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Gait Recognition in Large-scale Free Environment via Single
LiDAR

Anonymous Authors

(a) various crowd density and occlusion across different scenes

(b) LIDAR p(E clouds of scene 3

, 1% 3
(c) sequences of 2 subjects

Figure 1: We propose FreeGait, a new LiDAR-based in-the-wild gait dataset under various crowd density and occlusion across
different real-life scenes. FreeGait is captured in diverse large-scale real-life scenarios with free trajectory, resulting in various
challenges such as 1. occlusions, 2. noise from crowd, 3. noise from carrying objects and etc., as shown in the right part.

ABSTRACT

Human gait recognition is crucial in multimedia, enabling identi-
fication through walking patterns without direct interaction, en-
hancing the integration across various media forms in real-world
applications like smart homes, healthcare and non-intrusive secu-
rity. LIDAR’s ability to capture depth makes it pivotal for robotic
perception and holds promise for real-world gait recognition. In this
paper, based on a single LIDAR, we present the Hierarchical Multi-
representation Feature Interaction Network (HMRNet) for robust
gait recognition. Prevailing LIDAR-based gait datasets primarily
derive from controlled settings with predefined trajectory, remain-
ing a gap with real-world scenarios. To facilitate LIDAR-based
gait recognition research, we introduce FreeGait, a comprehensive
gait dataset from large-scale, unconstrained settings, enriched with
multi-modal and varied 2D/3D data. Notably, our approach achieves
state-of-the-art performance on prior dataset (SUSTech1K) and on
FreeGait. Code and dataset will be released upon publication
of this paper.

CCS CONCEPTS

+ Computing methodologies — Biometrics; Activity recogni-
tion and understanding,.

KEYWORDS

Gait Recogntion, Human-centric Multimedia Understanding, Li-
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1 INTRODUCTION

Gait is a promising biometric feature for human identification [4, 8,
9,12, 14, 19, 22] that is difficult to disguise and can be captured from
a distance without intrusive interactions. This characteristic is par-
ticularly significant for multimedia applications [21, 39, 42, 46, 50],
where the seamless integration of information across various media
forms is paramount. For example, in smart homes and IoT environ-
ments, gait recognition tailors user experiences by automatically
adjusting environmental controls to individual preferences based on
their movement patterns. Gait recognition also provides advanced
diagnostic and monitoring tools in healthcare, offering insights
into patient health and flagging potential issues, thus integrating
essential health data with multimedia systems for improved pa-
tient management. Additionally, its non-intrusive nature makes
gait recognition ideal for security and surveillance, enabling pas-
sive monitoring in environments where conventional methods may
be too invasive. Despite being a subject of extensive research for
decades, human gait recognition continues to be highly relevant and
holds significant potential in the evolving multimedia landscape.

Existing large-scale LIDAR-based gait datasets [31] are predomi-
nantly collected within controlled lab environments where subjects
follow a predetermined routine in a limited space. This lab setting
often prompts participants to walk in a manner they believe is ex-
pected, potentially skewing their natural gait. Instructions to walk
along a straight line, maintain a certain speed, or repeatedly traverse
a marked path can render the collected data artificial, contrasting
sharply with the spontaneous and varied movements typical in
real-world scenarios. This discrepancy creates a gap between lab-
collected gait data and the naturalistic human gait in complex real
environments.

To bridge this gap in human gait recognition, we introduce Free-
Gait, a comprehensive dataset captured in open public areas such
as subway exits, school gates, and sidewalks (see Figure 1). This
dataset encompasses 1,195 subjects of diverse ages and genders, all
walking freely in large-scale, unconstrained settings that reflect
true pedestrian behavior in both sparse and crowded conditions.
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Besides 2D silhouettes and 3D point clouds, FreeGait provides di-

verse data representations, including 2D/3D poses and 3D Mesh
SMPL models, fostering extensive research opportunities.

Anonymous Authors

semantic gait features are captured. After obtaining comprehen-175
sive fusion gait features, our gait-saliency feature enhancement 176
module, utilizing a channel-wise attention mechanism, enhance 177

FreeGait enhances the gait dataset landscape with several novel gait-informative features for precise identi cation. 178

features:

Naturalism : Data captured from real pedestrians in open
public spaces showcases more authentic walking behaviors
than lab-based datasets.

Diversity : The dataset features a broader demographic spec-
trum, including varied ages, genders, clothing preferences,
etc.

Environmental Variability : It captures variations in light-
ing, weather, and other conditions, crucial for developing
robust, adaptable gait recognition algorithms.

