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Research progress of three-dimensional gait recognition
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Abstract: Gait recognition is a new biometric identification technology that uses human walking posture and gait to deter-
mine a person’ s identity. Face recognition, which is considered traditional biometric recognition technology, is widely
used, but it has the following defects: 1) recognition distance is limited; 2) it is vulnerable to occlusion and light and other
factors; and 3) the results are at risk of being attacked by using face photos, video playback, and three-dimensional
masks. In contrast, gait has the following advantages: 1) it can be identified from a long distance; 2) it is less affected by
occlusion and illumination; and 3) it is not easy to disguise and deceive. Therefore, gait recognition is playing an increas-
ingly important role in public safety, biometric authentication, video surveillance, and other fields. Gait recognition is

mainly divided into two categories according to the dimension of input data: 1) two-dimensional (2D) gait recognition
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based on 2D data and 2) three-dimensional (3D) gait recognition based on 3D data. At present, the research review in the
field of gait recognition focuses on 2D gait recognition, usually from the perspective of traditional machine learning or deep
learning. Gait recognition is moving from 2D to 3D. Compared with the inherent 2D information of the image, the 3D infor-
mation restored by visual technology can more effectively predict human identity. In the field of 2D vision, traditional gait
recognition methods have difficulty achieving better recognition performance because of the influence of object occlusion
and view changes. On the basis of 3D human technology such as 3D human reconstruction and 3D human pose estimation,
a series of progress has been made in the field of 3D gait recognition in recent years. To fully understand the existing
research in the field of 3D gait recognition, this paper reviews and summarizes the research in this field. This paper dis-
cusses the research status, advantages, and disadvantages of identity recognition based on 3D gait; summarizes 3D gait rec-
ognition methods and 3D gait datasets; and provides potential research directions in the field of 3D identity recognition.
This paper summarizes the different input data of existing 3D gait recognition methods and the recognition effect (recogni-
tion accuracy and speed) of these methods. These methods include multi-view-based, depth image-based, 3D skeleton-
based, 3D point cloud-based, and 3D reconstruction-based recognition methods. This paper divides the 3D gait dataset
into the indoor dataset and the outdoor dataset according to the acquisition environment. The 3D gait data include depth
images, 3D skeleton, 3D human body grid, and 3D point cloud. In addition, this paper collates and compares the experi-
mental results of different 3D gait recognition methods on various 3D gait datasets. Finally, this paper provides potential
research directions for the field of 3D identity recognition. 1) Performance improvement and model optimization. Different
from 2D gait, the performance of 3D gait is closely related to the 3D model. The 3D deep learning model needs to be opti-
mized to improve the recognition performance of 3D gait in real scenes. For example, the training skills of vision Trans-
former (ViT) to improve performance are applied to 3D models such as 3D convolutional neural networks to improve the
generalization and robustness of the model. The 3D model with the ViT concept is expected to learn more discriminative fea-
tures from 3D gait data. 2) Collection and collation of 3D datasets. Compared with the 2D gait data set, the number of 3D
gait datasets is small and the data types are not rich enough, which limits the development of 3D gait and requires further
data collection by researchers. When the collected 3D gait dataset is sorted out, the training set and the test set can be
divided in advance. For the test set, the registration set and the verification set are expected to be divided again, and the
baseline algorithm that is easy to reproduce is used for evaluation. Rank-1 accuracy and mean average precision can be
used as evaluation metrics. 3) Multi-modal fusion of 2D and 3D data. Compared with 2D data, 3D data contains more
information, so the effective use of 3D data can improve the recognition performance in real scenes. In the field of gait rec-
ognition, current research mainly focuses on 2D data (human 2D skeleton, gait contour map, etc. ) but has gradually
shifted to 3D data (human 3D skeleton, human 3D mesh, depth image, etc. ) in recent years. Future researchers can
explore multidimensional gait recognition networks based on multimodal fusion to dynamically fuse 2D and 3D gait data.
This fusion network combines the advantages of high 2D recognition efficiency and high 3D recognition accuracy and is
expected to improve the performance of gait recognition in complex outdoor scenes. 4) Promotion and application of 3D
vision technology. This paper mainly discusses the application of 3D vision technology in the emerging field of biometrics,
particularly in gait recognition. Traditional biometrics, such as face recognition and fingerprint recognition, are also gradu-
ally transitioning from 2D to 3D. It is anticipated that this paper will aid researchers in understanding the latest advance-
ments in 3D gait recognition and inspire the development of novel and advanced algorithms and models.
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Table 2 The recognition effect (recognition accuracy and speed) of 3D gait recognition method
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Fig. 1  Visualization of 3D gait data ((a) RGB image (CASIA-B dataset) ; (b) 3D human mesh;
(¢) depth image; (d) 3D skeleton; (e) RGB image (SUSTech1K dataset) ; (f) 3D point cloud (SUSTech1K))
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SZU RGB-D Gai § - 8 .

