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F YOLOvl1n #l GSConv, {H %K F DWConv, 9K
DWConv i) FPS B& & T GhostConV,fﬂ,ﬂ\:T{*%}Ejfﬁ
HFAEA R, F GhostConv FRET 1.5% . TERIE S5 H
J7 1T, GhostConv %) A7 fiff 1 1% 51 T DWConv , £ FF
GSConv, fixF YOLOvI In, £ I HAK ; GhostConv 2= fifi
PP BUE I — AR 0 A, S B R
W T DWConv , BB AT 5031 2.3 MB
FI'5.6 GBS AERARKF-. BT H Z, GhostConv
TEARFRA R AR 52 2% B2 1) [ ), BB 6% B 4 T b 47l 3
PUOTRRAE , [F) I FEASBURE B S I R 5 2 82 D T
R TRV, SEE T IR IR 2 BR 37 St W 2 5
ARSI A 755K
2.5 FEEAVEIR LRI

TE 9 22 288 3 TS A A DU AT: 55 o, 4 22 2 3R T A7
TEAIRIZEBIA , Lo an iy 22 | 5 45 R0 45 0l 55 ) A A
IR T S EA AR, HA 5 %2 N 22 A 5 5
SRS | 3% 28 R0 HARASINAS Y BLAT — 5 PRk
AR SO B A 1Y R R 2 ROBE T 2 I AL ( Efficient
Multi-Scale Attention, EMA ) | #& F1 3 1 2 J71 HL 1l
( Convolutional Block Attention Module, CBAM ) Fl
“EH - BORh " B 1 ML ( Squeeze-and-Excitation

®3 ARABREUESRMLER

Table 3 Comparison results of different lightweight convolutions

B EUNER/ % BEIZE/ % mAP@0.5/%  FPS/(i-s™") fefiiit, - 2ot/ TR
MB MB GB
YOLOvlln 84.7 84.1 89.4 109. 8 5.5 2.6 6.3
+ GhostConv 85.1 85.2 90.7 136.9 5.0 2.3 5.6
+ GSConv 83.9 83.7 89.5 128.2 5.0 2.3 5.6
+ DWConv 84.2 83.7 89.2 140. 8 4.5 2.1 4.9
x4 ARIEBEANEIXTELRE
Table 4 Comparison experiment of different attention mechanisms
RIS HHER/ %  HEE/ %  mAP@O.5/%  fiffiik/MB Kt/ MB 5 E/CB
YOLOvl1n 84.7 84.1 89.4 5.5 2.6 6.3
+ EMA 84.3 86.9 90. 4 5.5 2.6 6.4
+PPA 87.8 83.4 90. 8 6.0 4.8 7.9
+ CBAM 84.5 82. 1 90. 1 5.6 2.6 6.4
+ SENet 88.6 82.4 89.9 5.5 2.6 6.3
+ C3K2 —PPA 86.3 84.9 91.1 6.0 2.8 7.0
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Networks , SENet ) 5 PPA 1E R ML AT %5 EE, HIY
FEAHTR) 1 320 56 20 5% A ECHE 4 R AT, 00 A5 R W
4,

M 4 AT AE YOLOvIIn W g AR [EVEE T
ML G , B SEAR A RS B3 A BT 42 T+, EMA [CBAM
F1 SENet 351K mAP@0. 5 #2712 90. 4% 90. 1% |
89.9% ,PPA EEJIHLHI RN, mAP@O0. 5 iK%
90. 8% , W] PPA 1R I HLHI BE G A R e 452 20 %t
A 22 SR P DX I DG AR B, DRRR A8 ARSI G
TERSRISE 27 T, EMA .CBAM F SENet S275 A4
BEINT R TFRS M PPA TR AL SRR AL T
NG B S KT8 . BRIE, 30K PPA
HEIHLHS C3K2 B AR, C3K2 J& B A4k
RN, W S5 G T AR BRI (3 3,5 x5) , #2141t
TSR EFIE SR BUEE 7,10 PPA T R AL W 1k T
Xof S A7 DX SRR AR () OGP R BB R, PPA
eSS A C3K2 AR M5, AR 7RG D 14 Al S 2 3
mAP@ 0.5 H 90.8% #&F+ 2 91. 1% , % YOLOvl1n
PET L7 B8, S TR LS R R
Ak, C3K2 — PPA B E i FIiHA 5 L PPA TEE )
HLEI B R 0.2 MB #10.9 GB, #E— /N T
RITFEITAY . BAR C3K2 — PPA WY 2R s v T 1
b B ML (FHORS B B BT AR B0 I i L4
oI 7 55 X R e s B R B AR T oK
2.6 FRIREREXTLLIRNI

