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Human behavior recognition based on time domain extended residual
network and dual branching structure
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Abstract: The graph convolution network has attracted much attention because it can directly process the topological
graph of joint points and has good performance in behavior recognition. However, this kind of methods often have
the problems of weak long-term information dependence modeling ability and not paying attention to the imbalance
between spatial semantics and temporal events. Therefore, a human behavior recognition method based on the time-
domain extended residual network and a dual-branch structure is proposed. In the method of spatiotemporal behavior
feature extraction, not only the graph convolution is used to extract spatial domain features, but also the extended causal
convolution and the residual connection structure are used to construct the time-domain extended residual network to
extract time-domain features. The network can effectively expand the receptive field in time domain without increasing a
large number of parameters, so as to better obtain the long-term dependence of human joint information in time domain.
At the same time, a dual branch structure is constructed, in which the low frame rate branch focuses on extracting rich
spatial semantic information with less time frames and more channels, while the high frame rate branch focuses on
capturing the rapid changes of human behavior with more time frames and less channels. The accuracy on the NTU RGB
+ D data set is higher than the current advanced behavior recognition methods.
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e, U3 TE O 5 T A 2 SOETE B AN, 10 kR
SAESHR MBI, Kk, A R — R T A
Al J I8 TE K AR R 20 52 AP R E 2
NG

— RESRALT o3 SCAG A, A8 i £ YA R0 1 S ok
FI 11 (6 B BBEA A5 2 B EHGE C, N 5 248
MG RZ A2 C. R, siE SR 2 5,
AT e K 3G IS H0s, i LORER A 70 L6 R
7 AR TS, 4 .

FEPE 4 rh 2230 R AR 20) AR IR 7 30 Y
FRIEETE, JOBTEHON bC;; 4414 (TR ETR 1) R ot
H oy SO B R AEIEE, OB IEHON C;. BRI
53 3 bC; AN IBIE 43 BN 4, ¥ e i 53 32 14 C; i

B4 SAERREE

40 A N /b4 A5 ML AT kA Tl (05 T A%
BRESIEEECT (N + N/b)xk. 24 WS BR
LA B I (R 3 24 e 0 T R S B
DO, BB 11 1% A 1 BAZE /N 2L A B3 38 4 AT
TS o A A PR AT AT A U A

Fhy 445 40 4L, FEHEAT 11 93 B0 FLRE K7
T /INAEL P AT i, AT 3 AR 7E R — A
ANIEL P 45 S TV SRR T A AT
S g T AR AN ) R, R PR S U 4 0 SR, A
4 TS T3 /L TS 248 9 PR /N T4, T4
2 VA LR £, SR 5 L A7 4 L B I 5 e, 3
REAR /ML A1 5 R 05 S8 M & B R 2 5 5
{6 4 5 TP O A
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2.3 BUREHERR

FE T IR OB AT AR Y 2% 1 T B
I AT D9 IR 0 2% v BRI 23 AT R A B HC ) 245 2 AH
[ 6, (B2, o — Mo 1Y i B A P AN B TG
FR DR RS R, JE T B A B AT i ) Do ¢ 5 Y
TN 96747 /A7 B HEAT b B i 15 21 B i e 134
W H R E ORI TTAR R H ARSI B, S
B (S BT A5 B, A8 B T AT N IR BB AR
L ORTT O EEIE B EO H ST, BRSO
BRSSO B, YRR AT N vy = (21,91, 21), H
*ﬂ?i\’é%j‘jvg = ($2,92,Z2),%%§ﬁi5@i‘|’ﬁ%%7‘3
Eyl,02 = (962 —T1,Y2 —Y1,%2 — 21)-

1P BN T i AR B 2R AN 5 T A
[ 305 U0 D 19X 4% R O, 90 R S 1 R a0 R i
PaH NI AT A RFE S HUM 24, H softmax bR £ 11
B PN AT R X 2% 1) 23 A5 00s BmJim, R9 45 23
BRI N, 15 25l & 7> BOF AT bR 2ER0 PIASIE T
AN TR B L HIAT D9 VR 0 2% 7T £ A R 45 SR HLA, $id
AT U G 2. AEBEAT 73 BOR IR & i, BT
P I 5% i R 040 A [R1 - Bk BE AN R, 7E 2R 47 AH 0
R I PRIt AN [ 1, B AR AN [i] I 2% ) A R 3 L
FRAfE S50 72

