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Abstract: Currently, gait recognition research is gradually expanding from ideal indoor
environments to real-world outdoor scenarios. However, recognition scenarios in practical
applications are often more complex than those considered in existing studies. For instance,
real-world scenarios present multiple influencing factors, such as viewpoint variations and
diverse carried items. Notably, many gait recognition tasks occur under low-light conditions
at night. At present, research on gait recognition in nocturnal environments is relatively
limited, and effective methods for nighttime gait recognition are lacking. To address this
gap, this study extends gait recognition research to outdoor nighttime environments and
introduces the first wild gait dataset encompassing both daytime and nighttime data,
named Gait Recognition of Day and Night (GaitDN). Furthermore, to tackle the challenges
posed by low-light conditions and other influencing factors in outdoor nighttime gait
recognition, we propose a novel pose-based gait recognition framework called GaitSAT.
This framework models the intrinsic correlations of human joints by integrating self-
attention and graph convolution modules. We conduct a comprehensive evaluation of
the proposed method and existing approaches using both the GaitDN dataset and other
available datasets. The proposed GaitSAT achieves state-of-the-art performance on the
OUMVLP, GREW, Gait3D, and GaitDN datasets, with Rank-1 accuracies of 60.77% , 57.37%,
22.90%, and 86.24%, respectively. Experimental results demonstrate that GaitSAT achieves
higher accuracy and superior generalization capabilities compared to state-of-the-art pose-
based methods.

Keywords: gait recognition; gait recognition dataset; graph convolution networks; temporal;
convolutional network; deep learning

1. Introduction
Gait recognition aims to identify individuals based on their walking patterns, rep-

resenting a crucial task in human identity recognition. Compared to widely applied
identification methods such as facial recognition and fingerprinting, gait recognition offers
advantages including enhanced covertness, long-distance recognition capability, and the
ability to operate without subject cooperation. Over the past few decades, gait recogni-
tion algorithms have demonstrated significant progress, showing substantial potential in
emerging industries such as smart communities and intelligent security systems.

Gait recognition in practical applications faces challenges from various complex and
dynamic factors. To address these challenges, it is crucial to understand the impact of
different influencing factors and develop datasets that reflect real-world scenarios. In
early investigations, researchers identified several factors that potentially influence gait
recognition accuracy and intentionally collected gait data encompassing various influencing
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factors to conduct comprehensive studies. These factors include, but are not limited to,
viewpoint variations, subjects’ attire, and carried items. The development and analysis of
diverse datasets play a vital role in advancing gait recognition technology and bridging
the gap between laboratory conditions and real-world applications. Several datasets have
been created to study these influencing factors. For instance, the CASIA-B [1] dataset
incorporates gait sequences under three different walking conditions (normal, wearing
a coat, and carrying a bag) from multiple viewpoints. However, early datasets such as
CASIA-B and OU-MVLP [2] were collected in indoor laboratory environments, as shown
in Figure 1a,b. These idealized scenarios fail to fully reflect the complexities encountered in
real-world applications. Consequently, methods based on such indoor, idealized data often
exhibit suboptimal performance when applied to outdoor, real-world scenarios [3].

Figure 1. Examples of existing mainstream datasets. (a) CASIA-B. (b) OU-MVLP. (c) GREW.
(d) Gait3D.

In recent years, researchers have increasingly focused on gait recognition in the
wild [3–5], attempting to investigate gait recognition in more realistic environments. This
shift toward real-world scenarios has led to the development of more comprehensive and
challenging datasets. For instance, the GREW dataset provides a large-scale benchmark for
gait recognition in the wild, with the addition of a distractor set to enhance its applicability
to real-world scenarios. The Gait3D dataset, collected in a large supermarket, offers various
human representations. Examples of pedestrians from GREW and Gait3D are illustrated in
Figure 1c,d, respectively. However, researchers have paid limited attention to variations
in lighting conditions in outdoor environments, particularly regarding gait recognition
in low-light nighttime scenarios. Under such conditions, the clarity of video captured by
cameras significantly deteriorates, posing substantial challenges to existing gait recognition
methods. Consequently, improving the accuracy of gait recognition in outdoor low-light
conditions has emerged as a pressing issue that demands resolution.

Nevertheless, there is currently a lack of suitable datasets that provide gait recognition
data in real-world nighttime scenarios. To further explore nighttime gait recognition, we
constructed a dataset named Gait Recognition of Day and Night (GaitDN) using videos
captured with outdoor public area cameras. GaitDN was collected in outdoor public areas
near residential zones and comprises 1009 subjects with over 3000 gait sequences captured
in unconstrained wild environments. To facilitate research and comparative analysis,
GaitDN also includes gait data collected from the same area during daytime with ample
illumination, as illustrated in Figure 2.

Through the analysis of the collected data, we observed a significant decrease in video
clarity under low-light nighttime conditions, as illustrated in Figure 3. This results in
blurred boundaries between pedestrians and backgrounds, making it difficult to extract
clear human silhouettes from the original images. While silhouette-based methods have
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been widely adopted and have shown promising results in indoor conditions [6,7], they
face critical challenges in low-light outdoor environments. Imperfect silhouette extraction
due to blurred boundaries leads to a loss of fine-grained details, particularly in low-light
conditions. This loss of detail affects critical gait features such as the precise silhouettes
of limb movements and subtle body posture changes during the gait cycle. Consequently,
the degradation of these key characteristics significantly compromises the effectiveness of
silhouette-based methods, which rely heavily on accurate and detailed body silhouettes for
recognition. The aforementioned limitations highlight the need for alternative approaches
that can maintain robust performance across various lighting conditions. To address this
challenge, we propose a pose-based gait recognition framework, GaitSAT. Utilizing human
pose information, which can be more reliably extracted in low-light conditions compared
to silhouettes, GaitSAT maintains consistent performance across diverse lighting scenarios,
solving the problem of performance degradation in challenging nighttime environments
that plague silhouette-based methods. By focusing on body joints and their relationships,
GaitSAT aims to capture essential gait characteristics even when detailed silhouettes are
not discernible. The algorithm combines graph convolutional neural networks with self-
attention mechanisms to effectively learn and analyze structural changes in the human
body during walking, which can maximally mitigate the effects of lighting variations.

