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Abstract

Aiming at the problems of low efficiency of traditional safety detection and extensive management,
this paper proposes a machine vision safety detection and management optimization system integrat-
ing improved deep learning models and closed-loop management strategies. At the detection level,
based on YOLOvS8 architecture, a lightweight target detection model is constructed by integrating
CBAM attention mechanism, adaptive anchor box generation and EloU loss function optimization,
which significantly improves the recognition accuracy of key safety elements such as safety helmets,
protective clothing and dangerous behaviors; at the management level, combined with the concept
of equipment full life cycle management and intelligent analysis of personnel behavior, a closed-
loop framework of “data acquisition—risk assessment—work order execution—effect feedback” is
designed. Experiments on a self-built construction site safety dataset (12,850 images) show that the
improved model achieves mAP@0.5 of 96.2% with single-frame inference time less than 25ms; the
management strategy reduces the average response time to safety hazards by 42% and improves
equipment maintenance compliance rate to 98% in a 3-month enterprise pilot. This study achieves
deep collaboration between detection algorithms and management strategies, providing a reusable
technology-management integration paradigm for intelligent safety production in mechanical en-
gineering.
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LA R U R AU R A O A . A GO N Ay 5 ] A RS 1) 22 4 B A A 7R
i B XK WAREA S B A R S e AR [ RN S B 2024 SR G EEE, WL AT L A
ZAEHAEFBERT, 783%I8 T AN T HIN, 15.6%J8 T WM ZEIR[1]. HUBRE 5B A 515
efefih . mREEE . SERT MRS E, ARSI TR T B A . TN (o) 514 Z i 5+
AR R, RSB o A0 2R e 2 4 I P 3R 4 T BRI Rl [2]. AW T S A0 - B B P A4k R,
R VR 2 2] B ARSI 5 A e SR BRI T T % AR, BRARE MR, R A ER TR
8L FHANME -

RN A F R R I, N OB ERAE(Y 43.7%) B&BIP (Y 29.1%)RIEREE G R 2 (5
27.2%) & = KEH[3]. tEGE 70K “ AT AN B, 388N 5 TAE S R(H ¥ 12,000 ﬁ) PE G
1553830 Zr 5 BUAITERR 22 T FE 40%), FEUZ 2R BN ZEE 35%. MU RIS 7 x 24 /)
I TCIE T WA, PDRRAS R 2 5% L, RIS PR 70% A0 N Ta8A A o 1005353 B0 ) Al 4540 3 S B wT
DATEAS I 58 i, R Wi B2 G 3R A 2= 3 1) 200~500 ms F#AISZE 20~50 ms [4], ¥ 2 SEIN 224 I 10 ) kg 22K .
FEE K AP A” R RehiliE R R IRIHESN T, Tl 2 A8 R TH ) O b SR 3, AR TN i S (%
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JEIE CNKI. Web of Science. IEEE Xplore £## ERI %, LT 5 4F(2020~2025)4H 3¢ ik [ A 4t
FEREEZES: BN “EEseh” Ao, REREMBMEES TRIER; oM E
“EZRESRE” , R - AL RS EER TR S L T AR

1E HFRA I SE 71, YOLO RAERIFREEE 3. YOLOVO 5] N Al 4a e (5 B (PG Al F & 252
A ML (GELAN), 7EURFRSEE M 1 [F B 525 32 /N H AR RE J[5]. YOLOV10 did — S X 73t 5
W7 ok AR O AL A A (NMIS ) f e, S B 1) SEE B Ar i, 7E COCO #¥ia gk Bk B 52%~56% mAP HAfEHE
R T 6]. EfficientDet K FHE G4EBORNE, WIS — AN IRE . T8 BRI HER, TERS AL
R B T 7] . X ER B NI SR B R T2 Ik

VERIHUHEILE H ARSI b i S B H 2572 - CBAM (Convolutional Block Attention Module)if i3 8 & 1
A AL FE R, A6 25 S AR B0 SR X IR AE (R DI FE 8], AT R, #£ YOLOVS W8S CBAM #4
Honlffi/N B ArA A B 2R 52T 18.4%, {EHERIER 5 PRI R H[9]. EloU (Enhanced Intersection
over Union)4 2 bR F0E i 5 A @A 10 SAE [ )3 A R BB S T AR . A0 SR BRI E LL, R T CloU K%
bl SCRR ) 1) 8, 7R 4E N D137 5 N DR R R 3R BRAIG 22.1% [10]6

