilities for subject 
recognition. The complete architecture of the proposed 3D-CNN model is illustrated in 
Figure 2. 

 
Figure 2. 3D-CNN Model Layer-wise Architecture 

Rationale for Selecting the Proposed 3D-CNN Architecture: 
The architecture of the suggested 3D-CNN was established to ensure an optimal 

balance between discriminative spatiotemporal feature learning and performance efficiency. 
Four convolutional blocks were utilized for gradually learning hierarchical gait 
representations, where the earlier layers are responsible for obtaining low-level spatial and 
motion representations, while the deeper layers help in deriving more discriminative 
semantic gait features. In recent works, it was shown that hierarchical 3D convolutional 
architectures efficiently model spatial patterns and temporal dynamics, which makes them 
adequate for gait recognition tasks under difficult covariate conditions such as various 
viewpoints, clothing-free, and carrying conditions. 
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The kernel size of 3×3×3 was applied in all the convolutional layers because it 
represents a good balance between local feature extraction and computational complexity. 
Prior studies proved that small cubic kernels keep fine spatial data while capturing temporal 
motion information over the sequential frames, resulting in enhanced efficiency of learning 
and better generalization in comparison to larger convolutional kernels [11]. 

The number of feature channels grew from 64 to 512 through the four convolutional 
blocks so that the network can learn more complex gait representations while keeping the 
optimization process effective. Batch normalization was implemented after each 
convolutional block since it assures stabilization of feature distributions, ensures a good 
speed of convergence, and reduces the internal covariate shift process. The ReLU activation 
function was selected because of its simplicity and the ability to minimize the vanishing 
gradient problem related to deep convolutional networks. 

Finally, a dropout rate of 0.5 was used before the final classification stage to prevent 
overfitting. This number has been widely used in recent gait recognition and computer 
vision models since it provides a good balance between the regularization of the model and 
the effectiveness of feature extraction from data [13].  
Model Training and Evaluation: 

The training and validation sets were created from the split of the data into equal 
parts of 70:30, thus representing all categories. The training process was undertaken with the 
help of the categorical cross-entropy function utilized for multi-class classifications. For any 

input sequence 𝑆𝑖, the classification based on the probability distribution among the K 
classes can be done as follows: 

𝑦𝑖
′ = 𝑆𝑜𝑓𝑡𝑚𝑎𝑥(𝑧𝑖), 𝑦𝑘

′ =
exp (𝑧𝑖,𝑘)

∑ (𝑧𝑖,𝑗)𝐾
𝑗=1

   (8) 

where 𝑦𝑖
′ denotes the predicted probability distribution, 𝑧𝑖represents the output 

logits of the network before the Softmax function, 𝐾is the total number of gait classes, and 

𝑦𝑖,𝑘
′ 

denotes the predicted probability for the 𝑘th class. 

where the unprocessed logit is denoted by 𝑧𝑖 for class k. The actual label is used in 

the one-hot encoding scheme as 𝑦𝑖. The cross-entropy loss is defined as: 

𝐿𝑖 =  ∑ 𝑦𝑖,𝑘
𝐾
𝑘=1 .log(𝑦𝑖

′, 𝑘) (9) 

where 𝐿𝑖  denotes the cross-entropy loss for the 𝑖thtraining sample, 𝑦𝑖,𝑘 represents the 

ground-truth label encoded using a one-hot representation, and 𝑦𝑖,𝑘
′ 

denotes the predicted 

probability corresponding to class 𝑘. 

While 𝑁 samples based batch size can be defined as: 

𝐿 = −
1

𝑁
∑ ∑ 𝑦𝑖,𝑘. log(𝑦𝑖

′, 𝑘)𝐾
𝑘=1

𝑁
𝑖=1  (10) 

where 𝐿denotes the average cross-entropy loss over a mini-batch containing 

𝑁training samples, 𝑦𝑖,𝑘represents the ground-truth label, and 𝑦𝑖,𝑘
′ 

denotes the predicted 

probability for class 𝑘. 
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In case the model predicts the correct class with less probability, it incurs a penalty in 
the loss function. As such, the loss function pushes the model to predict higher probabilities 
for the appropriate label of the given class. The model was trained with the Adam optimizer 
with a batch size of 4, a learning rate of 0.0001 over 100, 150, and 200 epochs. For every 
epoch, some evaluation parameters were recorded, such as training loss, training accuracy, 
and validation accuracy. 
The detailed algorithm is given below: 

