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FHIE, BASE R s h R A OETR . J5UG RGB EIGURI2E 43 T8 5 A B WS J#47 19 3D ResNeXt101 o, JE
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TR R 25 SR 1Y B £ K (true negative rate, TNR) , A SCFEAR A fpojin A B [ 4 1 25 A1 two-class 3 F5 1] 2 HL (support
vector machine, SVM) , 558  ARSCTESFRA =I5 T 258 7 64T T 5056, SR FHMERG R A B 7 R R AR HE 4717
i AR BN BT IR BIER 5h 94. 2%\ FLHFN 98.9% , [AIBTZEAILELHESE UCF (University of Central Florida)
101 BT TS DAER R PG HE bR, 15 B0 0 24017 U TR %0 97.9% , #F— D BGUE T AR SC A 31
PERAERGE . S8 ASCER I A ARAT S I0 TR BE A A AR H 2 B i R AT (5 8., 85 B (L oS R RN iR
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SRR AT NN s WAL ; =GR P44 BRI [ Jafidas s SCReia /AL (SVM)

Dual-view 3D ConvNets based industrial packing
action recognition

Hu Haiyang® , Pan Jian, Li Zhongjin
School of Computer Science and Technology, Hangzhou Dianzi University, Hangzhou 310018, China

Abstract: Objective The action recognition technology is proactive in computer vision contexts, such as intelligent video
surveillance, human-computer interaction, virtual reality, and medical image analysis. It plays an important role in the
automated and intelligent modern manufacturing process, but the complexity of the actual manufacturing environment has
still been challenging. The research direction is attributed to the deep neural networks largely, especially the 3D convolu-
tional networks, which mainly use 3D convolution to capture temporal information. The 3D convolutional networks can

extract the spatio-temporal features of videos better with the added temporal dimension compared to 2D convolutional net-
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works. At present, it shows good performance in action recognition through the optical flow melting in 3D convolutional net-
work , but it still cannot solve the problem of human body being occluded, and the computational cost of optical flow is com-
plicated and cannot be applied in real-time scenes. The product qualification rate is required to be satisfied in the context of
action recognition application in production scenes. It is necessary to rank out the unqualified products as much as possible
while ensuring high accuracy and high true negative rate (TNR) of detection results. Tt is challenged to optimize the true
negative rate among the existing action recognition methods. Our analysis facilitates a packing action recognition method
based on dual-view 3D convolutional network. Method First, we extract motion features better through stacked residual
frames as inputs, replacing optical flow that is not available in the real-time scene. The original RGB images and the resid-
ual frames are input to two parallel 3D ResNeXt101, and a concatenation layer is used to concatenate the features extracted
in the last convolution layer of the two 3D ResNext101. Next, we adopts a dual-view structure to resolve the issue of human
body being occluded, optimizes 3D ResNeXt101 into a dual-view model, builds up a learnable dual-view pooling layer for
multifaceted feature fusion of views, and then uses this dual-view 3D ResNeXt101 model for action recognition. Finally, a
noise-reducing self-encoder and two-class support vector machine (SVM) are added in our model to improve the true nega-
tive rate (TNR) of the detection results further. The dual-view pooling derived features are input to the noise-reducing self-
encoder in the model, and the features are optimized and downscaled by the trained noise-reducing self-encoder, and then
the two-class SVM model is used for secondary recognition. Result We conducted experiments in a packing scenario and
evaluated using two metrics like accuracy rate and true-negative rate. The accuracy of our packing action recognition model
is 94.2% , and the true negative rate is 98.9% , which optimizes current action recognition methods. Our accuracy is
increased from 91. 1% to 95.8% via the dual-view structure. The accuracy of the model is increased from 88.2% to
95.8% based on the residual frames module. If the residual frames module is altered by optical flow module, the accuracy
rate is 96. 2% , which is equivalent to the model using the residual frames module. The accuracy is only 91. 5% that the
unique two-class SVM structure added to the model without the denoising autoencoder. Thanks to the optimization and
dimensionality reduction of the feature vectors by the denoising autoencoder, the accuracy reaches 94. 2% via the combina-
tion of the denoising autoencoder and the two-class SVM both, the highest true negative rate of 98.9% obtained. After
adding denoising autoencoder and two-class SVM to the model, the true negative rate of the model increased from 95. 7% to
98.9% , while the accuracy rate decreased by 1. 6% . Our demonstrated result is evaluated in the public dataset UCF ( Uni-
versity of Central Florida) 101. Our single-view model obtained an accuracy of 97. 1% , which achieved the second highest
accuracy among all compared methods, second only to 3D ResNeXtl101’ s 98.0% . Conclusion We use a dual-view 3D
ResNeXt101 model for effective packing action recognition. To obtain richer features from RGB images and differential ima-
ges, two parallel 3D ResNeXt101 are used to learn spatio-temporal features and a dual-view feature fusion is accomplished
using a learnable view pooling layer. In addition, a stacked denoising autoencoder is trained to optimize and downscale the
features extracted in terms of the dual-view 3D ResNeXt101 model. To improve the true negative rate, a two-class SVM
model is used for secondary detection. Our method can recognize the boxing action of the packing workers accurately and
realize the high true negative rate (TNR) of the recognition results.