LGS T M (o T) MR A N Tolk 22 4 WS TFRE T #risie . BRI, HIREE S I RS
FEID %45 (40 NVIDIA Jetson #41) E, AJSZHL 20~50 ms [FMRZERHERE, 56 2 92t 22 e Wis R 11]. £
BB A SR B A3 A A RS AL G T A, SEILA R  AAS SAR N  JR S R e S A ML S
12]0 SRT, BUA W FCAIAFAEAS -5 A B A T 2 E . WS BE R A RN B SR AR L B = A3
SR SR A, e DASE IR 22 A BRI R T

/I B ARSI S Tl 22 A ok M 4% A% OBk, I AP RS2 272 %7 . Nabavi 25 [13]ZRIA R, £
JOBERFIESERL . B o R BRFNVE B I BTN H AR R ML RE I = KOOSR . 78 Tolb e 4400,
AR N ST NIRBIEAES S, DNEAROUT <32 x32 153 5 sk 35%, RGuRil 7 ik fe sk
W T AR E 60%. Zou FF[ 14175 BRI 20 FELRAR i, R E2 51 55 A IR R & 2 T
—REGEME I R AT 17 .
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2.1. EREMENEARRE

M SRYEE T, ERANMNEE ] T =ARE B 55— Br(1990~2000) LAE S BG4 9 3=, o
BEYLR DA I SE N B 38 BEATAE A 15]0 %M BRI T U HERIE, St 2, (UER T4
Imse; 5 B BL(2000~2015)HL 85 22 2 7 vEDeke, 41 SVM. BENLARMREEH T 22 4 ig iR 16]. BN H
PINUAR S RS0 1 71915 5B T H SR, (EZ AL e J1 B B 58 = BL(2015 £ 4)RE S 2] £ 5, CNN,
YOLO F A KM HE A IS FE o sk BRI it YOLOv7-tiny SEEL/K /N BRI 18], Ma 542 H
] ADL-YOLO [19] %A 1 Toll sk e il P 5 -
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[ HE SRR S AE S P M & PR SR ., BB RIEN: S=AV,P,T,0), K, S ALERE,
VRRSEEAE, PO AR, TN R R, 0 RIS H . Wan S57E £ 5T TR0 T 8
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FARE AR AL < 5000 J0) &I E (E ik 85% Tk 45, BEAFG T IEbrmRk.
I, ASHEFCQUE PR A A ROV B SRR, RAh AR ST RIS “ EAR I, R E
IR o

3. EF i YOLOVS B R £ BRI %
3.1. BRI

ARG KA “10% - =im” WhEZER . AT ilE TIN5 B 2115 %6 (Jetson AGX Orin), BT &=
RTINS s 2 v R 254 1 ST A AN SR S 8 BR U BR, T3 5G I28 XU [A) 20 48

3.2. Hu#HE YOLOvS $#55!

Xt Tz s HAR R ZE 248 . R ™ HEEPREL, 78 YOLOvV8n it FibAT =& alH: (1) si&ER N
FHIERG: B4 SPPF 28 CBAM HEHR[8], SRALNT Ml Zk. OGN b EERFAE I $2 HURE
CBAM i it 55 2% A OU4E B IAL, A DB X SR E M SR T 37.6%:  (2) HIEMAFHEA il: KA K-
means++3E 28210 [ 4 22 A B0 4 J 0 AR B AE R F . ARAK S /N BERRORGE < 32 x 32 AR 3R 4 [l 26
eIt 18.4%; (3) KRR EMAL: HERK EloU #125[10]1E4X CloU, FIAKTE LB T I, 0 FHAE [A] R P 12
The EZEENRIGRT, BRI 22.1%. RAYIZRR TR S 505 £ COCO Tl A E 3L |,
DL A S 300 F& . MR, SOl BOELZE N S AU N mAP@O.5 1R R 2.3%, RETHE
TR (R BE 8.7%), S0AIE T H T3z s et

3.3. jHEASELE SR LS4

BRSSO R R, 7R E TR AR BT RS . BUREEE S 12,850 5kEUE,
WS B IR, fERAT NS S AN SIS NVIDIA RTX 4090 GPU, batch size %N 16,
Wk 300 5. 7% 1 JBR TIZ 0NN A5 SO AR H i s 36 45 51

Table 1. Ablation study results
1. HRSLIG AR

BRI E mAP@0.5 (%) Params (M) FLOPs (G) FPS

YOLOvV8n (i) 92.3 32 8.7 145

+CBAM 94.1 3.5 9.2 138

+CBAM + Hi&E R iHE 95.3 35 9.2 138
+CBAM + HIGENHHE + EloU (AXX) 96.2 3.5 9.2 135
RFHIREE +3.9 +0.3 +0.5 -10

RS I A SRR ) 2R A P RE 5 24 0T E R =R IR RS (YOLOV9s. YOLOV10s. EfficientDet-
DO)EAT XF LUsSES . FrA B AEAR R B4R BSR, FIARSER—N 640 x 640, 2 /R T B R
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Table 2. Performance comparison with mainstream lightweight models

