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Abstract: In order to prevent safety accidents caused by unsafe behaviors of underground personnel and
to ensure their safety, by utilizing advanced machine vision and computer technologies, the traditional
YOLOvSs algorithm and OpenPose algorithm target detection models were improved, and a dual-model
coupled algorithm for identifying unsafe behaviors of underground personnel was proposed. Through
statistical analysis of the most common unsafe behaviors in current underground coal mines, the unsafe

behaviors of miners were classified, including item-related, action-related, and area-related unsafe
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behaviors. According to the characteristics of miners” unsafe behaviors, the improved YOLOvSs algorithm
and the OpenPose algorithm were coupled for recognition, and training and verification were conducted on
public datasets and self-built datasets. The results show that compared with the current mainstream
methods, the dual-model coupled recognition method has a significant improvement in recognition accuracy
on self-built datasets and public datasets, with an increase of 5% to 10%, and can quickly and effectively

identify unsafe behaviors of underground personnel.

Keywords: underground personnel ;

object detection

0 3| &

VLA | B R T SRR B RSB 8 ™ 1T
I TS TESE B W AERG N, ™ 5 S P/ N 25 ]
HEFTIT R AR IR S5 52 2l 3 e AL AT 5 2L
e Rl AR RE | B 75 20 L 2 R B4
BN 1T R, AR A B R & 4t
BT, B0 i N AN 247 R0 FEARESE AT
ARG R M AR AU [, 3K 26 )7 A AERCRAR T
SR VR 22 AR 1R RO L T AT VR M X A )
R AR VR R 2 ) R R 1 T
FEF AN L IRRIRR N FEAL SR IR A B
AL AT N T B TR A S R FER S )
BrIEG b AT R A B s, SRR EA T R IR,
HEMHEBER TP AR S B, LUK BB 260 H
70 B LU RE AL AN A A PR I T TR
2 2 FR BARAE U IR ) T REE RO RCR 5
HART A A B — | 52 PREE R 3 R, AN RE
Y1 N7 - N IF a1l

YRR AT Y H BRI, A0 B ARG
2% ( Single Shot MultiBox Detector, SSD) ' | YOLO
(You Only Look Once) )t OpenPoseilzi &5 TF
P22 4 B R A I SUSER A 1T L, ik
SEUS TR —FPIET YOLOVSs-DPE B£8R 1A B A
DB I YOLOvSs 25 PR A #0055 ) 28 FIRAIE
SR LS ST X N 51 ) A2 4 W (i B 1Y)
R, ERREAEN AR T —Fh R T B YOLOVT A0
ByteTrack [ 8" - N DA 2 247 S R0 5 . %t
YOLOv7 B T 1k & ) 28 b AT 48 fe A le ik, 5T
FREFE T, I 454G OpenPose W45, SZEL T X407 I A
GO TT IR |25 i U B SSR B FHLEA L 24T R
ML, Bk RS BT — R R TR R R
OpenPose 53 1 I T N G AT 0 8 RE A I 35032,
OpenPose W 2% o1 (¥ 40 50 JL ] 4 19 )2 i 48 I 4%
(Visual Geometry Group 19-layer Network,VGG-19)

unsafe behaviors;

dual-model algorithm; coupling identifying;

Beo R e oy HEA 18 2 M 28 M % (High - Resolution
Network—18 ,HRNet—18) , SZ 8 [ w4k 1 H A5, I
SIS N 5 R S AR PR A B AR LA S
RESFT N, BRIl Mg et ddm 17X
ST R AR IR, (H iy T Bl ad 7 v AT SR A —
SO, R A T SORS B AR | DR A A A
B, ORGP B (R 5 RICR AR
BT, EH WIS T AR AL 2ET N
F, BN N N AL AT B B — Tk
#E YOLOvSs Fl OpenPose XSRS A1 A T
NANGRAT R T, DI SE A Tk
I | B N R B U 24T

1 ATARARLRETARDE

S B AL RS R T AR Z 21T R
ERLFAL) | FE45 G I T AL 5 SR A e XU
FIRRFAE RN R B IR N BUR % 247
R A2 EVESR X A 3 A0, Wk
AT a7 T EALE 54 NP A AT ) b et
FHARSE B ARG A, 108 28 B R R4 B I B 2
S F sk TR B R E AR AT Ao iE T A%
AT R 2RI T R LR B e XU R AR AT
Qafe A BT 14 Bl s R IR B PR | X 88470 A
UG K A B 224 30 T RER B4 IE #1847 38 U I 5
DX AN 22 44T O ) S B i O Xz 4
TEBIAT N ANAR GV Al A BEA P BUR X 3 el fe
B DX I, BAH 1 BT 5 B 07, IR IR E BT 4%

