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Abstract

Gait, an individual’s unique walking style, serves as an ef-
fective biometric tool for surveillance. Unlike fingerprints or iris
scans, gait is observable from a distance without the subject’s
awareness, making it ideal for security applications. CNNs strug-
gle with video variability, affecting gait recognition. This study
introduces GaitDeep, a spatial-temporal refinement using a deep
dense network. It integrates attention-enhanced spatial extrac-
tion with a two-directional LSTM-based temporal module to pri-
oritize key segments. Evaluated on the OU-ISIR, OU-MVLP,
and CASIA-B datasets, GaitDeep achieves accuracies of 95.1%,
0.96%, and 98.10%, respectively, outperforming state-of-the-art
methods and establishing a new benchmark for gait recognition.
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1 Introduction

Gait recognition is a widely studied biometric method used to iden-
tify individuals based on their distinct walking patterns [1]. Unlike
physiological biometrics like facial recognition [2], iris scans [3], DNA,
or fingerprints, gait recognition has the benefit of allowing identifi-
cation from a distance and is harder to conceal [4]. As a result, it
has promising applications in various fields, such as forensic analysis,
surveillance [5] [6], and criminal investigations, particularly when us-
ing security camera footage [7]. Gait, recognized as a unique biometric
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trait visible from a distance without the need for subject cooperation,
has garnered significant attention. Using videos captured from low-
resolution cameras is highly practical in vision-based methods, distin-
guishing gait recognition from other biometric approaches in terms of
feasibility under such conditions. This characteristic has enabled gait
recognition to be effectively applied in real-time settings. In contrast
to facial features, gait is more resistant to imitation and concealment,
making it a more reliable form of biometric identification. Gait analysis
can be difficult because of factors such as changes in clothing, carrying
conditions, walking surfaces, footwear, disabilities, injuries, and vary-
ing viewpoints [8] [9] [10] [11]. One of the most significant influences on
a person’s gait is the alteration in their walk due to changes in cloth-
ing [12]. Deep learning techniques have found applications in a variety
of fields, including transportation systems, cloud infrastructures, and
particularly in robotics.

This paper introduces a novel spatial-temporal refinement using
deep dense network termed GaitDeep aimed at improving gait identi-
fication and detection. The proposed framework enhances the feature
extraction capabilities of CNNs in video frames, boosting their abil-
ity to learn both spatial and temporal features more effectively across
different levels of data. Unlike traditional convolutions, which are lim-
ited to local receptive fields, this method captures temporal attention
by learning distinct frame-wise parameters using global visual inputs.
Additionally, a channel and spatial attention network is designed to
handle variations across different gait representation channels in CNNs.
By combining frame-level attention with channel-spatial attention, the
model’s feature representation power is strengthened. Integrating spa-
tial and temporal attention enables the model to better understand
complex relationships within the data, which is particularly beneficial
for video analysis, where spatial regions change dynamically over time.

The structure of the paper is as follows: Section 2 provides a review
of existing gait recognition methods. Section 3 explains the detailed
mechanism of the proposed GaitDeep. Section 4 presents the exper-
imental results, showcasing the effectiveness of the proposed method.
Finally, Section 5 concludes the paper.
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2 Literature Review

Conventional gait recognition techniques depend on a two-stage pro-
cess: first, carefully handcrafting features that represent gait charac-
teristics, followed by classification using traditional machine learning
models such as k-nearest neighbors (k-NN) [13] [14] [15] [16] [17] or sup-
port vector machines (SVM) [18] [19] [20] [21] [22] [17]. Nonetheless,
the advent of deep learning has transformed the field, allowing models
to automatically grasp incredibly discriminative features straight off
from unprocessed gait information. This shift has resulted in a more
efficient and potent recognition process.

2.1 Human-designed strategies

Gait recognition employs two popular body representations: silhouette
and skeleton. Silhouettes provide a simple and computationally effi-
cient technique to define body shape. As one of the most commonly
employed representations in current research, they promote recogni-
tion solutions to concentrate on gait dynamics rather than clothing or
other non-gait components, making the work easier for classifiers [23].
Skeleton-based representations analyze body joint relationships, offer-
ing both static and dynamic data [24] |25]. Skeletal techniques are
more resistant to changes in viewpoint and clothing than silhouettes,
because the pose estimation procedure concentrates on detecting body
joints that are less affected by occlusion [26]. However, using a posture
estimator increases the computational complexity of the recognition
system [27] [28] [29] [30], which represents a trade-off.

Following the process of separating individuals from their surround-
ings, distinguishing characteristics are derived from the segmented
walking individuals. Model-based features and model-free character-
istics are the two primary categories of gait features.