Figure 2. Examples of GaitDN dataset (with key information obscured). (a) Daytime data. (b) Night-
time data.

Furthermore, considering that human walking is a process with periodic patterns,
extracting effective temporal features is crucial. Many existing methods, such as those
using Gait Energy Images (GEIs) or temporal convolutional networks [8], have inherent
mechanisms to handle variations in walking speed to some extent. For instance, GEI-
based [9,10] approaches implicitly average out speed variations over a gait cycle, while
temporal convolutions can capture patterns across different time scales. However, in
complex outdoor scenarios, pedestrians exhibit a wide range of walking speeds, which
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poses significant challenges to existing methods. Although current temporal convolution
approaches [8,11] have considered the importance of temporal features, they lack the
adaptability required for more complex cases of speed variation, potentially leading to a loss
in critical temporal information. To enhance the model’s robustness and accuracy in these
scenarios, we introduced a multi-scale temporal rhythm perception module. By integrating
temporal information from different time steps, the module enhances the model’s ability to
handle diverse speed variations and walking patterns, improving recognition accuracy in
complex outdoor environments. This adaptation significantly boosts the model’s overall
performance, providing a more comprehensive and effective approach to gait recognition
in real-world settings.

Figure 3. Collected daytime and nighttime data with corresponding human silhouettes. (a,b) show
data collected during the daytime, where clear human silhouettes can be successfully extracted.
(c,d) show data collected during the nighttime, where the silhouettes are either unidentifiable
or incomplete.

In summary, the contributions of this paper are as follows:

• To address the limitations in existing research on nighttime gait recognition, we con-
structed the first outdoor gait dataset that encompasses both daytime and nighttime
data, named Gait Recognition of Day and Night (GaitDN). This dataset provides
data support for gait recognition research and applications, particularly in low-light
nighttime scenarios.

• A novel gait recognition framework GaitSAT is introduced, which is particularly suited
for processing gait recognition tasks in complex nighttime scenarios. GaitSAT not
only enhances the model’s adaptability to low-light outdoor scenes but also provides
a flexible and generalizable framework for future research.

• Experimental results demonstrate that GaitSAT achieves state-of-the-art recognition ac-
curacy and generalization performance among existing skeleton-based gait recognition
methods in nighttime outdoor scenarios. These findings substantiate the effective-
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ness of our proposed method in practical applications and showcase the potential of
GaitSAT in addressing more complex recognition scenarios.

2. Related Works
2.1. Gait Recognition Datasets

Gait recognition datasets have evolved significantly, reflecting the field’s progression
from controlled laboratory scenarios to more complex, real-world scenarios. This evolution
can be broadly categorized into three stages: early controlled environments, transition to
outdoor scenarios, and recent efforts to capture real-world complexity.

In the initial stage, researchers focused on isolating specific factors affecting gait recog-
nition. Datasets like the CASIA series [1,12] and OU-ISIR series [2,13,14] were instrumental
in this phase. The CASIA-B dataset, for instance, investigates walking states and viewpoint
variations, offering three distinct conditions (normal walking, carrying a bag, and wearing
a coat) from 11 viewpoints. Similarly, the OU-ISIR Speed [13] dataset explores the impact of
walking speed, while the OU-ISIR LP [2] Bag dataset addresses the challenge of recognizing
individuals carrying objects. These datasets, collected in controlled indoor environments,
allowed researchers to systematically study individual factors influencing gait recognition.

However, the controlled nature of these datasets created a significant gap between
research and real-world applications. Recognizing this limitation, the field began transi-
tioning toward more realistic scenarios. This shift is exemplified by datasets like GREW
and Gait3D. The GREW dataset provides a large-scale benchmark for gait recognition in
the wild, encompassing 26,345 pedestrians and 128,671 gait sequences, with the addition
of a distractor set to enhance its applicability to real-world scenarios. The Gait3D dataset,
collected in a large supermarket, comprises 4000 pedestrians and 25,309 gait sequences,
offering various human representations including silhouettes, 2D/3D skeletons, 3D meshes,
and 3D SMPL data. Recent efforts have focused on capturing even more nuanced aspects of
real-world gait recognition. The CCPG [5] dataset, for example, addresses the challenge of
clothing changes, offering refined conditions including overall fit changes, top and bottom
changes, and carrying bags. This progression toward more complex and varied datasets
reflects the field’s growing emphasis on developing robust recognition algorithms capable
of performing in diverse, real-world conditions.

Despite these advancements, a significant gap remains in the realm of nighttime gait
recognition [15,16]. The challenges posed by low-light conditions in outdoor environments
have not been adequately addressed by existing datasets. The CASIA Infrared [12] dataset,
while pioneering in nighttime gait recognition, lacks the viewpoint variations and envi-
ronmental complexities characteristic of real-world scenarios. This gap in available data
highlights the need for a comprehensive dataset that captures the unique challenges of
nighttime gait recognition in outdoor settings. Such a dataset would need to account
for factors like varying lighting conditions, complex backgrounds, and the potential for
irregular walking patterns exacerbated by low visibility. Our research aims to address this
crucial need by developing a gait dataset that richly captures these nighttime variations.