2 MARBE %K Z ¥ YOLOvSs = #Y
e

2.1 YOLOv3s &%

YOLOvSs £ YOLOvS Y J&ali B it47 T 2 ik
& YOLOVS R4 i g py i, anigl 1 pr
7~ YOLOVSs AH# T YOLOvS By Mg 44 i T



hoE e B o e

- 20 - China  Safety

Science

H36%:
20264F

Journal

BN TR CSPDarknet 2514 4514 (A% O BT
E5 B B IR 3 X 4% BT ( Cross Stage Partial Network ,
CSP /CSPx) ; [A]ihf , (2 AR i 22 Fh D RERE B« 17 5%
SHE T SRAE 5 ) A0 BRI 5 AR -t B T — Ak - B
50 ( Conv-Batch Normalization-Leaky ReLU, CBL) |
S 22 RUBE R A Rl A 0 PR A TE] 4 5 B b Ak
( Spatial Pyramid Pooling-Fast, SPPF)  FH T 4HFE 4 &
BHERFRIE PF4E ( Concatenation, Concat ) 38 SR 47 11E

2 HBE ST 1 5% 2 8B ( Residual Block, ResX) , LA &
e 2y R DU & SR A I Sk ( Detection Head
Detect) , I Ab, W 4% 38 1 5 4 F1 )2 ( Convolution
Layer, Conv ) | #it & IH — b ]2 ( Batch Normalization
Layer, BN ) | £& 14 %% Ui 3 7% PR 2 ( Rectified Linear
Unit, ReLU ) % BEfli 20 7F ; 35 Fh 445 449 380 i 0 20 TC AR 1Y
REESEIE , 455 A B D RIVE T, BRAR T AR R 1
A ZMERNAE ST

ik

Bl 1 YOLOvSs M4 4#y
Fig.1 YOLOVSs network structure

2.2 IhREEIESRARLR

1T 25 B e B A A e R 3 S A A Ry
fiE, JE RT3 A /18 A5 1 AP0 PR 3R m] e s
PRAL PRI VEAG B S Gk . SR, DG AR I
FEES /N HARSE A 200 540 T A R B 55,
A FARAEAERE . itk , il 7E YOLOvSs FE8Y
5] A 3 E 1 5% A% Bt ( Feature Enhance Module ,
FEM) , DA4 T X 50 % X el 5 52 % 75 35 o i R0l
Ji. FEM S5 KN 2 Fr7R= . FEM A5 55 Xt
HxHxC RF B RRAE E A max-pooling 1 average-
pooling , SR 5 , B 2 AR 8] 7 e L R | k22 AT 4
TR AL TR AL, 15 2] 4 56 73 AL R A, B, B
KU R EOR L i AR RS 74 2 4 T30 1 5B RRAE

K, HitREAA .

Y =SAM(CAM(X)) (1)
X g AL IR 5 Y O 38 i 5 A AR 1A
CAM ( Channel Attention Mechanism ) N B IE S
R, 38 3 o8 i AR i 174 4 30 T 4 P A R 5
tE SRR AE , JF RIS B S A R AE ; SAM ( Spatial
Attention Mechanism ) ¢ 75 75 [B] {4 B Sy B | 58 &
B A ] XK

HxH*C HxH*C

CAM
ﬂ 7 SAM @

2 IhREMEIRARIREEH

Fig.2 Function enhancement module structure




24

TR A SR BE M A IR N N AL 24T MR 5 ik - 21 -

2.3 K-means++fL{t B FREHHE

TER YOLOvSs SRk A7 0™ T N LR %
AT R A S AE AL 2 2 T YOLOvSs #5
FUAGH IR FE 1) AR AT, K-means + -+ 5 J&—FF i
1B K-means BRIET7 vk, EAEWI G B0 ik 4% AT
TR I T IR A 2R B T VR A R
DUt B AT LA ST G b s PR o A5 4R Th X 42 1)
TEARFNIR NG A, DT $i T 0 B 5 1 2803 R M
PR, HAE B bs 5 AE A A b i N 2B SR A 18 3 B
AR e W 0 SR AR B E bR ik B
RoPIIH—4k, DITH BR B RST B2 5 9805, fdi ]
K-means++1E 2 DA B0 656 8 0 AR 2R
TR BB 2R FAE A2 ROT s fr e X Se a5 (.
VERHTHYSEHESEL