PR REUR — R A R bR, TR BRI it A2
T B AR IRS BE . YOLOvI #5571 3= %2 4 57
HFHERIDE (box  loss) 252k (cls  loss) A4
g (dfl  loss) , HiHp box  loss AJ 77 i 70 341
HE B FUHE 2 B 25 57 cls loss T BRA T
HARE I MERRPE ; Al loss A i oA I 28 1) A SF-
r )&, 51 2 o 5 AT, , 2 B 000 {1k 2 a5
1B, A AIYI R R 4T, AR SCiE ] CloU , SToU | EloU
1 WloUv3 514 R Bt 47 X} Fe ik 86, HL ¥ 78 A )
EN RN 1 €7 S BT R W e 2 S e

S AT 7E 5] AR K RS , 16 A 2

B JF e TR B i 3 S B R K
AR, RIIGIAAS R R REOFA S AL 2
B2, Hidr SloU ) mAP@ 0.5 9 87.9% , %
YOLOvIIn FRET 1.5 B, X2 P B ) T
TOUUAEFN HARE F B2 K7 a1 94k %o T A/ 1) 4
Yi EbR, AT RE2 B0 RE 7 A MER A1 00, JE TR T
Ko kS BE s EToU A9 mAP@ 0.5 Jy 89.2% , W& A% T
YOLOv11n, H:AE YOLOv1In FYERE B A T K 5
Fb 59 1 FHE R B8 L —BohE (B 2 28 Wi S
S5 REAR T XEER 434045 B bR 92 AR RE T WloUv3
A9 mAP@0. 5 4 90. 5% ,%: YOLOv11n SloU F1 EloU
SrORE LT EN A 2.6 TSR 1.3 A, %
PR, SEM WlouUv3 HIRFER N ACHL Y, (45 70 £
YIGrad b 38 S A AR T T X K 22 48 4
5 H bR BAS RS B
2.7 HENKIE

TH Rl 0 — e 3 5 SR A U T B e A A
FLACRTH I PPl X AR o) 455 A M e DT RR A Y —
RIS, N T BEA (] AR AR R X L2 452 78 (1Y)
AR A S %t 1 8 4k ee , H 7 A R ik
ISP MBI 3 T AT, TH AR 25 R LR 6, HE
Al A B, C.D 453 GhostConv, C3K2 — PPA
Bi FPN Fll WloUv3 it JELA AL mAP@ 0.5 Ny
89.4% ,FPS >N 109. 8 Mji/s, & EFK Ky 84.7% , 13 [nl
KH84. 1% BHE 2.6 MB,iTH&E N 6.3 GB,
FERBERE M 5.5 MB, IXEEHE AR R AN [RI R B 7 £ ol i it
T HEUE BB A R AN R B ARA : BE A A

H# 6 150 2 ATV 1, ] GhostConv fff mAP@
0.5 WILZRBAIERE T 1.3 {405, AR S50
TR R A =55 FRE T 0.3 MB 0. 7 GB Al
0.5 MB, FPS #2551 24.6% , % M GhostConv 18 it
CURAR FRAE AL SRR M B R R B, BE R AR TR A
AR AR IR R T R EAS B Bike 3 ]
PIEH, 51 A C3K2 — PPA i mAP@O0. 5 $8F5 b Fe2k
BB T 1.7 E s, (A AR AT L BRI S8
i AU TR M R 4 B 0.2 MB 0.7 GB

K5 TRBEKEHXLL AL

Table 5 Comparison experiment of different loss functions
Wik Rk UER/ % A3/ % mAP@0. 5/% Frhifi it/ MB Kt/ MB I E/GB
YOLOvlIn 84.7 84. 1 89.4 5.5 2.6 6.3
WloUv3 88.2 84.1 90.5 5.5 2.6 6.3
SloU 83.9 82.8 87.9 5.5 2.6 6.3
EloU 85.6 85.3 89.2 5.5 2.6 6.3
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Table 6 Results of ablation experiments