2.2. Gait Recognition Methods

Based on the distinct features utilized by the models, gait recognition methods can be
broadly categorized into two types: appearance-based methods and pose-based methods.
Appearance-based methods typically utilize image sequences containing human silhouette
information as input, primarily including binary black and white silhouettes obtained
through background subtraction algorithms [17] and Gait Energy Images (GEIs) derived
from averaging gait silhouettes over a complete cycle [9]. Due to the outstanding perfor-
mance of deep learning [18] in computer vision tasks [19], and the proven effectiveness
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of deep convolutional neural networks (CNNs) in extracting image features, CNNs domi-
nate appearance-based methods. For Gait Energy Images, methods such as GEINet [9,10]
construct models based on CNNs to extract effective gait information from GEIs, signif-
icantly outperforming previous approaches. Recent methods [3,20–24] are mostly based
on human silhouettes, exploring the use of different CNNs or multi-scale structures to
learn discriminative features directly from silhouette sequences. For instance, GaitSet [24]
treats gait sequences as deep sets and uses CNNs to independently extract frame-level
features from each silhouette. GaitPart [20] introduces focus convolution, enabling top
convolutional kernels to attend to more local details within specific parts of input frames,
enhancing the fine-grained learning of part-level spatial features, modeling of local micro-
motion features, and global understanding of the entire gait sequence. CSTL [21] fuses
multi-scale temporal features from local and global perspectives, treating cross-scale con-
textual information as guidance for temporal aggregation, thereby providing high-quality
spatial cues. GaitGL [22] establishes global and local feature extractors and constructs a
local temporal aggregation module to replace traditional spatial pooling layers, thereby
preserving more spatial information. MTSGait [3] is a 2D convolution-based multi-hop
temporal transform method, ensuring that the model can learn both spatial and multi-scale
temporal information simultaneously while avoiding issues of excessive model parameters
and training difficulties. GLN [23] utilizes the inherent feature pyramid in deep CNNs
to enhance gait representation, fusing silhouette-level and set-level features extracted at
different stages in a top-down manner with lateral connections to learn discriminative and
compact representations from gait silhouettes. Although these methods have significantly
improved performance on indoor datasets, they are susceptible to factors such as clothing,
camera angle, walking speed variations, and lighting changes, resulting in poor robustness
and transferability.

Pose-based methods utilize human skeleton sequences extracted from raw images as
input, learning intrinsic correlations between body skeletons to extract gait features, often
demonstrating stronger robustness. Posegait [25] uses 2D skeletons extracted from RGB
images to estimate 3D pose information [26], combining a CNN with LSTM to design a
dedicated gait feature extractor for 3D pose information. Given the success of graph convo-
lutional neural networks in action recognition, graph convolution-related methods have
gradually been introduced into gait recognition. GaitGraph [27] uses HR-Net [28] to extract
2D human skeleton points and applies a ResGCN module architecture network to learn gait
features. GPGait [29] proposes a series of human-centric preprocessing operations to over-
come environmental covariance influences, establish unified human pose representations,
and achieve efficient graph partitioning and local–global feature relationship extraction.
Furthermore, with the popularity of Transformers and their ability to capture long-range
dependencies effectively, Ali et al. proposed a novel heterogeneous spatiotemporal axial
mixer, GaitMixer [30], that can efficiently learn discriminative gait representations by cap-
turing high-frequency and low-frequency features. Although these methods have shown
improvements in robustness and generalization performance, experiments conducted on
our newly collected GaitDN dataset, which includes nighttime data, indicate that their
effectiveness in outdoor nighttime environments is not satisfactory. For such complex
nighttime scenarios in outdoor low-light environments, there is still a lack of effective gait
recognition methods.
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3. GaitSAT Framework
In this section, we comprehensively illustrate the proposed method, GaitSAT. GaitSAT

initially employs a self-attention module to extract spatial features, aiming to thoroughly
learn the intrinsic relationships between various joints of the human body in each frame.
Subsequently, to fully capture the walking patterns of pedestrians in outdoor environments
along the temporal dimension, we input the extracted spatial vectors into a multi-scale
temporal rhythm perception module. This module learns the rich periodic features con-
tained within the gait sequence. In the following subsections, we will provide detailed
descriptions of the aforementioned modules.

3.1. Spatial Feature Extraction

The human skeleton can be represented as a graph G(V, E), where joints serve as
vertices V = {vi|i = 1, ..., N} containing N vertices, and the bones as edges E. The edges
can be represented by an adjacency matrix A ∈ RN×N , where Ai,j = 1 if joint i and j are
physically connected; otherwise, Ai,j = 0 . A skeleton sequence is represented as a joint
feature tensor S ∈ RT×N×C, where T is the number of frames in the sequence, and is the
feature dimension.

For each individual skeleton frame, our objective is to effectively capture the intrin-
sic relationships between different joints. Considering the advantages of self-attention
mechanisms in capturing global information, we adopt a Self-Attention-based Graph Con-
volutional module (SA-GC) [31] to process 2D skeleton features, as illustrated in Figure 4a.

Figure 4. Detailed structure of (a) Self-Attention Graph Convolution (SA-GC) and (b) Multi-Scale
Temporal Convolutional Network (MS-TCN).

The Self-Attention Graph Convolutional (SA-GC) module utilizes the self-attention of
joint features to infer their intrinsic relationships. The SA-GC derives a positive, bounded
weight, termed as the self-attention map, to represent the strength of relationships between

all joints. Specifically, we employ learnable matrices WQ, WK ∈ RD×D
′

to linearly project
the joint representation St into D′ dimensional queries and keys to obtain the self-attention
map, which can be represented as follows:

SA(St) = softmax(
StWK(StWQ)

T

√
D′

) (1)
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where t is the time index.
In addition to the self-attention map, we incorporate a learned weight W̃h, which

is shared across time and instances. The shared weight have H heads, allowing the
model to attend to different feature subspaces and capture the subtle connections between
different joints.