Key words: action recognition; dual-view; 3D convolutional neural network; denoising autoencoder; support vector

machine (SVM)

0 35

][

NEAT ARG T Z MR, — BRI
BUALSE o BB TS 7 1), 491 A e A s 4 L AL
EH. R LB S A 9T A8 5 BT (Cao 55, 2017
Wang 45,2015 ; Kuanar %% ,2018,2019) , 1454811
FREMARKARE B VAT T IR B P 2 28 1 1 B, G

Je 3D BERRIZ B HE Y (i 45,2013 ), 3D AR 4%
JE 2D BRI AT, T2 3D B BUR S AR I
5B . AT 2D B 3D 45 T 2 iy T4
I T I IR) A B AT DA ST G b BRI A I S R AE
Hara 25 A\ (2018) % C3D ( convolutional 3D network )
F N 45 5 5% 25 W 2% ( residual neural network, Res-
Net) #H45 A, IF7E Kinetics B4 45 B4 7 01 25, 4
H C3D R/ 2% 3D ResNet 7£ UCF101 ( University

2369



2370

PEERBEF IR

JOURNAL OF IMAGE AND GRAPHICS

Vol.27,No. 8,Aug. 2022

of Central Florida-101) F1 HMDB-51 ( Human Motion
DataBase-51) HHU S TR KAg it 25 | [7] if iz 47 3 &
WHR T 2 £%, Simonyan Fl Zisserman (2014 ) % H
RGB EURHDGHAE PSS 1Y 2D 5 R 45 I 1Y
F A BT RGB IR AY 23 (] i D i LE 54 4K 2 T
FEOE LA B4R | 1R 106 3t 04 i 1) 3 H 73R
SISO Mz ), R bt — D R ks g E B
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Tao 55 N (2020) fif JH 22 73 MR AE R M 284 A, JH T
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S n9AT R BI ORI TAEM L, T 35T
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BWFIE AR SR T kR . B AT AR B IR
FIEAR A7 e TR A A JHE 24 7 1) 0, el 1 v 64 T
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11 R RIS b W I 0 A
MR EOR T B AT REHEA (AN G A& 077 i [R] B
PRAUEAG I 25 5 194 15 YRR 52 R L 171 3 (true negative
rate, TNR) . BUA 84T RPN b A B4 F 1)
AL AR IT %

BEXS AR TV 2 AR 5 57 T AR B9 L3R T, AR S
T BT IR 3D ResNeXt101 (17 KR 51
Tk B ARSI AHE R 1 22 43 UG AR B A0 1Y)
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K1 T PR A

Fig.1 Packing environment in the factory
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of gradient) \HOF (histogram of flow) #ll MBH ( motion
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Fig.2 Packing action model
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fIEF RGB G b A 138 s Rk, S T 2543
{55 3D ResNeXt101 F H 9 /2 IR AU RGB 4]
B A 1z S RHE , I S THEE AL Y v . 7E
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Fig.3 The process of obtaining residual frame( (a) front RGB;(b) latter RGB;(c) residual frame)

TERRG A SO B 42 )26 RGB Fil22 43RG B4
B R E AL G

ARSI FEATHY 3D ResNeXt101 #dk | 7
AR BRI R IR RGBS I 2% 43 UG AE o
Ao TEFIAS 3D ResNeXtl01 fB )5 —ZHEHZE
ZIFIA —A~ £ 52 20 WA A5 e 1 R A1F o 00 1) —
TR S A SR B RFE il
2.3 ZMEZES

P TS B AR 7™ PR 0 PR 248 TN B AR G
SIE SR 2y IR R S A T A 2
T E e S IE S5 B R BORUINMER R N R,
T A SRR AE I 2 A o B mT AR R 52 44 A
BB R AR SO SR A 75 =, A AN TR A
FA I HEAG KR SR AU A o 2 1 AR, A SR S 50 1 %
Ao FIFH 3D R0 45 F1 SR I B4 2 > B T %o 26 46
AR TN TR T RN

