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Skelton-based Graph Convolution with Residual Combined with Mixed

Attention Mechanism for Multi-Person Posture Recognition

Chen Bin,Fan Feiyan,Lu Tianyi
(Informatization Office, Nanjing Normal University,, Nanjing 210023, China)

Abstract: The research of multi-person attitude recognition started lately, with low maturity and high complexity, so the
network depth is also deepened ,the problem of gradient vanishing is also intensified ,and the network performance is also
attenuated , resulting in the common problems of poor recognition accuracy and low recognition efficiency. To solve these
problems, this paper proposes a model of skelton-based graph convolution with residual combined with mixed attention
mechanism for multi-person posture recognition. Through the top-down research path ,the pre-processing intervention was
used to detect multi-body images and select the single body coordinate frame,and the bone key point architecture map
was generated. With the residual block,the network structure was improved to suppress the gradient dispersion,and the
mixed attention mechanism was loaded to enable and enhance the model. The proposed model is validated on two
datasets , MPII and MSCOCO2017, and has stable distribution on the two datasets with small differences. At the same
time, the model in this paper is compared with the comprehensive ability of the model recorded in various important
literature in this field. In various fine indicators,the model has been improved to a certain extent,with good stability and
uniform distribution. The multi-person pose recognition model proposed in this paper reflects the good recognition effect
and efficiency based on the cross-data sets,and adds impetus to the study of multi-person gesture recognition.

Key words : multi-person posture recognition, residual, mixed attention mechanism, skeletal key point diagram, graph
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Table 1 Bone key node definition table

' K4 ' K4
1 B 10 Vi
2 HE 11 vab)
3 AR 12 AT
4 ZEHR 13 il
5 EH 14 1%
6 T 15 At
7 HT 16 el
8 gy 17 el
9 VU] 18 ZeBR
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Fig. 1 Schematic diagram of target detection processing

and bone feature point extraction process
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Fig.2 The optimization and improvement
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(spatial attention mechanism ,SAM) M) B | e i o B A% S5 5 BAE ARy Ak ) () 2881 38 3 8 7 I ML ( channel
attention mechanism, CAM ) MAREE I fiff phe AR G B o A7 T b iy [m) 8. R 6 13 3 J1 AL ( convolutional
block attention module , CBAM ) *¥-%5 [8] K38 18 1 &= T ALHIAHRL S, X4 AR BB iR A AL 38, 315 201k
JE HEE A, X OCHE B A AR TR AL B TR AL AT DA R (4 v 1 £ 5 MR AR T

X T W AR R AT DA e T BRSO SE . T T PRECT LA AM( Query , Key , Value ) R,
Hrf Query R EIR 5T 5, Key 5 Value 227~ BRI & 75V EEEXT , 8 Query S ( Key-Value ) 58 {E X 4
I LS SEBR LR R AL AT _E SRR T Query K Key Z IRIAUAIMLIE F , I3 i X FAR (156 R 5
Query J Value Z 10JFEE SR, £ (3) W, B R Query 526 1 AR Key B9FR, FEXTER @ M1k
RIYESE dimension THHR 5 , PP B AR R LA B 1F R AL e , PR T softmax AT — A8 Kb R LR 5
5 Value tH 1 AL,

process of the residual block

QueryXKey’

Jdim,

AM( Query ,Key , Value) = softmax( j xValue. (3)

24 RERAIBNEABHRESRE AETIRFRE
TEVA EFE A8 T 22 NS A FEAS SRR 70k (0 B i 2 50 46 T 1 A 2 222 1) AR figp ke 8L
6. AL P AR T B AL 458 A R I A1 45 S B A PR, AR 25 MR LA B IR 45 TE LA A/ P AR H e i
TEA B A BRI 32 0 A B 2205 BT A5 I 28 VN8 T R S U], 7e Rl 3 i TR 22 IR &
TN A B EERZEZ RS PR (skelton-based graph convolution with residual combined with
mixed attention mechanism,SGCRA).
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Fig. 3 Model framework for skelton-based graph convolution with residual combined

with mixed attention mechanism for multi-person posture recognition
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— 112 —