For each head 1 ≤ h ≤ H, the shared weights are combined with the self-attention
map to obtain the intrinsic correlations:

W̃h ⊙ SAh(St) ∈ RT×N×N (2)

where ⊙ denotes the element-wise product. The overall update rule for joint representations
can be expressed as

S(l+1)
t = σ

( H

∑
h=1

(
W̃h ⊙ SAh(S

(l)
t )

)
S(l)

t W(l)
h

)
(3)

where W(l) ∈ RD(l)×D(l+1)
is the learnable weight of the l layer, and σ(•) represents the

nonlinear activation function.

3.2. Multi-Scale Temporal Rhythm Perception Module

Human gait, as a process with periodic patterns, inherently encompasses regular
changes across multiple temporal scales. These rhythmic variations, while generally consis-
tent for an individual, can differ significantly among people due to variations in walking
speed. The diversity in walking speeds leads to distinctive temporal patterns in gait cycles.
In real-world scenarios, pedestrian walking speeds vary considerably, as illustrated in
Figure 5, further emphasizing the need to account for diverse temporal patterns. Existing
temporal convolution approaches with a fixed time-step [8,11], when processing these
variations, often extract features only at specific time intervals, limiting the ability to ac-
commodate the diverse walking speeds and patterns exhibited in real-world scenarios.
Specifically, convolution kernels with fixed strides can only slide over a particular time
stride, leading to the loss of critical temporal information and comprehensive gait patterns.

To address this issue, we propose a multi-scale temporal rhythm perception module, as
illustrated in Figure 6. This module comprises three parallel branches designed to capture
gait patterns at different temporal granularities: the fine temporal branch (temporal stride
of 1), the middle-scale temporal branch (temporal stride of 2), and the coarse temporal
branch (temporal stride of 3), which significantly outperforms fixed-stride models in
several aspects: (1) The multi-scale structure enables comprehensive feature extraction
across different temporal resolutions, preventing the loss of critical temporal information
that often occurs with fixed-stride approaches. (2) The parallel processing of different
temporal scales allows the model to adaptively capture both rapid, subtle movements
and slower, more sustained gait patterns simultaneously. (3) This architecture inherently
enhances the model’s robustness to variations in walking speed and irregular gait patterns,
as it can effectively process temporal information at multiple scales concurrently. (4) The
combination of different temporal scales creates a more complete representation of gait
dynamics, leading to more reliable and accurate recognition results in challenging real-
world scenarios. In each branch, we introduce Self-Attention Temporal Fusion Units (SAT
Units) as the basic modules. Each SAT Unit consists of an SA-GC block and a Multi-Scale
Temporal Convolutional Network (MS-TCN) [32] block connected in series. The MS-TCN
includes three convolution branches with different combinations of kernel sizes and dilation
rates, each used to learn temporal features of varying granularity. Additionally, the MS-
TCN employs 1 × 1 convolutions as residual modules, as shown in Figure 4b. We construct
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each branch’s structure by stacking multiple SAT Units with the same time stride, where the
number of SAT Units can be dynamically adjusted based on the characteristics of different
datasets. For instance, for the Gait3D dataset, we stack three SAT Units in each branch. Our
approach possesses inherent dynamic adaptability, allowing for the flexible adjustment
of the number of SAT Units according to task requirements. This dynamic structure is
not only simple but it also enables the model to adaptively handle gait recognition tasks
of varying complexity. While maintaining a consistent core architecture, it achieves the
efficient processing of datasets of various scales and characteristics, significantly enhancing
its flexibility and efficiency in handling diverse gait data.

Figure 5. Examples of pedestrians with varying walking speeds in GaitDN. (a–c) illustrate the process
of a pedestrian taking a step, from the moment the left foot leaves the ground to the moment the right
foot leaves the ground in the subsequent step. (a) The pedestrian takes one step in 12 frames. (b) The
pedestrian takes one step in 16 frames. (c) The pedestrian takes one step in 18 frames.

Figure 6. The framework of GaitSAT.

3.3. Network Structure

To capture the multifaceted features of human gait, our network integrates both 2D
pose and bone data. This dual-input approach ensures a comprehensive representation of
gait characteristics. The backbone network consists of two parallel streams, each dedicated
to processing one of the two input types, allowing for specialized feature extraction from
distinct gait representations. In each stream, we employ a series of SA-GC blocks to model
the intrinsic relationships between joints and bones within individual frames of a gait
sequence, effectively learning spatial features. However, the intrinsic connections within
single skeleton frames cannot reflect the periodic patterns of gait. It is essential to capture
the temporal dynamics of gait patterns. Consequently, we employ the proposed multi-
scale temporal rhythm perception module to learn gait features at different time strides,
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enriching the temporal dimension of gait features. Finally, we perform pooling operations
on the features learned at different time strides to obtain a robust and comprehensive final
embedding that encapsulates both spatial and temporal gait characteristics. The network
architecture of GaitSAT is illustrated in Figure 6. Suppose the output of the multi-scale
temporal rhythm perception module is denoted as fS ∈ RT×N×Cout

, where Cout represents
the number of output channels, T represents the number of frames in the sequence, and N
represents the number of key points. The spatial feature mapping can be represented as

f v
np = apv( fS) + mpv( fS) (4)

where ap(•) refers to average pooling, mp(•) refers to max pooling along the N dimension,
and v denotes the output of the v-th branch of the multi-scale temporal rhythm perception
module. The average pooling operation captures the overall distribution of joint features,
while max pooling identifies the most salient features across the joint dimension. By
combining both average and max pooling along the joint dimension, we aim to create a
comprehensive representation that captures both the general patterns and the distinctive
features of an individual’s gait across different joints and bones. Next, set pooling is
employed to aggregate the temporal information:

f v
tp = spv( f v

np) (5)

where sp(•) refers to max pooling along the T dimension. Finally, the outputs from both
branches (including the joint branch and the bone branch) are concatenated together to
form the final recognition representation:

Fbranch = cat( f 1
tp, ..., f v

tp)

Ff inal = cat(Fjoint, Fbone)
(6)

This concatenation step integrates the complementary information learned from both
joint and bone data, creating a comprehensive feature vector that encapsulates the full
range of gait characteristics observed from different anatomical perspectives.

