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Abstract Keywords

Protective wearing detection and action recognition are an important part in the intelligent safety supervi- pose estimation;;
sion system. Aiming at the problem of low accuracy and low real-time performance of traditional parallel rec- quadrilateral detection;
ognition methods, We propose a parallel recognition scheme based on pose estimation to realize protective action recognition ;
wearing detection and action recognition in parallel quickly, which uses a data interaction method based on protective wearing detection;
distance and Hungarian algorithm to combine the pose with the guardian. Useing deep separable convolution data interaction

to reduce parameters, the parallel recognition scheme improve the Openpose model, which makes the Open-
pose model lighter and improves the real-time performance of pose estimation. A quadrilateral detection meth-
od combined with pose information is proposed to solve the misjudgment problem of not wearing a guardian
(holding helmet) . In real-time detection experimental, the misjudgment rate of the holding helmet drops by
29.3% , and the overall accuracy rate of the system reaches 93.5% . The speed of improved Openpose model
increases 12 frames per second faster than the original model, which is 2.2 times that of the original model.
Experimental verification shows that the parallel recognition scheme has high accuracy and strong real-time

performance, which meets the needs of actual protective wearing detection and action recognition.
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Fig.1  Framework of parallel recognition system
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Tab.1  Test results of protective wear detect dataset
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Tab.3  Test results of action recognition dataset
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LKnee 12 14

LAnkle 13 15

AT, Skeleton % 4fE 42 Fl Openpose 346 14 1fE
Rk, (0 SOD Bdln A M SRk B8 . 7E N DB T Ul
FITE LT, Al 4% Openpose KUl HEAT SR, A5
FEAMMBT, ATEs: SOD HREH1TahME R,
42 KWERSHH
4.2.1 Openpose 2356 IE 256

A SCER XS T Openpose FERL PRSP AN =1 ) ) &L, )
DCS RIS HF#1E , X Openpose FERY Y RAAEHRIUZ
HATHGHE, BT AT I, A SEIR S FHVER R Ar F
WiE FPS KPP REEIPERE, 70 B AP FNZ AU
Ze, SrANTERERRIA] | 5 RS A s = R IREE T AT S
By, LIRAERANE 11 FIZR 4 Fros. B 11 2200 3 iR B
FhIR) S5, v E] 3 W A A3 S g, A 3 s B P Ak

[E 11 Openpose Bk TIE S 56 25 5 ]

Result of Openpose improved verification experiment

Fig.11

24 Openpose ICFIGTEXT b 3256 45

Tab.4 Result of Openpose improved verification comparison experiment

4% 251 Ar FPS BRI
DSCnet 0.947 22 7.6 MB
VGGnet 0.955 10 204.4 MB

ik 4 B R4 L AT A, VGGnet By B K/ A
DSChet 1 26.9 135, 45 FD L5 2 fE IR EL DSCret 4> 12
W JEIET, DSCnet th, RV T 45 8 4 BUX 4 1
SRR LALER, JORHRRS T W% AL Bk . 3 i
TWAFIAEE (] DSCnet 1 R A LN , HE47 3 F

Openpose FE5 (R ZHVEN , KIEETH SR 1 S
4.2.2 RENGWHENITEEKIE

ASCH, MRS A B 5 g A T R, KR A
fd B A BB, SIBRRAE S, =T B
ML HERR S, IR TERE T X A8F B P A BL
R, ARSCRTTEE IR X ELSE R, ERR R Ar,
TRAER Mr AR FFr X3 0E 3R T30, SE8840 h —
AL . YOLOV3™ F1 YOLOV3 + PoseData ( 3 T & 513
B2 ER M A ). SEERa BIAERERR ] . 15 ZE 3 0
HME B = RIREE T AT, SCIRAE RN 12 FiEk 5 Bk,



534

RIEH, % FET LM B RS 5 S 1R

729

helmet 64%

person 579
52% [ga

W,

2
12
Fig.12

B 12 3 g B =M BT, YOLOV3 il s2 56.
& 12 i 3 ig& 8 =Ffh 352, YOLOv3 + PoseData il
SCER.

