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Human behavior recognition based on double-branch fusion model
based on skeleton
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Abstract: Aiming at the problem that the recurrent neural network has a single feature extraction and insufficient
processing of spatial information of the feature, a two-branch fusion human behavior recognition model based on bone is
proposed. The model is extracted by the two-branched network of two-way cyclic gate network and multi-scale residual
network, which obtains rich feature information in time and space, and increases the attention mechanism in the
bidirectional cyclic gate network to further improve the performance of the whole network, and finally the feature
information is classified through the classifier to obtain action. Experiments were conducted using the UCF101 and

HMDB51 datasets, respectively, with an accuracy rate of 98.0% and 67. 8%, respectively. Through experimental

tests, it is proved that the model can obtain more complete feature information and has good performance indicators,
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5]

Wt o 1] 8 4k L ) AN T R L AR W 4 ) P L 4 R
FTTZ T 3 AR G X AR AT S B 23 B A R B R AL AR
WHE— A EE YO B TSR A S ZEDCM R E =
() 75 5% L SR B9[] AT D AU 8 0 5 A of ol o
B NRAT A R I AR Ay Ry R TR IR AT R
AR F AL AT RN . B R A2
R T E AL 54T 9 IR 07 XL T SE e S
FHETE A B AR 5 R BE 2% ) Pl 2 > S5 5 B AR 45 1 %) 4
BEAG BEAT AL B 2R B0 T HRE W R B X T &
KU R B SR SR . ARAT R IR AT

il

W RS H . 2022-01-18

PRSP R A5 B AT AR B Y
222 1977 AR BEAT 70 S AL B L i 1
T RS

H T LA LR 09 AT R 9 2 2R X AR AT 0
Plr BRI S 202K e AT W R F R EH 2|
R E B 5 B RGB B F 87 AR 425 B
4, @A 3D ek IRIE] 3D KRAE  OF B 25 SR
TAL B BT A 21 B RAE AR B BEAT A BT, b AT LA A
SR TR 22 19 2 LAy SOREE SR IO U4 AR RGB R
ARiSPN NS IR R RETEOR YR o) s N S 2 S s N o P
5 Kinect M#LH Openpose 84k % 7 AU HUEY . BEGS
i Kincet MIHURE KRB 1B 25 B AR X B 285

AR AR TR A

* BEETH  EHREE KRBT 4 (11103010305) 2 & AT L& 4 Tolk Bé 4 2 4 (6141B012907) Wi H % i)

¢ 140 »



Frk F AT RBOR e AKRIT A AR

11 4

B8 HE ARE R L

A RIDF 25 T O e A RAT MR £ R 5 R E
oI RAGS A S IR . IR ER Pl I 25 7E X I 1R 8 Y 45 B Ak
FRET A DEE N R AT SRS BT LURT U A RNN [ 4% 5%6F
NURFT Sy 8 0 8] 45 8 2547 4b 31, JF H RNN M %5 — ik 5
CNN MG A TAF IR MR R, B F RNN M4
7 3 M6 1 0 M R AE J3 0 2 i ) L BT DA O3 RNIN 9
I T RERICIZME (LSTMO ,LSTM 9 4% {# A it
1240 1, 8 1 X R A B A IR S R 205 RS 5 .
5 RNN MG AEEMILRKERR" . BT LSTM
4 IR AAAE S0 K L R Y W B 2 IR
KB R AR 1T TS A IR B OC (GRUD M o 45, 2% o) 45 £ 22
e T LSTM MBS Al JF AfE— 2 &0 THEA
Frides .

7 3C A2 B AR P 2 T 2% v B HURRAIE B — RbT
IE B9 25 0] 5 5 Ah BEAS 3243 B RLEL , 82 ey 8 Openpose 58

WA WIAEAPNE RS

RAF R AT B RAE B A B RUE 5 2417 0 28 0 22 R
(1 5 22 I 4% XSS 5 1) 4% S BURR AT B B o 7 0 ] 47 7T 74
26 i A B AL BE RS v B 3R A5 I TR R AE AR B S £
RUBE ) 5% 22 00 4% 52 BN 1S B i SC B A 10 2 0] £ Bt AT &b
B0 PS4 SR HEAT RS A5 B0 S R 1 NI AT R AE LS B
RIGE R BT NRAT 3. KBRE R KR,
AL BRI T F1 28055 B AR AL 3 09 3F A0 45 AR 15T
AT TR R AR I BRI R I T R R TERE.

