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Bone Dual-Stream Attention Enhancement Graph

Convolving Human Posture Recognition

Chen Bin,Fan Feiyan,Lu Tianyi
(Information Construction Management Division , Nanjing Normal University , Nanjing 210023, China)

Abstract : In order to solve the lack of value analysis of motion correlation information in the loss of meaning of skeletal
nodes and dependency information, the paper proposes a model of bone dual-stream attention enhancement graph
convolving human posture recognition. The airspace connection matrix and time domain information matrix between bone
joints are constructed on the basis of extracting bone feature nodes. With this basis, dual-flow bone node information
processing is performed. Taking advantage of the channel attention mechanism for context processing,decturing key node
dependencies and global bone motion implications, a two-domain bone topology weighted by neighborhood nodes is
constructed. The comparative validation on two datasets Kinetics and NTU RGB+D shows that the model performs better
on different datasets. Horizontal comparison with the more representative mainstream methods in the field is shown, the
model outperforms the other models in the recognition accuracy of the nine selected behavioral poses. This method
reflects the better recognition rate and stability in human posture recognition, and proves the mining value of spatial-
temporal dual-domain bone feature information.
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SEEGHARLE R AN 3 PR, AR SO0 A5 S T LIAS AN 2598 . I AOBUIR T R 4 A B R AR
HEG IR I KL 3 2 B i AT %) P A BB AR (skeleton graph convolution, SGC ) PH I R A5 #8 K $2
Ft. M Kinetics S NTU RGB+D P4 3458 Rk F 76 NTU RGB+D i s [ (34 sm s S A
W1 . Kinetics ZUHEEE TS AL L 38 & A J5 %k B3 NTU RGB+D B —2% {H Kinetics £ 4E X
A IR, A B R S B, 75 BEAE SE B0 A AR P SR IBCRRAE S (E ; NTU RGB+D WX B % — 4k 4k
FREE AT T HRVE , BT LA BRUAIAR I B A SRR AE A B A7 A S 4 AR SR BB R B X6 9 FoAS [R) 47 A %
BIRBIRER AT , 7€ NTU RGB+D Fdi4E T &P S i @il B335 8] T 100% ; 7€ Kinetics .47 3 Ff
LML E] T 100% , HAy 6 LS PUNRBAEIL T 90% ; 1] WA ORI 7R R R B i 4 1A
T BIPRA TR, SIS I ) T3 R R R R ] 5 i,

®3 WhEEHHENHATE B RS EAESRAKLERFMERE Kinetics 71 NTU RGB+D $iE5E SR &R

Table 3 Experimental results of skeletal feature dot map convolved human pose recognition model before and after the

dual-flow attention enhancement on datasets Kinetics and NTU RGB+D %
Kinetics NTU RGB+D
e sl
SGC SDFAEGC SGC SDFAEGC
¥ 37 (Stand) 91.50 100.00 96.51 100.00
173 (Walk) 76.28 93.10 90.08 100.00
F 8 ( Run) 89.74 100.00 90.97 100.00
BEER (Jump) 83.47 90.19 92.717 100.00
s A (Sit) 86.05 94.45 85.66 100.00
T B (Squat) 72.96 92.85 81.39 100.00
B/ ( Kick ) 81.33 90.93 88.46 100.00
4T (Punch) 84.00 100.00 95.79 100.00
FEF-(Wave) 89.46 96.08 91.53 100.00
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P21:

stand: 1.00
walk: 0.00
run: 0.00
jump: 0.00
sit: 0.00
squat: 0.00
kick: 0.00
punch: 0.00
wave: 0.00

stand: 0.00
walk: 0.00
run: 0.00
jump: 0.00
sit: 1.00
squat: 0.00
kick: 0.00
punch: 0.00
wave: 0.00

Frame: 2403

P25:

stand: 0.00 stand: 0.00
walk: 0.00 walk: 0.00
run: 0.00 run: 0.00
jump: 0.00 jump: 0.00
sit: 0.00 sit: 0.00

squat: 0.00 squat: 0.00
kick: 0.00 kick: 0.00

punch: 1.00 punch: 0.00
wave: 0.00 wave: 1.00

B 5 SRIBUREGIF G ERR

Fig.5 Experimental effect legend and test environment display
34 LRERSERAEMLLER
7E NTU RGB+D By SRS b K A SCHr SRR AL 5 6 Fh F 0 5 ik AT LA, S5 2R N3k 4 P
R4 KNFEEERFENRBLLEDH

