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Abstract We propose a real-time detection binary sub network based on two-dimensional (2D) to three-dimensional
(3D) skeleton, which can realize 3D estimation of key points of 2D skeleton and human 3D motion recognition based
on 2D and 3D skeleton feature fusion. In the detection process, OpenPose framework is used to obtain the 2D key
point coordinates of human skeleton in video in real time. In the process of 2D to 3D skeleton estimation, a siamese
network with difficult input samples and feedback function is designed. In the process of 3D motion recognition, a
two branch siamese network of 2D and 3D skeleton features is designed to complete the task of 3D pose recognition.
The 3D skeleton estimation network is trained on the Human3. 6M data set, and the skeleton action recognition
network is trained on the NTU RGB-+D 60 multi view enhancement data set based on Euler transform. Finally, the
accuracy of cross subjects and accuracy of cross views are 88.2% and 95.6% . Experimental results show that the
method has high prediction accuracy for 3D skeleton and real-time feedback ability, and can be applied to action
recognition in real-time monitoring.

Key words image processing; three-dimensional skeleton estimation; human action recognition; multi branch

network; multi-feature fusion

Wi A 2021-01-18; 1&E B EY: 2021-02-09; FHABH: 2021-03-09
HEE&TH: FEARPS A (61771266, 81571753) AUk H AEA1#H A A4 Wi H (0701011904)
BIEEE. “1712152231@qq. com

2410010-1



F58% ¥ 24 H1/2021 £ 12 A/HAERBFEHR

OCIS codes 100.3010; 100.4994; 100.4996; 110.6880

15l B

ERIPE- ST IS PN NS AP NS
e 7 SRR 5% BRI 2 M . SEPRAE N
AR N AL R [ Bl 25 B 45 45 e A 2% 3K
PN N SRR C B N = R TN A R R IS
EE T ELEEMER . BRI ER T E
ZoHUAT TR A R (H 7 S AR A 3h £ R 51
ATh A7 — S [a] 1, 40 2h VE 308 14 e I8 2% 10U LR 3 ek
JEE M 25 () B, ] = 4 (3D) B AR T 5 7 B G P L U
A S B A v T R A O T LA I
PRI, AT K 20 A TR 5] %) fF 90 3 Al = 4 (2D)
ZS [ §5 n) 3D =5 [H]

¥ 2D a8 3D &= M) ik FBRAE LR
(14 PE A5 Ak B 5 30k RV B 24 ) ik 2, A5 Be Y 2 i)
AR5 v L G aE a Y KRR R S S AR
B Al TR A 38 a3 2k 1) 1 R AR BT O REAE
PR AN A AE AR o 3 R AE DG L 6 3 3 14
S A SR B RGB(RGB-D) [ % 45 4 5
AT N T T i B, L7 2 A 2 B
R AFAE—E W RBRYE . Chen & 1 H T —Fh M
Pk RGB(Red, Green, Blue) K% Hp i+ 3D A&
BRI S RERIE S 2D e SRR 4 A . 58
B A5 B A A N 4% 2% ST BL 2E 0 3D
WA FITEAGE FFZ NS EIRSI, 38 8T DL
FIFE P AMT NS ER BN . Martinez 255 4 7
— 3 TR A 2D A 45 1 3D S W O ik
kit N XN R B £ R 2D f1 3D A4
YIS OF I BE B A R TS A5 B RS R A R
Moreno-Noguer:m] PEH T — B A Bk G Al
3D AR M, i — 38 T 3D BAMAG T
K5 B . RGB-D MHHLAE P A 5t F 2 BRI T3 &
HOH BT AR BRI L PR R
FEA B, RO AAT] 22 40 H At P A% R R 1 & AR
RGB-D ##l. Mehta 2" $2 1 T —Fh 5 T Kinect
SR 3D A MR S B S AN T 5 9k T DA
A B R R RS I A BT T AR B U TR R Y S
A TR BE . {H Kinect SR 8 14 56 75 TR B A% 38
AN 5 5 s B R T LG . 56T [ 03 A9 7 12
B AR i A A P R EAE B B, Sun
SELPUR T — b T S AR I Y T L R
S5, I B OpenPose ™ i 52 Bk 46 I B 7, K K4