S LRI SRS,
Tab.5 Result of helmet detect comparison experiment
P25 Ar(HaH) FFr(HaH) Ar(Worn) Mr(Worn) — Ar
YOLOv3 0.675 0.325 0.952 0.048  0.867
YOLOVS + 0.968 0.032 0.945 0.065 0.959
PoseData

FHEE 5 P Sae g Wl 0, R BE 50 B o iR A
B BAGIAEDEAT S BR , AT LS s P BRI o e k. th
ZEBLAT ], YOLOV3 + PoseData K153 1) F-F5 % g TR FI K

J

B A WRAS N 0T LU SEER AR ]

Result of helmet detect comparison experiment

SCL 19 ] o iy AR 7 v REAIG 29.3% , B AR HERT 38 fin
92%. KL, MK RGREL: A TESHFEEN
YOLOv3 + PoseData ‘& A MG A MR, RUEFEAR T FHrd e
W R BT T AP AR D 3R G 1) e R %, 3
T RGP
4.2.3 fEXMEIT L L

1) B 0 B R 25 R B 9 B 5 B i, AR SO
158 T S E R BRI G BB, 32 ) —Fp s i IR AT
PRI ASCBR AT IR BN S5, (I HER 5 Ar, Tk
 Mr Fl FPS X IEATHR 7 G BEAT B0, S50 40 S 50 A JF
TN Z AT IR, S ZE BRI | 45 3 F P
HNE = FPEREE T TS, SCIRZE RG] 13 Rk 6 IR,

B13 A BT R S B2 R R

Fig.13  Result of human behavior recognition experiment



730 ERERH 50 %
P13 ZEl 3 i B D R ) S 36, v i) 3 i 1A D 452 42 FR7T D-OPY SHIX SRR L
S A 3 0E & Ry AN E ST Tab.7 ~ Comparison of D-OPY and related literature
6 FATIR S DiRiS Ar( Action) Ar( Helmet)
Tab.6  Result of parallel recognition experiment D-ODY 0.942 0.953
ins [9]
Ar( Action) Ar( Helmet) Ar(Vest) Ar FPS RetinaNet 0.901
3DConvNet + NMS!?] 0.908
0.942 0.953 0.910 0.935 9 DeepSORT + YOLOV3 [19] 0.867
AP - AP - . PoT21 + CNN!2 0.869
TEFATII S B, FEAT IR B e P IE 0 Ar -
R SEFUNHERR 3 | 22 A MRS I HER 3 14 8 O T 26 5 4ER
(=]

MIEARERIE. 3R 6 rhAYSIRZS R n] 1, AR A B (A IE
58 93.5% . SRR R AL 4 i AG I o Aff 46 15 B
M RATEE R — 2, AT SR A R G B I RITT
HIIELENE , ASOFTIRBIBERRY FPS SR R0 9 i, Kk
AW RIRTNER. H, TR RGBT 40 A
S H ) D-ODY ( DSC-Openpose + DNN + YOLOvV3, D-
ODY) HATIII 8, TE & RELMPERMZOR T, #E
AP BIEME B . 2RI 2 DA 5.

D-ODY JRATiHIIJ7 248 NTU RGB + D FrifE#dfa4E b
HIBIERBIMERR A, PAWD $E 4 b o4 HLAmSsAsml i o
TR A T HA SCRR. L3 [9 ] Y b B A ) ol 1 32
1 5.2% , HSCO12 SRR HERS R 55 3.4% , H3C[20]
PRI EL A AS I M R 28 085 9.2% , b 3T [ 21 ]l Bl 1 TR ) e
R e 7.3%.

55 3k

ASCHR T —Ff D-ODY FEATIRBITr 58, PR IH475¢
BT AP ARSI A B £ 5], D-ODY f ] DSC %) Open-
pose LR ARG AESEIBUZ BEAT ik, (2548 11 FPS A5
FRRD 22 W1, BORBGERY Openpose BERLHR R 12 i, A SCHE
D-ODY Hft, o 2 T 1 ) F ) 803k 1 Kol e B ik
PAK PO AS I i, 4 28 2505 B A B 22 42 i A 5k
TR R TR R R [ 29.3% . H LUSE I HiD
&, FFATTE U R EL O ORI , R AR o 1 5 15 3
93.5% , figppR T 4P WA I A0 S A R AT SR 52
R, {5 D-ODY F-47 IR 517 S MR AL T 5 30 & F 5%
BrBt, REREEEIEATHRTE, 4R M, 2k
St PR SIS T

(1] EmA, BEsE, HheR, & ETREMTFZ 208 I ko (1] TP HRIST, 2021, 38(3) : 937 940, 945.
Wang Y S, Gu Y W, Feng X C, et al. Research on detection method of helmet wearing based on attitude estimation[ J]. Application Research
of Computers, 2021, 38(3) : 937 —940, 945.