2.1.1 Model-based Methods

The goal of model-based feature representation is to create a model
of the human body from which features are retrieved. Model-based
techniques track and model body parts, such as limbs, legs, arms, and
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thighs, to generate a range of static or dynamic body characteristics.
These model parameters are used to generate gait features, which are
used to identify and recognize a person [31] [32]. Model-based ap-
proaches are view-invariant and scale-independent. Given that refer-
ence sequences and test sequences are rarely collected from the same
angle, these benefits are crucial for real-world applications [33]. How-
ever, the quality of the video is important in model-based methods [34].
Model-based methods are susceptible to the caliber of gait patterns.
Thus, to attain a high accuracy, good quality gait image sequences
are needed. Another drawback of the model-based approach is the
extensive computation and relatively high time costs associated with
parameter calculations.

The first model-based feature representation method is found in
BenAbdelkader et al. [35], who used unique structural stride charac-
teristics to represent the human body. Two metrics — the stride length
in meters and the cadence, or steps per minute — are calculated from
the gait video in order to identify individual users. The majority of
model-based techniques for feature representation seek to emulate the
entire human body. Yoo et al. |36], for instance, used 2D stick figures
that were created by joining the nine body points that were taken out
of the gait to depict the human body. The human body was further
broken down into many components by Boulgouris et al. [37], who fo-
cused on the significance of each part’s contribution to the recognition
rate. Model-based feature representation techniques usually employ
joint angles or lengths on the human body to recognize gait after mod-
eling the entire body. For instance, Bobick and Johnson [38] used four
distances to model the human body: head to pelvis, foot to pelvis,
left foot to right foot, and head to foot. The human body was split
into 14 components by Liang et al. [39], and joint angle trajectories
in each portion were utilized to identify individuals. Procrustes shape
analysis was also combined in order to increase recognition rate. Joint
angles were used by Tanawongsuwan and Bobick [40] to represent the
human body. Simultaneously, some efforts were concentrated on the
leg model because human legs are crucial for gait identification. As
an illustration, Yam et al. [41] modelled human legs and utilized them
to examine running and walking. Running was recognized at a higher
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rate in this work. Human legs were also portrayed by Dockstader et
al. [42], who depicted legs as numerous thick lines coming together at
one place. Additionally, Cunado et al. [43] extracted characteristics
from movements and legs using the Velocity Hough transform (VHT).
Teepe et al. [44] take Graph Convolutional Network to extract gait
features from skeletons.

2.1.2 Model-Free Methods

Instead of modeling the entire human body or any particular element
of it, model-free approaches concentrate on the shapes of silhouettes
or the entire motion of human bodies. When it comes to computing
expenses, model-free procedures are less expensive than model-based
approaches and are not affected by the quality of the silhouettes. They
typically, however, are not resistant to scale and views. The silhouettes
themselves are used as features in the baseline technique put out by
Sarkar et al. [45], and they are first scaled and aligned. Bobick and
Davis [46] suggest using the motion-energy image (MEI) and motion-
history image (MHI) to transform the temporal sequence of silhouettes
into a 2D signal template, even if the baseline approach uses a sequence
of gait silhouettes as the gait signature. Using the concept of MEI,
Han and Bhanu [47] present the Gait Energy Image (GEI), which is
displayed in Fig. |1} enabling individual recognition.

L~

& A

Figure 1. Two distinct walking sequences’ normalized and aligned sil-
houettes with the matching GEI on the rightmost image [1]

By averaging pictures of a gait cycle, GEI is relatively resistant to noise.
But the dynamic change between consecutive frames is gone. The Gait

192



Gait Recognition: The GaitDeep Framework . ..

History Image (GHI) was created by Liu and Zheng [48] in order to pre-
serve both temporal and spatial information. Chen et al. [49] provide
the frame difference energy image (FDEI) as a solution to the silhou-
ette incompleteness issue. Liu et al. [50] evaluate silhouette sequence
quality in order to calculate each GEI’s contribution to classification
based on GEI quality. The wavelet decomposition of GEI is applied to
infrared gait recognition by Xue et al. [51]. Holding a ball and load-
ing packages are strong variables for the infrared gait sequences. The
breadth of a silhouette’s outer contour is used by Kale et al. [52] to
encode the information contained in silhouettes.

2.2 Deep learning approaches

A particular area of data science termed ”deep learning” is concerned
with developing techniques that can learn from data [53]. Deep learn-
ing techniques offer new insights into difficult covariate environments
and effectively accomplish a range of classification work. Several note-
worthy works have resulted from the exploration of various network
designs [54]. The following is a description of the most popular deep
learning methods in literature.

Convolutional Neural Networks (CNNs) in Deep Learning: CNNs
are often used for processing gait data by organizing it as a 3D volume,
achieved by stacking gait frames. To extract spatiotemporal features,
convolution and pooling operations with 3D kernels are applied [55].
Architectures like the 3D Local Network, introduced by Huang et
al. [56], are designed to efficiently capture crucial spatiotemporal in-
formation, leading to high performance in gait recognition tasks.

Recurrent Neural Networks (RNNs): RNNs excel at identifying
temporal patterns, making them well-suited for tasks involving gait
analysis. These networks can model relationships between body parts
over time, capturing recurring patterns within a gait cycle or temporal
dependencies in joint positions. Examples of their application include
learning spatial relations between body parts based on a reference tem-
plate or modeling the temporal progression of joint [57], [58].