HER, AR/ mAP@  FPS/ B/ AR/ it/
A= A B C

% % 0.5/% (Mi-s™') MB GB MB
1 — — — — 84.7 84. 1 89.4 109.8 2.6 6.3 5.5
2 vV — — — 85.1 85.2 90. 7 136.9 2.3 5.6 5.0
3 — vV — — 86.3 84.9 91.1 104.9 2.8 7.0 6.0
4 — — vV — 88.4 82.3 91.4 120. 4 1.9 6.0 4.1
5 — — — vV 88.2 84.1 90. 5 109.9 2.6 6.3 5.5
6 VvV vV — — 87.5 84.4 91.3 100. 2 2.5 6.4 5.5
7 vV vV vV — 87.4 84.3 91.7 117.6 1.8 5.8 4.0
8 Vv VvV vV Vv 88.2 85.7 92.0 119.0 1.9 6.2 4.2

T —" FOR ARG AR,V FR G AR,

0.5 MB, FPS F&1% 4. 5% , £ BIFE C3K2 o] A
PPA 4 2 ML RE A5 A A5 5 o 15 70 0 9 2 20 3% 1T
P T ARG DS (L, 2 i fole b 2 g A AR A %
HiRE 4 FTLIE 51 A BI FPN fff mAP@O0. 5 545
P IELR BRI R T 2.0 [ 4, AR SR 77
TGS 3 R 0.7 MB,0.3 GB f1 1.4
MB,FPS $£5 9. 6% , & W 5| A Bi FPN £& & 1 A A
FRIERUBE R G 8508, i — 203 TR Y PERE s B
R0 5 AT LR M, R4 2k R AR 45 WloUv3 B,
mAP@O. 5 HEERBIRIARE S T 1.1 H 40 Al A 2
JEBA AL, 2B WloUv3 (iR R 7E Y1l 251k A b ik
A AR BT R HE T R A TS B e TR AL A U
KaEE
Hi % 6 1T LA, 7EFRI BT 51 A GhostCony Fl
C3K2 — PPA i B AU A mAP@ 0. 5 $5FR7EIR L 2 1
Fenh B TR e, H A 2 AR 3 LA A
TR B S E R P SO AR 5 0 R R
0.3 MB.0.6 GB #l10.5 MB, #5171 D) K 4 A 4 4k 252
K2R 5 R & R 7 781 6 (3Lt 5]
A Bi FPN 5] mAP@ 0. 5 $6bR$2 5 1 0.4 4
RO FPS $8 8 T 17.3% BRI 5 2% B ik — 20 T [ 5 3k
55 8 AR SR e A IR | AR A 4 RS YA
RIE) mAP@O. 5 Lh EEZR BRI & T 2.6 H 4 a1
RIS R V7 T B AR A7 Gl B oy B AR T
26.9% 1.6% f123.6% ,P #M R /P9I E T 3.5 1
AR RN 1.6 F 4y 4L, FPS #2181 8.4% , 2 A T fE
52/
2.8 EREBITLLIXIE
JEE GPBW — YOLO AR A et | A SC 51
b Y B AR RS DU ASE R A7 X H, AL YOLOV3
Tiny™’ . YOLOv5s"™' YOLOV7 — Tiny® .YOLOv8n'®'Fl
2170
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Fig. 6 Comparison of performance metrics

across different models
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Table 7 Comparative experimental results of different models

LAY mAP@0. 5/% S/ MB 5 H/GB 1At/ MB FPS/ (i - s7")
YOLOV3 — Tiny 89.9 9.5 14.3 19.2 122.6
YOLOVSs 90.5 7.0 14. 4 15.8 126.6
YOLOv8n 88.9 3.0 8.1 6.3 95.2
YOLOvl1In 89. 4 2.6 6.3 5.5 109. 8
GPBW — YOLO 92.0 1.9 6.2 4.2 119.0

Ji YOLOVS5s

YOLOv8n

YOLOvl1ln GPBW-YOLO

A SR BRI ZZ RIS, AL ~ A4 ARSI o0 2 I M 22 RO ARSI 45 2 5 B R 22 48 R TIEE HA K MR, BT ~ B4 S [RI A 2o
FETH B AR A5 ; C SR 2 RMBE IR, C1 ~ C4 SRS RIS ok 38 11 5 ol By 26 00 45
7 AERBEMBERXTLE

