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Dual branch feature fusion network based gait recognition algorithm

Xu Shuo', Zheng Feng’, Tang Jun'", Bao Wenxia'
1. School of Electronics and Information Engineering, Anhui University, Hefei 230601, China;
2. College of Engineering, Southern University of Science and Technology, Shenzhen 518055, China

Abstract; Objective Gait is a kind of human walking pattern, which is one of the key biometric features for person identifi-
cation. As a non-contact and long-distance recognition way to capture human identity information, gait recognition has been
developed in video surveillance and public security. Gait recognition algorithms can be segmented into two mainstreams like
appearance-based methods and the model-based methods. The appearance-based methods extract gait from a sequence of
silhouette images in common. However, the appearance-based methods are basically affected by appearance changes like
non-rigid clothing deformation and background clutters. Different from the appearance-based methods, the model-based

methods commonly leverage body structure or motion prior to model gait pattern and more robust to appearance variations.
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Actually, it is challenged to identify a universal model for gait description, and the previous pre-defined models can be con-
strained in certain scenarios. Recent model-based methods are focused on deep learning-based pose estimation to model
key-points of human body. But the estimated pose model constrains the redundant noises in subject to pose estimators and
occlusion. In summary, the appearance-based methods are based visual features description while the model-based methods
tend to describe a semantic level-based motion and structure. We aim to design a novel approach for gait recognition beyond
the existed two methods mentioned above and improve gait recognition ability via the added appearance features and pose
features. Method we design a dual-branch network for gait recognition. The input data are fed into a dual-branch network
to extract appearance features and pose features each. Then, the two kinds of features are merged into the final gait features
in the context of feature fusion module. In detail, we adopt an optimal network GaitSet as the appearance branch to extract
appearance features from silhouette images and design a two-stream convolutional neural network (CNN) to extract pose
features from pose key-points based on the position information and motion information. Meanwhile, a squeeze-and-excita-
tion feature fusion module (SEFM) is designed to merge two kinds of features via the weights of two kinds of features learn-
ing. In the squeeze step, appearance feature maps and pose feature maps are integrated via pooling, concatenation, and
projection. In the excitation step, we obtain the weighted feature maps of appearance and pose via projection and Hadamard
product. The two kinds of feature maps are down-sampled and concatenated into the final gait feature in accordance with
adaptive weighting. To verify the appearance features and pose features, we design two variants of SEFM in related to
SEFM-A and SEFM-P further. The SEFM module merges appearance features and pose features in mutual; the SEFM-A
module merges pose features into appearance features and appearance features remain unchanged ; the SEFM-P module mer-
ges appearance features into pose features and no pose features changed. Our algorithm is based on Pytorch and the evalua-
tion is carried out on database CASIA (Institute of Automation, Chinese Academy of Sciences) Gait Dataset B ( CASIA-B).
We adopt the AlphaPose algorithm to extract pose key-points from origin RGB videos, and use silhouette images obtained. In
each iteration of the training process, we randomly select 16 subjects and select 8 random samples of each subject further.
Every sample of them contains a sub-sequence of 30 frames. Consequently, each batch has 3 840 image-skeleton pairs. We
adopt the Adam optimizer to optimize the network for 60 000 iterations. The initial learning rate is set to 0. 000 2 for the pose
branch, and 0.000 1 for the appearance branch and the SEFM, and then the learning rate is cutlO times at the 45 000-th iter-
ation. Result We first verify the effectiveness of the dual-branch network and feature fusion modules. Our demonstration illus-
trates that our dual-branch network can enhance performance and there is a clear complementary effect between appearance
features and pose features. The Rank-1 accuracies of five feature fusion modules like SEFM, SEFM-A, SEFM-P, Concatena-
tion, and multi-modal transfer module (MMTM) are 83.5% , 81.9% , 93.4% , 92.6% and 79.5% , respectively. These
results demonstrate that appearance features are more discriminative because there are noises existed in pose features. Our
SEFM-P is capable to merge two features in the feature fusion procedure via noises suppression. Then, we compare our meth-
ods to advanced gait recognition methods like CNNs, event-based gait recognition (EV-Gait), GaitSet, and PoseGait. We
conduct the experiments with two protocols and evaluate the rank-1 accuracy of three walking scenarios in the context of nor-
mal walking, bag-carrying, and coat-wearing. Our method archives the best performance in all experimental protocols. Our
three scenarios-based rank-1 accuracies are reached 93.4% , 84.8% , and 70. 9% in protocol 1. The results of protocol 2 are
obtained by 95.7% , 87.8% , 77.0% , respectively. Comparing to the second-best method of GaitSet, the rank-1 accuracies
in the context of coat-wearing walking scenario are improved by 8. 4% and 6. 6% . Conclusion We harness a novel gait recog-
nition network based on the fusions of appearance features and pose features. Our analyzed results demonstrated that our meth-
od can develop two kinds of features and the appearance variations is more robust, especially for clothing changes scenario.