Deep Autoencoders (DAe): DAe utilize an encoder-decoder archi-
tecture to learn compressed, latent representations of input data. In
gait recognition, DAe can be leveraged to uncover key features of gait
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patterns. For example, Song et al. [59] proposed a DAe that incorpo-
rates both convolutional and fully connected layers to extract robust
gait characteristics. In another approach, Li et al. [60] used a DAe
to differentiate between individual-specific and common gait features
from temporal sequences.

Hybrid Networks: This approach involves the combination of dif-
ferent neural network architectures to exploit the strengths of each, im-
proving overall gait recognition accuracy. For example, merging CNN
with RNN [61] or DAe with RNN [55] has shown promising results by
leveraging the capabilities of multiple network types.

The current state-of-the-art gait recognition methods show poten-
tial, but they often struggle to effectively extract discriminative peri-
odic motion features when confronted with real-world covariates, such
as variations in clothing, carrying conditions, and cross-view match-
ing 26| [27] [28] [29] [30] [33] [34]. To overcome these challenges, this
paper introduces a novel framework that blends time-based and spatial
variation blocks to enhance the learning of gait features. The proposed
architecture enables the model to focus on the most relevant spatial
regions and temporal frames in gait sequences, while repressing un-
necessary data. By prioritizing critical features, the approach targets
to significantly improve the model’s functionality and versatility for
practical uses.

3 Materials and Methods

The GaitDeep framework is designed to extract robust and highly dis-
criminative features from gait contours frames. As shown in Fig.
the process begins by feeding normalized contours frames from each
video sequence into the space-based refinement unit. This unit captures
both local and global spatial details within the gait contours. Following
this, the time-based refinement unit models the time-dependent behav-
ior and chronological order, improving the feature extraction procedure
even further. It assigns weights to prioritize the most significant frames
while maintaining the entire perspective of the gait sequence. A thor-
ough spatiotemporal depiction of the gait characteristics is guaranteed
by this method.
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Figure 2. GaitDeep framework

3.1 Acquisition of contours/silhouette

Contour or silhouette acquisition is a critical process in computer vi-
sion, specifically for applications like human motion analysis and gait
recognition. Silhouette acquisition involves four key steps. The process
begins with capturing the gait frame, which is an image or video frame
containing the subject in motion. Next, the background frame is ac-
quired, representing the static scene without the subject. Background
subtraction is then performed by subtracting the background frame
from the gait frame to isolate the moving subject and remove irrele-
vant background elements. Finally, the binary silhouette is generated,
providing a clean, noise-free representation of the subject’s shape. This
streamlined contour is vital for accurate feature extraction and analy-
sis. The process is depicted in Fig. [3] utilizing the popular CASIA B
gait dataset.

3.2 Space-Based Refinement

This block takes size-normalized silhouette frames as input to capture
the space-based relationships between features generated by the feature
encoder block, and it produces space-based attention feature vectors. It
consists of four convolutional layers, with an attention network placed
after each layer, as illustrated in Fig. [4f The attention unit plays a
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Ak

Figure 3. Silhouette acquisition: capturing the gait frame, acquiring
the background frame, background subtraction, and generating the bi-
nary silhouette

critical role in enhancing the transfer of relevant information from one
convolutional block to the next within the neural network. By uti-
lizing attention, the model emphasizes important features selectively,
ensuring that crucial information is effectively passed on to subsequent
layers.

This concentrated focus facilitates the recognition and representa-
tion of complex patterns in gait sequences. The attention unit enhances
the flow of information across the network, ensuring that the model fo-
cuses on the most relevant features. This focus allows the model to
better identify intricate patterns and relationships, with an emphasis
on key aspects crucial for accurate and dependable learning. The space-
based Refinement module, which includes convolutional layers and at-
tention mechanisms, successfully garners detailed space-based features
and subtle variations in gait that are vital for accurate detection. It
minimizes the impact of elements like shifting apparel or walking styles
while giving priority to important elements like limb movements and
body posture. Combining channel and space-based attention unit im-
proves the model’s ability to distinguish between classes and adjust to
fluctuations by better capturing local and global trends.

3.2.1 Deep Dense Network Configuration

The deep dense network includes a feature encoder block, which is
composed of four strata, each containing four underlying layers: a.
convolution layer; b. batch normalization layer; c. Leaky ReLU layer;
d. max-pooling layer. The convolutional layers utilize 16, 32, 64, and
124 filters in the respective layers. The filter sizes for convolution and
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Figure 4. Deep dense network with an integrated Attention Unit

pooling operations are configured as 3 x 3 and 2 X 2, respectively.
The following formulas, Egs. and , are used to compute the
size of the first layer or convolution output, if Iy stands for input
height, Ky for filter height, Iy for input width, Ky for filter width,
and S for stride. 3x3 convolutions efficiently capture spatial features
with minimal parameters . 2x2 max-pooling reduces dimensional-
ity while preserving key activations . Increasing the number of fil-
ters (16—124) progressively extracts complex hierarchical features [64].
LeakyReLU prevents dead neurons [65], while batch normalization sta-
bilizes training . The hyperparameter optimization process prior-
itizes configurations that demonstrate both superior model accuracy
and computational efficiency.

