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Deep Gait Recognition Based on Video Residual Neural Network
MA Yu-Xiang, DAI Xue-Jing

(School of Public Security Information Technology and Intelligence, Criminal Investigation Police University of China, Shenyang
110854, China)

Abstract: Gait recognition is the process of identifying individuals based on their walking patterns Cﬁrrently, most gait
recognition methods employ shallow neural networks for feature extraction, which performs well in indoor gait datasets
but produces poor performance on the newly released outdoor gait datasets. To '!address the complicated challenges that
arise from outdoor gait datasets, this study proposes a deep gait“rrecognition model based on video residual neural
networks. In the feature extraction phase, a deep 3D convolutional neural network (3D CNN) is constructed by the
proposed video residual blocks to extract the spatio-temporal dynamics features of the entire gait sequence. Subsequently,
temporal pooling and horizontal pyramid mapping are introduced to reduce the feature resolution of sampling data and
extract local gait features. The ‘Eraining process is driven by a joint loss function, and finally loss functions are balanced
and the feature space is adjusted by BNNeck. The experiments are conducted on three publicly available gait datasets,
including both indoor (CASIA-B) and outdoor (GREW, Gait3D) gait datasets. The experimental results verify that the
model outperforms other models in accuracy and convergence speed on outdoor gait datasets.
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N IZ SRR YA, 418 2) B 19 BB A 24, T
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S5 2 0 £ 4 ARG LA 6028, 2411 PoseGait
HUR, AP 3D Pose BIR A M H 56 36 0 1K M) e A
R DAVl 52 A7 B AR BB A7 ; GaitGraph™ 5] N 7 &) 35 A el
Z M 250 5T 2D B 8 Kl (2D, skeleton-based) #EATHF
fiE4b¥E; HMRGait' ' T B 25 Human mesh
recovery [ 5 T — /N 21 5t ) SMPL #E8Y; iA
— SR TR (B S IR T vk 4 S 2 PR S S 4
N, i1 SMPLGait! 45 & 25 4 B 5 5 41 fl SMPL
B 3D JUAIE Bk FE m P A SMIRFIE 7 21 ; Peng
2 NPV skeletons 545 56 8 B 45 4, $2 4 Bimodal
Fusion (BiFusion) PI%%, F DA 58 W 28 3REUE B A X 4
PEFFAEMTRE /7. BARIX e N AR AR Sof A1 W A% A4 B 0 &
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T BRI T BRI 7 A AS o AT A LA
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TEAER 2 HS st sk = SE .
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RRAE P B S, 1T R B BRS04 1 IR P A R T v X
B 5 BARAH AR IR 4 Z A 1) 5C 2, DRt i 1 4 J - Jmy
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i 25 T P DT I 2 5 4 2 V4R L 4
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NPT S % 5 AR M 2% (two-branch convolutional
network), 735 1# F 7K 74 73S (horizontal pyramid
mapping, HPM)!" R MCM X043 37 3 [A] 2 B 4L
WA > DXl e A2 10 AR Sk KRS P 3 2, i T 40 R 1)
AN T 0 BRI HE R B SR AN, I HBE %A &%
3R BUD A RHE, 1% 07 2 0N B T E R 2 )
i

AR TR T A TR RN AR5 R
S W A A0 o T B RS 19 ¢ 4 I 25
AR, 7 5 2B S U S i o R R, R
216 P 1) CASTA-BUSHed 4 (10 5 °F 3 Rank-1 1
4 e 87%. (L e TR 1 % 5T R 3 35 B
S5 1) R, 5 AL T AR A [ S A b A R 4
(GREWPBL % Gait3D') k% J7v%: Rank-1 HERf R 4L
AR 50%, B4 T A RE AR E N HOE AR R R I
40 ANHE J3 s SCHER[ 7] 52 310 24 1 A2 25 R 01 85Ut i T
Il P 00 &, BT IAT 20 25 R0 77 V5 K 2 18 % N H s
L ISR H A R (W3R 1 PR, IR K TR SEFR R
AFAEVE 2 RRE. BEX 1% ) B, AR SCH2 ) — b TR0k
FE PR LR A 25 TR D &S TR AR VR Gait. A U7V
BB Z ALAE T 1) Bevh 1 — PSSR 22 T I 28 S L
AR, % 2] 2P HI N S RHER R, IF HAgRR
AR E R 3D B AR R AR 0 20 2 i X —
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PRI, A SCFIF Tran %6 NS 1 3D 5% 28 ok i 5d
T 25 35 U0 BRI 72 X 4 . R 2 e s R a8 3.