Key words: biometric recognition; gait recognition; feature fusion; two-branch network; squeeze-and-excitation module;

human body pose estimation; gait silhouette images
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Fig.2  Architecture of the appearance branch network

convb




$Eo7TE/ETH /202257 B

R, #BE, B, BNE / WOIFIERMSMBSHESRAEE

1.3 EESIME

% HCN ( hierarchical co-occurrence network ) (Li
45 2018) Ji & SRR T — i T A B 2SS O
KGRI E 3 s, Mg h 5 2EHRZ
A, oG 3 J2 53 N A E o SRS Bl 4 S AN
(LB LIS HETIIP = 1p)p) 0}
PHRIBHIE , 128 5 XM B RRIZZIFII M = p) -
Py, py — Proy | BRIUREIE o PR 2% 3 32 1 45 460 A [
TEANIEE 0 46 2850, 70 I SR 4% 43 SR B kST
7 NI Bl 2% 53 S RRIE RV 2 B DR R Ik A S
SER B AR B — DB IURFIE . 2R 2 4R
JZ 53 BT S35 O S a1 25 B R e 1 AT 4 AR5
PRI S 275 18 31 1 4 4K B8 X 1) s 4 AR5 2R 10 52
W, Sy 1 ARFOR R B B R 8 FE B RRZ IS a1
IF Pt A D TR Rl I PR E 15 3 B JS 1 AR

LT
convl 1x1x64 1x1x64
conv2 | 3x1x32 3x1x32
conv3 3x3x64 3x3x64
Prez 4—‘
v
convd  3x3x128
v
convS  3x3x256
¢ YR Feida s
I B

e ECN FC

K3 A A5

Fig.3  Architecture of the pose branch network

1.4 4F{ERLS1EER

iy NS 28 3ok B L G S T 46 T 345 285 53 S I 2%
J& o AR RIS ULRE 1 f, AR RREE f, o H
H, f e RV f e R by w, (e, Al h,
w, ¢y SR GNILARAE P RN 2825 R E P A v
TeEANE I, SRR f, MIESFHEE f, &
b ARG 5 A B R A AP ILRRE f, RIS FRAE
S0 FERERRGH WL AT A AR OINECE X kiR
FPFEESE  FEASCRIE RS2 s v, A