Complex Interactions and Behaviors : The real-world
setting of our dataset allows for the observation of complex
behaviors such as navigating obstacles, walking in groups,
or carrying load. These real-world noises often absent in lab
data but vital for nuanced gait analysis.

Ethical and privacy considerations were paramount in the develop-
ment of FreeGait. We anonymized all subjects by blurring faces and
secured post-event informed consent to ensure ethical integrity in
our research.

Prevailing camera-based methods 8, 9, 12 19 22 35 encoun-
ters performance bottlenecks due to limited 2D visual ambiguities
with view-dependent, illumination-dependent, and depth-missing
properties of images. While RGB-D camera-based metHddis|
have been proposed to extract more depth information for gait fea-
tures, their limited range and inability to function outdoors hinder
their applications. In contrast, LIDAR can capture accurate depth
information in large-scale indoor and outdoor scenes, una ected by
light conditions. LiDAR point clouds of subjects represent genuine
gait-related geometric and dynamic motion attributes, de nitely
bene ting gait-based identi cation. A pioneering LiDAR-based gait
recognition study, LIDARGaif}1], employs range view projected
from point clouds, demonstrating the capability and e ectiveness
of LIiDAR. However, its dimensionality reduction inevitably dimin-
ishes the undistorted geometric and dynamic gait information in
the original 3D point clouds.

Recognizing that dense and regular range views projected from
LiDAR point clouds enhance human body structure extraction,
which are what sparse and unordered raw point clouds lack, we
present a gait recognition approach using projected range view
and raw point cloud representations. It can be applied in large-
scale scenarios and varying light conditions, making it practical for
intelligent security and assistive robots. We introduce the Hierar-
chical Multi-representation Feature Interaction Network, dubbed
HMRNet, that synergizes the dense range view with raw point

The main contributions can be summarized below. 179
180

Based on a single LIDAR, we propose a novel gait recognition 1s1
method that e ectively captures both dense body structure 1s2
features from LiDAR range views and gait-related geometric 183

and motion information from raw point clouds, which is 184
applicable for real-world scenarios without light and view 185
constraints. 186

We propose a large-scale in-the-wild free-trajectory gait 187
recognition dataset with diverse real-world scenarios, data 1ss
modalities, and data representations, which can facilitate the 189

gait community to conduct rich exploration. 190

Our method achieves state-of-the-arts performance on previ- 191

ous LiDAR-based gait dataset (SUSTech1K) and our FreeGaito2

193

194

2 RELATED WORK 195
Gait Recognition Methods. Previous gait recognition method4F, 196
21, 36, 39 42 46, 5Q primarily use 2D image representation and 197
fall into appearance-based and model-based approaches. The foros
mer [4, 8,9, 12 14 19 27 relies on silhouettes from RGB images, 199
making performance dependent on segmentation quality and caus-200
ing di culty in identifying humans with changed clothes or cross 201
views. Model-based method2(, 29 35 employ skeletons to cap- 202
ture genuine gait characteristics, but are heavily limited by model- 203
based estimation methods. To address depth ambiguity in 2D, somezo4
methods B, 11, 27, 44 employ RGB-D cameras for 3D gait fea- 205
tures. Yet, depth cameras are limited to indoor scenes with con ned 206
sensing range. Recent 3D representation-based approat¥esin- 207
erate 3D meshes from RGB images, but are sensitive to quality andzos
can introduce cumulative errorsi[ 2] explore view-robust gait 209
recognition frameworks based on LiDAR point cloud. However, 210
they all project 3D point cloud into 2D depth map for feature ex- 211
traction, losing original 3D geometric information and resulting 212
in limited performance. While LIiDARGait31] shows promising 213
results by projecting LIDAR point clouds into dense range views, it 214
still lacks essential geometric and dynamic information from raw 215
point clouds. Our approach synergizes range views with 3D point 216
clouds for superior gait recognition. 217
Gait Recognition Datasets. Existing open gait datasetd§ 18 218
26, 32 34, 40,45 51 primarily use silhouettes and are limited to 219
controlled environments, making them unsuitable for real-world 220
applications. GREVWH]] addresses this by collecting a datasetin an 221
open area for practical applications. Gait3 attempts to solve 222
the distortion problem in view-dependent images, but the auxiliary 223
3D mesh from RGB images still cannot represent the real depth 224

0 0

[e=]

