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Abstract: Strengthening the safety management in confined space operations is an important foundation for
preventing and reducing production safety accidents. In the grain soil, which are large enclosed spaces
insufficient lighting and restricted air circulation create significant safety risks during the operation. Utilizing
in-silo surveillance video to detect and analyze the behavior of workers is a crucial technica measure to
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ensure safe operations. This paper summarizes the methods for establishing and preprocessing datasets for

video-based abnormal behavior detection in grain storage operations, explains the progress of machine

learning and deep learning technologies in this field, including technological innovation and practical

applications in areas such as abnormal behavior detection and real-time early warning. In addition, the paper

reviews the research findings and existing problems in this field, such as incomplete datasets, insufficient

model accuracy, etc., and provides an outlook on future research directions.

Key words: grain storage; video; abnormal behavior detection; deep learning

AR, R AR AR, ERER
filf Hw LR e, AR BRI - HURORI 42 it
WSS, 22 ax A e AU | R R Bl 2 3
N LAl 2 e M By 22 4, O
BRI B O 4 B A I B WR A . ]
FHARAI i 4 B AR A e A7 D A B — Ay
RO BT B, DAL 4% 2R 48 mT LSS W DR
WIS IR G B, I i L e~ TR 2~
SEE T W m AT, RO S SR AT R A TR R
S8

TEARE T, BER TR B
HELL B R BE AL TH ORI £ 1 9 400 A5 2 A
I RS, O A 4 R SR AR TS H
i)z R, Anfal M AR SR AL o ) SR
A EORER SEE L ORG A U S AT O
DR A AT IR J2 Y i 50 A0 B 2R, HL ROk
Wi, AR AR A5 A D ARG I o LS 32 2k
i B, T AR R A B0
WIXE; HLUk, 22 H AR BRER PRSI T I A6 A iR AG:
f XU 5 F i, 2 B A A 20 1 SRR BE T I
MELAMERG U . RIS, QTR IR W4T MK
DA SCHR TR A, e 2 3 H A U S 72
SCHRR T 5 R 5 35 0K — 40 al 1%y 08 6 i A S 2k
Jitko

ARSCH RS T IRE QT %2 =
R UL IR 22 A RN IR AR SRS (AR
S S H AT ORI B A SR, IR IR AR T L
SR AT AR A S AR O BAL B ik, DA
LA 7~ AR 27 ) HORAE IR S B o 23 #r
T A SCHR A B R S i R (DAL, R
B AEAT M 2 TR A7 DA A (8 R KA 5T
) AT T E,

1 HIRERIMEWALE

FERLAR S F AT R R U3, RN 4R B U
FHXTEE =, AR 220050 & 0 5 B AT e 7 e El
178 CAnN BURER 2 4 . W L B35 S
1128 ) ST EE B AR LS A B
1.1 HIEEIKE

42 A WA S A v A 2 T B s S A
Hard Hat worker image dataset 11 Safety Helmet
Wearing Dataset!™, #X1Mi, JRUREURAEAIR, 4%
WA e B AT s g, TR P
AR A K A5 %) 10 885 IE A [y EI4%, I
LabelImg T B35l A R 2 408 . R
AL 408 . IR 0E 3 i, SRR
Yy serh ARy O g m 7 BE A Y aE e,
FEYIN AR R A% T 4 b 12 Ak 3 B S s AT 55
s 7 g0 4510 1 SRR IR T 6 000 KRR,
W TR RUBE | 5 . WIS R B SR R R
TG PR TAERREE 5 2, XA 24k
BHR LA Bl TR A o) Al 78 52 2R A BE a1
ol 2 A MRS 15, DA T 4t v A5 28 %) - A A R A
LR