Fig.7 Comparison of detection performance across different models

. YOLOv8n I YOLOvI1n #5BI7E KSR S 80 B TF
MOTE SRR 7 A LA, (H mAP@O0. 5 4§
PAIET GPBW -~ YOLO #7 | GPBW — YOLO ##4 ff)
mAP@ 0.5 48 ¥ N 92.0% , % YOLOv3 — Tiny,
YOLOvSs . YOLOv8n #1 YOLOvIIn 43 H42 %5 T 2.1
EE LS EAr s .31 EAr A 2.6 A 52,
AN, GPBW — YOLO HY FPS ik #| 119.0 Wi/s, 8
YOLOv1In #2585 T 8.4% ,{X KT YOLOv3 — Tiny Al
YOLOv5s 1571 [, GPBW — YOLO % S8 & |
T AT B A 53 8 1.9 MB 6. 2 GB Al
4.2 MB, ¥R F H Al B A5k AL 8 25 b T ad,
GPBW — YOLO #AU M RE A5 G R IR, W R W 22
4 R R IAT: 55

HEHIE GPBW — YOLO A7 f R i M | A Sl
FH YOLOvSs . YOLOv8n . YOLOv11n 1 GPBW — YOLO
BRI Xof 4K 22 2 F2 1T 1 3 2P 5 e i A b R AT A

TG D A5 SR UL 7

f &l 7 AJ%0, 78 A1 ~ A4 1 YOLOv8n #5555 % 4
2 2 Fe T W 22 HHBE T U AR, YOLOvSs , YOLOv1 In Al
GPBW — YOLO #5 %Y 1 ¥ fff T 15 Mo iH 0 1T W2z, A
GPBW — YOLO #15 B & =, fx = 15 2] 95.0% ; 7¢
Bl ~ B4 1 4 A5 Y 35 JH 51t B 22 2 % T B
GPBW — YOLO ' {5 B #% #, YOLOvlIn K Z; £
Cl ~C4 F1,YOLOvSs Fl YOLOv8n X {8 /N5 it 4 3
TS, YOLOvl 1n FIl GPBW — YOLO ¥J1E#fiH
T BA Hbr, H GPBW — YOLO BB (ST & . 4
L rik, GPBW — YOLO Bi%l b YOLOvSs, YOLOv8n
FTYOLOvI In (A6 25 SR B AU, AT A 2080 o3 38 Th 4 17
0, B AR IRG B A

3 & i

(1) R S —Fl GPBW — YOLO Y {56 4%
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Abstract: With the rapid advancement of intelligent and green transformation technologies in mining safety, the security of mine
transportation systems has increasingly become a core component of the new productivity framework. As a crucial personnel
transportation device, the safe operation of mine overhead passenger carriers is essential for ensuring both personnel safety and the
efficient coordination of production systems. In addressing the challenge of surface damage detection in mine steel wire ropes, this study
proposes a novel detection method based on a lightweight feature enhancement model ( GhostConv PPA BiFPN WloUv3 YOLO, GPBW —
YOLO). This approach aims to overcome the limitations of traditional manual visual inspection methods, which are often characterized
by low detection efficiency and poor reliability, as well as the resource waste associated with the regular replacement of steel wire ropes
without proper inspection in coal mines. Firstly, GhostConv is implemented in the Backbone component to reduce model complexity and
enhance feature extraction efficiency by eliminating redundant features. Secondly, the Parallelized Patch-Aware Attention ( PPA)
mechanism is integrated into the C3K2 module, effectively improving the model’s focus on damage characteristics through prior
knowledge of damage areas and enhanced perception of damage feature locations. Next, the Bidirectional Feature Pyramid Network
(Bi FPN) mechanism is utilized in the Neck section for multi-scale feature fusion. By combining a multi-scale feature fusion weight
with a cross-layer fusion method, the efficiency of fusing damage features at various scales of steel wire ropes is significantly improved.
Finally, WloUv3 is introduced as the bounding box loss function of the model, accompanied by the implementation of a dynamic
gradient gain strategy. This strategy diminishes the influence of high-quality samples while mitigating the detrimental gradients from low-
quality samples, thereby emphasizing the gradient advantages provided by ordinary samples during the model training process. This
approach ultimately enhances the overall performance of the model throughout training. Experimental results demonstrate that the GPBW —
YOLO model achieves a mAP@ 0.5 of 92.0% and a FPS of 119. 0 frame/s, representing improvements of 2. 6 percentage point and
8.4% , respectively, compared to YOLOvl1n. The GPBW — YOLO model has a parameter count of 1.9 MB, a computational cost of
6.2 GB, and a model weight size of 4.2 MB, which are reductions of 26.9% , 1.6% , and 23.6% , respectively, compared to
YOLOvl1n. These efficiencies align with the requirements for surface damage detection in steel wire ropes. The research presented in
this paper offers valuable technical support for the development of intelligent mine transportation systems and contributes to advancing
mining equipment towards greater intelligence, safety, and environmentally friendly transformation.
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