[2] MuneaT L, Jembre Y Z, et al. The progress of human pose estimation: A survey and taxonomy of models applied in 2D human pose estimation
[J]. IEEE Access, 2020, 8. 133330 - 133348.

[ 3] Liang G, Zhong X, Ran L, et al. An adaptive viewpoint transformation network for 3D human pose estimation[ J]. IEEE Access, 2020, 8.
143076 - 143084.

[4] XulJ, YuZ, Ni B, et al. Deep kinematics analysis for monocular 3D human pose estimation[ C]//2020 IEEE/CVF Conference on Computer
Vision and Pattern Recognition (CVPR). Piscataway, USA . IEEE, 2020 896 —905.

[5] Pang C, Shan G L, Ma W N, et al. Sensor radiation interception risk control in target tracking[J]. Defence Technology, 2020, 16(3) : 695 —704.

[6] Seong H, Son H. A comparative study of machine learning classification for color-based safety vest detection on construction-site images[ J].
KSCE Journal of Civil Engineering, 2018(22) ; 4254 —4262.

[7] Fang M, Sun T T, Shao Z. Fast helmet-wearing-condition detection based on improved YOLOv2[J]. Optics and Precision Engineering, 2019,
27(5): 1196 —1205.

[ 8 ] Dasgupta M, Bandyopadhyay O, Chatterji S. Automated helmet detection for multiple motorcycle riders using CNN[ C]//IEEE Conference on
Information and Communication Technology. Piscataway, USA: IEEE, 2019. DOI: 10.1109/CICT48419.2019.9066191.

[9] Siebert F W, Lin H H. Detecting motorcycle helmet use with deep learning [ J]. Accident Analysis the Prevention, 2020, 134. DOI;

10.1016/j.app.2019.105319.

[10] Lei F, An Z H, Wang X L. Pose estimation of complex human motion[ C]//International Conference on Video and Image Processing. Piscat-

away, USA: IEEE, 2019 153 - 156.

[11] Tufek N, Yalcin M, Altintas M, et al. Human action recognition using deep learning methods on limited sensory data[ J]. IEEE Sensors Jour-

nal, 2020, 20(6) : 3101 -3112.

[12] Tsai J K, Hsu C C, Wang W Y, et al. Deep learning-based real-time multiple-person action recognition system[ J]. Sensors, 2020, 20(17) .

4758.

[13] Jade, 2R, 254 HARSI M AT A BN T]. Bk #4k, 2020, 46(9) : 1961 ~1970.

Zhou B, Li J F. Human action recognition combined with object detection[ J]. Acta Automatica Sinica, 2020, 46(9) ; 1961 —1970.
(CFEE4 739 T0)



6 3] RO, AF ST PR IR A SR B2 ~T WL % L PR 3 i e Ao P RSl 739

[10] Fasahat M, Manthouri M. State of charge estimation of lithium-ion batteries using hybrid autoencoder and long short term memory neural net-
works[ J]. Journal of Power Sources, 2020, 469. DOI; 10.1016/j.jpowsour.2020.228375.

[11] Shateri N, Shi Z H, Auger D J, et al. Lithium-sulfur cell state of charge estimation using a classification technique[ J]. TEEE Transactions on
Vehicular Technology, 2021, 70(1) : 212 —224.

[12] Huang G B, Zhu Q Y, Siew C. Extreme learning machine: Theory and applications[ J]. Neurocomputing, 2006, 70(1/2/3) . 489 -501.

[13] Huang G, Huang G B, Song S J, et al. Trends in extreme learning machines: A review[ J]. Neural Networks, 2015, 61 32 -48.

1 RAS], Eds, MonG. FETR RS I VLI BRER P v b SOC ASERFE[ ], HEHR, 2018, 42(6) : 806 - 808, 881.

Song S J, Wang Z H, Lin X F. Research on SOC estimation of LiFePO, batteries based on ELM[ J]. Chinese Journal of Power Sources, 2018,
42(6) : 806 —808, 881.

[15] Huang G B, Zhou H M, Ding X J, et al. Extreme learning machine for regression and multiclass classification[ J]. IEEE Transactions on Sys-
tems, Man, and Cybernetics, Part B ( Cybernetics) , 2012, 42(2) ; 513 —529.