H TR K, KRB R
B AT A I AR 4E . Gong 451 i 7E
R UG WUER PRSI R A T A i R a4, kA
T 7000 it EUE A 1 IR E i 48 Y OLOv5s Dataset,
GG TELBR A SE LI ik, DAY hngsdis 42
1 22 REVE RIS VG B 5 B 4w 5l A Azurite
Kinect {2 g it il W AR T Ay 04158 A6 DU A0 43 - 53 ot
AbBE, f )5 ARAS 500 BK IR, BRI R Wk R
TP RS, fof ] e A2 SR s R R 1 J 1k B A% 7 Ry
B PR T Rt o i ) s 2 o




ﬁ$mmmﬁmf

£ 33% 2025 FE 3

NS S i B AR TR o 1 % b 2 S i 1Y)
MAEZZSFF1E, Abid Mehmood'® F1J ] %k #i 4
( Uncrowded scene falling loitering violence dataset,
UFLV-DS) , BI58 T 3R AT, A ifikd] |
e RIS J1 5 Jiyoo Lee! Ml il i ¥ 55 Al Hub 2
H 5 6] R 0 A Ak 23 JR 7E 2007 4R N7 1Y AL BB
AP, 405 T 700 h (8 400 A BE) B
R, W R AR R RS
12 PSR4 R, SR S U B ST B AL T RS B 1Y)
Bl % o

WA B LM . BT . NRES S
WA I AR 32 L T A S T M B T 4 ) AR

ERZ AR R €775 SO =R OE2 0 R 2 i
. B TR, BORTE & R AL & PR
HERYE . RSk B98I H1 A R AR 37 5708
Pt S AR, DA AR TE A [R5 iy
T Pk .
12 HEmALE

H5HIE oAb A AN B v AR T A G B D
B, W RRAALES S R B 2 ) Ak I B
Bt MR, miH—f. KEEE SR
e —FRCGHFRAEA ST, W] DA 2 R A5 2R 1% M
PERZARE T . Fds Bk BRAR OCAF B ki insk 1
FR o

®1 BEFLEBEAXEIREER

Tablel Data Preprocessing Comparison Table

SEATH AL B 7 =X s Bl e il
FEMLEL DY . Cut Mix, MBS . m BRER . AR, RefsEi (8]
$or ke g A g 878 ] N
% A MR N o  WREE AR
Mosaic s amfi AR . BEOLAR L. BT Y] $REEALZ ALAE Ty . KIS (9]
FHES 45 72 BE L BETE A A i
TR BEAE AR ST B AL P& v A M P RN A T T I T 4 R [10]
WARAT N Z RBEAR . B TESE . XTRR . BEMLIERR  BGSR T AR DU vz fh RE s Al X N
L‘/{& Cut Mix ﬁ?fﬁ% Eﬁlﬁlﬁi/hﬁlﬁl [11]
AR AR C(EAE RGP R v T S A Ja [12]
NN TR0 S, RS A B AT AR S BB m R L B 4 N
BB 2 @ TROE A N RCR A [13]

2 ETHHZFINAMREIT AR

WAL ) 5k, BEE AR E & REhS
BT R RGO IR B A& R R AT, ik
N GUR MG 2 A . O RS . A ok
M 27 > FTC e 2 ST PN DT T, X AR SR AL
oo S TR S AT R A 45U ) BIF 5T E JRE A T

NS

Rk,
21 BEx3

TERY BB M4 A S T AT A R i, B A )
HORW R H 3 . ok Bk 2 iy i 55 T p A v
T anfe] AL Se i R A B R FBOR & i &R
BE R FERf M

70X 6 A4 OB SR Y E F  HL o T5 S F 1h
= Hl ( Support vector machine, SVM ) 7k,
AR R 25 4% SRt oy 52 M3 22 FUK 25 T 10 [m) 7L

T S 4 8 T R A e v M R e . R
IS Y Wi S EANG R AR bR e
AR, Li S5 T — b BT A 2 5 —
ST AR R, RS T U TS
I 25 B 0 244 1) 23 ) 5 8, 35 A ) R AR K J 004
12, W 24 B I 38 SRl A RE g, AR TR
PSR (VR PR AR . Gong 261 T fif bk
P A 52 2R 15 SR Z R AT S B 4%
RO NETE ST . B BE A R LR AR R
SEI R, B TR AR M i i, I
ARG, T B35 T AE R AT H
O A
22 TME=x3