HH L BRI, 22 40 PR 5000 30 6 75 2 A 1 — B0
BAEAME R, 7] LATE X LA A (5 8 b 24 > B
R, Hod —BUE BT 2 RIEE R
HAME BT Z 0 B a4, 20
P2 2] 1) — B B B AMAE S S, i RS B A 2
A R B IR R R, i WA IF 4T A9 3D
ResNeXt101 A A A [a] 4 B 2R 7R fE 4 B, SR I R
FH— 00 Al 2ok al A SR B B
AL FIT- 2 Ak 2 i 2 B T A S R B
HR KA ik 258 5 B A, N 45 1912 AL g
F122 A A REAR L b s st A DX I A R AT | 3
N T 2R 2 1 559 4 K O 2 K IR L A B ik, 7
SSEE MG R ER . EFXF XA A, AR S —
FofrmT 27 ) KCEE 1 A R b Ak 2 R il 221 1 IR ) ARPAE

(R MEAL R ) . Hitahy
0,.(p,q) =w x0,,(p,q) +w, x0,.,,(p,q)
(2)
A, w, Fw, 43 BRI B A AL B 4G
B4 50 R 1 0O, ASCH AR A 3t A v DR e I S AR 1Y
SAR 1 BRI B 7 2] W0 AL J2 78 X 7
B (p,q) WS EIRFAERL A I, 73 5353 — A
R RMAL Ty AR IERE B 145 2R 0, (p,q) FI—1
o -t Al 7 R B A I ZE 2R 0, (P 9) o
e 2 ) B AL w0, Fw, T8 R E
(p,q) WAREFHERL G S5 0, (p,q) o ARCMHEH
BP( back propagation ) 58 15 5 8 4 A1 2k By B )
FEACH 48 2, A< SCAfE R A0 SURR 1 3 Ak 12 4n T 4

K4 BT %

Fig.4 Dual-view pooling fusion
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sign ( zn:aiK(xi,x) +b) (4)
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Fig.5 Stacked denoising autoencoder
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Fig.6 The execution process of packing action model
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0.9, 2> FYHAEB B M 0. 1, 5 50 F Y2/ Hy
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H 95 4% A1 two-class SVM X A5 78U i 76 22 (%) T 3
£ UCF101 $54 4 rh i S 56 vt feff ] 23 BRI B 4
2R FI two-class SVM By AL A5 ARSI A 3 74T 0
PR ATXT H, B R S UCF101 2 B [ 0905
% H W T UCF101 15 2 s ES 5 Je kAl =5
FEHFI L,

3.3 MPAD LIRS

TERPEEE MPAD b, X 3 i A9 47 IR0y i Al
AR EIATIEE, R 1 JBR T IR, NLE
ST DI AR SO 3RS T B e B TR SRR
TR, F£2 PG T HT RGB B ML T 22 00 1%
1~ 3D ResNeXt101 &R, HAH I 22 4 A
R ARS8 R FEEARA R R
BT RGB K12 11 3D ResNeXt101 #H [t 2% 43 K
1% A A5  RGB RGN 22 3 IRMR 45 B 1 7

®1 7 MPAD 5 ERITHIRAN T ER LI
Table 1 Comparison with mainstream action

recognition methods on MPAD

7 i WER /% FLR/%

two-stream

83.2 84. 1
( Simonyan F Zisserman,2014 )
C3D (Ji %%,2013) 78.2 78.9
3D ResNet101 ( Hara %5 ,2018) 84. 4 84.0
3D ResNeXt101 ( Hara 5%,2018) 86. 4 86. 4
two-stream 13D

90. 1 90.0
(Carreira I Zisserman,2017)
R(2 +1)D (Girdhar % ,2019) 89.5 88.9
AR3C 94.2 98.9

T L AR R 2% 91 BRI 4

£2 ET RGB FEHE KA 3D ResNeXt101 {FEHLER
Table 2 Evaluation results of 3D ResNeXt101

based on RGB frames and residual frames

5k HER R/ %
RGB 3D ResNeXt101 86.4
RF 3D ResNeXt101 71.2
RGB + RF 3D ResNeXt101 91.1

