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Abstract

Gaitrecognition, as a non-contact method for human identity recognition, has attracted widespread
attention in recent years. Traditional skeleton-based gait recognition methods mainly rely on 2D
image features, which are easily affected by environmental factors. To address this issue, this paper
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proposes a gait recognition method that combines RGB image sequences with depth information to
improve recognition accuracy and robustness. First, the OpenPose algorithm is used to extract hu-
man key skeleton points from video frames, and an entropy-based measure is applied to select the
joints that contribute more significantly to gait recognition. Unlike traditional methods, this paper
converts the 2D coordinates of each skeleton point into 3D spatial coordinates to enhance the ex-
pressive power of gait features. Subsequently, by modeling the 3D trajectories, a skeleton point tra-
jectory descriptor containing temporal sequence information is constructed, capturing motion
characteristics by calculating the relative distance and displacement changes between skeleton
points. Furthermore, by incorporating spatiotemporal information and depth data, the skeleton
point trajectory description is enriched, resulting in a gait feature vector with higher discriminative
ability. To improve recognition accuracy, the LCSS similarity measure is used, and the KNN classifier
is applied to classify the gait sequences, achieving human identity recognition.
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Figure 1. 3D-GTM architecture
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Figure 2. Illustration of skeleton point extraction using OpenPose algorithm
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Figure 3. The motion trajectory of human skeletal points
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Figure 4. Sample data illustration of the Gait3D dataset
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Table 1. Experiment on K-value parameter tuning of the 3D-GTM model on the Gait3D dataset
7 1. Gait3D ##EEE 3D-GTM #2E! K [ESHIFESLK

KA HER % HIE % R 5 1% ¥ %
1 92.1 90.5 93.7 91.3
2 93.4 91.8 94.5 92.9
3 94.2 93.0 95.0 93.6
4 93.8 92.6 94.8 93.2
5 93.0 91.9 94.3 92.5

# 1 R T KAE(KNN 432588 P 48 i Bom) /e AN R BUE N AT (PR REFa b SEG R IH, 24 K =3 i,
WERITE Gait3D $4 45 L FV AR R IR AL, WERIAR] 94.2%, [P, %2 BT LAEKEREIER.

Table 2. Impact of descriptor span L on performance in the Gait3D dataset

% 2. Gait3D HIRE B B RS TNT A TTEE L MRS

LA HERIH % HIE 2% F 1% H5BE%
5 90.5 89.2 91.7 90.0
10 93.7 91.8 94.2 93.0
15 94.8 93.9 95.5 94.8
20 94.8 93.6 95.0 93.8
25 92.0 93.9 94.1 92.5

M L=150, BERRRAMEGERA, HEARETR 94.8%.
34. LWHER

SERIEHL T 20 Rrp iR, MO BORFE AL 1 5 KBTI, 8 SN seqil, seqi2, seqi3, seqi4, seqis,
Hie[1,20], ELRBEF, w3 BT seqil, seqi2, seqi3 FHTEUIZFEAR, JFPi% seqid, seqis
FAPEMRRFEA, XTI GRREAFIMNRFE A, 35944 JR 2 BT B HURFE R 75 1506 — A 5 80 25 F 1 P 1) it 1)
BHATREIR I, BT BIRERS AR LD SRR R, KPR T 3D-GTM 5 HAL 7 5EAE Gait3D %X
Pt R RN, S5 R 3 Fis.

Table 3. Experimental comparison results

3. RN LLEER KR

Jrik HERIH % REIES F 1% Rt %
GaitSet [11] 89.38 90.65 91.44 89.62
GaitPart [12] 90.70 90.39 92.01 92.04

GLN [13] 92.66 92.13 93.48 93.92
PoseGait 93.71 93.53 94.11 9431
ViGait [14] 94.03 93.72 94.90 94.36
3D-GTM 98.68 95.29 95.65 97.32
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