T6 W 2 5 5 PR AE S AT S G 0 45 ek . R
T E KRB, zhu 4025 TR AR S5
W B RS, 4RI T — TR

206



%335 2025 FE 35 sciewce

> o
iRl
4] (1]
b TECHNOLoGY o CERERLS, 0L AND Fo00S

iR

e/ MU B FEIE A2 I 2 B ARBRER B, I
VA BB A% S BUAT RCH W I HERR 22 H AR 8] A8 52 SR+
Yo, AT R Rk 1B . Fan 2R 0CUR
BT B R G 2EE  A gnht a8 AT U0 55 8
Ay AR, 38 2k 45 G s ) A R 5 5L, 38
BIERAL . WERR S AT R . Wu SR T
BB SR AARAT AU HESE ) e iR A A
o> B b R A SRR, B C M
( Fuzzy c-means clustering algorithm, FCM ) 5.1
MEHREHAITRE, LREENRE D AN
T3 R

DL b3 S8R AR TR A A AU B T
R, ABAEARA VR BRI rp W A AT i T ) — £
PRk GG Kb L ARG R S AL B Al
PR SRR PR o A, AT WM H 5
A%, WREEEUL G AN 5 2k U HE B
IPPE2E AR, PRI, AROR 5 7E AT BORJE il |
PEATIENPEOCAL, $ETHE A S, ik 2
R AR AL BN 52 2275 5T ARG B0 AR )

3 ETHREFINAMBREITAHR

LT HLER >, TR > ] DIAR G A fi e
TE AR A X FEAROE BRPRBE T X 5 5 47 2 1Y A 3R
wlo BRI, AESEAT AN Iy T R o ) T8 H B
53R Z W BOFI— B BOX PR E R BB
A oA U DI, R R A i 1 DX AT
Sy FHERNH e SR ) B B £ A
Fi55 B R [X el 3 R 5 R 4% ( Faster region-based
convolutional neural network, Faster R-CNN) ,
X 7 v ) X 4 %€ M 2% (Region proposal
network, RPN ) Az il s BT ik X8, AR5 %)
X LA DX IR A T E — 20 1Y 3 SR 0 FOAE 3
ISR ARG B, (A TR, 53
FEAIXT RS o — B BB W) e ER E kAT H
PR, AN A I X, XS LA
YOLO £%1. SSD R545 . %5 il K 151154
G RZA PG, IFLEREAS ROA% BTN 224~ 1 S
RFGIREAS, DT B A I 25 5, XMy
B PLRAAE TR, B A] BBTE R 28 50T 9K
TS B2 A T — B B dR ik

3.1 E T Faster R-CNN HIHSRR # 1T A&

Faster R-CNN J&— 284G TR EL . fiik
DX A B 43 2RI AE 105 7 52 4 E ARSI R 5
Faster R-CNN Z544 K&l 1 Fis .

A B BREIFIAR
IR 2R H AT R

v
Backbone

v

Feature map

D 18 —> bbox_perd
3XD3EQI—> P DD

1x1 im_info
cls perd

1 Faster R-CNN £5#E
Fig.1 Faster R-CNN Architecture Diagram

PEAERE, O TR ISR A T R A T RS
VFZ W9 & & 7 Tt Faster R-CNN 53, %
AR PR E N 4% | /B Anchors BYELE |
VS IRFAE Rl & 4 7305 45 O =K

x5 34 25 (U8 s 5 ok F Faster R-CNN FlIZ2
H bR AR ST 5K 5 2 ( Deep learning for
human pose estimation, DeepPose) , F%ifiptiL
R AITE AL HE 22 A~ H BRI T I A9 1003, A 8504 v
T X2 BARKETT Y S AR IR . R e g TolR
W T Y PR AR ARSI S, Sl s A
I 0 L2 4 /IR S A IS PR, A R R T 2 B
TR W8 TR SR | R AR 1 5 R iR
o LA IR, AR IE R R IU  []
I CPU fdff FH 375 Tl 2. 3% A .