| somms - e RxER - e |

B 3 K-means++{i{ HirHIETIE

Fig.3 Optimization process of K-means++ for target

anchor boxes

2.4 BitH) YOLOvSs ARG 2

SR I YOLOVSs A58 3= 204 HAR UL |
FI YA YR o B 3 FB 4, B 4 stk e
YOLOv5s BRI N A2 217 e . |
Se, 1@ L & FR M2 W 4% ( Convolutional Neural
Network , CNN) $2 HCH- "~ A G2 B9 4T A FRAE 3R 15 —
FRIEIE] SR, KRk P g A SE AP YOLOVSs 2
R SE AR A B 2 S A5 S B RN A RS
MEAAFERT 0.6 B, U0 B FI0IAE b iy 5L R S
5 YOLOvSs BRI (il R R th AN 2 247 h G
R, MR Ji TR —Fh oA 22 A7 oA, i 00
PR, EEGE/NT 0.6, WU & A AR, T
REEFTH  REFNERTCHF 7,

f________il____________jl 1
HNGE | || A | R
i | |

T ;
s | 1| | |
! :: H xﬁéﬁﬁi
B | o k||
BiRE :i RS |

B4 MEEH YOLOvSs 88 BiRa iR e
Fig.4 Object detection process of improved
YOLOVSs model

3 WHEBIHE % 2 ¥t OpenPose = EY
Ak

3.1 OpenPose Ei%

OpenPose J&—F 5L 2 N A S THRE,
AIAE 2D G R A 2 B OCHE R, X
AT Z B B CNN, R A R i b7 Bk 5k
W% OpenPose P48 45K 56K wxh RFHIR 6,
FURE A XU 27 CNN, 2 A4 3243 5l
T 5. B {5 B (Part Confidence Maps, PCM) Fl1 277
M (Part Affinity Fields, PAF) . TR#4> 32 PCM
R EEAS“ stage” B BEAY “ Branch 1™, T A [A] B 1A
RLAE (AR AR A5 BRI IR
% PAF WA “Branch2” , Ul 55 A1 1137 AR R AR
AL Z A B ORI . e 3% BT 5 B A e ik
G55 AR L R AR BT A R 5 2 D
SRR ARSI R

S =p(F,8" L"), Yt =2

L= ¢'(F.8 17, V=2 (2)
Ao, ST H L 3R ¢ B B O A B AR RO
TISEFNG; p' R I ¢ BB O A A R
BT BRI G195 F 37 SR pR R F oW A RS 9
TEEl . TEBAN G ZLH B Stage ¢ FF IR BT, 1 — B B
2 ANGr S TN 5 SR A AR AR ] P — R ER, T A
BCHAS A0 A T
3.2 MobileNetV2 FFEHREX R 4

TR A TR R R R il
JiI MobileNetV2 #A% VGG-19 15 Jy F¢AE 42 B9 45
MobileNetV2 $FEHE U 45 5 AN IET 5 B 7R, i —1
Z BBt CNN 4, 390 8 Z DR B B, 34~ Br
B i i 5% 22 B (Bottleneck Residual Block ,
BRB) 45 44 2H 1, H: A% 25 74 f0, 45 b 1 45 B ( Standard
Convolution, SC ) | ¥ & 7] 43 B % T ( Depthwise
Separable Convolution, DSC) Fl_I* %A% |2 ( Upsampling
Layer, UPS-L) , iX t{#i #5 MobileNetV2 7£ {4451 A %
e GRS BUREN AR Nk 6 PV R BN E = i
AT L, [N 38 5 A 5% 22 25 0 FZe vk
BV T RESRIAALAE . MobileNetV2 EEANFY
BOht 2 A0 SCHG — AT SR E AR 7 Y
HEEEL I3 — DT IZE R )13 PAF, dfid 57
AR AT B B KURD PAF {26 53T I
PG i b R P i A B SRS



hoE e B o e $36 %

£ 22 - China  Safety

Science  Journal 20264F

3x3 3x3

3x3 2x2
s

fﬁ)\@ﬁH 323 H 3]33%

3x3
B

IRICE 5

____________________________________________

___________________________________________

: PAF
|

1

1

| 3X3H 3x3

1 c C !

