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Cross-view point cloud gait recognition based on multi-scale feature fusion

Wei Yongchao'!  Xie Weixin® Zhang Yalan® Wang Yinghai® Sun Ruxin®
(1. Scientific Research Office, Civil Aviation Flight University of China,Deyang 618307, China;

2. School of Computer Science, Civil Aviation Flight University of China,Deyang 618307, China)

Abstract: Most of the existing gait recognition methods are based on silhouettes or skeletons, however, the 2D
information lacks a complete description of the spatial geometry of the human body., and the performance of the
recognition effect is limited under complex conditions such as view angle change and occlusion, for this reason, this
paper proposes a point cloud gait recognition method that combines global multiscale and local fine-grained features.
The method projects the point cloud as a depth gait map. introduces a cross-view data transformation module to
improve the viewpoint invariance of the model, uses an improved residual network to extract rich global multi-scale gait
features, and finally uses a KAN network to enhance the representativeness of local fine-grained gait features. The
experimental results show that the gait recognition method based on point cloud is far better than the method based on
2D information, which achieves an average Rankl accuracy of 92.65% on the SUSTechlK public dataset, which is a

6.02% improvement compared to the advanced method LidarGait, which fully verifies the effectiveness of the method.

Keywords: gait recognition;residual network; KAN network;data transformation; viewpoint invariance
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Holistic framework for Cross-view point cloud gait recognition based on multi-scale feature fusion.
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Table 2 Evaluation of SUSTechlK in different models %

o e Rank] i % S 24 A R
NM BG CL CR UB UF oC NT Rankl  Rank5
GaitSet™ 70.93  70.23  38.55  66.84  66.48  63.89  68.68  24.38  67.01 85.78
GaitPart™ B 69.19  69.18  41.10  65.32  64.70  64.68  68.46  20.17  65.82  84.18
GaitBase™" 80.05  77.83  49.20  75.49  75.64  77.54  81.25  25.21  75.87  89.19
HMRNet" 92.71  92.34  79.55  90.27  83.14  86.19  95.15  90.35  90.23 97. 54
LidarGait" = 91.17  88.26  77.38  89.07  65.90  80.81  94.95  90.33  86.63 95. 68
¥ @ RN 95.40  92.93 75.08 93.16 88.09 91.80 96.49  90.59  92.65  98.19

FEYN LR b AR SO R B T AR IR (CL) P48 £ 41,
by i 25 A UM AR 3 R AR . 2 Rankl i ik
F]92.65% , Hi#k ik LidarGait M o, A S0 % F 4
Rank1 #EHREEAKETL 6. 02% 450 R A (UB) thaE &,
S Rankl #E 3 M 65.90% 42 7+ = 88.09% ., T+ T

22.19% AR T A SCH VL SR E

2) B AR 20 A5 R 45

T VT AR BT AL s W AR 2B A U M AR, i IR
LidarGait BB AL SR B ER SR X R#ETHE, &
SC92 B AR 38 SURL AR B

+ 113 »



48 %

v F o

T # K

MIEL 8 0T LA A ST ¥ A 5 00 A 28 25 U0 1 R
FET LidarGait J5 i . A7 R ¥ 6 B o, AR SCO7 1A 7
AR TRV R AT 4 TR0 o A 3 3 i i 96 04 . T LidarGait {2

(a) LidarGait

TE 9200 7647 o TRV S AR S5 TR AE AN ) B A 22 1) g 140000 o 1
FRIEEEL/IN L 7 O Y R A R

95
90
85
-80

75

R
& )

(b) A&3CT7 ¥
(b) Proposed method

K8 B L AU e

Fig. 8 Cross-view gait recognition performance

(B A B AR B LA TR RICR A7 7R — 5 B 3L AT
LS f A v T B AL R 22 S g R R IR RE R R
W o T UL L R A2 Al 2 W 2 09 A 7 2 o] — IO AR AIE A XfE
BE . A B © 2700ar” 55 A A0 DC I Y I Bl 5 K B o
28 B Ot A B A LA TR B SR R
AF TR —BERREAE . SARTE AR SCOITIE AR LA
TR BN AR BT AR SCT5 ik A B LA AP 2 R G R