 
In Algorithm 1, 𝑆 denotes the set of input gait silhouette sequences, while 

𝑆𝑖 represents the 𝑖th gait sequence. The symbols 𝐿 and 𝑠denote the clip length and temporal 
stride, respectively. The preprocessing and data augmentation operations are represented by 

𝒫(⋅) and 𝒜(⋅), respectively. The notation CB𝑖denotes the 𝑖thconvolutional block of the 

proposed 3D-CNN architecture, whereas AAP, FC, Drop, and CE denote the Adaptive 
Average Pooling layer, fully connected layer, dropout operation, and categorical cross-

entropy loss function, respectively. The trainable network parameters are represented by 𝜃, 

and 𝐶̂ denotes the predicted subject class generated by the proposed framework. 
Hyperparameter Optimization and Experimental Settings: 

The hyperparameters of the proposed 3D-CNN model were determined by 
examining different training setups and analyzing the convergence pattern on the validation 
dataset. Several sets of initial trials were carried out with different learning rates, batch sizes, 
and dropout rates to find a valid training configuration. Lastly, with regard to the results 
gained from monitoring the convergence and the validation results, the learning rate of 
0.0001, batch size of 4, and dropout rate of 0.5 were chosen as they guaranteed stable 
optimization and low overfitting. The Adam optimizer was chosen due to its adaptability to 
the learning process and quick convergence during training of deep networks. 
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To achieve reproducibility of the experiments, all experiments were conducted under 
the same random seed, ensuring repeatability of the experiment results in the same 
computational environment. 

The CASIA-C dataset was divided into 70% for training and 30% for validation 
while keeping the proportion of the classes the same in every gait type. The training process 
was carried out during 100, 150, and 200 epochs.  
Results and Discussion:  
This section explains the results achieved by using a 3D-CNN-based HGR by employing the 
gait dataset CASIA-C.  
Experimental Setup: 

To evaluate the performance of the proposed model, several performance metrics 
were employed, including training accuracy and validation accuracy to assess classification 
performance. In addition, the loss was monitored throughout the training process to 
evaluate the convergence behavior of the network. After training, training and validation 
curves were plotted to visualize the learning progression and verify stable model 
convergence. All experiments were conducted using the Anaconda Jupyter Notebook 
environment on a personal computer equipped with 32 GB RAM, a 1.5 TB SSD, an Intel 
Core i5 12th Generation processor, and an NVIDIA RTX 2060 Super GPU with 8 GB 
memory. 
Achieved 3D-CNN Method Results on CASIA-C: 

To evaluate the effectiveness of the proposed 3D-CNN-based HGR method, three 
experiments were conducted by setting the training epochs to 100, 150, and 200. The model 
performance was evaluated using loss, training accuracy, and validation accuracy. 

With 100 training epochs, the proposed HGR model achieved a loss of 0.3513, a 
training accuracy of 90.19%, and a validation accuracy of 95.87%. Increasing the number of 
training epochs to 150 improved the model performance, resulting in a loss of 0.1843, a 
training accuracy of 94.49%, and a validation accuracy of 98.48%. When the number of 
training epochs further increased to 200, the model obtained a loss of 0.1171, a training 
accuracy of 95.89%, and a validation accuracy of 96.52%. These results indicate that the best 
validation accuracy was achieved at 150 training epochs, whereas further increasing the 
number of epochs reduced the validation performance despite continued improvements in 
training accuracy and loss, suggesting the onset of overfitting. The quantitative results of all 
three experiments are presented in Table 1. 

Table 1. 3D-CNN Method Results using CASIA-C 

No. of Epochs Loss Training Accuracy Validation Accuracy 

100 0.3513 90.19 95.87 

150 0.1843 94.49 98.48 

200 0.1171 95.89 96.52 
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The results indicate that the trend of improvement in results is also observed in the 
case of an increase in epochs to 150 from 100. The maximum accuracy achieved is 98.48% 
for 150 epochs. On the other hand, the accuracy drops to 96.52% when the number of 
epochs is set to 200. This also indicates that there is still a minor decrease in loss from 
0.1843 to 0.1171. Such behavior of the model indicates that it is not always necessary to 
achieve good results when the loss decreases. 