3 SRR
3.1 BUREEN

N T 8 AIE A SC T H AT R i ) P e,
fENTU RGB+D X —~5 F AR EHHE 48 kA7l
i Z B3 42 F 3 Microsoft Kinect v2 1% 8% K4,
X 3L IS 73 BB B FA B A& —45°. 0°, 45°, — 3k
5 60 KRBNME. F A 1 ~ 494 B 1E 2 B N BE, 2R
50 ~ 60 M ENAE A& NS B AE. A SIMER 2 A
HEAT R, T H A3 A B AT H 8%. /£ NTU RGB+
D A4 AT ISR AN — M P A — Rl
s R FE A, Rom N OV, — MR B A, RoR

N CS. A ST B AT AR R B % 35 R Top L 1)
IR, R RFH U, R TUIZR, —
A W0 7 55 0 A A = 0 SRR A R A
T INGR, — A RE A T
3.2 SHIRERMLEI)IZ

SCG R 1F IR 558 GPU  1080Ti (4 1%), .47 4 256
G, CUDA R A 4 8.0. it F JF 54 42 24 PyTorch 1.0,
Python A J93.6. 29 1 o IR 4804 11 i @, 76 1| SRS
SR FHASL L 3 9k 7 12, AL 3 % 1 M 0.000 1. 34K
DB E R 90, 52 2] F 1 BN 0.01, A, ik A F] 70
IR 52 2] 2B L 10.
3.3 SRS

IS5 K 22 X 8% TP gk s AR ) 2 B2 R ek
52 BT IR RN, A SO B 3 5k 222 I 28 R 9 ke B R
LRI ER: LY R EREECN 1.2.3.4. 55, 55k
AERIRN1.2.4.8.16, B Y 5K RECHI 36 K2 B
LBl 2 36 K. 2R 2 AN A (9 7k A5 AR 2 ER R 8 g s
gk . SR 2 W] LUE Y, BE 5 9 2% J2 H 0 In e, Jk
2 9 (R38O, A7 R UL PR R A R AR S 8, H 24 P
Tk B AU EON S I AT IR B 2 . 2, N T
ST R S AR R, X 28 AN BE TSR il Hh iR, R
SCHTA SR HR T R SR ZH O B R S R 2 A
WA A ik B AR Z BT, AW 2 AL E 53R 3
SIS AT AT B S AR R 1 — 3

#z2 PRV KEREHET AL

kB =5 CS/% CV/%
1 82.12 91.04
2 85.61 93.08
3 86.18 93.82
4 87.90 94.75
5 88.71 95.62

*3 ETAFHENMNENERERRIEER
R asdE ETERAE

CS/%  CV/%

IS Y P28 AL
4.0 6.0 88.54 95.39
42 5.8 88.60 95.42
4.4 5.6 88.71 95.44
4.6 5.4 88.64 94.47
4.8 52 88.60 95.52
5.0 5.0 88.57 95.53
5.2 4.8 88.44 95.62
5.4 4.6 88.50 95.54
5.6 4.4 88.44 95.53
5.8 42 88.36 95.52
6.0 4.0 88.25 95.49

AT W NARAT R T3 2 A TR R
Kol B9 NARAT D9 1R 501 X 22 A0 8 % a1 AR AT
DRI 28 73 S0 I R 88 L il 45 43 21 ). E CS A



3000 ECa |

5

xR ¥37%

ORI CV R 20 H 9 A X 285 R A B v B A R AT, 3R 3
FE NIAUBURUARFAIE $R S8 PR AN AT 9 1Rl ) 28 B 1 L 1)
LU AE R A LA A CS A TR AR
() NAARAT S VR3] 1) 48 AR5 15 % 50 1) N AR A T R
1) D) 28 PR AL 28 4l 158 D 4.4 5.6 B BT AR 21 1) SE R
SE B fE CV R, 23l 1 BN 5.2 F1 4.8 N B
B 5250 25 RB . AR SO A W R IMBOUR R 5
(A EE 1) 8 B 48 5 3% 3 v I e A 130 B PR — B