gy otz T Ko %W RGBIEHR VR EIZ (depth image) 99

vaVUGg% ole) WA GEP9 3D A (skeleton joint) S 52

CASIA-B o Sl &

(Yu’.2006) o R W RGBEMZ(ATHER 3D HA%) e &l 124

CASIA-E LRI T ey ROBIRCTRUDFHE) SeE S BRI (GED 25

(Song%5,2023) A E 1% (gait thermal image )

SUSTechik MRS 5 RGBIEMR B 3D A2 (point cloud) 1050

(Shen %% ,2023a)

GREW (Zhu %, 202 1) B 7R 2 A+ %= AP ¢
HORAE R BN 2 firR , BN LR B DA
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N AT AN SRR 5w R A B, X020 2SR
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DLFAT AT Serb 3 B R 3 X7 ARy S 43 1831
WRRCT T 3) B AR, : SEBR R AT A
WO AT, AR R 1 $R A 5 32 B A AT A
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CASIA-E(Song %5 ,2023 ) By A1 3 %57
sCREFHAT R (TR D ST R (E2)

ME RSB G=3), K3 iR, Hi, fFE—
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K2 GREW Xdlatk i Z R ki 9 < 4]

Fig. 2 Examples of multiple recognition challenges in

GREW dataset
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3 CASIA-E Bdi4E b AR 2= 4559 RGB 1%

Fig. 3 RGB images in different outdoor scenes on

CASIA-E dataset
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J5 ¥ ) 3 R T N 3D FRom 1 5 vk (FEAE LA
3D AR KA ) o 8 T 3D IR AL 5 2D
WU I Ve B S T TR PR BE | AR SC3E BEAG
b 733X W RR R0 O 2k 78 3D A 25 BUE 4 Gait3D Al
GREW L4558 s WA BE 4 43 I AE = R == 4b
L P R AR
3.1 ERHIELE Gait3D LRIRFIE R

WA LE Gait3D LR B RN 4 Firr .
Horfr i ARSE N 128 x 8812 K Al 64 x 4414 FK . iH

=4

) 45 B 0 VEAl 48 bR AL 45 MERS B Rank-n (n = 1, 5)
(Rank-n R FTRTEFT n L5 IEAH U AL
) PHE YRS (mean average precision,mAP) VI
S R AT (mean inverse negative penalty,mINP).

R4, LOE S R i AR5 1248 3D 28
AL Gai3D L, 5 7E CASIA-B(Yu 55, 2006) Fl
OU-MVLP (Takemura 55 , 2018 ) % 25 145 45 Hi 45 4
R PEREAR LG AR VERE A BT T R . X B T SE S
F 5T 5 H Pk R M A BESE R 22 IR R A K
ZElH

[ s, 5T AU 1) 512k 22 ) 7 R 031 e Afy 5 5
RETE AR EAFfE W& 22 5% . ln, JE T A0SR &
(gait energy image , GEI) i) 5 1 GEINet (Shiraga 55 ,
2016) FLFLHHBR A PO R R, X KRB GEL Al fER
RELR B BT A XL S PUNEZ MG E o [, GaitPart
(Fan %%, 2020) . GLN (gait lateral network ) (Hou %,
2020) . GaitGL (Lin 4§, 2021) £l CSTL ( context-sensitive
temporal feature learning ) (Huang 55, 2021) 77 15 % J&
TS MU IR RN B, OIS BRI, X
WK % A1 S b T A B0 2 2D M R A L DR O A
AR FREE AR BE S AT E R FE v 45 T A
o ARSI T IR AN PR A S AR AR A . MR XTI,
GaitSet (Chao 4%, 2022) it i JC Fp 5 5 1 J7 304k B 42
AW, A T SRR SN R

WARIRFFETE Gait3D HIEE LHER

Table 4 Results of gait recognition method on Gait3D dataset

/%

Rank-1 Rank-5 mAP mINP

Jrik i AFFHE 128x  64x 128X  64x 128X 64X 128X 64X

88 44 88 44 88 44 88 44
GEINet(Shiraga %5,2016) HER A 7.00 540 1630 1420 6.05 506 377 3.14
GaitSet( Chao %5 ,2022) AR 42,60 36.70 63.10 5830 33.69 30.01 19.69 17.30
GaitPart(Fan %5 ,2020) P (e 20.90 2820 50.60 47.60 23.34 21.58 13.15 12.36
GLN(Hou%:,2020) AR BRI 4220 3140 6450 5290 33.14 24.74 19.56 13.58
GaitGL(Lin%%,2021) LA 2350 29.70 38.50 4850 1640 2229 920 13.26
CSTL(Huang %7,2021) AR 1220 11.70 21.70 1920 644 559 328 259

PoseGait( Liao %, 2020) NN g 024 - 1.08 - 047 - 034 -

GaitGraph(Teepe % ,2021) NN 625 - 1623 - 518 - 242 -
SMPLGait(Zheng % ,2022) SRR 3D KRR 5320 4630 71.00 64.50 4243 37.16 2597 2223
GaitBase(Fan % ,2023) EERmEE 2D MIDEHE - 64.60 - 81.50 - 5530 - 31.60
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3D iR J5 ¥ SMPLGait (Zheng %, 2022) 1 Gait-
Base(Fan % ,2023)7E Gait3D a4 b5 A 14
BUN T Al te, B B S UM ER 5%, st 3D 4%
TERRTE B S e rh R D AR B PERR I8 )

3.2 ESMIIESE GREW EHIRFIGER

F AN EE GREW L AgiR 45 A5k 5 frs o
T 45 3 0 PEAL 38 45 4 fE 8 B Rank-n (n =1, 5,
10, 20).