1 BB B ESE

TR B B RS Rl R R B AR AT SRR
Openpose #EAT AMAT 1) B SR B HEAT KL L 4 A6 000 194
B R AR S o A T A B SR A LR DL 7 BRI 2 R
B 7 P 245 FOT 4 ) LS R0 4% i BROC A A A9 1] 0 23 (8] 19
FHEAE S e Fs i As B B AR AE A5 S AL B0 28 45 B R TS
AR ZE A B R AERLE AT 1 BT

TAREE e AP AE SR A

T

EEBIN T ARG

oy "
SIBERR . L

Bl B RHER

1.1 BRXFELEEHRK

Openpose J2—FF B L1 T BERSCH BN R E, 2
HEWEAFBMERER SN, EEEERELMH A
CNN W 2% F1 VGG19 B 4% 3847 4b # ok #1 TR Iy B ok 3115
KHE S PR B L AR5 T8 A {0 B DR BT 2R A5 0 DG A
BRI EE. ZEENWBERBNE 2 FiR.

e - e |

K 2 Openpose & 7% 7 3H

ZERH SRR ENFER, L AAENRZE NN
LI SR LAY Ak B AL B IS 0 45 R R0 TR IR AR AT AT
AE R A S R RRE T — U A T RN 4R SR AT b B K
ARG HEAT AR AT B 0 s A, AT QD TR AR

f= 205+ 5

1.2 HEHLALE

NARAT Sy 2 e 52 I ] M PP b 9 20 40 o R i g A A [
BRI RLERERL L AR M NERIT 3 e, T L
TR B S IO R ot e B AR R SR B B B Y
Ak w2 S B 3 5 2 PR B0 A LA RO B Y AR
Lo 3 3o o i 4 fY B o AR ok AT o) 2E AR B i A4S 2H
RE 2K 14 3% 2 1Y 22 MURY 30 7R 1R . GRAIE 48 1 20 19 LR TR
AT o Hg o 2R B B AR 18145 0 gk g S7 24 o A 3 A 4 T 4
2K o At B R B A TR I 2 o B9 4 R AT U 45 LA
R .

T S7 G — A RO 7E BT o3 B 2R 8 A B
e fdt F A He BT L B BT XS TR B0 2 G 4R A — Ak S Y
B EAT hR . 7R A S A o ) B R AT R AE
H—AL B AL BE L RFAE 5 — b 2 2R K (B e B [0, 1]
9 DX B) ¥ B P R E % 40 B 05 e A (R B b AT Ab B,
KD PR .

X — X

Xy = e 2
" X e — X @

18 1o 2 Wt AR B9 A BB 8 O GIE — 1 3l 1R B 5 B A DU
R ARAFZ B A5 B 22 R AR 2 AT DI 25 A0 1) % 40 5
T vy e

o 141 »



545 B W F o

F R K

2 WEHEBMLKIRIT

AT S Bl A R 32 R pl 0L ) AR BT 4% v
BT LH BT 4H 8 A0 B )RR AR R BB 2 A 2 R A sk 22
2% T 20 1 A 2 T A T 42 BB 48 DL R A 215 A% 45 B T 48 i
B . AR = B A [R] R AE 2 BRORN 25 (R R AR SR A 45 65
BB 0 (F BB IR AR RS S, A S 28 23R P AT 4
2R EBN AT IR,

TR RG] B9 2% 7 I A 38 38 12 3 T L 4 A Relu
EOE AR, B R ML AR IE Y AT e ZI (S B E
TR, WA B PR MO L B R AR AR B RE T S R Y
R SAE , 4515 £ B9 FRIE 1R B 50 AT - S b4k )2 A b AT 24 B
B SRR A2 SO RRIE S B R G .

EREAFREMEHNEEZLEAMMAH 1«11« 1M
— A3 3 PLRR T % T FIBAS 3 % 3 BB A 5 AR IF
Trab 3, 13 8 2 R RE(S B ok 2 R W RHE (S 508
i f# F Concat #AEHEAT 42 4 BTk AS FRAEAR B AEE i —
11 MERBAE B REHEINFMR AR 2R
Brubdk ). i Concat ¥ B A~ 2 3 1Y FR1E 15 B #E A7
T RS S B ET 2 KRR B L i 2 A softmax 4328 2%
HATIIESY 25, BRI THIE 3 BT,

features

B3 BB SR E

2.1 BFEI4FAREM

A () R 1E 35 BB % 2 B 0L D 34 1) B 4% DL K
ST A £ BT 2H B Y R 4 P 4% B R AL B Openpose
FIARAS OG5 5 B A IR 50 B9 05 B o BB O 10 B0 i 0 0 4% X sf
7] 7 3 B4 Ah B AT AR 55 A I R b 8 v 3 S LR AT LR
1 R TR ) [ 4P AR 15 L

o 142 »