NTU RGB+D 2 7 60 M7 A, B Iy 3 7k 5%
ZE 266 JE AT S EAT BRI AR R e B 0K, DR
AT AR HER 2 A 42 . B 6 F R 7 2340
W DLAT R T X 7 P 3 v s 5 A St i Ak L,
LB 1T N NAT R, 3 AT AL

100
S
90
£ 30
wn
g 70
60
& N T
B B\ & ® \A\, o \ﬁ
PN ®
(ISES
[= uitthi = 2 |
El6 CSHEMEXHAIGEXTEL
100
S
~ 90
= 80
&
>
5 70
60
SR RACTTII PRy
S FRRFH T T GE
AN & I SN
& N VLA
5 AN VIS
7 WK
R %{s
WL ES

EEETILEC T

E7 CVEMEYHAIFITLE

FE B 6 AT 7 v, et i A B it 32 1 9 48 0L
T2 2 AR R 255 1200 47 S R0 B 4 1 2, it s 2
I Jel ™ 5K Bk 22 ) 2% 5 e 17 Rt ) 2% i ] < AR IR 2%
Ja BIAT AR SR IR. R LR HY, R 4T R0 R
T HEH A HAT o ven, IX AR B 1 TR (1 sy 5K
B2 P 4 A R

FE XL 73 SN 23 AT AL $72 B B B 2 )2 1
T HEMIMEE L, T TR 3 T 50T s BT 9 i)
W28 R HEAT S8 IR 23 SRR R IE B S R 1 )
HATR], U7y 3 1 S A b ORALE I 18] DR I RE VA Uk

N CIL R ENR GR & SE TN E e ol Uil
ELd N a = 8, A %388 0 L AE b

Fe 4 X4y S TEFOAS [F] U X LR 5. A
F AT LU e 2R3 53 SR e it 2693 S IR 3 TE 4L
Z LR 8 I, CS HITHE A 26 B e, A At 28 43 32 5 1y il
RO S HEE R L 4, CV v 2R e . AL
b=285b=4RHEANTHE, RAKBEELLILE NS,
TR B WK 2 L 45 R A 5 s,

K4 WHTBERAE LA M ERE

JBIEH b CS/% CV/%
4 88.32 96.01
8 88.91 95.67
16 87.69 94.98
32 82.97 91.46

®5 WHMERFFE LA N AERHR

MW a CS/% CV/%
4 88.82 95.15
6 89.02 96.29
8 88.91 95.67
10 83.69 94.98

M5 o] U H, 2 805 SO LGB D 6 B,
CS A1 CV BIAT A U B #E 7 28 s vy 7B T B 3
P IAT VR ) 2% H A P () %) 3 S S b At e L

N T B AUEAN A et Xt A R 45 e, HEAT
T bS5, S 25 AR 6 Fr . TH Al S 6 AU
38 3 3 R 4% (25-AGCN) RO g A 1) 32 T k)
LR TEAT O, TEAZ TV R T RPN 1 X 48 A Rk A
) 73 1543 B4 AR 0, 28 S50 56 30E, 5 AN [ Fr9 190 285 Tk
T AR IR 6 05 {4 o 2R RAE R 5% 110 45 SR o8 4 A
VAR W2 3 .

*6 HEIIE

Ty CS/% CV/%
KU 3T VL A5 FH 1 4% (Baseline) 88.49 95.06
Baseline-+ JIAUXCAUAFAE U 5 88.52 95.13
Baseline-+ 847 3 5% 22 P 4% (1675 15 55098 86.42 93.72

Baseline+ I 354 ke ik 22 45 W9 4 (108 8% K04 86.13  93.33
Baseline+ HF g 5K R ZE M 2% + IACSURAFAE R 88.71  95.62
Baseline+ 3 7k 2 R 4% ++ 533 454 +
IBURUAURSAE L35 (ours)