3x3 3x3 3x3 3x3 3x3 '[3x3 3x3 3<3 3<3 3<3 H 3x3 H 3x3
D D D D C | ! . @ D D D D D |

5 MobileNetV2 $5AEHREY W 28 4544

Fig.5 MobileNetV2 feature extraction network structure

3.3 ELi¥AY OpenPose AN 517 12

A OpenPose 160 32 A7 AR AR B K]
DUBEHL R e 3 3843, B 6 et 1) OpenPose
BOBUAG I N AOANZE 2AT AR R Al TR
B RYAZ LR S), B 5, 7T MobileNetV2 HHAiE 42
SEC 28 508 T LR AR (BT A T SR B, SRIBCHT YRR TE I 5 SR
Je K BB O S ME AL B AT AR AR B L B
J& AR TR S B E O A B AR, S
WIZREF R BEE 1) BB JEAT LU BB, T A5
SR —MAR 2T N,

|
[ MobileNetV2 FFERR Y |
(]

R EHRE

| B
¥
% I
& |
b (e ) |
|
K I
!
| |
| |

B 6 it /5H OpenPose #RE B{E T2
Fig. 6 Action detection process of improved

OpenPose model
4 IEBEERBEIRMNITHIRE

4.1 HTARAREITHEEENE

FEBAER IR T R AR S AR AR 1 A
DA MR, O T ORAMER™ G b TR LSO
LRATNEARE A R R BEET 5% iy b
T 3CH Y UL X 4 (Common Objects in Context,
COCO) %4 i il 3 £ ¥ 4E ( Safety Helmet Wearing
Dataset, SHWD) . ¥4y T/F & 2095 4£ (Hard Workers
Dataset, HWD ) . % 4 1§ K: I ( Safety Helmet
Detection, SHD ) £k Z5 55 ¥% ££ ( Helmet Dataset, HD)
SENTPRAIRAR | TRIIN , SR FH S0 28 AR AU T 3
SRR BE R, A EBEEME gL

1,831 31 000 5KE A,
*1 BHIARTZETAREESHHRIT
Table 1 Sample distribution statistics of self-built

personnels unsafe behavior datasets

NEEFTH W H e H g
Sk FEAKH FEAKH
Y 4300 4900
E 7 200 6 200
X 45§, 3 000 5 400
it 14 500 16 500

4.2 FEBRERMEREITMN ISR
K FH iR ( Frames Per Second, FPS) K #f &
P A2 R 4285 i £ ( mean Average
Precision, mAP) fij i WA B FIL g PERE . PR 91T
HAE .
TP
T (3)
FLH . TP ( True Positive ) Ay 1E B #6000 31) 14 1E AL AR
FP (False Positive ) A 154k FIFEALL; TP+FP B AL
TUASHIN 2 ) BT A E SR A KL
TP
TP + FN 4)
At FN(False Negative ) i IEFEAS th g 58 3= U0 4
TREAHIREA KL,
X T80 A A EEAS A o, TR SRS A
Ji ( Average Precision, AP ) {8 , Bz 2 51 B9 RS B & A0
AT AR RN, TEBHUE RIS BT, AP
TR

R =

N
APc: Z(Rn,_Rn—])Pn (5)
n=1

s AP, S REREHY A ¢ KR Y AP P, FIR,
3R n A~ B RS B4 [0 55 N Oy B
MRS R, =R, A A RIS

L EFR A T 20 ¢ 1T AP fi, B



52 (RS IPNe Sk RES i Fen S Bl NN o X B /S RES =23
mAP IR AR ¥ —Ga |, —— SR
1 R FH I
AP = —— AP 6
m | C ; p (6) Eos g |

X ¢ BN BARE DA LN ¢ WES, W
L C1 2R By S8, % T 2 2800 H A s AT 55,
mAP $2 kT — AR R AR RE RO T8 AR, BEAS S
BERULE T A7 2850 i X808
4.3 MURBERINGLERST