XA EI AT 48 B A HoT 2 GRU M 45, % M 2% 3
Zl R Y ET A 2 A A o R — a2 RS AT, A58
FEH) 2 MEET) o, A RIS AR 2RSS, v 2
RS R R, A BB RTAFEE S P A
GRU 2% By HeA G5 R I A 4 i

. - o

B 4 GRU W4 &AL E

Mt ST EH] 2 ME B v 3047 96470155 58 8 4% 5] i
SEIBISFNICAS S AT LIS E] 27, (D FTAR .

h = 0—=2)0h" '+ 208 3

TEAL AT ] ¢ AR 20 AGE B I HLE 3
TN 25 B AL EE B S0 R AR I (8] b AR AE 5 B B E
TRV FEEEFERRGED 1« 1 MEHRZR
1B, B o o BTG RS B B 5 AR R, S an (8] 5
FR .

.
T, 4

X g () D = (e

D\ FEY 151%C 1*1%C

B 5 ERESHLE RS E

2.2 ZEYFALRER %

2 b AL 42 ) 4% T R T 22 KU A9 5k 2 X 4% B
LB 5 12 19 25 BE 8 T 1 19 52 BB N iz ) e 78 v il 2 T o
AR AS AL - SEB AARTT S R AR 19 22 oAk i A 2 .

FRZEM AR B RN T BRI S ) i R,
2% BRI B Sk A T B R T O AR B B2 K S T R BT R B Y
BRI BB R S AR BN — R LR
F 5 — R AN B R S, HR A I 6
Bz .

A SC TR 2 KUK (5% 22 ) 2% HEAT AR AT 4R L, £
IOBE B % 22 ) 2 R A il A 1 1.3 « 3 BB
AR 23 9 % 45 A AT B IR, BT LAAS B)OR W) RBE B R AE 1R
B BJE A Concat & # = A0 CHYFRAF, 3 A B — A4
1+ 1 BB B &G ML R . X5 B 4/
I AT A B 25 ) R



Tk .8 TEFROR LSRG AT HIRA 5511 1
TP
Pre = 35 TFp D
1*1 TP
Rec = 7p T FN (8
Relu 2 % Pre ¥ Rec
33 F.= Pre + Rec ©
3.2 LRREBEBSSHITE
Relu SO B RE R & GPU GTX 3070Ti, CUDA i
A 10,2, Rl H AR BE 2 X B AE 42 & Tensorflow,
o python BB B AT B 2 3. 7.2 3] sy A I B 0. 1, i%
R B 50, Batch A 52y 32, i ] Adam #1715
BUOEH, % S BRI R BN 0. 000 1,28 F38 L 4% 5
(} BB
Relu 3.3 ggﬁﬁ*ﬁ

&6 FR2E M4 R ALES Y

2.3 SEJBEK

W3 3 F AR R RAT R AR B AT o S AL B, LR
IR A SoftMax g B0 B8 B b B — Ry KA SN
T MR, Soltmax PRER LA M (D PR,

z
i

oi(Z) =

)

Hor, Z, 08 SORAR BB S « 1Y s BT B O
{EL T EA PR R B T A R SRR R e £ e
IR Z0 . Z, (Zy e MO RRBORE AT DA B A s B o
AEIMAMER S A o T Soltmax 1% pR AL BT RH N7 F) 7 2% bR
B 38 S v s HeRak s () .

H(p.qg) =— > pla)loglg(x)) (5)

3 XBRWASERIN

3.1 HESEREMIER

A% S R A I I IR AT O Bodls 45 S8 UCF101 Fo
HMDB51, UCF101 247 R 255 k4 802 % 22 09 800 BE
Z— Hf 13 320 RSN 101 A~285] . HMDB51 45
H6 849 MR, B 3L Sl NI BA KN ESEE 101
AR, Bl IR 8 ¢ 2 19 H 43 S I 2R 4 LA Bk
AT I 45

AR AT B T A0 48 BR 32 R R A I B A O R AR
RV (Aco) NS HER (Pre) . A B3 (Reo) U & F1 4%
(FOBATIEAN , B A7) 2 B2 1 IE 0 W IEFE AN S0 (TD)
RIET M AR A A5 CTND L IE B ) S A A 30 (FP) L &
ANIET B IEFEAA B EN) #ATITE R 8, B8
K6~ (DR,

TP+ TN

A = TP T TN T FP L PN

(6)

DL

A S B B X AR B A R 4% 23 3 LA R S AR
AR X L o 2 90 B T R 40 i) o P TR 4R B 32 S ) 4 B
a3 32 LA B B 43 S A 4R IO O SO0 R AE AR B R AT A0 B
IS 3 2 AR R AT AR B e S5 1 AR

38 2o SR 24 T o B YN 2R A 20 S8 58 Bl T 4R
FRIEAT R HE, PR AR B R 1 PR .