A 1) Faster R-CNN 2t 83 /N H FR 510 L
N2 HBR R A5 5 S T W ik, (A7ERE
RERRBRAEE T, 2Rk Bt — ik,
DIt | A MRS, R R A AL B
P AN E FR R 7 1
32 ETFit YOLO MR EIT AN

5 Faster R-CNN S5 AL, YOLO R¥I5H:
T RS e T ELA TR B A LA R
#E YOLO ZRFNF LA S8 17 ARl 4 e A5
TTZWN . DISLRIE YOLOVS M, YOLOVS
{1 Do 245 25 A8 PR N 1] 2 BT 7R o




? InmBesETnE

£ 33% 2025F FE 3HA

Focus
Conv
k=3 s=2
C3 Neck
n=1 Ture c3
— n=1 False
Conv
k=3 s=2
Conv
C3 k=3 s=2
n=3 Ture bR
C Conv
k_:; I;iz k=1 s=1 Concat
c3 C3
n=3 Ture n=1 False
Conv
k=3 s=2 Concat
SPP
k=5, 9. 13 ke
C3
n=1 False kf{’ ];Zl
Backbone

Head
kgi)rslll Detect0
C3 Conv
n=1 False k=1s=1 Detectl
Conv
k=3 s=2
C3 Conv
Cgetgd n=1 False k=1 s=1 Detect2

B 2 YOLOVS WM& &HE
Fig.2 YOLOv5 Network Architecture Diagram

Y OLOV3 LIS A= &tk A 17T 12 156
T BT T YOLOVE 5] ABEERT GG 1
£ (Focal loss for dense object detection,
FOCAL LOSS) , (AR i i T INMEIEREAS B
Yk, LR, s mREEERE B (Mean
average precision, mAP i JF AR I 5 T 13.3%.
ey 4P TE Y OLOV3tiny 467 i SL A1 i 4%
4 Sort FIE TR B 0YA8 SR BRI, JERI A A2
2 N 48 B 545 1HBAS ( AlphaPose real-time
multi-person 2D pose estimation, AlphaPose ) 21X
N BY SC T A bR FIAL L E s, AR TE MR 55 R e
Yy T8 AT OSSO 6 B g, T HLAd
PR AR

YOLOv4 7ehbBRE L1 5 /N AR RAROL
WRPREE S R, R, Kim 2005 T ke
RO R BR324 I A i 14 1)
B, EITE A YOLOVA F il g i gl /U Bk
( 3D residual networks for action recognition, 3D
ResNet ) , #4#HE A 51 55 AT R 40 B B TR BE 2 > 5
M, TP T — Rk B Y OLOvA-tiny
U2 e ey = el eV s S G R u ey AN R N v

D RUBE | M AR AR Rl 5 04 05 LA Sl Tt S 45
BB TR MR T /N E R P R AG I PR M ) Rt 55
0 0 7R O S BT mAP W] 35 31 92.82%.

YOLOV5 7 #Efff Pt Fl i b HA sl
RS2, FESCRRI S, YOLOVS {71k i i# an H 4
Bl g RS BB SRR, Li MR
TRRAE R A b BARBE Y B 2= . H AR
PP Hhn 528k 2 4 m) i, i YOLOvbs
A6 A Y R R 45 % ( Strongly recurrent object
tracking using adaptive multi-object tracker, Strong
SORT ) , 4 A Il fo RS 184 01 25 1290 5k 5
NG -WAL N EGEC A VE R EPSEIE 3-S5
HARRHIE, ok 7 ARIR BN &2 4 IR B8N R AR 47>
ME LS AN A 01T, A7 e e 1 480 B ARy
TERSRICRE ST, BRAR T I A6