4. The GaitDN Dataset
To facilitate research on gait recognition in nighttime scenarios, which are prevalent in

practical applications, we compiled a compact gait dataset named Gait Recognition of Day
and Night (GaitDN). This dataset represents the first wild gait dataset that concurrently en-
compasses both daytime and nighttime data. The GaitDN dataset comprises 1009 subjects,
over 3000 sequences, and more than 100,000 pedestrian images. Specifically, it includes
762 subjects collected during daytime and 247 subjects collected at night. GaitDN was col-
lected in public areas where individuals typically carry various items and walk in irregular
patterns and speeds. This characteristic not only incorporates variations in lighting condi-
tions but also includes diverse interference factors, more closely approximating real-world
gait recognition scenarios. The dataset thus provides a more authentic representation of
the challenges encountered in practical applications. A comparison between GaitDN and
other mainstream datasets is shown in Table 1.
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Table 1. Comparison of publicly available datasets for gait recognition. Wild, Daytime Data, and
Nighttime Data indicate whether the dataset was captured in the wild, has daytime data, and has
nighttime data, respectively.

Dataset Year Subject Seq Cam Data Type Wild Daytime Data Nighttime Data

CASIA-A 2003 20 240 3 RGB, Silh. × × ×

CASIA Infrared 2006 153 1530 1 Infrared, Silh. × × ✓

CASIA-B 2006 124 13,640 11 RGB, Silh. × × ×

OU-ISIR Speed 2010 34 306 1 Silh. × × ×

OU-ISIR-LP 2012 4007 31,368 2 Silh. × × ×

OU-LP Bag 2018 62,528 187,584 1 Silh. × × ×

OU-MVLP 2018 10,307 288,596 14 Silh. × ✓ ×

OU-MVLP Pose 2020 10,307 288,596 14 2D Pose × ✓ ×

GREW 2021 26,345 128,671 882 Silh., 2D/3D Pose, Flow ✓ ✓ ×

Gait3D 2022 4000 25,309 39 Silh., 2D/3D Pose, 3D Mesh&SMPL ✓ ✓ ×

GaitDN - 1009 3300 3 2D Pose ✓ ✓ ✓

The construction of the GaitDN dataset primarily involves four steps: video collection,
pedestrian detection, pedestrian clustering, and feature extraction. To collect gait data from
real-world outdoor scenarios, we utilized three cameras installed near public area entrances
to gather over 100 h of video data with a resolution of 1920 × 1080 and a frame rate of
25 fps. For each frame of the original video, we employed a YOLOv3-based [33] pedestrian
detection model to segment and extract pedestrian images, chosen for its speed and accu-
racy. This process yielded 3300 pedestrian gait sequences, each containing 25 to 60 frames.
To cluster sequences of the same individual, we extracted pedestrian re-identification fea-
tures using the open source FastReID [34] framework and applied unsupervised clustering
methods. However, for nighttime data with reduced image quality, these methods proved
inadequate for accurate identity classification. Consequently, we employed human annota-
tors to assist in classifying this portion of the nighttime data. For the clustered pedestrian
images, we used a pre-trained HRNet [28] model to estimate 2D skeleton data for each im-
age. HRNet is currently the most widely adopted human pose extraction method, offering
high accuracy and robust performance in challenging conditions.

To ensure that the collected data closely reflect real-world application scenarios, we
intentionally did not control any variables other than clearly distinguishing between
daytime and nighttime data, as we aimed to gather data that are sufficiently complex to
encompass a wide range of variations. Consequently, GaitDN not only incorporates lighting
variations but also includes multiple potential factors that may impact recognition accuracy,
comprising cluttered backgrounds, environmental occlusions of pedestrians, individuals
carrying bags, and pedestrians wearing heavy coats, as illustrated in Figure 2. Some
extreme cases of pedestrian gait sequences are shown in Figure 7. For pedestrian a, the two
gait sequences exhibit significant variations in lighting direction and color, with clothing
colors blending closely with the background, which poses a challenge for feature extraction
algorithms. For pedestrian b, the sequences show not only changes in lighting color and
intensity but also significant differences in clarity and camera angles. For pedestrian c, the
background includes intense lighting variations and moving vehicles, leading to dynamic
background changes. These examples highlight the complexity of the data in GaitDN,
effectively simulating the challenging scenarios of real-world nighttime environments.
To protect privacy, the faces of subjects in the samples were pixelated. The diversity of
influencing factors enables GaitDN to better simulate various complex situations that may
be encountered in practical applications, providing researchers with a more comprehensive
and authentic testing platform. This not only aids in enhancing model performance in
complex environments but also provides a crucial data foundation for developing more
robust and adaptive gait recognition algorithms.
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Figure 7. Example of pedestrian sequence in extreme conditions (with key information obscured).
For pedestrian (a), the two sequences demonstrate notable variations in lighting direction and color,
where the clothing blends closely with the background, making feature extraction more challenging.
For pedestrian (b), the sequences reveal changes in lighting color and intensity, as well as significant
differences in clarity and camera angles. For pedestrian (c), the background includes strong lighting
variations and dynamic changes caused by moving vehicles, posing additional challenges for accurate
gait recognition.