1 BHXHENIES %

TR 2 Fy Acc Pre Rec F,
Resnet 57.6 55.1 54.8 54.9
GRU 86. 6 86.3 86.1 86.2
Re-GRU 98.0 97.7 97.8 97.7

T B2 T 8 B TR, S Rl A U Y % A
BRI R 2 R T, BT LR A 7 A A58 B (R P B L
PR R B

o TSI BV A S LR R L AR e R IR
VB HE M X 25 Bl S AR 15 LU EAT R, N 7~ 9 P

GRU

1.0
stand : 0.00 - :
0.8

walk 4592
% 6
L‘i operate 4
# 4
fall_down

in 4

stalnd walk operate fallLdown Tun
T EAE
B 7 aIERRE 4 S R IR VB HERE
T o Yo YR R R XS L T LA AR LB AE X T 3 AR
VR0 B . NP 7 B9 A3 ) 4R AE 43 32 (Resnet) , BR T

o 143 o



545 B W F o

Resnet
stan 08
walk
0.6
€
T‘E operate
> 0.4
#
fall _down
0.2
run{ %%
e 0.0

stand walk operate fall down run

B 8 INHIERRAT 43 3 B VR R

Re-GRU

stand

walk 4
&
& operate |
g
K
fall_down

un

stand walk operate fall down run
B 52 B TR VR A

El 9

ARl 3h 1 S G A o AR AR 0L 3h VR Y v 0 28 . Lh A5, I R 8
B9 I () 45 AE 43 32 (GRUD L Bk T AR LB VR B HE T 3 5 B/ I
BTSN ARM B E R ET S B . WA 9 AL
Al A A (Re-GRUD , BRAH U SN E S 47 8 /NR A, e 1y
R TR

) ER SIALHI L 5

AR SLG R AT B (R R AF B IR R A B E S ML
Xof # A~ B 4% v T BE B R IR, 3% 92 8 4 N £ UCF101 #1
HMDBS1 B8 yE 4 Ll AT, L as R 2 fis.

X2 BELEENNHZE %
BEAEEIIILH UCF101 HMDB51
¥ 95. 4 64.2
H 98.0 67.8

2 # X
PBFT 2. 6 %A1 3. 6%, HEINHE B ST ML T LA AWK 1
HREA BT Tt .

3IXT IR

A% S 8 A B R 5 5 T A R A9 A T BUEE SR AR S0
SRR 5 Y B Y — S B R AR AN AT R L, 4 i
UCF101 1 HMDB51 #£ B 5 25 ahifE AT X L » 30 30 H04 an
#IPR,

%3 HEIEIR %

B UCF101 HMDB51
CNN+LSTM 94. 4 62.7
ResNeXt+ Attention 95. 2 65. 6
Inceptionv3+Bi-LSTM+ Attention 94. 6 63.4
Clips+CNN-+MTLN 93.7 60. 8
TSN 94. 2 69. 4
Re-GRU 98.0 67.8

xR R TR R A R A o B AT A, 7
UCF101 45 4 1 R 50K B 551 e 7F HMDBS1 $U¥E 42
LR B L R AT R 6 B SN B, AU Bk
A b B AARAT S I B AT B8R L, 76 UCF101
B AR R R TR T 2.8%, B
£ HMDBS1 B4 A ST E R M a3 — e i
WH,

O RGN R

AR SLE F B A python 1 pyqt #8247 ARG
BIFR G, W) A B AT S Bl VA7 52 I A0 A ) R 0 7, 52 56
ML a5 SR AN 10 Jios

A 10 ATRUE 4 B R B 4 1E 0 iR 3 2 A
BT R BIE R SRR XTI R R Yy 5 2R BIEAT T £
LR WA, 5 RENVE M MER RN 4 FToR .