25 L&, YOLOv3 5 AR Sk mARR
i 1 PRDUE TEAEAS BRI B2, (H 7EAR G i b 5t
B CRRARCRIYIREE T, ] REAAAE H ARG
MAKERI B A ; YOLOVA fEZ 415 5 FHIRI
AT, AHHXS /N H AR AT IR 32 2R R
JeH R TE MR A X T 2 B AR L R 55 b YOLOvs

208



%335 2025 FE 35 sciewce

( mmemm=

iR

BARAENEGRPE MR A T eml, (A5 g pe B
PRUEFS . BEBEE RGO, NI, xR G
YR 3REE, RKFZE— S/ BRI, 7
s U] AR IR I R A 5 T B

BEH BRI AWTRED, RAA BB 24
R ITIEFIRL I, A A D A 4 4t 5
SRRHIEAR SCRr o T IR 7~ S 8 47 Rl 55
LR R RN R 3% 2 R

x2 ETREFIVWMBETARNEZHHEXILERR
Table2 Comparison table of deep learning-based video anomaly detection algorithms

e AR b N —
Faster R-CNN+Mask R-CNN+SE £ {45 25 (14 46 ks e SRR 4 A 3 e R 93.6 [24]

GABIR YOLOVE o BUBHIAIIE M RRDEIAI RI AT ARTRERABIE
RASCAHE 35 H A +SloU Fi T B 7 ) L iR T AT 98 47 £ Bk :
DecpPuff HUECNNSLSTM |4 Ak Deoputt BUB(EOF 7o) ST, BikEah s, X o o
Yty SRR AT UEORE S T A2 R S B R :

W ARAT A % 771
;ﬁf;ff:ﬁ; JJ;;;”f;ﬂeggi SRERARSED, R BATATRSIR
b i T Tt
BB AM AR ORy LR BT

AfhifA 59 UCF-Crime BB B AR R 867 29
TimeSformer+1E G AIHLAI+ASOD LA BLFIOEE (LAE ST RIERR R et 012 [29]

4 BES5RE

AR SCEE A B O B B H LG 22 42 i
R S WO R AR 25 S S AT SRy A ) S
Prfg =K, TRAIRDT T2 T U0 0 5 5 47 A A B
RO, 58T TIRBR TR T 2 2P
FNAKER )y THG Y S A o XSS R B AU
s AR N BAT A R MR, A B T S R T
TEM R AR, HRECME ) 244 - e 4
RIHE

BRI Y S H AT RN B R H
2, JF HAEARE B AT 0 B RS T —E i
&, PG IR R RRER T, NI i A
S FEAE— SRR, Rk AT LM LA JLAS 5 i DA
B §ii

(1) ik SEh 25 WA AR s il IR A T
Ry 45y AR U LS AR B PR BRI R W AT AR
o

(2) RIS EIREE T OLA 2 . R £
H s BRI PRIXE LA Kz BB 125 H B R S5 AS RS Bt S5 ) A

(3) 2565 WM (Internet of things, oT ) 4%
ARFh ST SRR AL FERE T, AT A AL
SRR IR T 2 ARl AT R M A B

(4) I FHER I 27 ) J7 ¥ Ae R iR 32 JBURI N 7 4

PEor AT AP E T 55k AR fg 0 Ak ek A i B
MR MR B F1 3 2 = 2 R G L% 30

SE Wk

[1] LI F CHENY, HU M, et a. Helmet-wearing tracking detection
based on StrongSORT[J]. Sensors, 2023, 23(3): 1682.

[21 T, UMK, W, %. Yo YOLOVSs 55 DeepSORT
FO TR A B A PR []. SHRHL AR S N, 2024,
60(5): 328-335.

DING L, MIU X R, HU J F, et a. Improved miner chin strap
detection and personnel tracking with Y OLOv8s and DegpSORT([J].
Computer Engineering and Applications, 2024, 60(5): 328-335.