Bro o, AR SRS IRAIE RN G E B2 LS

AT T B SCAE R L ) PR B2 TR Y PyTorch, B2 A A 35K 5 DI R 1 5 K 2 42
5. ARSI & PR H T H Jetbrains & A7 ) PyCharm2023.2.1, B & —Fiidl H F R 53 f1 Web JT
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T A PR ME 18 2 B85 4T 55, B 11 F & & 28 TAERCR. BP0 45 37 & 2k FH 1 & Anaconda23. 07.
180256. ARG IERIAESLR HIYJEFFIR Y OpenPose T H. B 1 i AN TR B 2% > A S £
NGBS TE R i 56 [ R B A R R TE AR G208 R 2 4 PR 28 I 48 TR B 2 ], T LU S B
TR A N BIAE iR is sh A28 mAl T, B K 2 A, B PR AT
3.2 ZHHIEE SHARKEMIER

ARSI T PN TE 2 AT 585 T B AR PE R ECE 28 MPIT B8 2 Il COCO Hidls 42 47 %)
FEPESIE. Z B ARSI R 4R | 2 R I B A T S R 280088 T 455 B8 48 s 2 A HL
PLEZESAT M R LD R Z2 1 2 NBR AR A F s AR T n B S A0 . SR 255 ot 46
SRBEATINGRAE T X R RCRARBE A BRAR 38 P RE 7 A T TSCR. B T M8 42 b Lbxr i 45 2R k17 T
A SCHR I ER 25 1R BRI A5 G i i BB IR 2 NS UM AL I IE , JF 78 J5 22 510 ol AR ALE R 1Y
RORS FAL 2 NS U BRI T 10 b, AT 55755 & 2200 S B0 S A 3 17 SR A 4. MPIL 0 4 i
HrinfioR gl 72 NESEDE TEIR B R YR E B0 R R 2 8t HARTETEYD, (5T
. COCO Bt th R A , A SO FH I & 2017 WAS , 2 85 46 5500 2 5 i o B SR AL, B 2
B A 2 T HR T B A AR OC B 0 A i, RS A Bn T 1 QB AR A RSO SRS o, 22 S
551k

RIS AR W8I AT T 3 ARSI R B A Z i, X L EAT 1AL B 1 ST G KR ot
15 T AR RS G2 — Ak IR 512x512 R R #EAT 1AL BR, IFAE U R 9 B i A 52 56 41 22 1if e AN R 1
YU R 3 AR 1 5 T B, RE i ZhaS 208 s Biie  shashifh  shS et 5507 Nt 8uE 48,
LA 0[] 2R84 2] i) B30 o, 35 9 I 2 W) A [R) £ BE AR S RO AL BRAE ) | 38 THET BRI HCR 1Y B 4%
PE. ZEMEH AR BARKLN T B YOLOv8s-Pose I, Jy 1 2 m BB AT RACRIF BRIEB BN ZRROR | K I 462
%Y batch_size $EFXE N 128 ,fﬂfl%@]ﬁ‘fﬁ subdivisions FFEAKIX &l 4 SUHE Tl AR A qn SR — kR T s
Ab R 128 R G, s/ NBAA) Hh DRt S A, A B U R i 4 i TR — 2 AR B 8 e ), R R Ak
B, — BRI T H U B . S By (A BE R, KSR 46 27 2] 8 learning _rate B¢ E 4 0.001,
2 TR scales WE N 0.1, F RHEREL max_batches B E 4 200 000.