F4 BEREBESR

AERG RERE RGNS 3 EI
stand 200 185 92.5
walk 200 181 90.5

operate 200 184 92.0

fall down 200 195 97.5

run 200 168 84.0

T ok S AT LU H 2 5 S 0 g ML AR e A A A A
PR — 5 B R W, 72 UCF101 F1 HMDB51 > %45
£ FL AR E R I ALH S Re-GRU A5 R 1) 1 1 2 2 1]

o 144 »

13 4 AT AL, 78 S50 D I AR 10 3D 1 B MR A L
THERER. B 182 SN LT Sl R IR 50 0 5 R BE 5 I}
WEAE 9020 LA b SEL T R G AT B I OR



Tk E. 4T HHB L aRAEA 8 AT AR %114

B FRESsRRE

FIPE

o
e £ L SO,

A

faNTLALR

B 10 sEs il E R

AR ST Y BY R T B XU R A B AR AT S PR AR
R, R E A (] 22 RUBE G 5k 2 ) 4 R R T B AL
RO L A B 17 19 285 43 530 %o A AR AT g il A e 9 5 ) 0 )
P AE FE AT BRI, CRAE DR B2 T 58 8 RN AL B9 AR AT S R
MEFS. BE RPN E., TEAEREZY, A CHEELE
UCF101 #1 HMDB51 ¥ - 84 B B #E6 2 , 9F Bl
it A G IR TR B R A B R
& 2% 3k
(1] WG, 24% o G, 2 355 B ES BHE 19 B VAT iR

Borak gk (1], A% T2, 2021, 42 (18): 94-102,
133,11.

(2] Wt EF. A7 0 B R R 0 %1 5B 5 k3T
FLID LA F %A, 2020,41(10) :156-164,

[3] AL, XM, BT, AT ARG R LR/ 0L,
THEPFE SR 1-23[2021-11-11 ],

[4] SIMONYAN K, ZISSERMAN A. Two-strcam
convolu, tiona-l networks for action recognition in
videos [ C]. Ad-Vances In Neural Information
Processing Systems, M-onTreal, Mit Press, 2014:
568-576.

[5] FEICHTENHOFER C, FAN H, MALIK J, et al.

Slowfastn-etworks for video recognition [ C .

[6]

7]

(8]

[9]

[10]

[11]

[12]

[13]

Proceedings Of The 2019 Teee/Cvf International
Conference On Computer Vision, Piscataway: leee,
2019.6201-6210.

LB AT H AT IR BB AB R SR D]
JHR - 7 B k2, 2021, DOI: 10. 27005/d. cnki.
gdzku. 2021. 003598,

ASHWAN A,LAI Y K,SUN X F. Salicney guided local
and global descriptors for clfcctive action recognition[ J .
Computational Visual Media,2016,2(1):97-106.
BRI, X =, 280, 45 B T A IR A 2 I 4 AL 43
SCEM AR AR FILT/OL] =R 5% 1-10
[2021-11-25].

A, 0T, 22 Tk, B T B R EE 25 AR
FEL/OLL SR SR (TR : 1-13(2021-11-25 ).
TR BT R, & i B A w4 R
Froo # W LT B4k 7 W & 4 R, 2020, 39 (10) .
104-108.

Fdng BE T TN, L BT IR S WA RAT R
B At sk [T ], Tl it H AL, 2021, 34 (8)
116-117,119.

B 2%, 22 s . BT AR AL B A BLI R 4% 1 AR AT IR
B0 EF RS AR . 2020,43(20) :121-126.
EMWAE X E R T BT B R I R R 2
HAOARRFF I BF M E S EH¥ M|, 2020,
34(9):160-166.

o 145 o



545 B W F o

F R K

[14]

[15]

[16]

W0, 587, B, 2545 lsem SRR B AR AANRAT N
WHILT]. BUARHE FHAR,2019,12(19) : 37-10,
CHUNG J, GULCEHRE C, CHO K H, et al
Empirical e-valuation of gated recurrent neural
networks on sequence modeling[ J]. ArXiv Preprint,
2014, ArXiv; 1412, 3555,

LI C, ZHONG Q, XIE D, et al. Skeleton-based action r-
ccognition with convolutional ncural networks [ C .

Proccedings of 2017 IEEE Intcrnational Conlerence on

146 -

Multimedia & Expo Workshops. HongKong: TEEE,
2017, 597-600,
EEB
TR WL RA, RFEFRE T AR ALE SRS
HITF R Bldes .
E-mail: luoxulcinuc @163, com
HE GEAEIER . B AR, FEMFEASER MALER
G5 AR TN R e WL f 2 ST S O T U AR R AR
E-mail ; sxyczhangpeng(@ 126, com