[B8] Fvk, B, 2. Bk YOLOVS 1% A iR sk I 53k
[J. THEHL TR 5%, 2023, 59(11): 203-211
QIAO Y, ZHEN T, LI Z H. Improved helmet wear detection
agorithm for Y OLOV5[J]. Computer Engineering and Applications,
2023, 59(11): 203-211.

[4] GONGF LI'Y, YUAN X, et a. Human elbow flexion behavior
recognition based on posture estimation in complex scenes[J].
IET Image Processing, 2023, 17(1): 178-192.

[5] BXUEHH, B, WEE. TR R T
Mk, RS RSE, 2023, 42(10): 7-150+155.

ZHAO J F, JANG J X, SHI B J. Smoking behavior detection
method based on fourier descriptor[J]. Sensors and Microsystems,
2023, 42(10): 7-150+155.

[6] MEHMOOD A. Abnormal behavior detection in uncrowded
videos with two-stream 3D convolutional neural networks[J].
Applied Sciences, 2021, 11(8): 3523.

[71 LEE J, SHIN S J. A study of video-based abnormal behavior

209



[EXEED

E"E IHESETHE

SCIENCE AND TECHNOLOGY OF CEREALS,OILS AND FOODS

£ 33% 2025 FE 3

(8]

(9

(10]

[11]

(12

(13]

[14]

[15]

[16]

[17]

(18]

[19]

recognition model using deep learning[J]. International Journal
of Advanced Smart Convergence, 2020, 9(4): 115-119.

BET, KEAN, R, F AL 5Pk YOLOVA 1Y
ZATRIREARIY. T EEZREIE 24, 2021, 26(12): 2904-
2917.

GE Q Q, ZHANG Z J, YUAN L, et al. Safety helmet wearing
detection method of fusing environmental features and improved
YOLOvA4[J]. Journa of Image and Graphics in China, 2021,
26(12): 2904-2917.

KGR, R=ZE, XKk, 55, Bt YOLOvVSs B4 4xiF
PR, ST R 50, 2023, 59(2): 194-201.

SONG X FF WU Y J, LIU B B, et a. Improved YOLOvV5s
agorithm for helmet wearing detection[J]. Computer Engineering
and Applications, 2023, 59(2): 194-201.

LI F, YAO D, JANG M, et al. Smoking behavior recognition
based on atwo-level attention fine-grained model and EfficientDet
network[J]. Journal of Intelligent & Fuzzy Systems, 2022, 43(5):
5733-5747.

R Ie, B Ek, 4R, S5, FLTUREE 2R > Y SR I AR ARG 5
B[ HHEAPR SR, 2021, 15(2): 327-337.

CHEN R L, LUO L, CAl Z P, et d. Algorithm for rea-time
smoking detection based on deep learning[J]. Computer Science
and Exploration, 2021, 15(2): 327-337.

ZHU Y Y, ZHU Y Y, ZHEN-KUN W, et a. Detection and
recognition of abnorma running behavior in surveillance
video[J]. Mathematical Problems in Engineering, 2012, 2012(1):
296407.

KIM D, KIM H, MOK Y, et a. Real-time surveillance system for
analyzing abnormal behavior of pedestriang[J]. Applied Sciences,
2021, 11(13): 6153.

LIY, CAlY, LIU J, et al. Spatio-temporal unity networking for
video anomaly detection[J]. |IEEE Access, 2019, 7: 172425-
172432

GONG M, ZENG H, XIE Y, et a. Local distinguishability
aggrandizing network for human anomaly detection[J]. Neura
Networks, 2020, 122: 364-373.

FAN Y, WEN G, LI D, et a. Video anomaly detection and
localization via gaussian mixture fully convolutional variational
autoencoder[J]. Computer Vision and Image Understanding,
2020, 195: 102920.

WU C, CHENG Z. A novel detection framework for detecting
abnormal human behavior[J]. Mathematical Problems in
Engineering, 2020, 2020(1): 6625695.