28 5 2238501 S M A S AN [R] R AR 4R AR AR R
ZE, ESH, AMERAE £, € RPN AR
fiEf, e RV RARIN INACE 29438 ] T-1%
SR 25 ] Ao A1 O AR I 2 5 265 vy S 3k B R
HREIRK, MR, FRAE PR A Rl& 7 2 1 R
HE T A 03 3 W 2% BAU A FH AR AIE F 4
ANREFE 53R FH R AFAE ) BAME
% MMTM ( multi-modal transfer module) ( Vaezi
Joze 55 ,2020) | SE (squeeze excitation ) F e 4b #i
ZRAS B R[] ROF AR AE I 9 3 e, AR SO
T —FE T SE B (Hu 45,2018 ) AYFFE Al A
B ( squeeze-and-excitation feature fusion module,
SEFM) , 54 B UnPEl 4 (a) 7R . SEFM BUAE T SE
BS540 LA R G AP A2 P RN RRIE . BARRL S
TN
1) RPAMIURAE ] f R RHAEE f, 20 0l Al
TR R R JRIMEE £, e R R4 R3S
FHIE £, e RV DR PRMRRAEPF 4 J5 15 2 B e R AR
fre Rl s BUR AT 4 Ry R AR RE IR 1A
{1072 ) B 4 30 il 44 P vy, DL T 5 AN ) IR
REESH IR
2 DFHERFAE £ iR SR GE 2 0], 15 B @A F
fE £, iz R R
fo=Wf+b (2)
K, WFRIRAGE, b FoRMmz; fl, = R ¢, &
7N WO S YRR AR GE B B % R RR O R 46
(squeeze) ,BIELSEH ¢, = (¢, +¢,)/2
3) K Rl AR AIE 53 0 S 38 4 JRy S WL RF AIE 25 [B]
A4 Ry 2SR R 23 8] i B MU (excitation) |
o BN SR P A2 SR R B SR (B e, Fll e, , 7]
e
e, =0 (Wf,+b), e, =a(Wf, +b) (3)
A, o(+) FIR sigmoid BREL; e, € R e, €
R PR Wt B A Rl 22 (BN L2 250 2%
BF 25 F ST 2R
4) ¥ BE e, F1 e, 53 B E IR AE IR f, N
BASFHIEIR f, 038 AR R 3 5 X N R
VAR 4 RS I P30 3 P TR F AR InAS S )y
T, Zid 5 SE BLHAR{LL, 7] F o= i 18 4k S
RER PR, AN R Z AR FE T SEFM A R
vt o B E R INASUS BRI IR D AR R AE BT AR N
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5) G B SNIRFAE [ ', A SRR IR F, i
PR KA R ISR AL IT O 1 i) | PHEAS 2
AL BRHE o

MAEARZE R I, SEFM LURFAE Pf 42 2 ZE itk il
B PIRERIE AR B I R A — e i R 2T Ak
WURFIE A ZE AR AR AR, LA 1) 38 0 5 A H
(. SE BEBRAEEIELERE T FEAT AL, X Rt 1AL
] (R TR B 22 S 1A SRR AR A o) AN B ZEARAE T
SEFM FFEFl A A i B O 425 AN UL P MRS AE
AR, SR PR R A A S TR s 4 0 D A 2
RS AL, P 4 BTG R AR R A I i — AP A TR —

R TR AN I 2SS R X il A 285 SR ) 5
i, 7E SRS ) Ay L Xl B A T ke sl , A5 31 5
ANPIFPELEAEER A3 aniE 4 (b) FE 4 (e) s, FRR
SEFM-A il SEFM-P, 5 JFU i A O[] (1) J2& , SEFM-A
PRERAE BN B B F 5 AN AR P 3l (L, B 25
BFHERASNIURFE BRI AE ; 1l SEFM-P
BHRAE BRI BE FO B SRR A SRh 1L, B A
WUERF Rl A ZSSARAE AN AR A

FEYIN Zrash A e, U533 o 284 T P Rl 61 2 bR
BN =R L, FIBSSURHRK Ly o H
Hh = SR E TRl 5 025 A RRAE 1T 28 UM
PRAAE TRl & A S HRAE , BN