22 N A0 308 55 fof FH AR At A oA G B A A DL BE (object keypoint similarity , OKS) .10 > OKS (1[5
{E IR I A 2408 BE Y5 {E ( mean average precision, mAP) | A M F-34 4 [0 3R (average recall, AR). OKS 2&1pl
T BFRKLI ) 22 H: HE (intersection over union , 10U, FF 315 M0 SC B 5 & AL SRR () 22 15 # BE=C (4)
ML RBEHER. Ho b R 2 NEURT AW G5, i RS B S5, £, 2873 T OB 50 R 52 B OG5 it
Z AR R RS, S, Fon e kD NEBR B RSE A 7 48 T MR 5 i, o e BUH TR AT WA o,
PR | DR — A T 0, RN kD NS @ A SCHE RY A] LEL

Y, expl - B/ (2Si07) Jo (v, = 1)
OKS, = . (4)
Y o, =1)

SESAKG BE M mAP F2oR OKS BUE A 0.50 & 0.95 [ L4 0.05 A3 i i~ Y(E , Ho F R SE Rl A -2
(average precision, AP) ,TT5AI(5). Hrb s Fon B b AR SE M 9 N T 308 BB RME, — R (E
M OEEXER;—A~ AP B, 10 APV 3R7R OKS 4 0.50 ) AP {H, FIT LAV B0RS BE BI{E mAP 378 OKS HUEH 0.50
% 0.95 Z[H LA 0.05 F¥G iR 20 F-3HE. AP® 3 RAFEUIN B AR RIS B2, AP Sy ROST3K H bR 1A
KEEE. A3 R ] T s B E A DU AT 55 RO B A B AR B ARRBE P X B3 AR ARy H R AT: 55 vh i
BERbR S AP S5 AW T REERIVERE T PP, AP R T AR EAF B BUE AT KB, T AR
BT RAEA R S5 T A 12,

Y Y o(0KS, > M)
i )IDIR

AP (5)
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33 WERKRSW

ASER T T B OB B B 9 B S RS R T 7 55 WA 2 5 00 1Y 2
st AR S 2 U TR R | [ ORIESS T 58 2 = NG IR. ARk FHEALA 7 U AT 5280, Bl 2 N E
AL, S8 BB E LS AR AT, RS 5328 AR AL (9 S 25 57 (stand ) , 1738 (walk) , 758 (run) , BkER
(jump) , 34 (sit) , 1 B8 (squat) , Bl (kick) , d7dT (punch) , #F (wave) JUE, 15 Z AT S50 AN R A2, S0
T2 NAFRHLH]. A 5200 285 IR 5 A LU0 20 S iy P4 1 A B X BN B OBU T R ) e e R A B AR S
PUNBE IR 285 SRR A T O, AT UK B2 2 N K320, O I 1 22 NS A FU S R B 4R 2
R NP — & TR S8R, 1 5e7E 2 N BB PUNh 2 A B T T (9 22 A I 25 5 R
t A NRSL B TR FIRERE . 53 b 22 N EMGAEAEAA TR ISR 58 FRNAB GBS 5 T8, 3384 5 3R 551 e i
R B BN 1 e O AR I A 1R 22 ME R, 73, 22 A8 TR B8 e 4R Jo s A n B A 08 A 1Y
=, AT R AR MR e Al A 25 L

S XA R AN 3 PR, B — 4 3R OR SE g RN A JURR R AR 5 A 3RO AT H 20 i 95K
R——F BN T ) 35 A BRI S U9 ( skeleton double-flow attention enhance graph convolution,
SDFAEGC ) HEH (i Fir iR 1% %45 LT NTU RGB+D $¥g4E. 55 =5 F045 1U 31 43 ) £ s 78 MPT s
EH MSCOC02017 dli AL HeAil ok 25 1R BT 456 5 i BB IR NS B ) w38, Sk
Rz R T LUA Y, SGCRA PHBIFAIRTE MPI Etdfs 4214 2 MSCOCO02017 Hidfls 4 1 ¥%5 SDFAEGC A T T
F&. SGCRA 7E MSCOC02017 #4fla 4 FINARCR—E L BT MPI Bl 4, BUARTE A B8R % |
AR 285 AHER BRI EE AR A 2R 250 RIS B0 20 A B0 — B, X UL R R B Bl A A
PR S 1 O XA s 1 an & 4 s, P ol T AR = N5, AT 551
M 22 SR S RGO, (R B AE R M B B SR IE O AT T SE e SRR R, T LA AR AL IR AN
T &R AR5 XM ARA Fr Ak SL I (A58 07 [m).