5. Results and Discussion
We conducted experiments on indoor gait datasets (CASIA-B and OU-MVLP), out-

door gait datasets (GREW and Gait3D), and our proposed GaitDN dataset, which includes
nighttime data. We compared several current state-of-the-art pose-based methods with
our GaitSAT approach. The experimental results demonstrate that GaitSAT exhibits su-
perior recognition accuracy and generalization performance in nighttime scenarios while
maintaining high-level performance on daytime data.

5.1. Experimental Settings

GaitSAT, as a flexible framework, can be dynamically adjusted according to the scale
of different datasets. In the spatial feature extraction module, to thoroughly extract spatial
dimension features, we employ three cascaded SA-GC blocks, each with a different number
of output channels, aiming to comprehensively learn the intrinsic connections and complex
interactions between various body parts. The multi-scale temporal rhythm perception
module consists of three branches, each composed of serially connected SAT Units. The
number of SAT Units was dynamically adjusted based on the dataset. Specifically, for the
smaller-scale CASIA-B dataset, the number of SAT Units was 1; for Gait3D, the number of
SAT Units was 2; for OU-MVLP and GREW, the number of SAT Units was 3. The output
channel details for each basic block are shown in Table 2.

During the training phase, to enhance the model’s robustness and generalization
capabilities, we implemented various data augmentation strategies. First, we added
Gaussian noise to each keypoint with a probability of 0.3, simulating potential keypoint
detection errors in real-world scenarios. Second, we applied an inverse operator to the
entire skeleton with a probability of 0.01, resulting in a left–right flip of all skeleton points.
Lastly, we randomly selected skeleton sequences with a fixed length of 60 to ensure input
data consistency. For optimization, we employed the Adam optimizer in conjunction with
the OneCycle learning rate scheduling strategy. The initial, maximum, and final learning
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rates were set to 1 × 10 −5, 1 × 10 −3, and 1 × 10 −8, respectively. This configuration allows
the model to converge rapidly in the early stages of training and fine-tune parameters in
the later stages, thereby achieving optimal performance. We adjusted the batch size and
number of training epochs according to the scale of each dataset, as shown in Table 2.

Table 2. Training parameters and network parameters for different datasets.

Dataset Batchsize Iterations
Spatial Feature Extractor Multi-Scale Temporal Rhythm Perception Module

Output Channels Number of SAT Units Output Channels

GaitDN (32, 4) 30 k (64, 64, 128) 2 (128, 256)

CASIA-B (4, 32) 40 k (64, 64, 128) 1 (256)

OUMVLP (32, 16) 150 k (64, 128, 128) 3 (128, 256, 256)

GREW (32, 8) 200 k (64, 128, 128) 3 (128, 256, 256)

Gait3D (32, 4) 60 k (64, 64, 128) 2 (128, 256)

5.2. Ablation Study
5.2.1. Analysis of Input Feature Types

We compared the performance differences between models trained using joint point
data or skeleton data alone, and models trained using both features simultaneously. The
experimental results are shown in Table 3. Using either joint point or skeleton features
independently failed to achieve optimal results. However, when combining both joint point
and skeleton features, GaitSAT achieved the best performance across multiple datasets.
Notably, on GaitDN, compared to using joint point and skeleton features separately, the
combined use of both features increased the recognition accuracy by 14.11% and 5.29%,
respectively. This result indicates that integrating joint point and skeleton features captures
richer gait information, thereby enhancing the model recognition capability. The superior
performance of integrating joint and skeleton features emerges from their intrinsically
complementary characteristics. Specifically, joint features excel at capturing local motion
patterns and precise positioning information, while skeleton features provide comprehen-
sive global structural insights and body configuration. When strategically integrated, these
features synergistically construct a more robust and nuanced representation, demonstrating
exceptional adaptability, particularly in challenging environmental conditions such as low-
light or nighttime scenarios, where individual feature types could independently exhibit
limitations. Furthermore, we observed that compared to the CASIA-B indoor dataset,
GaitSAT achieved more significant performance improvements when using both features
in the outdoor datasets Gait3D and GaitDN. This finding emphasizes the importance and
necessity of considering multiple features when addressing complex gait recognition tasks
in outdoor scenarios. This not only validates the potential of our method in practical
applications but also provides important insights for future gait recognition research in
more complex and variable environments.

Table 3. Analysis of input feature types, in which we keep the network architecture consistent.

Setting
CASIA-B Gait3D GaitDN

Joints Bones

✓ 73.56 19.30 72.13

✓ 72.44 17.80 80.95

✓ ✓ 76.32 22.90 86.24
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5.2.2. Analysis of the Spatial Feature Extraction Module

To validate the effectiveness of the SA-GC module in spatial feature extraction, we
conducted comparative experiments with several advanced spatial feature extraction mod-
ules [27,29,35,36] while maintaining the overall structure and parameters of the network.
The experimental results are shown in Table 4. Compared with other modules, our SA-GC
module demonstrated superior performance, which confirms the efficacy of our chosen
module. The improved performance can be attributed to the SA-GC module’s unique
ability to capture the intrinsic topological structure of joints in the skeleton, going beyond
mere physical connections. By employing self-attention mechanisms [37], the module infers
complex, potentially asymmetric relationships between joints, reflecting their actual inter-
actions in gait patterns. This approach allows the SA-GC to adaptively learn and represent
rich spatial features of the human pose, leading to more discriminative gait representations.