FERL RV GRIT Ba AT, o7 el ik i) YOLOvSs 5
OpenPose 70 M S £5 W00 Hh 4 B RS OC RS
FEH A R J5 SR AR i A . 2 50 I 0 ik
J& BRI S EOBOE T 2R Bl 300, 4t &
KANHR 50, 01452721 3% R 0. 01, 38 E (Intersection
over Union, IOU) [F{E 1% A 0. 6 ( B 3 0 HE 55 EL 52 HE
HERE=0.6 MRS ) o SR BURE BB 2 42
WONARAFAEAR BN, K08 B 4 ] T4 58 LIk, %
8 = 2 LM A A R4 (80% ) S HRIESR (20%) , I
PLH S0 I N U2 247 R Bl 82 4E il 25
i

RN 25 3 A op i 458 2K R KAl 38 05 1R 22
(Mean-Square Error, MSE) #1734 , 22 il pie it A5 Y
e SRR bR g M2, 045 21 FAE 15 2%
(box) 212K (cls) BORRAE A6 (dfL) , Wl 7
B, LA 3 MR 5 W3 T R, U H
FERT 100 523540 R Rl BE 5 TP Fe, R
RUFTHAP S T 80 2R E 5 A A S50
JE B, By R iesirEfe . AT box 4526 A
29 1.8 B2 0.8 Il THE , Ui B3 FUAE [m] 5 &R
FETb 5 cls $RAE 0.4 Zefy #aka, e R B T
GRAl Wy JEMERR PR AR TE; dfl 5% i 2k sl B

ESY
0.6

0.5

L s " L L n s L L L )
0 100 200 300 0 100 200 300 0 100 200 300

AR AU KRB
(a) MZEboxRR  (b) YIZdE/clsthik (c) VIZRSE/dNFR R
18 1.0 115p
16 ——RML 09 —— g | ol —— G5
SN 2R S S il 2%
ald 8 1.05}
K ﬁ 07 El 00
B2 0.6 B
1.0 05 0951
0.8 0.4 0-90F
. . h i . . n ) 0.85
0 100 200 300 0 100 200 300 0 100 200 300
BRI KRB RARRH
(d) BAEE/boxtiR () WAEHE/clsHik (f) SR /df1HR 2%

7 EEGIGRETLER

Fig.7 Change trend of model training results
V- RIFIE SR BN Aol B e . BIAORE I
A SRR R I 22 R 80, HAUG R, R
IS R R IRz 1L RE
4.4 ARETABARINERSHT
4.4.1 PU# YOLOvSs EREUMBEDAR

L2 4 MR M As: I g 1), 37 A il R LB
GARFTNEARSE , 8 “ labelimg” T ELAR i EIE, 1%
SE “hat” (fEE 42 E ) 15 “ no-hat™ (R AHR) 2 25
% N EWT AR R BRI I B R TR ERZ
JEIRE 1 3R A2 2% 19 AR T - s i A 0 A K
AT, 45 2R AR 8 Fra , FEsREEUROL
A LA EF R 0.9 DLE AL A
A WIARBE RO EOL T BAE B ARETE 0.6 LU
b, U IR HAT R PR ) RE

8 ZEMRMERNER

Fig.8 Safety helmet wearing detection results in practical scenarios

4.4.2 Bk OpenPose IEEUIFAEDAT

e FE B BRI AT T S BT b i
N AR B BIE , 7E SE 2R 5 KR % 2171 5
T R R AR RE K DU Z5 SR an &l 9 Fro, it
AR 528 A1, IE W18 AT BICEIT

I IBERREE R < person” | “sit” F1“ climbing” , i T XY
BEAGRE S HLE], R e M YOLOvSs Rl 4y it 2R A
GARATH AT AT R, W A ZhEe A SRR,
FEMH B N AR 40, RGER R4

B B A AR A 8 A DG B U AT AR



boE " e B % il H364E:

- 24 - China  Safety Science Journal 20264F
BRI EIAROAR, A7 AT o o 3R 50 B 2R OF B W O st R0 AR BT B UK 0. 64, A HE S B IE B iR
“person” ; N Bt 75 -~ 2= [if i 1 22 @17 Sl B bR 3 A
“climbing” , BRI o. 8; XF TR A B B 1)

-

’

3' ; ’;:‘Ii’;g;"g' 0821

BRI A IR

B9 Bi#H OpenPose 1T MR

Fig.9 Human behavior detection results based on improved OpenPose
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