FRE

A

ConV3DNoTemporal

h 4 v

BatchNorm3D

ReLU g ¥
v

ConV3DNoTemporal BatchNorm3D

4

BatchNorm3D

=+ )<

ReLU

K3 VideoResNet ¥k Z=H 45 1y

3 <@ 4R N T R AN BT Con3DNo-, |

Temporal RN SHICE, F 156 8ME G Ak
AR S, R AR I 5 A5 AT 3D 457
BRI R K X — L 2% A5 A1 5 7 3 o Conv3D
[ X 57 T % # Z40R 7, Conv3D A4 1 padding,
M Con3DNoTemporal H 1] padding #J°5 (0, 1, 1). It
4b Conv3D 07 T FKAE 4 3, BRI AE F AN [R] 4 F) K
X3P, 7 IMERR R G EAE 5 3D #tH—
b (ffi H PyTorch HERINZ50) DL ReLU 3% ek 44
3L R RS 5K 3 A A2 43 32 IR AE AT B
LR MR AEENZ M. BEEREENBEfS
B 2 Fizs (Stem 1 2D CNN [f) padding M (1, 1)).
1.1.2 FREAb PR B

T IRFAE B 45 31 e B 1) 77 5 2 R AIE, 48
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7 Fan 5 N3 B Baseline HHARFIE Ab L 45 #, %45
B AE A i it Al B RN KT 4 S
% 2 VideoResNet 2214

= B B, Wi FK
Stem Plain 2D CNN [3x3, 64] [1x1]
1x3x%x3,64 [1x1x1]
Layerl Conv3DNoTemporal
1x3x3,64 11x1x1]
1x3x%x3,64 [1x2x2]
Layer2 Conv3DNoTemporal
1x3x3,128 |1x1x1]
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Layer4 Conv3DNoTemporal
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L, B L4 2 55 SRR 1 B 1) 24 B A max R 0. 4
MR AFAE. 2 (1) 1 Xin AR RFAE $2 BURSE B BT £ BB 1)
FHIE I, Flo SR P MACERAE, Frp NET I 7 AL 2
J P HHREAIE .
Frp = Floy (Xin) (1)
4T NEARF (person re-identification) #F 77 45K
1, HPM AJ DAY B N A B AL i 2R B AP 38 7 F1 R
SoF 5 BT SR 0 BT S0 . HPML Ao 7] — R E B 42 BT e R
AT KV 43, PR AT It AR S 4 AR T HE
B, MR A FHARIVEHER. HEM 45Kt 4 s,
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v A SN
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-, GAP! fe |
z 2 @ j——— j
/ — | | Zy| ==! fe,, | | p
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FHIER = =— | (]
Y