%3 SDFAEGC #E!7E NTU RGB+D #{#EE K SGCRA #E7E MPII HIEEF MSCOCO02017 HiEEE LRI RILE
Table 3 Comparison of experimental results of model SOFAEGC on NTU RGB+D and SGCRA on MPII and MSCOCO2017 datasets

| NTU RGB+D %¥g4k MPII £ H 4 MSCOC02017 %H sk

SDFAEGC SGCRA SGCRA

337 (stand) 100.00% 86.25% 89.10%
F73E (walk) 100.00% 77.08% 76.93%
FFH (run) 100.00% 73.21% 78.05%
BEEK (jump) 100.00% 64.49% 70.11%
Ui A (sit) 100.00% 82.13% 86.44%
T (squat) 100.00% 76.52% 69.73%
B ( kick) 100.00% 78.36% 79.67%
@47 (punch) 100.00% 60.87% 71.47%
T (wave) 100.00% 83.45% 88.69%

34 ZRERSERAENILER

FE MSCOCO02017 a4 FLhth b, AT H 4185 5230 25 5 A AH ¢ 2 BRI AT T A

FRIE A 2SR IC B 0, W B A JE T MSCOCO02017 Hdi 8 B AT AR 4% 2 STk ic a1 o, Wi g
FYIETF MSCOC02017 BIE 5 (554 . CPN,HRNet-W32  HigherHRNet , DB-Pose , SSR-Pose , CMU-Pose .
CHED .S-ViPNAS+  TransPose-H-A6+, TFPose + PRTR , CRNet , Mask-RCNN | G_RMI , SimpleBaseline , FAIR |
oks Fll Bangbangren , He 5 7 =4~ & COCO B 7 sa 3891 3R i iy 7 vk X485 ARk BoAS SC vk P A 1R
RoF e 5 mAP AP™ (AP” AP® AP" mAR ZE48ARIEAT T IEAIAY LK.

TE MSCOCO2017 %4 8 b X £ A5 70 B35 (1) 45 701 3= 3t BH A b ¥ 36 TE L X 25 SR AN 3R 4 B, AR I bl
0L, IERRI CRNet SETEA 2EH6 PR HYR A (TR 4 LT RIZFRTE) , A SR AT & 465 |
3¢ CRNet #0A — & $FH(FE3R 4 HLUHAPR ) . BAACRTE, 7E mAP $855 B3 T 0.9% ,7E AP $845 48
T+7 0.5% , 7 AP fab5 LT T 2.2% ,7F AP® $8b5 LARTH T 2.7% , 7 AP" $8b5 LT T 0.4% , 7 mAR

BhR LHETE T 0.3% , Horh AP® FeAREE T R HH B, i R B AT /N RUBE IEHED) R, AR SCBE AR HOR A8 38 1
T4 Jry sz B IR I A0 AA B A R . 1t S2 36 e X a5 SR vl DA AR SRRl i Rk 25 5 B S
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Fig.4 Experimental environment and results legend
IS SR A T A 5 DR THE S R IR N SFOIRCR , B T AR ST RS 2, 7E45 1
K TE br_EAREL TO0 T BIEAAT —E RO ERT) | BRI 35 F8 8 TR, I A B 352,
F4 FAREBRREEEERMERAMEISR LHBIEL IR

Table 4 The verification and comparison results of this paper and the representative algorithm in the mainstream detailed indicators