Table 4. Analysis of the spatial feature extraction module, in which we keep the network architec-
ture consistent.

Block CASIA-B Gait3D GaitDN

ResGCN [27] 63.74 15.33 65.83

ST-GCN [35] 73.60 19.89 74.33

Shift-GCN [36] 71.26 18.44 74.49

PAGCN [29] 74.10 22.56 84.77

SA-GC 76.32 22.90 86.24

5.2.3. Analysis of Multi-Scale Temporal Rhythm Perception Module

To verify the effectiveness of the proposed multi-scale temporal rhythm perception
module, we designed ablation experiments for validation. The comparative network
structure remained unchanged, but each branch adopted the same temporal stride. The
experimental results are shown in Table 5. When we employed the multi-scale temporal
rhythm perception module, setting the temporal strides of the three branches to 1, 2, and 3,
respectively, optimal results were achieved across all three datasets. In contrast, when all
branches used the same temporal stride, recognition accuracy declined to varying degrees.

This experimental result further validates the efficacy of the multi-scale temporal
rhythm perception module. In setting different temporal strides, the model can better
capture gait feature variations across different time scales, thereby enhancing the overall
recognition performance. When all branches use the same temporal stride, the model’s
temporal perception ability is limited, leading to decreased recognition accuracy. This
indicates that the multi-scale temporal rhythm perception module can effectively improve
the model’s ability to capture gait information, demonstrating significant advantages in
processing complex temporal data.

Furthermore, to validate the applicability of our proposed method to other temporal
aggregation approaches, we substituted the MS-TCN with two different temporal fea-
ture extraction modules [8,11]. The experimental results show that our MS-TCN module
achieves optimal performance under various temporal stride settings, further confirming
the effectiveness of our chosen module.
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Table 5. Analysis of different temporal aggregation methods using proposed multi-scale temporal
rhythm perception module.

Block
Setting

CASIA-B Gait3D GaitDN
Stride

TCN [8]

All stride = 1 58.32 13.65 63.67

All stride = 2 56.33 13.98 62.69

All stride = 3 55.97 12.11 58.98

stride = 1, 2, 3 59.86 14.92 54.10

Temporal Bottleneck Block [11]

All stride = 1 69.20 17.53 77.38

All stride = 2 67.56 17.04 76.52

All stride = 3 63.05 15.54 74.81

stride = 1, 2, 3 71.97 18.67 78.96

MS-TCN

All stride = 1 73.74 22.60 85.19

All stride = 2 67.56 17.04 76.52

All stride = 3 72.41 20.90 73.77

stride = 1, 2, 3 76.32 22.90 86.24

5.3. Performance Comparison with State-of-the-Art Methods

Our method uses human poses as input and belongs to the pose-based approach
category. Therefore, we selected three mainstream pose-based gait recognition methods
for comparison with our proposed method. GaitGraph, designed based on gait data from
ideal environments, does not perform well on outdoor gait datasets. While this method
achieves higher accuracy on indoor datasets compared to other pose-based methods, its
performance on outdoor datasets does not reach the same level as on indoor datasets. GP-
Gait demonstrates robust generalization capabilities and performs excellently on outdoor
datasets. The selected methods are briefly introduced as follows:

1. GaitGraph is a representative pose-based method that first introduced 2D human
poses into gait recognition. It employs graph convolutional networks [38] for spa-
tiotemporal modeling and uses supervised contrastive loss for training.

2. GaitTR pioneers the incorporation of spatial Transformers in gait recognition, combin-
ing them with temporal convolutional networks to extract gait features from skeletons.

3. GPGait proposes a series of human-oriented methods for preprocessing human
poses, aiming to obtain unified and rich representations. It also utilizes mask
design to achieve effective graph partitioning and extraction of local–global fea-
ture relationships.

The experimental results of existing pose-based methods and our GaitSAT on various
datasets are presented in Table 6. GaitSAT demonstrated outstanding performance on out-
door datasets, achieving Rank-1 accuracies of 22.90% and 57.37% on the outdoor datasets
Gait3D and GREW, respectively, representing the current state-of-the-art performance. For
our proposed outdoor dataset GaitDN, which includes nighttime data, GaitSAT achieved a
Rank-1 accuracy of 86.24%, also the best performance to date. These results indicate that
GaitSAT is not only suitable for outdoor scenarios but also performs well in low-light night-
time conditions, maintaining excellent performance when facing complex recognition tasks.
For indoor datasets, GaitSAT’s performance on the smaller-scale CASIA-B was not superior
to existing methods but still demonstrated stable performance. Moreover, on OU-MVLP,
currently the largest indoor dataset, GaitSAT achieved state-of-the-art performance with a
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Rank-1 accuracy of 60.77%. GaitSAT’s excellent performance across multiple large-scale
datasets proves its superiority in processing large-scale data. These results demonstrate that
GaitSAT possesses outstanding adaptability in various environments, particularly excelling
in outdoor and complex scenarios, showing broad potential for practical applications.

Through a comprehensive analysis of computational resources, we thoroughly evalu-
ated the scalability of GaitSAT. The experimental results in Table 7 show that while GaitSAT
has more parameters (2.961 M) compared to GaitGraph (0.320 M) and GaitTR (0.512 M),
this increase is justified by its significant performance improvements. Specifically, GaitSAT
demonstrates substantial performance advantages on the OUMVLP dataset, achieving
56.53% and 21% improvements in Rank-1 accuracy compared to GaitGraph and GaitTR,
respectively. Notably, when compared to the current state-of-the-art GPGait (3.655 M),
GaitSAT achieves superior performance with fewer parameters and inference time (0.0273
vs. 0.0428 sequences/second*GPU). These experimental results demonstrate that, despite
its multimodule and cascade structure, GaitSAT’s excellent computational efficiency and
resource utilization make it feasible for large-scale practical deployment.