F2. 5EERBENRAMEEXE

it mAP@0.5 (%) mAP@0.5:0.95 (%) Params (M) FLOPs (G) FPS
YOLOv8n 92.3 68.5 3.2 8.7 145
YOLOVYs 94.7 71.2 7.2 23.5 98
YOLOv10s 95.1 72.8 7.4 24.0 102
EfficientDet-DO0 91.8 65.3 3.9 12.8 78
KTk 96.2 73.5 3.5 9.2 135

M 2 WTLLEH, ARSCHIETERE . ol AR 5T A B 2 (M HUAS T s P . AHEE YOLOV9s Fi
YOLOv10s, A3 )51 mAP@0.5 73 AR TF 1.5%M 1.1%, [FRSEE > 51.4%F 52.7%, HEFH®E T
37.8%F1 32.4%. FHLL EfficientDet-D0, A7k mAP@O0.5 &7+ 4.4%, HEFEEHRF: 73.1%. XIRAE T
AR U SRS (A 20 : CBAM VR MU SRR E R IA B8 0, FUE RIS AEDLAG /N B PR EEIN, EloU #51k
PRI EAEE, = E D FVER S TR 5 ROR IO E LT
3.4. BuEEmESRImFE M

ATV MRS, MY 12,850 TKEMGRM T 254 BiRERE 5 K0 <4ig
(helmet) Jo% 4= E (no_helmet). [l 4 fli(safety_vest). f&[%:17 N (dangerous behavior). ¥ % 5 ¥ (equip-

ment_anomaly). HHERIET 3 NLhr L5, BEEE 6 MH, BEAREDEMEZAGRE. EF. 55
Jo)s RAFAMMER IR ) FEPFE oS s, ™ HER) (% 3).

Table 3. Dataset category distribution statistics

3. BIREEA DG

25 WL IHIEER L7
% 4:1E (helmet) 4250 850 850
T2 48 (no_helmet) 2100 420 420
iy M (safety_vest) 1800 360 360
61517 N(dangerous_behavior) 1200 240 240
W% 7 (equipment_anomaly) 800 160 160

ISR CE R 25 R B, BT RYGOEIRAREE > 80,000 lux) §56(<50 lux) HERS(H bRk
HEPY 30%~70%)~ RIS B AN S TR DU 28 i i 3 50t . 35 4 R T A SRR 5 26 iE YOLOvSn
TERR S 26 A BIVEREXS L

TRIEFERE AT o, AR SCRTE 225 E R AR R I 1T A8 R HER Ik 97.8% (GEH#E
93.2%), JLAMIRAIHEE 96.5% (F:ifE 91.8%), fERAT ARAMERZR 93.2% (FEHE 86.4%). T B
KR T2 A8 5 T %2 A 2 1A TR G (R K BT 42.3%), VLR SERAT N5 IE 5 AT NI I SRR (
31.6%). EIEGI N7 — UL R 2 WA g, wliE— B R RIRE R
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Table 4. Detection performance comparison under extreme conditions (mAP@0.5%)

= 4. RIHEM TN AEXTEE (mAP@0.5%)

TR YOLOvSn (EH#) AR HEReR T
SROGIREE 84.2 93.5 +9.3
LEPIRIN: 78.6 91.8 +13.2
W5 81.3 92.7 +11.4
R 5 76.5 89.4 +12.9

4. REEEMALRME
4.1. BT RREERIBIZAS KBTS

AL Z WA TENS . —HINEREEE): RGeS W& A& B0 SRS IR S5 7%
Btk 0 BIURGTITIAR M S, SERVROR FOCHRE RSl —RIWENRR): a7 iR 5%,
XF  fEAT AT FURIE R 5 KBS VP = A2 )« 3 2 548 Sk W 5] 3 A A s [X SN 53 P NS4
EXBNIX ) H R G5 S K

N ST E B A RS DA, AL T ARSI 45 SR AR VP A A . BB 1 MR E AR I KU T 4
R i LR R U E

Ri=w 1'Ci+w 2D i+w3Ti+tw4V.i
o, C_i NFERIARE: R (2 MEAR I C=0.8, fGRATAHC=09, #&&HAH C=0.85), D_i NfE
ZRE0~1), T i AFENKETERAL: 2%, T i=mint/10, 1)), Vi NEERTFNRBIHEE v, Vi
=min(v/2, 1)). WE R w 1=0.35, w 2=0.25, w 3=020, w 4=020, L Iw i=1.