. (1)
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= [ty 2

The output size of the second layer, i.e., the max pooling, is deter-
mined using the following formulas (Egs. and (4)):

3)

Iy — P,
HQZ{HHJH,

Pg

W, — VW‘PWJ L1, (4)

where, Py is the height of the pooling kernel, Py is its corresponding
width, and Pg is the pooling stride. The input data undergoes high-
level feature extraction through the stacking of multiple convolutional
layers, which gradually refine its representation. Each convolutional
layer is followed by a max-pooling layer, which shrinks the dimensions
of the network and the number of parameters. The feature extraction
block uses a Leaky ReLU activation function to minimize the dimin-
ishing gradient issue and expedite convergence. Batch normalization
is applied after every convolutional layer as a robust regularization
method. It enhances training efficiency, minimizes internal covariate
shifts, and improves the network’s ability to generalize. Additionally,
it introduces a regularizing effect by normalizing feature distributions
layer by layer, standardizing them to a consistent range, and thereby
accelerating the training process.

3.2.2 Attention Unit

The approach integrates a channel-space-based attention unit into the
feature extraction sub-unit, refining prediction accuracy by prioritizing
important information while filtering out irrelevant details. This at-
tention mechanism works by selectively assigning weights to emphasize
useful features, enhancing model performance [67] [68]. Channel-spatial
attention dynamically enhances discriminative features [69]. Silhouette
frames are normalized and represented with feature maps characterized
by dimensions HxWxC (height, width, and channels). The channel
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attention module uses average and max pooling to extract global fea-
tures, which are processed through shared fully connected layers to
generate a channel attention map. This map is then multiplied by the
original feature map to produce an enhanced channel-wise representa-
tion. Simultaneously, the space-based attention unit highlights critical
spatial regions, ensuring the network focuses on the most relevant in-
formation. Together, these modules effectively improve the quality of
feature representation and optimize prediction outcomes.

Fig[] illustrates a deep dense network with an integrated Atten-
tion Unit. The network begins with an input feature map, which is
processed sequentially through four layers (Layer-1 to Layer-4). Each
Layer comprises a convolutional sublayer (SL_Conv) to extract fea-
tures, followed by a batch normalization sublayer (SL_BatchNorm)
to stabilize the output, a LeakyReLU sublayer activation function
(SL1_LReLU) to introduce non-linearity, and a max pooling sublayer
(SL_MaxPool) to reduce spatial dimensions while retaining essential in-
formation. At the end of each layer, the attention unit applies attention
mechanisms to enhance the feature map by prioritizing significant fea-
tures, ensuring the network focuses on the most relevant information.
The refined feature map is passed through successive layers, with the
final enhanced output sent for further processing or prediction. This
design ensures iterative refinement and improved feature representation
at every stage.

3.3 Time-based Refinement

The feature maps generated by the feature extraction network are flat-
tened into a spatial feature vector F' = |Vi,...,V;, ..., V|, which is
subsequently input into the temporal modulation block. This block
integrates a two-directional Long Short-Term Memory (T-LSTM) unit
with a temporal attention mechanism to enhance the modeling of tem-
poral relationships in sequential data. By processing data bidirection-
ally, the T-LSTM captures dependencies by considering both past and
future contexts for each time step. The temporal attention module
complements this by assigning attention weights to specific time steps
based on the gait silhouette frames. This mechanism allows the model
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to emphasize important temporal features while minimizing the influ-
ence of less critical ones. By calculating a weighted sum of the T-
LSTM outputs, the block produces a refined temporal representation
that combines the strengths of bidirectional processing and selective
attention. This design is highly effective for analyzing complex tempo-
ral patterns in sequential data, offering a comprehensive and focused
representation of gait sequences.

3.3.1 T-LSTM Unit

Two-directional Long Short-Term Memory networks, often referred to
as T-LSTM, combine two LSTM layers that process data in both for-
ward and backward directions [70] [71]. This dual-processing capability
enables the network to learn sequential information from each frame of
gait video data effectively. During training, this bidirectional approach
helps the network retain information from both past and future con-
texts. In this study, a deep framework of Bi-LSTM layers is constructed
and trained using extracted features. The model is configured with
three Bi-LSTM layers stacked sequentially, each incorporating dropout
mechanisms to prevent overfitting by deactivating certain neurons dur-
ing training. The LSTM layer resolves the vanishing gradient issue
using nonlinear gating units, such as input, forget, and output gates,
which control long-term sequence learning. In the T-LSTM unit, two
LSTMs operate in opposing directions: one processes the sequence for-
ward from the start, while the other moves backward from the end.
This two-directional setup integrates information from both past and
future contexts, enhancing the network’s understanding of temporal
dynamics.