[16] 058, WERE, B, 4. 5T BSA-RELM 2l R 4 By 7k SOC fhiit[1]. i+a"#dlk, 2019, 40(4) : 693 -699.
Wu Z Q, Shang M Y, Shen D D, et al. Estimation of SOC of li-ion battery in pure electric vehicle by BSA-RELM[ J]. Acta Metrologica Sini-
ca, 2019, 40(4): 693 —699.

[17] Mirjalili S, Mirjalili S M, Lewis A. Grey wolf optimizer[ J]. Advances in Engineering Software, 2014, 69 46 —61.

[18] Wang M J, Chen H L, Li H Z, et al. Grey wolf optimization evolving kernel extreme learning machine: Application to bankruptey prediction
[J]. Engineering Applications of Artificial Intelligence, 2017, 63 54 —68.

[19] Heidari A A, Abbaspour R A, Chen H L. Efficient boosted grey wolf optimizers for global search and kernel extreme learning machine training
[J]. Applied Soft Computing, 2019, 81. DOI. 10.1016/j.as0c.2019.105521.

[20] Cai Z N, GuJ H, LuoJ, et al. Evolving an optimal kernel extreme learning machine by using an enhanced grey wolf optimization strategy|[ J].
Expert Systems with Applications, 2019, 138. DOI: 10.1016/j.eswa.2019.07.031.

(21] Jr—ng, BBRAR, skEE, 45 R T ol ORI A B AR IR 27 > ML PRk & BTN AL [T ], #3550, 2020, 37(7) .
1644 - 1654.
Fang Y M, Zhao X D, Zhang P, et al. Prediction modeling of silicon content in liquid iron based on multiple kernel extreme learning machine
and improved grey wolf optimizer[ J]. Control Theory & Applications, 2020, 37(7) ; 1644 —1654.

[22] Mohamed F A, Koivo H N. System modelling and online optimal management of MicroGrid using mesh adaptive direct search[ J|. International
Journal of Electrical Power & Energy Systems, 2010, 32(5) : 398 —407.

(=Pl
BOH(1976), B, M, AR DRCSBOURERAERE, a e R AR , BB R A (1L
EAEHE(1995), B, Bk BEA0N 3 iR T
e SL1985), B, B, SR BFSTSUSOUAR IR R, R RGO S R AR,

( L% 730 51)

[14] Wang L, Huynh D Q, Koniusz P. A comparative review of recent kinect-based action recognition algorithms[ J]. IEEE Transactions on Image
Processing, 2020, 29. 15 -28.

[15] Zhao X, Huang Y, Yang J, et al. Discriminative pose analysis for human action recognition[ C]//6th World Forum on Internet of Things ( WF-
IoT). Piscataway, USA: IEEE, 2020. DOI. 10. 1109/ WF-10748130.2020. 9221390.

[16] Zhang T, Zhang X, Shi J, et al. Depthwise separable convolution neural network for high-speed SAR ship detection[ J]. Remote Sensor,
2019, 11(21) ; 2483 -2520.

[17] MEARTE, T30 JETReE AR R AOAT NI Ak [ T]. 5B 5951, 2020, 49(4) : 404 -413.
Ji D F, Ding X M. Specific region decorrelation feature channel on pedestrian detection[ J]. Information and Control, 2020, 49(4) ; 404 -
413.

[18] Shahroudy A, LiuJ, Ng T, et al. NTU RGB + D A large scale dataset for 3D human activity analysis[ C]//IEEE Conference on Computer Vi-
sion and Pattern Recognition (CVPR). Piscataway, USA. IEEE, 2016 1010 - 1019.

[19] fridl. FT kit YOLOV3 22 ARl RZEWrE[ D] il AR, 2019.
He C. Research on safety helmet detection system based on improved YOLOv3[ D]. Wuhan: Huazhong University of Science and Technology,
2019.

[20] Thien H T, Hua C H, Ngo T T, et al. Image representation of pose-transition feature for 3D skeleton-based action recognition[ J]. Information
Sciences, 2020, 513, 112 - 126.

(=Pl
SBERF(1976 - ) , 4o, WL, B BFSTSUBON T FREHLILSE 2E Tl STBAG B,
FRIIE (1994 =), 55, B2 BTSSR BLASILIE , £7 .
8 (1998 ), 3, WLk, BITTOUrBLARBLIE , 1701,