Table 4 Comparative analysis of the effect between mainstream methods and the method in this paper %
Tk ST 133 FE Bk Ui A T B EeEd T
Fk1 93.34 98.50 92.33 93.79 93.90 92.13 94.66 93.30 98.62
k2 93.49 93.50 92.69 93.30 92.65 94.45 92.19 98.33 98.82
ik 3 94.73 99.50 94.35 92.14 95.21 93.74 94.51 95.76 91.56
ik 4 95.14 94.33 95.54 94.05 96.57 95.23 95.88 98.26 98.50
WiRi e 96.07 96.25 97.50 95.44 97.70 96.22 96.07 98.75 98.33
ik 6 97.11 100.00 96.25 96.86 98.02 97.93 97.99 100.00 100.00
ARSI 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00

HE T LI AE B B I8 PR IR 5 150 A IR (J57%5 1) B3 sl EANA T Pl LUK AR 5% O 95 Fik
ARG I T 2088 s B 0 ARSI Sl A DG S B S SRR A T ST A A BR B AR
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BORL(J5 9% 2) 3833 N RGB MU FP R EGE SIRFAE , IR LALLAE R DCNN A A R 52 s R A2 ) 7 s
B, RS AR VI 2 A3 201 CNN R B T 1 B8 46 A IR S E S UNE S5 i B i fe 1. IR G
SVM K K I 4B o2 sl EFUMA R ( J5 3) A& A T WAL SAL A [ () DCNN 55780 () R A1 45 BB FREAE
FOR, FHEETRA SVM K K L4282 28 58 s VE R AN 0 ST FE R AL A9 425 R SCBCHT B85 Sk ol
PUNBERL ik 4) T2/ B F X hEE N5 S K E e sh & M4 5 Bh 4 )5 B 3Gl i sooxt
PRATE e — Mot >4 v B AR OGS AR A e e G O B Pk ) S0, FEAIE B3 R D AL %) BIR ] T XoF o 2% e
REDEA TR , I DA 58 B T S B A SV E RSN 7. 3T B AR B 5 7 19 il A 1 J A2 R 25 4 7
SR BIARL ()7 5) HT YOLO( You Only Look Once) 77 B HEAT %42 B AR K 5 07, FEAE M HL Al |5
KAGHHCAZ A Z S H S5 A, R A2 I 45 A 74T R % 3 T S A T B AR S 5 A7 A 1R ) A
(77 6) FIHBE T IR 2% 2 AR AG T AR SR IO AR A0 B % DG B o A b, 20 B4 7 25 ()45 B TS i)
FE9IA B B 2 RS | [R)IEXof i 2 (R 3R AT 22 B B A g 23 TR 35 R A LA B B S A A1E , B FH Softmax 43
FARMATAT RIS AT BT G R R e A5 A S Ao

NS5 EHE AT R, AR SCHEE A2 1Y 9 FhAT A B3R BIRE B 1300 T AR, Se R A DA b Oy ik alii
HETREAT L, G o B2 N RGB MM it AR L2 S RRAIE | sl 1 BiAb B2 T HOE A SVM & K 48
ORI X A S OO SR B A R I, HRBAE R SR b i O R B — e e . A ik
FI R 22 ML 4 SR B B o | o 3 SO A2 I R IR SR A T ARG I A7, sl ) PR T 2 > I 23 Ul )
SRR IO A AR BRI T I AFAE 17T 43248, 36 7 1k s T RN SRS, BT 22 DA 4 Jmy A St A ¥ 050
R B TSR, Al R 5 m kR & BEARE T S E AL R Ekis s 5 B
I ANTAAL BRRE ), O T 1B I pLIT 42 )53z sh s B 2 WAL B AR T , TR TS T B iR

4 58

BERS B OCBE R R P i Z2 R A T A SR Z Wiz sl 1] 26 b iz 3 SRS B A 2 A e, L
LR Y RSB AR OC 2R A5 B LRGN, AR SR 1 — Pl DU T8 7 5tk P 8 R 82
VU 38 b LA B AR R A DA Al ) e O 2 ) 2 S0 2 8 I 15 Bl ] e P s 5
R, 2 AT RO B S 1 AR R AR B ) PG AL R b SCA A LA, XoF S BT A ARG
B VAR A Ry B sl i SCHEAT R it | R A AT RIS A8 U S R A . A AR SCRE U AE Kiinetics 1 NTU
RGB+D MKk b AT 3AE | -5 4 HoA U R R 7 I AT XS L, ol LUA A BT B 50
TURIPHG BE R i Pk

H T SR R A 25 R 1) SR 7 5 PP S U, T SR R R s 2 NS L A SR e RS 5 A , e 5
TAERE L LW 22 NS GO AREEAI S (Y H A
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