Table 6. Comparison of Rank-1 accuracy (%) of GaitSAT and recent state-of-the-art pose-based gait
recognition methods on GaitDN and four popular datasets.

Method
CASIA-B

OUMVLP Gait3D GREW GaitDN
NM BG CL Mean

GaitGraph 86.37 76.5 65.24 76.04 4.24 8.60 10.18 69.38

GaitTR 94.72 89.29 86.65 90.22 39.77 7.20 48.58 60.66

GPGait 93.60 80.15 69.29 81.01 59.11 22.40 57.04 85.71

GaitSAT 90.37 73.84 64.04 76.32 60.77 22.90 57.37 86.24

Table 7. Comparison with SOTA methods on CASIA-B datasets in parameter number (million) and
inference time (second/(sequences* GPU)).

Method Param. Inference Time

GaitGraph 0.320 0.0029

GaitTR 0.512 0.0051

GPGait 3.655 0.0428

GaitSAT 2.961 0.0273

5.4. Analysis of Generalization Performance

To further investigate nighttime gait recognition and explore the model’s general-
ization performance, we conducted more extensive cross-domain experiments. These
experiments involved training on a source dataset and subsequently testing on a target
dataset. We selected current mainstream public datasets as source datasets for training
and tested separately on daytime data (GaitDN_Day) and nighttime data (GaitDN_Night)
from the GaitDN dataset. This approach was chosen to assess the model’s adaptability to
complex scenarios, particularly nighttime scenarios, that were not included in the training
process. The experimental results are presented in Table 8:

1. When the target dataset is the daytime data from GaitDN, GaitSAT achieved the
current best performance when using GREW and Gait3D as source datasets. The
Rank-1 accuracies for GREW→GaitDN_Day (where “→” indicates the cross-domain
direction from source to target dataset) and Gait3D → GaitDN_Day were 88.89% and
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86.78%, respectively. However, when CASIA-B, OUMVLP, and GaitDN were used as
source datasets, the cross-domain performance was slightly inferior to GPGait.

2. When the target dataset is the nighttime data from GaitDN, GaitSAT demonstrated the
strongest cross-domain performance across all source datasets. Notably, the Rank-1
accuracies for GREW → GaitDN_Night and Gait3D →GaitDN_Night reached 71.67%
and 70.03%, respectively. These results comprehensively showcase GaitSAT’s excellent
transferability on nighttime data. Regardless of the source dataset, the trained model
maintains outstanding performance on nighttime data, indicating GaitSAT’s robust
domain adaptation capability, particularly suitable for nighttime gait recognition.

Table 8. Cross-Domain performance comparison between GaitSAT and state-of-the-art methods on
daytime and nighttime data from GaitDN. The source datasets are mainstream datasets, and the
target datasets are the daytime and nighttime data from GaitDN, respectively.

Source Dataset Method
Target DataSet

GaitDN_Day GaitDN_Night

CASIA-B

GaitGraph 21.56 6.52

GaitTR 21.16 18.33

GPGait 81.48 61.67

GaitSAT 78.84 61.96

OUMVLP

GaitGraph 40.52 26.08

GaitTR 55.55 40.10

GPGait 80.95 56.37

GaitSAT 77.78 56.67

GREW

GaitGraph 84.97 69.56

GaitTR 64.55 53.33

GPGait 87.83 71.56

GaitSAT 88.89 71.67

Gait3D

GaitGraph 65.39 43.48

GaitTR 40.74 28.33

GPGait 85.56 69.89

GaitSAT 86.78 70.00

GaitDN

GaitGraph 72.19 65.36

GaitTR 62.93 57.44

GPGait 87.83 66.07

GaitSAT 86.17 68.01

6. Conclusions
In this work, to explore more effective gait recognition in the wild, we collected

GaitDN, the first gait dataset explicitly distinguishing between daytime and nighttime
data, and proposed GaitSAT, a method more adaptable to outdoor scenarios. GaitSAT
employs attention-based graph convolution to model the intrinsic connections between
human skeleton joints and uses a multi-scale temporal rhythm perception module to
aggregate temporal features, ultimately obtaining rich human gait representations. GaitSAT
not only outperforms baseline models on public datasets but also further validates its
excellent cross-domain performance and robustness in cross-domain tasks. Additionally,
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ablation experiments demonstrate the crucial role of each GaitSAT component in enhancing
model performance.

Future work could explore several potential directions. Firstly, improving the quality
of original images is crucial for gait recognition in complex scenarios. Besides upgrading
camera equipment, effective data preprocessing methods could be explored to enhance
image clarity by adjusting parameters such as contrast and brightness while minimizing
interference with original human information, thus providing higher-quality input for
silhouette-based methods. Secondly, using multi-modal approaches [39–42] to simultane-
ously learn gait representations from silhouette and skeleton information is a promising
research direction. How to effectively combine silhouette and skeleton information merits
further exploration by researchers. Lastly, we are committed to building a comprehensive
gait recognition platform. In future work, we plan to introduce additional factors that may
influence gait recognition, such as terrain and weather conditions. Our ultimate goal is to
develop gait recognition models with greater robustness and scalability, thereby advancing
the practical applications of gait recognition.

Furthermore, the relevant data in this paper contain privacy information of the subjects,
and we will make every effort to protect their privacy. Firstly, all collected data are for
research purposes only, and any original videos or RGB images related to the subjects will
not be made public. The samples shown in this paper had their faces pixelated. Secondly,
processed data, such as 2D skeleton data, will only be released after strict approval from
the relevant management level, and researchers will need to sign a rigorous application
form before using the data for academic research.
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