TE L PR R B LS5 3 RF 2270 S

U T LA AR 2 2 A RRAE , 7E RS 48 MPAD |
1 B O HER

N T o3 BT AR SO 25 AR 0 b B4 XA
ISR AL SR EAT 1 IEA , JRBAM I A G T ok #
220y EURHEAT XS L, 46 3 o T 415 SR DAk S 50
AEER . SRR SR e i 69 07 vk BoAr
H e AR 23 LR O A IR LA 6.2 /s, 755K

£3 7£E MPAD HAREHEE REEITMHER
Table 3 Evaluation results of different

combination strategies on MPAD

itk W/ % Wi/ (Wi/s)
RGB + HAL 86. 4 116.4
RGB + WAL E 88.2 61.0
RGB + it + B ] 91.5 11.5
RGB + i + SR K 96.2 6.2
RGB + RF + B4 & 91.1 82.4
RGB + RF + ML E 95.8 49.8

TE O PR R % 5 R L4 2R RF S 220 1118
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SVM) " R 25 A 7 15, BRSOl 264615 3R
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Fig.7 Evaluation results of DAE + SVM and
dual-view model in MPAD
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FEUER R TRE,

4 VAL T RSO RS v i AR ] G i
Fl two-class SVM X B4 ZEFIER R 052 M0, SC 5 45
e, HINA two-class SVM A FEME B 4nith 25 19
HAEWER R A 91.5% ot T FEME A 4 5 & 0 45
i 1) 32 1) D0 A R A 2 TR0 A B R ) 4 B 2
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A ORAUIERE o B 2 SRR A 205 T N4 & S5 B ke
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F a4 IPEIEEHRAZEETA two-class SVM HYITfh 25 R
Table 4 Evaluation results of denoising

autoencoder and two-class SVM

Tk

HERA /% B/ %
DAE SVM
X X 95.8 95.7
x vV 91.5 98. 1
VvV vV 94.2 98.9

T N PR FR A I A A S,V BRI, x FR
KA ZI.
3.4 UCF101 LGRS

UCF101 %54 (Reddy i1 Shah 2013 ) f05 101 #h
BIPESEH], 23t 13 320 A H0 A B, A FP sh VE 2851
f5 25 4, AL 4 ~ 7 AP B, W A B
(PN 7.21 s, MLz 3 e EL i R
)G B R A EEPS ARG T 2 55 AN 2 L R . UCF101
Ry R P SRR A A SCfelE S PR A R A7
i, 5 AR RS Z R0 kb 47 e, v LA
B A SO s B RN 25 5 . FExT 243 E
AT, AR S B PRI 78 A, 3R A5 45 v 1)

4 & it

P& — T S BR AE 7 e A ARA T A
1207 i SR IR 3D ResNeXt101 15 8 414
B A AR AT R B, WA IR AT ) 3D
ResNeXt101, 43 5] M\ RGB % F1 22 43 {5 vp 2% > i
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x5 7£ UCF101 R EERITAIRANFTERMLLER
Table 5 Comparison with mainstream action

recognition methods on UCF101

WRES HERI /%
two-stream 88.0
IDT 86. 4
C3D 82.3
P3D( Qiu 5§,2017) 88.6
3D ResNeXt-101 94.5
two-stream 13D 98.0
R(2+1)D 94.2
TesNet( Huang 1 Bors,2020) 95.2
ARSI 97.1

L AR R Bt g 5

ZSRHE, LIARAS B S B A RAAE I T 2% 2] B A
WAL E WO R IR R G . AMASCIN SR T — A HE
B RERE [ ST 28 S 3D ResNeXt101 A i
BRRAE A TR AL AN R4 | 0 two-class SVM 5
RUPEAT R R £ 3 FL R (TNR ) . SLgR 45 21
Fo BT 2R W, AR SC & A6 47 R R 00 O 0k 7E B 4R
MPAD 75 21 {14 o B 25 Fl 2L 17 3255 51k 94. 2%
98.9% YT HA 6 Fp E AT MIRBI %, FEAN
ARSI Z BP0 S BB A S s b AR SO R AT LUK
B BEAE TN BB AR 2, A OR TR R 51 2
SR AR T R PR A TR

FESC 0T R rp R B, AR SCARE AR v (1) RORR [ 25 4
RERS A RPN RS 0 T3, 15 i T AR
HWBEEA R, AT FEAR MR R
Ao Z BRI REm . AR IIBESR TARR SO T
YAINS R ES T RU R I E NS 68 TN IEZN
Ivi] £ B (143 sh A 8., TR) Bt fin A XL A58 75 30 1
3 Y NARBIAE B RL H A iE— 25 B AR AR I
PA Tk
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