A SR B G 2RR , WO S T AR A X R  Rm L =L + AL (4)
5o R LSS NS ML R ik B R SRR K, A ARCESH SR A =2,
HMRFAEI] BAFEI HMHFEI FARHE HMWHFAEI FARHIE
C W, c " w, ¢ ) w,
) /W, L
h, h, h,
X
C'] ‘1 C
C 7 hz )
al ™ Ak al ™ 4
Pz il
W AHE W AHE
(a) SEFM (b) SEFM-A (c) SEFM-P
® naikr i @ xRt E AN
El4 3 FORREIRHE RS S 1
Fig.4  Architecture of three different feature fusion modules( (a)SEFM;(b)SEFM-A;(c¢)SEFM-P)
g MR R UG AR X o ) 233
2 X Iy SCH RS A R R RS IR S, 15

kT VAR LAY SRR IR A I 45 11 28 A PO B
(AR, #E CASIA-B $04E 45 L iF 17505, serp
FREFI I ] Pytorch HESESZER
2.1 HiEE

CAISA-B 454 (Yu 4,2006) £ 7 124 Ay
TP, B N 3 FORTRIAT AR TR 1 10 Bet
B, B IEH (NM#1—6) 5 (BG#1—2)  # K
(CL#1—2), BB A #0411 F £ JE (0° ~
180°) o S50 v 40 8 15 b 590 A B AL | 28 A 0
fdiFH AlphaPose %8 25 Al 153 1 DA JiE 1y W0 431 v 44

WAV E S GaitSet T3 Y HIIZRAE (medium-
sample training, MT ) Fl R I 2k 4E (large-sample train-
ing, LT) PARNECE S 4] 70 07 =0, MT i HTAT 62 M7
NHEHE NG 62 17 AR Bl ; LT i H]
i 74 DT NRBHENZRATE 50 ARECENEt, il
U CRERT 4 A IE R AT RS (NM#L—4 ) BB
R ER PR (gallery ) , 0T A9 KH: (NM#5—6, BG
#1—2, CL# —2) $Z MRS R 43 3 A F s R EE
(probe ) 73l , LAPFAR B RUA R T RS ST
TR RE T, T s 7 DU s A BT A AR A PR G i
ST E BN E RO B A UNBE T . A RATRE
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R ESF GaitNet-pre 592 ( Zhang 55 ,2019b) 1)
St 7 =, AT 34 T AR EHRIIZRAE 90 A4~
B BRI, Hrh U g4 v 2 AL I 540~
144° 1 B B, Wk 4 T 4 D IEE AT E R E
(NM#1—4) [BERAE A2 P2 B | 75 00 A 4R
A RVBHEAE R W 2H R A R I 23 01 A <40 A
TRBONMER R, PPN TEP5 A Rank-1 fERR 2 Hor
Ao BRAFEAS ARG 2R PEAEAS AR A ] B A 25 SR AN
TPARALE R
2.2 TIRHET

YIZERT , B E AN ZREE AR B BEALBRE 16 1
TN PN T N B B LR 8 ¥ 51,
WA RS R 128 5 22 J5 PVREAS T 1) v i B 32 GG 8
() 30 MoidE A i A B, A 2 30 Wi )P sl E =
30 Wi, FrA M5k H Adam AL A%, B L
W 25 FRI ) 1 27 21 5 9 0. 000 2, ZR W43 52 0 2% s
TERLA BRI 1R 27 2] 2R 0. 000 15 75 255 90 A i
B, kAR 60 000 WK, ITFTER 45 000 K B K2
B ES A 0.1 AT ERERE
3% 1820 000 YR ; = JG 41 51 2% 1Y R (B BE R
0.2,
2.3 ZWHER

F 1 Ry I 45 5O Rl REAE Rl =Xl
AR, B/ 3 AT 2R3 SR 458 rh BN 43 S R 28 1Y) T
W J5 4 TT RS S22 455 A TR] ) R AE il A
Hey s,

F1 AEHEREHEM Rank-1 EFHE
Table 1 Rank-1 accuracies of different
feature fusion methods
/%

ERFS

NM BG CL
HMILS3 32 R 4 91.43 83.29  66.70
BRI XL 59.73 32.93  20.46
WAFSZ % + FREPFE 92,59 84.64  68.12
WAy ML + MMTM 79.51 63.57  51.30
WAy H M4 + SEFM 83.52 66.91  54.55
WA M4 + SEFM-A 81. 90 64.65  52.18
Wy M4 + SEFM-P 93.36 84.75  70.90