RORF, BERA, IMRESR, 4. BT DeepPose Fil Faster RCNN
12 EH AR AN 51 S I B[] R B R 23R,
2020, 37(6): 828-834.

YUBL, YUSK, SUN Y R, et a. Human body joint nodes
detection based on DeepPose and Faster RCNN[J]. Journal of
University of Chinese Academy of Sciences, 2020, 37(6):
828-834.

B4, ZEfE. BT Faster R-CNN MR P s B3k ]
P22 HB L 2724, 2020, 25(2): 85-91.

HAN G J, LI Q. A rapid detection algorithm for smoking based

[20]

[21]

[22]

(23]

[24]

[29]

[26]

[27]

(28]

[29]

on Faster R-CNN[J]. Journal of Xi'an University of Posts and
Telecommunications, 2020, 25(2): 85-91.

AL, B, R, 55 2t YOLOV3 iR 4%t T3R5
TR RER I [, T EZ e REER, 2022, 32(5):
194-200.

ZHAOH C, TIAN X X, YANG Z S, et a. Safety helmet wearing
detection algorithm in complex construction environment based
on improved YOLOv3[J]. Journal of Safety Science in China,
2022, 32(5): 194-200.

B, IR, 2, 5. ETERFIZ8LNREE
W AR S E AT AR Rl B SR, 2024, 32(3):
201-210.

HOU X L, YANG W D, LI L, et a. The video recognition of
abnormal behavior of granary workers based on skeleton sequence
multi-algorithm fusion[J]. Grain and Oil Food Science and
Technology, 2024, 32(3): 201-210.

T, ®AGH. it YOLOvA-ting 114 4 i Il dioAssm 57
[J. HSEHLT AR50, 2023, 59(4): 183-190.

WANG JB, WU Y X. Safety helmet wearing detection algorithm
of improved YOLOv4-tiny[J]. Computer Engineering and
Applications, 2023, 59(4): 183-190.

WA, EHE, B RIS 2R AR N WA T S A B R
WFFE[IOL]. %4 5E44, 1-11 [2024-07-19].

TANG M Y, WANG X, NIE L. Enhancement of smoking
behavior detection technology in low-light complex environments
[JOL]. Journal of Safety and Environment, 1-11[2024-07-19].
LEE JY, CHOI W S, CHOI S H. Verification and performance
comparison of CNN-based algorithms for two-step helmet-
wearing detection[J]. Expert Systems with Applications, 2023,
225: 120096.

CHEN X, XIE Q. Safety helmet-wearing detection system for
manufacturing workshop based on improved Y OLOv7[J]. Journa
of Sensors, 2023, 2023(1): 7230463.

BELSARE P SENYUREK V Y, IMTIAZ M H, et al. DeepPuff:
utilizing deep learning for smoking behavior identification
in free-living environment[C]//202345th Annua International
Conference of the IEEE Engineering in Medicine & Biology
Society (EMBC). IEEE, 2023: 1-5.

WS, SRS, BOEH, 4. FLTUREESE S A MRANAT LA
WM. %4 53R55244], 2023, 23(10): 3696-3705.

YANG G L, GONG Z P, HUANG C, et a. Real-time smoking
behavior detection based on deep learning[J]. Journal of Safety
and Environment, 2023, 23(10): 3696-3705.

XU Z, LU Y. Abnormal behavior detection algorithm based on
multi-branch convolutional fusion neural network[J]. Multimedia
Tools and Applications, 2023, 82(15): 22723-22740.

BIGeRE, WA, BiE AR, 5. BTk TimeSformer HEMY
NS EAT R BIFE[IOL]. THEPLT 2, 1-14 [2024-08-19].
LIAO X Q, XU Q C, YANG H D, et a. Research on abnormal
human behavior recognition based on improved TimeSformer
algorithm[JOL]. Computer Engineering, 1-14 [2024-08-19]. &

FiE: AXEAERTAAFER (http://lyspkj.ijourna.cn),

FAM, J375, 4, AR AR T R