B4 KPEIEm i

Bl 4, b, ow o AR RHE B = 5 0 o AR
TEH p J97K-PRHIE ) B R S 403 HPML I RUE 3 H
Z, NFFIESRTE R E S FIRS], K ret, 2, -+, 27
“@ X R IC R AN, GAP 5 GMP $5 4 5 T Hitb
(global average pooling, GAP) 14 J5 £z Kitift (global
max pooling, GMP); fc $8 M7 () & EHEAE, 115 f 18
RAEREAR AT A FRHE R . X (2) 9 GAP 55 GMP
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BE— 0 AT AL S IR AR 0, TEREBR HPM 1) 2 JRUEZ ML
il J5, A2 L kT R I Mk e, JE Hsb T
80% MYV ZRALE, R A SO 43 A BB — AN R S=4,
B AE B 20K 20 20=16 1. 2 G AT AL A,
450N GAP 5 GMP 2 fl. RN HAE ] GAP ml g2 2%
g — S IEE BA XA PERRRAE, 14— R AN
oy B BB RHIE, B R TS Sea L ANIM 5: B0Z 7 RHIE
(A B2, PR I ON GMIP figé we i 1n) O, sd i 4 ) 5
WACERAE S, 3D RRAEHR 4 1D FRAE ) & (CRPAE SR
(11 H=16), SR 5 WG R AIE ) B 7 o S 4 S b b AT K., A%
SCKEJEA I HPM 11 A3 B B4R S SE G 4 0 42
JZ, FEARKPREAE ) 5 B AN Tt IR 380 R 182 2140 1) 2 1)
23 1. ﬁﬁﬁﬁéﬁ%ﬁgﬁ@ﬁﬁlﬁ, FHAd ] Xavier™
WA 4 3 432 N AT T A AT 1 ek 3 4R T
W) 245 14 B 12 B A 8 B A 538 2 R R A S5 4K, X T
K MRS E IR FA T DS RHE A & TR E i
PE. B2 AR R = Ju K (triplet loss) BRI
1.1.3  HEFE AR

HEFE A B BNNeck #4J %, BNNeck 1 E 442 4
K 2 B R TR p NAKCPRMEM B4 E; Ly 5
Lee N=Ju40K 522 4Kk ; BN =25 FC =9t )H
— L2 5 4ERZ . BNNeck ¢ 74 TR AT N E 151
AUILE Y 2R A2 A BC G 40 R R 0™ A — MR R

BT T 5 — AR BRI — L

BART &, B AP 2% B 20h R 0 —> BN =,
TR 90 2K Bk A0 TR R A A HL Iﬂwﬁﬂ%% TR NHE
TEF 22 23 A . 4k, BNNeck 18 il HPM H [ 1 45 1)
(4 e 2, A IIFRZEF38 (label smooth) #EER 1E
A E, 45 AR S8 UK (cross-entropy loss) BT
HUETTPAN
1.2 BEMKRERE

= JugH R B Google BIF 7t I BALE SCHBR[25]  f 5
P th IR N AR R BT 55 . = oAk A A 2
A E1TE SR R i 2R DN € UM PO R
UF s BEAT B NN (a, p, n) =IJCHIEIK, 73500 N
3B EFI. a NEEMEFEAR, p N SalR KR AR,
n NS AaFEBIFEAR. X (3) Bn T =nAHBkT

HHEAR:
Lyi = max(d(a, p) —d(a,n) + margin,0) 3)

Hh, L ARER =0 R, dARR SRR 18] 1) RK
ICEE B margin NINFHIEEE, B a5p 28]
()R S B /0N, 5 T ) B B

TED AR A, 2 8005 3R H = Jo 440 Ok ik
TN, BAR = JuH P ko 7 B IR R RN
(intra-class) 5 # B AN2K[A] (inter-class) 7014, fHAEA
RER {3 4 2 S 0 20 0, 5 B0 VR 2 o A 7 e L
Ll&ﬁﬂ(ﬂ%?%iimy/a\ ! -

A SRR R CEBER 7 ST 55 o a0 P g — o
RRURH, PR TN 5 A1 p 5 LS O34 q 1) ) e e
FETAE U R A Kot (4):

Lee = —%Z;‘Z;P(xij) log(g(xij)) 4
i=1 j=
Hor, Lee WA XUBHK; m NEEARLG n AL
p(xij) FFE AR B S 43 A o B8 AN FE AR 9 2801 B 2
q(xi) FEATIRI 73 A HpoRE A 9200 j =R,

ESZIRN B EE AR 2, AN NIGRAEAA
b KNSR R EERNIE R T, R
15 FH 22 U A5 B0 ZRME LA 8. R 2 = oA R T
U\ﬁﬁkiﬂﬁﬁ%l‘ﬁﬂﬁﬁ%ﬁﬂﬁﬁd%’f VQIEE%. (A bk, 7E I
SR B, 45615 FH R PR A 2k bR O T I 25 B TR A
) B 5 AP G RFAE. DL IS A 4R R, A