TE L P RS S S R A, S50 B N MT,

MR T ATLAE 1) BT J7 v AR e R
A TR TR B 5k, RO — O T SRR A
SESNERD TRIEENR, 5 — 532 B85
SRR AR AT 0 A G RN S 2R . B
S RHEPHE S A5 2N B HER R AL T AP 4 S M %
UEW] T SN AE RN 28 A R I AE AR B AME , —F Rl
JEAe B AL SRR M ERG . 2) W MMTM
SEFM HI SEFM-A 3t 3 FREAIE il 5 A5 5 5 2% 14 1
3 2R e AT, 2 A0 T A W 3 52 IR 4% 5 1T R
SEFM-P FHER GRS HER 232 T, S BO%L
0 B PRATS AE T 838580 , th T ARBILAR BE BRI 47 A 7E
B B e e HIER IS, AP G RGB A4 Y
Iy BRI, DA R B AR T P RE PR 1, i 26 ]
FALE BT B SEE PAAAERR R P TERE
AERLE B AR A SR SRR A SN ULARAE | i
M EGIAMER PR IEB A ER 75 JLF
FRERLS 775 b, MMTM 1 SEFM 4 28 25 5 AF 1 4k
NUFFAE AR Hfil A s SEFM-A 4 238 FR A @l A S8 04
AErR, BT LAX 3 il G 55 B 5 B A R PR AT, T
SEFM-P H4 SN ULRFAE il A 22 R AIE , [R] DR 45 0 L
FRIEANAS e T AMULARRAE 52 MR P V5 % ; FRAE DA
[AFECR I T AR AIEASAE | DRI I 35K 7 Ao AR i il 5
DARER T HERRR AR MER R XS L, T LR AR
SCREBCTHY LA SEFM BERFERE T MMTM Kbk,
1M H. SEFM-P I3 T 5 e B MER IR 1 A SO
V2 RFAE RS B R A R

2 MIF 3 3502 T S AL BCE T AT AR
Rl B A AR R AL SR L 7E CASIA-B
s [ MT R LT AR 43 07 200 ol o %
HA PoseGait ( Liao 45,2020 ) I JointsGait ( Li %,
2020) J2& FE T L A B B 77 155 GaitSet ( Chao 55,
2019) ., CNN-LB ( CNN-matching local features at the
bottom layer) ( Wu 45,2017 ) Fl1 GaitNet-pre ( Zhang
45,2019b ) 2 A& T AN J7 15, 1 48 5 I 1Ak
i A ; EV-Gait ( event-based gait recognition ) ( Wang
55,2019 R FEFAMI Y 7 1, H = A 5cdE S 35
TFER (event image) , 454K 1, AR SCH LIS
I3 MRS GaitSet 553 M [A] 1Y WY 28 2544, 7E
MT SESG B8 T, 3 Fb AR BT B 5850501
91.4% 83.3% F1166. 7% , i GaitSet ( MT) [ -4 Ui
B3R 5R 92. 0% .84. 3% F162. 5% , X & A
OB St T R TR S0 B R AE T 2
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x2 BUAZETARELTE CASIA-B #iFE FX A MT A F1 Rank-1 £H=ER
Table 2 Rank-1 accuracies of different methods on the CASIA-B dataset with MT under different views
/%

. ] HLA
KB Trik HilE
0° 18> 36° 54° 72° 90° 108° 126° 144° 162° 180°

PoseGait 49.7 61.6 67.0 66.7 60.8 59.0 62.5 61.4 67.3 62.0 47.5 60.5
NM#5—6 GaitSet( MT) 86.8 95.2 98.0 945 91.5 89.1 91.1 950 97.4 93.7 80.2 92.0
SEFM-P(43C) 8.6 95.4 97.7 97.0 91.2 89.3 92.2 97.2 97.1 94.8 85.6 93.4