5 T Human3. 6M B 3D 72 1LE 1. Cippitelli
AR T — B AT Kineet 89 A 3 1 31 51 M
2% 3%07 1k PR IR0 OC B 28 2 A VR AE 1) o, O I 22
KSR HLHEAT 028 A IR A & A (B AL 3
EIE R T B AT IR M b B . 2 J5 s Aubry 2500 42
TR T S A Y B AR RO 5 . OpenPose
R {6 1 22 1 R U I 58 4 L A A o 7 AT Kinect 3%
HUOR B LA B B A R 75 [R] . OpenPose [ 42
OGP g  l RGB =38 18 1 R 6 B 4252 3l ) 97
e nl RGB MBS VR #2202 (4 i A L 3 3o il 5
KR o B 2 M2 PN SV . %5 2 1 3D
SRR BE AR R TE 2D B 2R 45 I £ A0 BT 55 I 25 B )
ARy KEEE R, Pham VY T — RO TR E
AW ZAL S 3D AR ZE AN T HESE , OF ) B Y
BRI RGB &8s HiR Bl AR 3D hiffE. 1kéh,
MAATBE 3D S5 7 B 5 BUAY RRAE B A W3 1k
AT DA 2 T s AR IR HZ R G 7 AR AE 8 1 Ol
TR IR AR T A MR 2595 . Yang S5V 4R
T T RURR AR XLAE B 9 2% 1 B SR Sl PR R
KB 2D A 3D LML 5 A B R A ML
2 = S N N 1 R S P B A 1 SN L
HTE 3D HA P th LG EEAEM .

A SCAFR By HAT S5 D) BE A0 ME A AR 25 A= ) 24 S 3
2D BOCHE R 3D Al it [R] IS By XUy 5228 A
2552 2D 3D B HLRHAE A 1 PR 3D Zh AR
Horp L 2D B SR S b N A0 3D Al T AT LA Th R ok b
SRS AR AE RS BE 0T 2D 3D B SR AR AE (Y @l A TT 5k
HMIC 2 25 [0 AL 3 5 B SR AR AR IR VE ), 455
X R 7 R Y 3D i AR Sl AR I TN RS B L B IR
BRI B R A EE A, A A Ak B
THI 25 A= I 4% 19 S 1 fE g Al w] 52 B SEIE Y 3D Bl AR
12V

2 MK

2.1 BRESKNSE

P A% Aub 20400 358 — it FH 32 Bh i 42 &R FE 3R B 3D IR
B RUR 8 DL 38 B i 3R R 44 56 RGB-D AH #L I
Kinect ¥ B & B4R , (H X 7 Ff 2R 40 KRB 76 A R 19 1L
HYFIHE B AR . AL AR AR TR FE A% B AR AE 5Ot
T AR B TE B G R T £ ff Bl 5 K R %
WERE R, SR — SR 2N 2D B A
OpenPose 42 i 25 4~ 2D AR 40 G 8 o, HUR 1y

2410010-2



HFRIEX

$£58%5 F24H/2021 £ 12 A/HRENBFZHE

Fe S AR AN 1 TR, A RGB E%,3D
BT IR 5 A 1 7 A AS SRR B TR A AT e b

MRS TP BEAN A 2R 3D S o1 B 41 IR 4
fEBA 25 1 T LA 0 T s ARG I S5 U

0 nose 13 L-knee

1 neck 14 L-ankle

2 R-shoulder | 15 R-eye

3 R-elbow 16 L-eye

4 R-wrist 17 R-ear

5 L-shoulder | 18 L-ear

6 L-elbow 19 L-bigtoe

7 L-wrist 20 L-smalltoe
8 midhip 21 L-heel

9 R-hip 22 R-bigtoe
10 R-knee 23 R-smalltoe
11 R-ankle 24 R-heel

12 L-hip

Bl 1 OpenPose RAEM 2D A B 4 55 5 07 & i 5

Fig. 1 Key points and numbers of the 2D human skeleton collected by OpenPose
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Fig. 2 Network structure for training 3D skeleton estimator
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Fig. 3 3D skeleton action recognition network with difficult input samples
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Table 1 Action estimation errors of different methods on the Human3. 6M data set unit: mm
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Ref. [11] 49.2 51.6 47.6 50. 5 51.8 48.5 51.7 61.5 70.9 53.7 60. 3 48.9 53.9
Ref. [9] 37.7 44,4 40. 3 42.1 48. 2 54.9 44,4 42.1 54.6 58.0 45,1 46. 4 47,3
Ref.[16] 43.2 38.1 40. 8 44,4 51.8 43.7 38.4 50. 8 52.0 42.1 42.2 44.0 44.3
Ours 44.6 39.5 39.7 41.2 51.1 42.9 40. 8 50. 6 40. 8 44.6 42.9 43.4
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Fig. 4 Local real 3D model and prediction model.
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Table 2 Accuracy of the network after enhancing the data set

Expansion ratio Without treatment 20% 40% 60 % 80% 100%
Accuracy /% 82.2 85.1 85.9 86.5 87.9 88.2
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Table 3 Accuracy of different methods on the NTU-

RGB-+D 60 verification data set unit: %
Method Year CS Ccv
RAM 2018 85.9 93.5
ASH 2019 86. 8 94. 2
25-AGCNP! 2019 88.5 95.1
Two-stream TL-GCNP!Y 2020 89. 2 95.4
25-SGCN 2021 90. 1 96. 2
Ours 2021 88.2 95.6
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Table 4 Effect of motion estimation and multi feature fusion on recognition accuracy on NTU RGB + D 60 data set

CS After preprocessing of motion estimation network

With 2D feature fusion

Without 2D feature fusion

unit: %
Using NTU RGB + D 60
86.2
81.1
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