# 5 BE S GREW Y45 SR K M | GaitSet
(Chao %, 2022) 1 GaitPart (Fan %5 , 2020) 7£ % /31
RTNEARENESRAERE, 5 N EE
CASTA-B (Yu %, 2006) 1 OU-MVLP ( Takemura %5 ,
2018) by PERE—3 . Hh, GaitSet Fl GaitPart J5 i
() Rank-1 35 45 40 %]}y 46. 28% F1 44.01%. X} F
Rank-5 #l Rank-20 $& b , B J7 12 43 il 42 60% N
70%. 5 ZAHXS B2, FE T A5 B 28 [ 24 (convolu-
tional neural network, CNN) [ 77 B TS-CNN (two-
stream CNN) (Wu %5 , 2017) 1 GEINet (Shiraga 55 ,
2016) 45 A e (GEDAE M A, i ELASE R 2 8
HHXT 40 | R FE GREW %5040 45 L TS A0 v 1 S48

o GEIER T #4316 TC L UL AU vh 22 (9 i)
[A]45 . o 5 GEINet A Lt , TS-CNN SR FH UL JEE 2%
> 2% B e ok 22 gk at FUA L AR 3R AR B v o

M EE T GaitSet 1 GaitPart 25 25 8L 145 51 J7 ¥
A 5 J5 3% GaitGL (Lin %5, 2021) FI CSTL
(Huang %, 2021) LAk 1 A7 ik AR B 454, DLk
e DK A B 20 2 B IR P S IBURRAE R BE 7 L DT i
— R T TS TUI T RE

FeT NARE B 77 PoseGait (Liao 45 ,2020)
GaitGraph (Teepe %, 2021) 7£ 5 3 T 25 5 5 B K 19
J5 ¥ GaitSet Fl GaitPart AH Lb AL, R PEREA &2 o
X RWITE B 5, N g #5195 B 1 7T g
AP R FE e TR R, Ho,
I T ] A BB 22 X 4% (graph convolutional network ,
GCN) [ GaitGraph P SR AIE T3 T4 U 22 [ 2%
(CNN) ) PoseGait, #2 {1 [€] 45 FH pif 25 ) 2% L1 538
R A B 22 I 45 B 3k T LS 3 st P g 2B AU
ST & B8 T N i 1Y 05 1R 2 A IR T kAT
A AT T e Pk AT ks 1]

3D {5 J5 % GaitBase (Fan 45 , 2023 ) i 3 4 A
=YL R IR s B RS SR BOR , oK #H
JHERE A AR 4, ST EL 2D 3R 3 o A 4 1)
PERE .

N T LA 3D U 5 2D PN 5 R TEA
) 7 s PRI PE BE , AR SCR S T B ST O ik 7
3D B4 GREW 1 Gait3D |- AT 5125 5 (Rank-5)
a4 Fros o I 4 T RLE 3D R U7 ik

®5 HHRMNFEEGREWHBIEE MR
Table 5 Results of gait recognition method on GREW dataset

1%

i AL Rank-1 Rank-5 Rank-10  Rank-20
GEINet(Shiraga%#,2016) LSRR 6.82 13.42 16.97 21.01
TS-CNN(Wu%,2017) AR 13.55 24.55 30.15 37.01
GaitSet(Chao %% ,2022) LA E 46.28 63.58 70.26 76.82
GaitPart(Fan45,2020) AR 44.01 60.68 67.25 73.47
GaitGL(Lin%%,2021) AR 47.30 63.60 69.30 74.20
CSTL(Huang % ,2021) ASF R 50.60 65.90 71.90 76.90
PoseGait(Liao % ,2020) NS L 0.23 1.05 2.23 428
GaitGraph(Teepe %¢,2021) NN g 1.31 3.46 5.08 7.51
GaitBase(Fan%¢,2023) 2D F1 3D AR EAE AP AR 60.10 75.50 80.40 84.20
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(2022) K fig 42 f SMPLGait 77 7% 7E GREW %l % |-
455, 2 GREW il £ i/ SMPLGait 77 7 T s
R i A B0 —3D AR A% 1 3D U5 J7 % Gait-
Base (Fan %, 2023) iff — 2L #2 F+ T GREW Al Gait3D
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e

Fl4 BEPUNTIEELE GREW I Gait3D $df 4 L ik 5
Fig. 4 Accuracy of gait recognition methods on GREW and
Gait3D datasets
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