The final results such as macro precision, macro recall, and macro F1-Score were 
also computed using 150 epochs and obtained values were 98.22%, 97.60%, and 97.53%, 
respectively.  

In order to test the strength and reliability of the proposed 3D-CNN model, 
experiments were conducted three times. Two experiments involved different random initial 
conditions, while the third made use of a constant random seed (42) to repeat the 
experiment. The model produced accuracies of 98.48%, 98.04%, and 97.61%, leading to an 
average accuracy of 98.04% with a standard deviation of 0.44%. The small variance between 
the three experiments indicates the reliability of the proposed model. 
The training curves are also given in Figure 3 for 100 epochs.  

 
Figure 3. 3D-CNN Method curves by setting 100 epochs 

The training curves are also given in Figure 4 for 150 epochs using the proposed 3D-CNN 
Method. 
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Figure 4. 3D-CNN Method curves by setting 150 epochs 

The 3D-CNN method’s training curves for 200 epochs are illustrated in Figure 5. 

 
Figure 5. 3D-CNN Method curves by setting 200 epochs 

HGR method based on utilizing spatiotemporal characteristics called the Gait 
Optical Flow Network (GOFN) is introduced by the authors [22]. They presented a multi-
scale Inherent Feature Pyramid to fuse the features and used the CASIA-C database to test 
the method. The processing results yielded 67.90% accuracy. In another method, the authors 
of [28] proposed a gait recognition method named LGSD, which increased feature similarity 
with the use of Pairwise Similarity Network (PSN). By employing the CASIA-C database as 
well, their results were less effective, obtaining only 64.40% accuracy. 

In [29], the author introduced an HGR method using a CNN model. They tested 
their model on CASIA-C and attained 92.79% accuracy, 87.33% precision, 93.23% recall, 
and 90.18% F1-score, respectively. In [30], the authors used a new few-shot learning ANIL 
algorithm.  They used a meta-training and meta-testing phase and attained an accuracy of 
90.96% on CASIA-C.  

The proposed 3D-CNN gait recognition method is also evaluated using CASIA-C. 
The method attained 98.48% accuracy, which is better than the recent gait recognition 
method, as shown in Table 2. 
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Table 2. Proposed 3D-CNN Method Comparison with Recent Methods on CASIA-C 

Ref Technique 
Accuracy 

(%) 
Precision 

(%) 
Recall 

(%) 
F1-

Score 
Subjects 

[31] GOFI 67.90 - - - 100 

[28] LGSD 64.40 - - - 100 

[29] CNN Model 92.79 87.33 93.23 90.18 153 

[30] ANIL Algorithm 90.96% - - - Not-specified 

3D-CNN Method (Proposed) 98.04 ± 0.44 98.22% 97.60 97.53% 153 

Computational Complexity and Deployment Considerations: 
The performance of the proposed 3D-CNN model was evaluated in terms of model 

complexity, memory requirements, training time, and inference latency. The model consists 
of 13,669,785 adjustable parameters, which implies a model size of about 52.15 MB, so it can 
be used on systems equipped with modern GPUs. 

The training process lasted about 14,270.89 s (3.96 hours) on the respective 
hardware. The training process is computationally intensive due to 3D convolutional 
operations, though it is carried out offline, which does not hinder the capability of real-time 
applications. The model allowed achieving the average latency of 17.68 ms per gait sequence 
during inference. 

As compared to gait recognition models based on transformers and graph 
convolutional approaches, which rely on attention mechanisms and graph operations, the 
proposed architecture is based on a simple hierarchical 3D convolutional structure. So, it is 
less complex from the architectural point of view while being equally efficient in terms of 
recognition capability. 
Limitations of the Proposed 3D-CNN Model: 

The proposed framework has a lot of potential when it comes to performance in 
recognition; however, it has numerous limitations, which it is important to discuss.  
The first issue is that the suggested model has been evaluated on one dataset, CASIA-C, 
while still providing a variety of walking situations, including normal walking, slow walking, 
fast walking, and carrying a bag. Due to this fact, the ability of the model to generalize across 
different datasets was not explored. Therefore, the effectiveness of the model on benchmark 
datasets, such as CASIA-B, OU-MVLP, Gait3D, or GREW was not evaluated. 