MR 3 T LU M i ot 2R 2 90 2% ff i a2
W 2%, -3 Rank ] HERG 542 TE T 1. 7900, Ui I ek B 5% 22
I 24 FIE B I 0501 0 9 A0 25 R AR 5 55 4 4 A ot R B 2
245 10 L A L N T 2 A 0 AR e BB L -2 Ranke D 1
FETHT 3.69 04 - 1t W1 5 1A A1y 000 A 40 A5 R BB 5 - i T A 2R
ML PE R . R, SR 4 7T DUWLEE 2], 78 3
T i A0 AR S A BT A T A A ) R o A A A

HOEYW 3 E RAE T — 2P B0k 1 H A8 N7 A0 A A2 A6 5 v A DA A
2.4 HEXR 5 A KAN 9 28 38 538 Jay 350 40047 B2 AR5 AIE 1) 2 AiE ) SF- 2
1) % AT il 52 56 Rank 1 MER RS2 TE T 0. 54 0, LR Lk P2 X J5) 140 4 AL

ARSCHRE A 7 1% el = AL e B
7RO 78 8 A5 D UL AN ] R A 4 2 25 81 5 U il 2k
HERYFR 2% W 4% B W 42 Jm 22 RO B0 40 A5 R AR s B UL il
KAN [ 45 36 55 Jey 0 400K 5 28 25 e AE (9 3R AE g 0 A SO
T Tl 52 360 e M g S R 1) S B AR T

BERFAE P2 ) B —E AR . N9 dm] UM 3. 72
g — 73 B 0 e P9 R AT 22 S S O T A 0 T AN [
2508 B R IE 2 2T R ] TU A TR AIE (8 R ik 2 28 5 5%
AP R T A D AR AR S AR

R3 HEAURERAHMEHRR

Table 3 Research on the effectiveness of each module of the model %
- Rank] #E#f % S 24 U R 2R
NM BG CL CR UB UF oC NT  Rankl Rank5
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+KAN iR gnh B e om M 4% 95.40  92.93  75.08  93.16  88.09  91.80  96.49  90.59  92.65  98.19

114 -



MK F AT ERAFERLSNOENALET SRR 55 10 1
T4 BURBEBETHREREERR
Table 4 Research on the effectiveness of Cross-view data transformation
. Rankl ¥fE#I R/ %
LSS ; ; ; ; ; ; ; ; ; ; ; ;
0 0°far 45 90 90°far 135 180 180°far 225 270 270°far 315
FL 3% 74 ) 2% 87.20 85.73 89.65 87.71 85.97 90.03 87.33 85.16 88.92 86.48 77.66 87.72
oI ZE M4 88.74  88.61  90.86 89.03 87.88 90.92 88.70 87.45 90.13 87.67 81.54 89.54
FEMMBE S 92.14  91.47  94.68  93.35 91.93  94.09 92.28 90.54 93.04 92.47 86.40 92.93
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Table 5 Research on the effectiveness of each module of the model %

5425 W 24 : : Rank] #E#f % SN RTES
NM BG CL CR UB UF ocC NT Rankl  Rank5
FE T 5% 2 ) 4% 91.17  88.26  77.38  89.07  65.90  80.81  94.95  90.33  86.63  95.68
IR A5k 2 M 4% 92.30  89.12  75.91  89.59  69.14  81.43  95.75  90.57  87.46  96.26
+Inception e 92.76  89.83  76.12  90.22  72.17  82.58  95.95  91.03  88.32  96.77
+RelLU6 #ifish %L 92. 47 90. 00 77.72 90. 48 71. 42 83.33 96. 38 90.84  88.42 96. 65
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