PoseGait 326 42.2 453 44.6 41.9 41.5 39.7 41.0 42.5 37.3 27.6 39.6
BG#1—2 GaitSet( MT) 79.9 89.8 91.2 86.7 81.6 76.7 81.0 88.2 90.3 885 73.0 84.3
SEFM-P(43C) 80.2 87.3 90.8 87.6 83.1 79.8 82.4 865 90.4 87.9 76.2 84.8

PoseGait 20.6 24.0 33.5 335 327 30.5 36.0 361 33.8 27.6 19.0 29.8
CL#1—2 GaitSet(MT) 52.0 66.0 72.8 69.3 63.1 61.2 635 66.5 67.5 60.0 459 62.5
SEFM-P(A3)  62.0 74.0 78.1 76.2 70.6 654 70.6 74.5 77.4 70.6 60.3 70.9

T IR R B A A9 B I

#£3 BUAIEETARERLE CASIA-B #iEE L% A LT AXEHFL Rank-1 E#HE
Table 3 Rank-1 accuracies of different methods on the CASIA-B dataset with LT under different views
/%

. ] GV
K K Tk HfH
0° 18° 36° 54° 72° 90°  108° 126° 144° 162° 180°
JointsGait 68.1 73.6 71.9 76.4 77.5 79.1 78.4 76.0 69.5 71.9 70.1 74.4
EV-Gait 77.3 89.3 94.0 91.8 92.3 96.2 91.8 91.8 91.4 87.8 857 89.9
NM#5—6 GaitNet-pre 91.2 92.0 90.5 95.6 86.9 92.6 93.5 96.0 90.9 88.8 89.0 O91.6
GaitSet (LT) 90.8 97.9 99.4 96.9 93.6 91.7 95.0 97.8 98.9 96.8 858 950
SEFM-P( A< 3C) 94.0 97.7 98.6 97.4 94.3 92.4 944 98.3 98.4 98.3 88.9 957

JointsGait 54.3 59.1 60.6 59.7 63.0 657 62.4 59.0 58.1 586 50.1 59.1

EV-Gait 64.2 80.6 82.7 76.9 64.8 63.1 68.0 76.9 822 754 61.3 72.4

BG#1—2 GaitNet-pre 83.0 87.8 88.3 933 826 748 895 91.0 8.1 81.2 8.6 857
GaitSet (LT) 83.8 91.2 91.8 88.8 833 8.0 84.1 90.0 92.2 94.4 79.0 87.2
SEFM-P(43C) 85.8 91.9 92.9 89.1 85.5 82.2 841 90.9 92.9 91.5 79.0 87.8

JointsGait 48.1 46.9 49.6 50.5 51.0 52.3 49.0 46.0 48.7 53.6 52.0 49.8

EV-Gait 37.7 57.2 66.6 6l.1 552 54.6 552 59.1 58.9 48.8 39.4 54.0

CL#1—2 GaitNet-pre 42.1 58.2 651 70.7 68.0 70.6 653 69.4 51.5 50.1 36.6 58.9
GaitSet (LT) 61.4 75.4 80.7 77.3 72.1 70.1 71.5 73.5 73.5 68.4 50.0 70.4