AR KB TE 7 R_E, W TESERAN 7 RARI(0 <R_i1<0.3, SEHIR). X033 <R i<0.6,
BETUE) . mRE0.6<R_i<0.85, fFEEE), HEXEER 1>0.85, BES). KIS SLm i H I
BNASHR, 24 R FELE 3 WiTEE i B8 I fink 5 AH IV 55 2 P

4.2. AIFANERRURRE

FgE “HARIREN - SRS - PAT IR BB AIR: BRSO SRR SR A . BT
HE. NAEMAELE; BResl . NHRA PSRN, 25650 XSS BRI R 23
URPAT 200 A BT AL B TR BT APP; AR SO @R B R A B R R,
RIBARI A BT R 2 E TR E T

BRE LR SR 5 BE (% O G AL L IR I 45 R A BRI . SR A B = (x, y, w, h, ¢, cls),
o (x, y) NI FAHEFOARSR, (w, hyNTE S, ¢ NEERE, cls NHEA. THAREHITT:

(1) Az BERGS . RIEIRAG KA ESE, B ERAIRx, y) e FALRR(X, Y, Z), BE SR
EALE N “3 SHE AKX ). (2) NREKEK: 456 NN RS (U UWB B8 RFID), Rl B iz 5 il
A G3ID KREE, HiE 5TAEN . (3) TERAE Al AR IS cls AR R i, A T BRI B0 AR,
7R BT IR s, TR KSR BEER). (4) RABZHT: THRMREHR P=R ix(+
eN—At)), Horft At EERFITA], £=30 4380 gt (] S22, DR e XU AR ) SR AL B T AR e IR

ZIMFRIE R AE & HE A 3 AN, BREESPIma SR (B AN 4.2 /NSFARRE B 1.5 /N, 1 2% TIBH 14 4
PRI T6%I-TH A 98%, i RBIERAT N KR T 81%. I A RBHLH], RGeS Ik, 28
3 AR 1A H I 43%.
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5.1. PIERRS XRYMER

ELREATINE RS FE 2 PR T UG & ISR SRR BRIt . ln, WIS N A Sk R
2 T 30%0h o B0 YOLOVS i vE & AT HLH S8 0 R i At, K b s b 22 eI (ERR 2240 N %
2.3%)0 WGBS JIBRHI(UT Jetson Nano 1Y 4GB PIAF)X AL 2 AR I 200K, A SO S &
3.5M, RS HETRK.

5.2. BRGBEAR

TR A S LR 37y s (AR B W LR A X)) TR 5B 2 0 HE R AHL(>500 Ji142%) 50403 YOLOvS #iAY, i ff
AW IRAUERE > 95%; A SEEY SnZIHZ ) KH 1080P ML SR EEE(SHE <4
MB), TELRUEAZCINRERTHE N A s B PR B3 S (Wil /40 20 5 45 A& 4L/ ML e 5 B P = s, $2 7t
RYE N
5.3. B TTREM

PGS W 55 7 Gi AL TR A A7 70 5. 38 BN 25 0] . AUSE 4R ML 4 RAT A AT, AR s 3 (15 4% i 47 B 00
. B, B RS SR EAL RS S A, AT R WIS IR S A i PR, R4 T %%
Nk, ZSREG BRI R AT FE M, MR BRI S RN E I, G A I R KR
.,

6. Lit5RE

AT I T UL 22 2 T 585 B LA R B9k @it CBAM =R LEl. HiE
NAHHES EloU # 2Lt YOLOVS, SEIR A FE SER 2 2 EZ A, mAP@O.5 15 96.2%, AHEL YOLOV9s
1 YOLOV10s 73 B4R TF 1.5%H0 1.1%, SEERD 50%0L F; EBR: Wit =R%shATE S #HpR g
TR, B EIEFE A N UTRAKHE, (SRR R B (R 4E 0 42%, S MLRIEF A 98%; Juinfa: o
WRSEEL “AGI - P - 9 ” SRR, AR A BT 7 E 2 1)

FRITAEKRE: © A LIMIEIE A0/ S AR, @ 4558 raE BRI B 4k
BB @ HWERMWEIE 54 ERP RAEM, TINZ AN ROL EMASHT. AR AP T
AR R SR T ] B RS .

oo

AW FRIRFITE R, BATFS T SCRE S H B, o, 0 SERTE IS SR M, MESR S E R
WA B R AT AT, AT LW BN UL O 28 2R I ATk R if 70 ik 2% o [RIR),  J8&ist
A ER A S 56 7 5 HHE e, AR 7T RS ATE BUS IR I8 E . o B I 1 o A X4
MRS R, RN — DB R E. &G, ML TEEE T REERHIIZ LI E
FR RN R .

E&mHE

I KA R TR H (5 H 465 : 202510144013) 0 [E 5 %R 2EAE BN ZRHR), 50 H 485 -

FHER R-AL B R USSR ER R S IME R .
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