3.3.2 Time-based attention unit

The Time-based attention unit is based on the idea that individual
frames within a sequence convey varying levels of information. While
a few frames contribute critical discriminative features, the majority
provide supportive contextual information. Frames representing key
phases, such as stance and swing, play a significant role in identifying
gait patterns across a complete cycle. To address this, the proposed
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temporal attention module assigns different levels of importance to
frames throughout the sequence. To evaluate the significance of each
output vector at time-step ‘¢’ from the T-LSTM network, a matrix M
of size S x N is generated. Here, S denotes the number of outputs from
the T-LSTM network, and N represents the size of each output. This
matrix M is fed into the temporal attention module for further pro-
cessing as depicted in Figfp] The matrix M is initially passed through
a fully connected (FC) layer, resulting in an S x K vector. To capture
the overall distribution of T-LSTM outputs at each time-step, average
pooling is applied to create an S x 1 vector, which is then replicated
K times to form an S x K matrix. This matrix undergoes additional
transformations using FC layers with ReLU activation, producing an
S x K4 vector followed by a refined S x K vector. This deep-layered
approach introduces greater nonlinearity, enabling the module to cap-
ture intricate relationships among T-LSTM outputs at each time-step.
By focusing on significant temporal features, the module summarizes
all T-LSTM outputs into a weighted sum given by Eq. :

S
Zws *Ys, (5)
s=1

where Y = {y1, 42, ...,ys}. Here, ws represents the weight assigned to
each time-step, reflecting the importance of the corresponding frame.
This attention mechanism enhances the ability to prioritize critical
frames while effectively incorporating information from all time-steps.

. x x x Fully |sxk|p i o
Median [S*'L . [SxK| CFully [SxKI4|p b ation Activation

A % eplicatio TGS L onnecte oni_,
Pooling Layer function Layer function

Figure 5. Time-based attention unit

Fully |s x|
onnected
Layer

Matrix M (S x N)
—

The LSTM’s architecture employs simple memory cell structures to
manage gate functionality, update the cell state, and compute hidden
states.
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3.4 Classification

The parameters of the network are optimized through the use of focal
loss and center loss, which work together to enhance classification tasks.
The focal loss is estimated using Eq. @, where p; is the predicted
probability for the true class, v is the focusing parameter, and « is a
balancing factor for class imbalance:

Focal Loss = —a(1 — p;)7 log(py). (6)

The center loss function is calculated using the Euclidean distance be-
tween each feature vector and the corresponding class center. Given N
classes, the class centers z, and feature vectors y, for each input, the
center loss is given by Eq. (7):

N
1 2
Center Loss = 5 g 1 llzg — yqll* (7)
q:

By combining cross-entropy loss and center loss, the extracted fea-
tures exhibit stronger intra-class similarity, inter-class variation, and
distinctiveness. This combination given by Eq. enhances feature
discrimination:

Total Loss Function = Focal Loss + Center Loss. (8)

4 Experiments

The experiments were conducted using Python 3.8, along with OpenCV
and Keras, utilizing the TensorFlow GPU backend to ensure process-
ing performance. The system used for the experiments was equipped
with an NVIDIA RTX 40 Series GPU with 8 GB of memory, an In-
tel i7 processor, and 32 GB of DDR3 RAM. This section presents an
evaluation of the proposed system using three well-known datasets:
OU-ISIR [72], OU-MVLP [73], and CASIA-B [74]. A detailed overview
of these datasets is provided below.
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4.1 Deployment

For computational efficiency, 64 x 44 is the set input dimension. Net-
work optimization is done with the Adamax optimizer. To indicate
the number of persons and sequences per person in each group, the
mini-group size for the CASTA-B dataset is set to (8,16), while for the
OU-MVLP dataset, it is set to (32, 16).

With respect to other hyperparameters, the model is trained at a
learning rate of 0.0001 for 300,000 iterations on the CASIA-B dataset
and 350, 000 iterations on the OU-MVLP dataset. The performance of
the recognition technique is evaluated using the Correct Classification
Rate (CCR), defined by Eq. (9):

Correct Classification Rate (CCR) = %, 9)

where C¢ denotes correctly identified samples and 7 is the total number
of samples.

4.2 Benchmark Techniques

To evaluate the effectiveness of GaitDeep, several experiments were
conducted comparing it with a range of reference methods, including
GEI+MGANS [75], PoseGait [32], PTSN [76], GEINet (73], ACL [61],
CNN-LB [9], GaitNet [77], Siamese [54], GaitSet [79], MvGGAN [80],
Re-Id [81], RPNet [82], Elharrouss [83], GaitGraph [44], GaitSlice [23],
PGOFT [84], GaitPart [85], LuGAN-HGC [86[,STTN [87], GRDDN |[8§]
Gait-ViT [89], BGaitR-Net [90], SMD-CCDN [91], GaitMPL [92], Gait-
TAKE [93], DyGait [94], and GaitHF [94].