M6 55 24T H R LU HH, 0 il ) 45 A AE RFAIE
TR SR R IR 2 R A B T AT R HE R R AT
—E W FE . R 6 SAT AU A T ARG AFAE
YRR, I P B 3 I ke 2 D) 0 25 46 77 SRt ) 2 o g
AR, AU R 1 — ERIRTH N3, 417
Hh R R, RS R I el 5 Bk 22 R 2% R 4 1 At D 4%
Hh I 1) B, LR, ANfS P R T S50 R AT

89.61 96.50
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TR D) 24 B AN fSl FH 35 T i 5 TR AT S R0 X 5 L
TR L3545 BT R B, 3% B 50 IE T XU I 25 (1) 3K
P BB 64T TR N 1 X4 AL B v T AT R A
iR, ZUH L S AU I N 2% 2 R S BRI 25 A
FEACEE TN T 5 o, Tt BH B 380y 7k ke 222 X 4 5 X0 4 S 4
P ARAL AR 5 A% B A B S A 15 A, A2 AT 1R ) v
iR SC NS

T R A ST 5 A RO g S 45 R
5 H AT 4y Seidt ikt Ay s e, Wk 7. R T AT L
F L A ST I NARAT R T VR A 2
TR LI 7k, 2R 71 775, 3scale ResNet152
& F 2 R TR A6 AU 28 WX 48 B0 AT R AE R LI, AT N
T AE I 2225, (E R, I POk oG R R s U
UG B T 1R M LA I AN [R] 56715 2 8] IR AR K &R ST-
GCN. DPRL+GCNN. AS-GCN iX 3 Fft 5 2 B 3 A~ iy
Hh S, HAT RO AERR 22 BT dg 1. 2s-AGCN BT
BT R S B B R AT AN (MR R IR R T
LB AR 75 1 /K P, A SCHE 25-AGCN f 3£t L, Fi A dsk
PR iR 2 X 28 AR B SE A I 285 R R B [R) S AR, B i 1 7
inps Al L SR il R 47 & at (AR i
S UAREE /> PR B T o 450N 5 22 (1) 5 0 B T R
B A ]S SUE B, iR o3 S DUBEZS 1 I [8] ot 25K
/D IR T8 3 H ORI Y 2 2 B2 T AT 3R R A R N
PEAT A BIPIR AL, S 5 T AT IR I HER 2.
&7 7ENTU RGB+D ¥ MR S5 TGER L

Trik: CS/% CV/%
3scale ResNet1521 85.0 923
ST-GCN!!¥ 81.5 88.3
DPRL-+GCNN!!! 83.5 89.8
AS-GCN!!! 86.8 942
25-AGCN 88.5 95.1
ours 89.6 96.5
4 & #

Va9 ik DR SR A5 AR 5 Bk 22 i e 5 W 45 B T N 3
PR IR 22 M 4%, RS 7 AR ORI FE X 0 250 & 1 [F] I 9
KIS B, TR AFLE B 38 E 1) AR ST (5 B B
WG . (A 25 £8 2 LE BEAT 20 B0 I () il & B5F, B
TN 48 BT A A [F) 17 -5 B REAS [R], 723547 A1
Jon ik B (1 AR A2 AN [ ), e R AT T A P S 56
SE T B AR ROBCEE W B A R (RIS X X4y S 45 R R
2673 35 v AR 23 S A3 2 L 5 e T 2 Lk
17T VEAN I S0, 1 fe A 1 B LA, B & I 2% 1]
S5 3] ()RR TR Y A R AE CS W Bk 3 89.6 %, 7E CV
B Ik 2 96.5 %o, 7y T 2 B e AT IR 7 i, L

I ST-GCN!'", DPRL+GCNN!31 25 AGCNP2Y,

E AR BN X 265 1R R 2R v, (EL 2, IR K
P4 7 AE TCAT A4 () £ 95 86 NTU RGB+D L HEAT
(). FE S BR B 28 0 2 W N A S 2R 50 e A 4
MG L, H 1T A 538 0 44 i) A 1 — E a9,
{HJZ ERRAS AT R ) A HE B 28 AN . 0 T 4
TR A P AT A TR ) P T A R 3 T R = AT R Y
2SRRI R B ORI T L AL
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