RERI RN EMy RoF 280 iHERE mAP AP AP” AP® AP" mAR
CPN ResNet-50 2018  256x192 27.0M 6.2 G 68.6 — — — — —
HRNet-W32 HRNet-W32 2019 384x288 28.5M 16.0 G 76.7 91.9 83.6 73.2 83.2 81.6
HigherHRNet HRNet-W32 2020 512x512 — — 65.7 85.9 71.3 60.0 74.3 70.6
DB-Pose SSR-W32 2021 — — — 66.8 86.1 72.8 61.4 75.8 71.7
SSR-Pose SSR-W32 2020 — — — 67.8 86.8 73.3 62.4 76.1 81.7
CMU-Pose — — — — — 61.8 84.9 67.5 57.1 68.2 66.5
CHED HRNet-W32 — — — — 67.0 86.2 72.7 61.4 75.5 71.7
S-ViPNAS+ HRNet-W32 2021  256x192 163 M 5.64 G 74.7 89.9 82.0 71.0 81.5 81.2
TransPose-H-A6+ HRNet-W48 2021  256x192 17.5M 21.8G 75.8 — — — — 80.8
TFPose+ ResNet-50 2021  384x288 — 204 G 72.4 — — — — —
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ZiR 4 Table 4 continued

HERIE L TR RS S IR mAP AP APT AP® AP" mAR
PRTR HRNet-W32 2021  512x384 572M 378G 73.3 89.2 79.9 69.0 80.9 80.2
CRNet HRNet-W32 2021 384x288 28.6 M 16.1 G 78.2 92.2 84.5 74.8 84.4 82.9

Mask-RCNN ResNet-50-FPN — — — — 63.1 87.3 68.7 57.8 71.4 —
G_RMI ResNet-101 2017 353x257 — — 64.9 85.5 71.3 62.3 70.0 69.7
SimpleBaseline ResNet-152 2020  384x288 — — 73.7 91.9 81.1 70.3 80.0 79.0
FAIR ResNetXt-101-FPN — — — — 69.2 90.4 71.0 64.9 76.3 75.2
oks — — — — — 72.0 90.3 79.7 67.6 78.4 77.1
Bangbangren ResNet-101 — — — — 72.8 89.4 79.6 68.6 80.0 78.7
SGCRA(A3L) ResNet 2024 512x512 36.7M 124 M 79.1 92.7 86.7 71.5 84.8 83.2
4 e

Bt Xt 2 NZESOMNBIFTE 5 [IAFAE B R B AR A PRA T 505 22 1 ) 1, AR 24 351 H 2 AT 56, 7
UL T 7 388 5 R A R AR S AR R 1) R34 5 7 T 4% 3 1 R 31 L i 2 5 0 14 5 265 LA 422 )
25 1 FE I U B AR AT R A S A I LA Y [ T ) 22 RS IR AT i 42, SR FH T BN ARG I Xk
BANARIEATHE RE | R FH B A BREA T AR OB 50 A, >R FH B 2 AL i) 92 £ DO 28 TR B2 35 T A B R UAE
AR SRR G B AL A BRI GE T MR, XA SO IR AE MPIL DL &2 MSCOCO02017 P4k di 4
L HEFT T SCERIOUE , S5 R AR B JUSS TR A A AR AR B e e R A R R AR SO
SRS R R A LT TR O, MRS HEX A 5 AR SCRTRAE A AR bR AR 2 B 1 R

2 NES NI 2, HX R RE 1 S A T3R8 26 0 i B R, T AR SO 0 Ak SR R IR
fai s s b AT =, B2 N Z R Jese Bk, HPESCbrn g 5e b 8 28 LR TEAS S5 A8 T
ZNAFTESCH. GRS HEHFT R T TR B s 2 6 s sl B S &, 456 2 AL HAT AR
SRS, -5 22 NS UM S A 23 1 R 55 B 0L 5 A 1 14 3 0 RS2 .
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