4.3 Analyzing Performance with the OU-ISIR Dataset

GaitDeep is evaluated in comparison with the following established
approaches: GEI+MGANs [75], CNNs [9], Gait-ViT [89], BGaitR-
Net [90], and SMD-CCDN [91] on the OU-ISIR dataset. Gait-ViT [88]
shows moderate performance with an average accuracy of 50.7%, likely
due to difficulty handling view changes. BGaitR-Net [90] achieves
86.3% by capturing temporal information effectively. SMD-CCDN [91]
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reaches 81.4% using combined convolutional and attention mechanisms.
The performance comparison in Table [I| shows that GaitDeep achieves
the highest average accuracy of 95.1%, outperforming all other ap-
proaches, including GEI+MGANs (93.1%) and CNNs (92.7%). This
demonstrates the potency of our approach across varying gallery and
probing angle configurations.

Table 1. Comparison of various methods utilizing OU-ISIR dataset

Gallery 55° 65° 75° 85°

Average
Probe 65° | 75° | 85° | 55° | 75° | 85° | 55° | 65° | 85° | 55° | 65° | 75°
GEI+MGANS |75] | 99.0 | 96.1 | 77.9 | 97.7 | 98.5 | 84.4 | 94.8 | 98.9 | 86.4 | 86.9 | 97.4 | 99.5 93.1
CNNs [9] 98.3 | 96.0 | 80.5 | 96.3 | 97.3 | 83.3 | 94.2 | 97.8 | 85.1 | 90.0 | 96.0 | 98.4 92.7
Gait-ViT |89 62.5 | 49.8 | 43.9 | 63.1 | 52.3 | 45.0 | 40.7 | 56.9 | 47.2 | 44.8 | 59.0 | 57.1 50.7

BGaitR-Net |90 90.2 | 86.3 | 85.4 | 91.7 | 88.9 | 83.1 | 85.6 | 89.1 | 86.2 | 80.3 | 84.5 | 89.7 86.3
SMD-CCDN |91 88.1 | 79.0 | 74.5 | 85.3 | 84.7 | 77.0 | 80.2 | 83.5 | 81.7 | 78.4 | 82.0 | 87.5 81.4
GaitDeep 89.5 | 95.8 | 97.5 | 88.6 | 97.3 | 88.4 | 99.2 | 98.7 | 98.3 | 96.4 | 92.9 | 98.7 95.1

4.4 Analyzing Performance with the OU-MVLP Dataset

The GaitDeep is also tested on the OU-MVLP dataset, which includes
gait images from 10,307 individuals captured at 14 different view-
ing angles [48]. It is compared with the following baseline methods:
GaitSet |79], MvGGAN [80], Re-Id [81], RPNet [82] Elharrouss [83],
GaitMPL [92], GaitTAKE [93], DyGait [94], and GaitHF [95]. The
performance comparison across various angles shows that GaitDeep
achieves the highest mean accuracy of 0.96, outperforming all other
approaches, including Elharrouss (0.95) and Re-Id (0.92) (see Table[2).
This highlights the robustness and effectiveness of our approach in gait
recognition under diverse conditions.

4.5 Analyzing Performance with the CASIA B Dataset

Table [3] summarizes the performance results for the CASIA B dataset,
categorized into three walking conditions: NM (Normal Walking), BG
(Walking with a Bag), and CL (Walking in Different Clothing), each
assessed independently. The findings indicate that the GaitDeep sub-
stantially improves recognition rates, exceeding 95.3% across all ori-
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Table 2. Comparison of various methods utilizing OU-MVLP dataset
(2020-2025)

Method 0° 15° 30° 45° 60° 75° 90° | 180° | 195° | 210° | 225° | 240° | 255° | 270° | Mean
GaitSet |79] 0.79 | 0.87 | 0.89 | 0.90 | 0.88 | 0.88 | 0.87 | 0.81 | 0.86 | 0.89 | 0.89 | 0.872 | 0.87 | 0.86 | 0.87
MvGGAN [80] | 0.52 | 0.62 | 0.63 | 0.57 | 0.55 | 0.61 | 0.61 | 0.54 | 0.58 | 0.59 | 0.58 | 0.56 | 0.57 | 0.56 | 0.58
Re-1d [81] 0.90 | 0.89 | 0.93 | 0.95 | 0.95 | 0.95 | 0.95 | 0.86 | 0.90 | 0.95 | 0.95 | 0.93 | 0.94 | 0.94 | 0.92
RPNet |82 0.73 | 0.84 | 0.89 | 0.89 | 0.86 | 0.87 | 0.86 | 0.76 | 0.83 | 0.88 | 0.88 | 0.85 | 0.86 | 0.84 | 0.85

Elharrouss 83| | 0.93 | 0.95 | 0.95 | 0.97 | 0.98 | 0.97 | 0.98 | 0.92 | 0.94 | 0.95 | 0.95 | 0.97 | 0.97 | 0.98 | 0.95
GaitMPL (92 0.91 | 092 | 093 | 0.94 | 0.93 | 0.94 | 0.94 | 0.90 | 0.91 | 0.93 | 0.93 | 0.92 | 0.93 | 0.92 | 0.93
GaitTAKE (93] | 0.88 | 0.89 | 0.90 | 0.91 | 0.90 | 0.91 | 0.91 | 0.87 | 0.88 | 0.90 | 0.90 | 0.89 | 0.90 | 0.89 | 0.90