SEFM-P( A30) 72.6 83.4 85.4 80.9 74.1 71.3 76.7 76.1 80.3 80.1 66.5 77.0

E IO RS R B A B B AR

TEMSTFEAR NM  BG IRASMER R M 5 F T, RIREE  PoseGait A, AN SCHE 12 18 2 25 73 3 9 2% 1) e Aff 46
BT CLRASIIMER R, 50 —METRENTE BIK, XEFAZERRBCESMITRERE, K
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SCHEVERF T 2D B, 1 PoseGait R H Y 3D
BB A 5 LA B S L B EL A e Y T
W%, TESS GBS M SN 53 32N 28 FVRFAIE
Al A SEFM-P J5 , 48 STV 1) 0053 32 0 245 1 1
Rk — LT, 435 R 93.4% (84.8% Al 70.9%
FHLE T GaitSet( MT) , 7E 3 FhA 78R T A HERR R 53
FHETFT 1.4% 0.5% F18.4% . £ LT 520 E i,
ASCA LR F CNN-LB | GaitSet (LT)  GaitNet-pre
FEV-Gait 55775, i858 T 5 TR, T 22Ul
fR2: , S AN 32 M 4 GaitSet AH [, A SV TE CL
AT RS T HREFHEOR U AR SO X A 722 Ak 55 51
TP R 2 HAT AP e B AE NM R BG 173k
RS HEFHEIN I PR R 23383 S M 248 A 3
TRTFHMA 2 BRI T RHE AL AROR . RYE R
2 ZE R FE T R AW 5L AN PoseGait |, JointsGait 4%,
HAEw R T H A LA T/ Bk, X2 H

T T A M S T 1) 22 )

4 AT ERSECE TS gs iR, aTLh
H i, 5 JUCNet (joint unique-gait and cross-gait net-
work ) ( Zhang 4§ ,2019a) F1 CNN-LB #{ kb , A SC 52
£ CLATEARE T B F- X a2 8 90. 0% , L fm T
CNN-LB J¥E 9 62. 5% . 18 BG 417ERE T HY-F1
HERH R g 94.9% , LT JUCNet 535 19 93.2%
GaitNet-pre 57530 I FRIE AR BRI S5 17 8 R T K
AL S HRIE 78 CL AT RS T 838 1 89. 8% -
IR, S AR SO 9 90. 0% AH2ZE A K, fHFE BG
FIEFM T MR RMRTA SR, 5P M
4% GaitSet FIEA L, AR SCHEAE BG A CL 475E R
AT B HER R T 16% M 6.7% , B
SEFM-P 4 fil 5 BEER BE % A7 280l & S LN 28 25 7
FPRFAE | ELRLG AR S REIS T A 1 A K
WAE SN & R

x4 AETERTIEETAEEEAE CASIA-B #iE & FAY T Rank-1 AR
Table 4 Rank-1 accuracies of different methods on the CASIA-B dataset under different walk conditions

/%

WA (R IIAEA DS HHEA)

LoESIET WARES i
54°/36°  54°/72°  90°/72°  80°/108°  126°/ 108°  126°/ 144°
GaitSet * 71.5 81.0 92.8 92.2 82.1 80.5 83.3
GaitNet-pre 87.0 90.0 94.2 86.5 89.8 91.2 89.8
CL JUCNet - - - - - - -
CNN-LB 49.7 62.0 78.3 75.6 58.1 51.4 62.5
SEFM-P( A< 3C) 82.7 91.1 95.0 93.3 89. 4 88. 8 90.0
GaitSet * 91.0 91.0 96.7 93.3 93.3 94. 4 93.3
GaitNet-pre 91.6 90. 0 95.6 87.4 90. 1 93.8 91.4
BG JUCNet 91.8 93.9 95.9 95.9 93.9 87.8 93.2
CNN-LB 92.7 90. 4 93.3 88.9 93.3 86.0 90. 8
SEFM-P(430) 91.6 95.5 9. 1 95.0 96.1 95.0 94.9

TE L P RS B A R EAH ; GaitSet " WS BUIIAER - 7 FRIE ORI PR AR

3 5

A ST T A5 T ML B0 77 72 R T4 Y
W7k 455 ISR L, Bt T —Foiy
SCRRIERE S R 2 1) A0 AR B . ISR A%
73 32 W25 73 AR B WURF Il AN AR AL, P AR

IF Rl 5B T il 7 R AIE LA 21 B8 HE B Y 2D 5 3R
718 38 T REAB [R] I 2R A5 52 B R AR 2825 10
5t, CASIA-B Xife ERYSCIRE R RN, x kS
FURT R A LA L B 3 R 3 1 3 A9 16
R, HHAMP R FIEM L, 2R RE S R
FERALEER N TARYINAZA XL TP R
HAE G 5 HARFIE R & O LM L i
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