Rt (5) 3 % 8
s Lecombine = @Lui +BLee (5)
o, Leombine 9Bk & 403 2K PR Lyi 9 = Jo 4 401 2%
Lee NAE XK o 5BNEZHL, RSP 1)1
SEUME AR B RIS S, A 3 DR 2 T s AR 2R

St P TR M A,

2 SRS AR
2.1 BIRENAR

ARG LA 3 AN A TT 5 A HE S AT I 45,
Hrh s 1 NEN P EHIEE CASIA-B DL 2 M E
A5 B EE4E GREW FlI Gait3D.
2.1.1 CASIA-B

CASIA-B ##5 42 2 b 1 B % B B sh AL B 72 BT T
2005 4 1 H 2R — AR . 2 0L A IR0 S S
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£, R EAMEH & Z S HIEE, LaE 124 4%
BN L. N 0-180°4 A1 B [T B 18° B E — A RAEHL A,
IR 11 MAKBE T, 535, B £ e R —
MNREMEFNRE T 3 MATER AR P %M,
AN 6 AN IEH AT E (normal walking, NM), 2 M43
AhEATHE (walking with a coat, CL) A& 2 MEALLTE
(walking with a bag, BG) 2045 7 1. Z A 4 5 77 o
R RN IR LS A S, — BRI 73 J74 3 B,
AR/ NEEAI 2 (small-sample training, ST), F4EFEA
Y145 (medium-sample training, MT) LK K FEAS I 2k
(large-sample training, LT). 7EASC, I ZREHE &1 4K H
()72 LT &l 5. EMEARE, B8 R/T 4 4> NM P31 %)
7> NEIEESE (gallery set), HR3t 6 DMFPAIENIRET 4
(probe set), tHEJ NM /7%, CL J¥%1LL K BG 541 %
2. -
2.1.2 GREW y_ b

GREW #Hi At i e K2 - 2021 4R A M1 %5
HhL S KRR . GREW 1045 26 345 D32 N 7 A K
128671 LT, RET FIIT IR ) 882 4
TAg k. Jioh, ZHIEEILOFELEP R AT 1 AT
P, a1 233857 MM TA, 155 E
TR BT, GREW KA A 24, AT B E 45
FAEE, T HARME 1 SN ZREIAT AL S5, BLEE N
ANFE AR K 55 T 3 BT &, A8 a2kt
A5, palh . EHE. BEA. Fita
PALR AR AR SE 5 Fh. R SRS A Kl Rl 0.
KWE . HE 45 DL SR 755 6 Bl 23U M F W N

54 AR 14 B RTE K8 3 4 (R 16-30 5. |

31-45 & J 46-60 ). JLE (16 £ LLF) FIZ A (60 &
BA ) 40— 4L, FLARASEI AL PR A 2 .
Ji¥s GREW X435 Rl g tes Wil 5 L R il & Hoh
IR EL A 200004 523k A 51 J% 102 887 A5 4591,
MRS 6000 N2 51 K& 24000 42751, 5
WEEEE 345 MR A AT 1784 AMBEFH. X 3 A4
o s THE 2R R, BB ERE
LIBT3, S AMENRE R A Z A S 4 4
WEAFHN, o 2 MERNBEFELR, 57N AME R TREHE.
2.13  Gait3D

Gait3D UM T RHE KT 2022 KA 12
—ANEEF ORI 3D FORIE A HE4E. Gait3D 7E L
Bl 1 == AR IR B I I 39 MRRSLREE T 4000 32K
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NG 25000 NPT, 7] 3R Nk
B, =AU A EhAE BN B 7% T 3000 A4
ZIRAN R BB SRR NG, ¥4 T 1000 432
WA RS R REE. SFFlk st — 2
X3 AL E 1000 AN 7 A1) B FEAR, FIAR 1K 5369
AR T H RS .
22 HREEESLR
SIS AT FH AU 4R 15 B A TR 3.

%3 NFEEGERIER
gtk e

ESIES Id ¢ Seq Id Seq A
CASIA-B 74 8140 50 5500 NM, BG, CL

GREW 20000 102887 6000 24000 2

Gaif3D 3000 18940 1000 6369 2

23 LWIMEESHRE
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