DyGait |94 0.95 | 0.96 | 0.96 | 0.97 | 0.96 | 0.97 | 0.97 | 0.94 | 0.95 | 0.96 | 0.96 | 0.95 | 0.96 | 0.95 | 0.96
GaitHF |95 0.83 | 0.85 | 0.86 | 0.87 | 0.86 | 0.87 | 0.87 | 0.82 | 0.84 | 0.86 | 0.86 | 0.85 | 0.86 | 0.85 | 0.86
GaitDeep 0.97 | 0.98 | 0.97 | 0.95 | 0.89 | 0.97 | 0.95 | 0.94 | 0.96 | 0.97 | 0.91 | 0.96 | 0.98 | 0.97 | 0.96

entations and reaching 98.1% under standard walking conditions. The
proposed method employs a single-branch structure, simplifying the ar-
chitecture by integrating temporal and spatial feature extraction into
a unified framework. Despite its straightforward design, the approach
adeptly captures temporal and spatial data simultaneously, offering an
efficient solution to feature extraction.

5 Conclusion

The proposed approach, GaitDeep, integrates spatial and temporal
modulation blocks to effectively capture intricate relationships within
gait videos. The spatial modulation block utilizes convolutional lay-
ers alongside attention mechanisms to refine spatial feature extraction.
Following this, the temporal modulation block employs recurrent lay-
ers and temporal attention to model the dynamic progression of these
features over time. This deep-dense layer structure enables the model
to learn hierarchical representations, seamlessly combining spatial and
temporal contexts for robust gait recognition. The method aims to
enhance feature learning by progressively incorporating spatial and
temporal details, resulting in more distinct representations. GaitDeep
outperforms other state-of-the-art algorithms in recognition accuracy,
as demonstrated by experiments conducted on three benchmark gait
datasets: OU-ISIR, OU-MVLP, and CASIA-B. The dual-attention de-
sign increases inference time by ~15ms compared to lightweight models
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Table 3. Rank-1 Accuracy in percent (%) for different probe angular
views utilizing CASTA B dataset

Probe angle (0°-180°)

0° | 18° | 36" | 547 | 72° | 90° | 108" | 126° | 144° | 162° | 180°
PoseGait |32] 55.3 | 69.6 | 73.9 | 75.0 | 68.0 | 682 | 71.1 | 72.9 | 76.1 | 70.4 | 55.4 68.7
CNN-LB |9 82.6 | 90.3 | 96.1 | 94.3 | 90.1 | 87.4 | 89.9 | 94.0 | 94.7 | 91.3 | 78.5 89.9
GEINet |73 40.2 | 389 | 42,9 | 45.6 | 51.2 | 42.0 | 53.5 | 57.6 | 57.8 | 51.8 | 47.7 48.1
GaitNet |77 93.1192.6 | 90.8 | 924 | 87.6 | 95.1 | 94.2 | 95.8 | 92.6 | 90.4 | 90.2 92.3
Siamese [54 72.4 | 81.2 | 85.6 | 80.4|79.4|85.0 |81.0|77.6| 8.5 79.1|80.2 80.4
GaitSet |79 93.4]98.1] 985 |97.8 926|909 |94.2]97.3]984|97.0]89.1 95.2
NM GaitGraph 44 85.3 | 88.5 | 91.0 | 92.5 | 87.2 | 86.5 | 88.4 | 89.2 | 87.9 | 85.9 | 81.9 87.7

PGOFT [34] 91.2 958 | 96.6 | 96.1 | 96.0 | 94.8 | 94.9 | 95.7 | 94.6 | 94.2 | 92.8 94.8

GaitPart |85 94.1]98.6] 99.3 | 985 |94.0 | 923|959 | 98.4]99.2 | 97.8 | 90.4 96.2
LuGAN-HGC [86] | 89.3 | 88.1 | 89.0 | 89.9 | 87.4 | 88.7 | 87.4 | 88.8 | 88.8 | 87.0 | 87.0 88.3

Scenario Technique Average

STTN |[87] 95.6 | 99.8 | 100.0 | 99.0 | 97.3 | 95.8 | 97.6 | 99.4 | 99.7 | 99.0 | 93.5 97.9
GRDDN |88 95.6 | 97.1 | 99.1 | 97.5 | 95.4 | 98.3 | 98.9 | 98.8 | 98.9 | 99.6 | 97.7 97.9
GaitDeep 95.9 | 98.3 | 97.8 | 99.5 | 98.8 | 96.3 | 97.5 | 99.7 | 98.9 | 98.5 | 984 98.1