There is one more problem. Although the framework has demonstrated outstanding 
results based on the walking conditions present in the dataset, it has not been tested enough 
to find out how well it handles a large variety of viewpoints, significant changes in clothing, 
and strict occlusions. All these factors can change the way gait silhouettes look, thus leading 
to a decrease in recognition ability in non-structured conditions. 

Moreover, the proposed framework has been created and assessed based on the pre-
processed silhouette sequences, which made the performance of the model dependent on 
the extraction of silhouettes and the quality of silhouettes taken from the source.  
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Discussion: 
The findings from the experiments show that the 3D-CNN model could extract 

distinct gait features from silhouette sequences. Unlike standard 2D networks, which process 
each image independently, the proposed model carries out spatial and temporal feature 
extraction through the application of 3D convolutions. This allows the model to better 
capture walking patterns, thus improving its performance. 

The experiments on training conducted over 100, 150, and 200 epochs suggest some 
interesting patterns in the learning process of the proposed 3D-CNN model. The increase in 
the number of epochs from 100 to 150 had a dramatic effect on the recognition accuracy of 
the model, which reached 98.48% from 95.87%, and training loss decreased 
correspondingly. This effect shows that with more training iterations, the network is able to 
bring its generalized learning process to a new level. The further increase in the number of 
epochs to 200 showed a slight drop in the validation accuracy, although there was still a drop 
in training loss. This indicates that the model started overfitting the training data, though it 
was particularly effective in remembering the training samples, thus losing its ability to 
generalize the gait information. Hence, the results of the experiments show that the number 
of epochs equal to 150 is indeed the balance between an effective learning process and 
generalization. 

The preprocessing approach applied before using the proposed method plays a 
significant role in its success as well. Utilization of fixed-size silhouette sequences causes the 
system to properly process walking cycles in a consistent way, while stride duration selection 
ensures that the flow of motion is preserved within the sequence of recorded frames. This 
means that various techniques of data augmentation are used in order to evaluate the system 
in different variations during the training process, such as rotation, cropping, and flipping. 
Such techniques make the learned capabilities more robust and help avoid the overfitting 
problem that can lead to poor performance of the system on unseen data. 

In this regard, the architectural design is made in a way of providing its four-level 
hierarchical structure that helps extract the first simple motion structures at earlier stages 
while more sophisticated movements are being recognized later on. The role of batch 
normalization is to stabilize the training process, while the dropout process at the 
classification layer makes the whole system more universal due to an enhanced ability to look 
less for certain neurons. 

The proposed framework is highly effective relative to the current gait recognition 
methods. Despite the fact that many modern approaches increase recognition capability 
through the utilization of some means of attention, such as graph convolutional networks, 
transformer structures, or multi-stream feature fusion. These mechanisms also add 
complexity, while the proposed 3D-CNN utilizes a simple end-to-end architecture that 
learns hierarchical spatiotemporal gait representations directly from silhouette images. This 
requires neither handcrafted feature extraction nor additional feature fusion modules. 
Through the arrangement of four convolutional blocks, the proposed temporal models 
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facilitate the gradual accumulation of both low-level motion cues and higher-level gait 
semantics. 
Conclusion: 

The HGR technique works based on the ability to identify and authenticate an 
individual based on the movement of the individual. This paper introduces a novel gait 
recognition method that utilizes the 3D-CNN model. The proposed method utilizes 
silhouette frames from the human body for identification purposes. To assess the model's 
effectiveness, the CASIA-C dataset has been used for subject-level identification, whereby an  
accuracy of about 98.48% has been achieved, making the new approach more successful in 
comparison to other gait recognition methods. 

Future work will involve testing the 3D-CNN model on other benchmark gait 
datasets, including CASIA-B, OU-MVLP, Gait3D, and GREW. This will aim to evaluate the 
3D-CNN model’s ability to cross datasets thoroughly. The model will be tested on various 
datasets with a range of view angles, clothing conditions, and environmental conditions to 
deliver a complete evaluation of the robustness of the proposed system. Moreover, future 
research will focus on investigating how the proposed system can perform in cross-dataset 
recognition, where the model will be learned during training on one dataset and then tested 
on another to evaluate its ability to adapt to unknown data distributions.  
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