0

N

clouds. The range branch focuses on dense and regular body struc-and 3D motion properties. SZTAKI-LGZ] collects a LiDAR-based 225

ture, while the point branch extracts the geometric information and
explicitly models gait-related motion through our motion-aware
feature embedding. Given huge domain gap between two LiDAR

representations, we design an adaptive cross-representation map-

ping module to e ectively fuse their features. By extracting multi-
resolution features, we ensure both local ne-grained and global

gait dataset, capturing accurate depth information in large-scale 226
scenes, but includes only 28 subjects and limited sequences, insuf27
cient for evaluating learning-based approaches. A recent work 228
introduces a LiDAR-based gait dataset, SUSTecBIK{ith 1,050 229
subjects. However, it is captured in constrained environments with 230
prede ned routes, creating a gap compared to real-life scenarios.231

232
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Figure 2: Examples of diverse visual modalities

To advance LiDAR-based gait recognition for real-world applica-
tions, we collect a novel dataset with multi-modal visual data and
diverse representations in large-scale, unconstrained environments,
providing a more accurate and realistic re ection of gait behaviors
in real-life situations.

LiDAR-based Applications. LiDAR captures accurate depth infor-
mation in large-scale scenarios and is una ected by light conditions,
making it popular in autonomous driving and robotics. Numerous
LiDAR-based detection and segmentation methds|f, 28 41]
have emerged, playing a signi cant role in 3D perception. Subse-
quently, numerous human-centric applications[23 31, 43 49,
such as pose estimation, motion capture, gait recognition, scene
reconstruction, etc., have incorporated LiDAR to expand usage sce-
narios and improve performance of solutions by utilizing location
and geometry features of LiDAR point clouds. We belive that the
accurate depth-sensing capability of LIDAR can aslo dene nitly
bene ts in-the-wild gait recognition.

3 FREEGAIT DATASET

Most prevailing dataset§2, 33 45 instruct actors to walk on pre-

de ned paths in controlled settings. While some in-the-wild gait
datasetsf9 51 have been conducted in real-world contexts, they
rely solely on cameras and lack 3D human dynamics. Recer8ly, [
claims a LiDAR-based gait dataset, but within constrained settings.
In contrast, our FreeGait is a totally free-gait dataset recorded in
varied real-world scenarios, from sparse to crowded pedestrian
areas. It contains rich data modalities and representations, o ering
the potential for advanced gait recognition research in practical
settings.

3.1 Data Acquisition and Statistics

We create a multi-modal capture device assembling a 128-beam
OUSTER-1 LiDAR and a camera, calibrated and synchronized at
10fps. The LiDAR o ers a 360045 FOV, while the camera records
at1,92a)1,080. Positioned at®C, and 180angles in scenes, three
capture devices capture humans at a range of 25 meters. FreeGait

includes 1,195 subjects (660 males, 535 females), with 51 recorded iras a more practical biometric for long-distance person identi cation

low-light. The dataset is captured in real-world scenarios without
any prede ned paths. We sele&00subjects for training and95

for testing, totaling11+921sequences. Each subject averages 10
sequences, more than other in-the-wild datasets like Gait3D (6
sequences) and GREW (5 sequences).
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Figure 3: Examples of predi ne walking path in constained
environments on SUSTech1K [ 31], contravenes the free gait
patterns observed in real-world scenarios.

3.2 Annotations

During data preprocessing, 2D silhouettes are obtained using a 2D3%
detection method[( and segmentation metho@g, while point 324
clouds are detected and cropped using a 3D deteétoth our 325
dataset, obtaining consecutive frames of personal gait is particu-32°
larly challenging due to multiple people in one scene. To achieve 3?7
more accurate tracking performance, we integrate LIDAR and cam- 328
era information. For point cloud-based 3D tracking, we employ 3?°
the Hungarian matching algorithm, while initial ID tracking is per- 3%
formed using Byte-Trackf7] to re ne the results. Importantly, to 33!
ensure high-quality annotations, we manually correct the tracking %2

ID for crowded scenarios with occlusions. 333
334

3.3 Characteristics 335

FreeGait o ers special characteristics not available in existing LiDAR-zzj
based gait datasets. We highlight three main distinctions below. A
detailed comparison with current public datasets can be found in

Table 1. 539
340

341
342
than face or ngerprint recognition. Existing gait datase®&], 37 343
typically have a capture distance about 12 meters. With the ad- 344
vantages of LIDAR's long-range sensing, FreeGait is captured inz4s
diverse large-scale real-life scenarios, extending the e ective human 346
perception distance to approximately 25 meters. This large-scales4?
348

Large-scale Capture Distantereal-world scenarios, gait serves
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