PoseGait |32] 353 | 47.2 | 524 | 46.9 | 45.5 | 43.9 | 46.1 | 48.1 | 49.4 | 43.6 | 31.1 44.5
CNN-LB |9 64.2 | 80.6 | 82.7 | 76.9 | 64.8 | 61.1 | 68.0 | 76.9 | 82.2 | 75.4 | 61.3 72.4
GEINet |73] 34.2 1293 | 31.2 | 35.2 | 35.2 | 27.6 | 35.9 | 43.5 | 45.0 | 39.0 | 36.8 35.7
GaitNet |77 88.8 | 88.7 | 88.7 | 94.3 | 85.4 | 92.7 | 91.1 | 92.6 | 84.9 | 84.4 | 86.7 88.9
Siamese [54 62.5 | 68.7 | 69.4 | 64.8 | 62.8 | 67.2 | 68.3 | 65.7 | 60.7 | 64.1 | 60.3 65.0
GaitSet |79 85.9 (921 | 939 |90.4 | 86.4 | 78.7|850|91.6 | 931|910 | 80.7 88.1
BG GaitGraph [44] 75.8 | 76.7 | 75.9 | 76.1 | 71.4 | 73.9 | 78.0 | 74.7 | 75.4 | 75.4 | 69.2 74.8

PGOFT [34] 87.6 | 90.8 | 91.7 | 91.5 | 91.0 | 93.9 | 90.1 | 91.5 | 92.0 | 90.4 | 89.5 90.9

GaitPart |85 89.1 948 | 96.7 | 95.1 | 88.3 | 84.9 | 89.0 | 93.5 | 96.1 | 93.8 | 85.8 91.6
LuGAN-HGC [86] | 79.4 | 79.5 | 81.6 | 82.4 | 78.1 | 76.2 | 78.7 | 82.0 | 81.6 | 83.0 | 73.6 79.7

STTN |[87] 92.4 | 95.7 | 97.0 | 96.0 | 92.5 | 89.6 | 91.7 | 96.7 | 98.8 | 98.0 | 88.5 94.3
GRDDN |88] 93.8 | 97.5 | 959 | 93.2 | 93.3 | 91.7 | 95.5 | 93.2 | 98.1 | 98.1 | 91.5 94.7
GaitDeep 96.4 | 97.5 | 95.9 | 96.5 | 92.0 | 90.7 | 98.7 | 95.2 | 95.4 | 93.7 | 96.7 95.3

PoseGait |32] 243 29.7 | 41.3 | 38.8 | 382|385 |41.6 | 449 | 422 | 334 | 225 36.0
CNN-LB |9 377|572 | 66.6 | 61.1 | 55.2 | 54.6 | 55.2 | 59.1 | 58.9 | 48.8 | 39.4 54.0

GEINet |73 19.9 | 20.3 | 22.5 | 23.5|26.7 | 21.3 | 27.4 | 28.2 | 24.2 | 22.5 | 21.6 23.5
GaitNet |77 50.1|60.7 | 724 | 72.1 | 74.6 | 784 | 70.3 | 68.2 | 53.5 | 44.1 | 40.8 62.3
Siamese [54 57.8 632 | 68.3 | 64.1 | 66.0 | 64.8 | 67.7 | 60.2 | 66.0 | 68.3 | 60.3 64.2
GaitSet |79 63.7 | 75.6 | 80.7 | 77.5 | 69.1 | 67.8 | 69.7 | 74.6 | 76.1 | 71.1 | 55.7 71.1
CL GaitGraph [44] 69.6 | 66.1 | 68.8 | 67.2 | 64.5 | 62.0 | 69.5 | 65.6 | 65.7 | 66.1 | 64.3 66.3
PGOFT [34] 73.0 | 745 | 79.1 | 79.8 | 81.5 | 82.5 | 81.1 | 79.4 | 77.8 | 76.6 | 75.7 78.3

GaitPart |85 70.7 | 85.5 | 86.9 | 83.3 | 77.1 | 72.5 | 76.9 | 82.2 | 83.8 | 80.2 | 66.5 78.7
LuGAN-HGC [86] | 72.8 | 72.3 | 69.4 | 75.2 | 77.0 | 79.6 | 80.5 | 78.1 | 76.3 | 74.9 | 72.8 75.4

STTN |[87] 69.7 | 89.0 | 88.4 | 84.9 | 788 | 75.5 | 79.2 | 82.4 | 82.6 | 76.9 | 61.9 79.0
GRDDN |88] 86.6 | 86.7 | 81.1 | 84.5|79.9|82.2 |81.0|81.5|81.2| 914 | 819 83.4
GaitDeep 82.5 | 89.6 | 91.5 | 91.3 | 86.2 | 74.5 | 77.2 | 87.3 | 94.0 | 78.7 | 68.9 83.7
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like GaitPart. The method shows immediate promise for: Healthcare —
early Parkinson’s detection, Security — occlusion-resilient identification
in crowds, and Sports Science — biomechanical analysis using wear-
able sensors. Additionally, it exhibits remarkable flexibility in han-
dling diverse and intricate environments, emphasizing its significant
potential for practical applications. Future work will focus on enhanc-
ing view-invariance through 3D pose estimation, further strengthening
GaitDeep’s practical applicability.
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