ISSN 1005 -2763 FLREFE % 46K F o6h 2026 % 6 A
CN 43 -1215/TD MINING R & D, Vol.46,No.6 Jun. 2026

EFEEREMSESESESINT LHET
e R T T

R, FAR, AR FRR L E

LB PG B AL A R A R, BEVE Ak 7190005
2.0 E LG e A IR A R AR Sy A . BEPE MiARTT 7190005

3BV ST AR AR, PP MRTT 7193025
AP E AR A RA R, B PiE 710600;
ST ERE R AR SEE TRESEE, BVE 7H% 710054

WE AT A &L T ARG TNk % vl il B4y X E A% 8 E R B, 5] A LI 48 K B4 w4 B % PR 4y 19 42,
RET—AATFEEREBRAEZRNFINFHEMNF H(ESYOLO), 4. £EFREFIANGHK S REEE(EMA &
B, BN BEERANTRE AR BELES AN SANATHEP TR BELHEEESHFEANY Y2 H, e, RAR
R A AR AR A (SSFE) B He 42 JF M 409 % R EAZ B R IAEL A, B e B R R R EAFAE B K F 3 &, 5t A A 3D AR RE
Fo) S 4E KT BT gk R R AR S RIE LS R ERAER G MY A S, I, G E R R E A (DASD A & 5
SEH Y ARGEHFEARE G RAEA SN BAFGRANE S, RBLER AW A TR EEA YOLOVSN, i & ik 69 -F ¥ 45 B
BRI T 15AT 5.5 897 RFHGELFHHARAT 4IAET L. FHBHEMRT 18% ;5 T AKA L, &
HMAEEMNEESREABRETOYELAZEFRL, BLELSTHF LI THEFFH LT

KR FHpan; BERET; FLgEy; FIERS

FE %S TD528; TP18 Xk HRIZAD : A XEHS:1005-2763(2026)06 —0174 —09

A Method for Detecting Foreign Objects in Underground Conveyor Belts in Mines
Based on Attention-Scale Fusion and Cross-Spatial Learning
Zhao Bingwen' , Wei Wei®, Yang Guangyao®, Zheng Zhen', Pan Bowen®
(1.SHCCIG Yubei Coal Industry Co., Ltd., Yulin, Shaanxi 719000, China;
2.Yulin Branch. China Telecom Corporation Limited, Yulin, Shaanxi 719000, China;
3.Shaanxi Xiaobaodang Mining Co., Ltd., Yulin, Shaanxi 719302, China;
4.Shaanxi Branch, China Telecom Corporation Limited, Xi’an, Shaanxi 710600, Chinaj;
5.College of Electrical and Control Engineering, Xi’an University of Science and Technology, Xi’an, Shaanxi 710054, China)

Abstract: To address the problems that existing foreign object detection algorithms for underground mine conveyor belts mainly
model cross-channel dependencies through channel dimensionality reduction, resulting in high computational overhead and
limited detection accuracy, a foreign object detection method based on attention-scale fusion and cross-spatial learning, termed
ES-YOLO, was proposed. Firstly, an Efficient Multi-Scale Attention (EMA) module was introduced into the backbone
network. By reshaping channels into the batch dimension and grouping channel dimensions into multiple sub-features, spatial
semantic features were evenly distributed across different feature groups. Subsequently, a Scale Sequence Feature Fusion
(SSFF) module was introduced to improve the network’s capability for multi-scale feature extraction. By horizontally stacking
feature maps at different scales and applying 3D convolution to capture scale-sequence features, the module effectively
integrated high-dimensional semantic information from deep feature maps with detailed information from shallow feature maps.
Furthermore, a Dimension-Aware Selective Integration (DASI) module was introduced to adaptively assign weights to high-

dimensional and low-dimensional feature maps, thereby improving the model’s ability to detect small objects. Experimental
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results demonstrate that, compared with the baseline YOLOv8n model, the proposed method increases the mean average

precision by 1.5 percentage points to 89.7%. The class-wise mean average precision for large ore blocks improve by 4.1

percentage points, while the model parameters are reduced by 18%. Compared with mainstream models, the proposed method

has significant advantages in detection accuracy and lightweight, making it more suitable for real-time foreign object detection

in underground conveyor belts in mines.
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Fig.4 Structure of scale sequence feature fusion module

Zod i TR Ak B L P BCRRAE H 4 o 451 R P
] o [ s ROEE XS 5% P 1A H TR 25 3D B B
PR . A2 B YRR AR P 2 (] 23 3% 3R () {5 R BE AN T
WA 40 R IE )22 00 4R BE RO L AR AR )R (R B2 L 5
JE GHAED 5| AGRBEGESE R TR O DU 4k 5 i R
1 B R TED IR E— B PHEIE BT T 3D B
FRAE R RN . dJm s I 3D B AR H — fh b B R
SILU i bR 808 MR BE e 1 R E 4R R

FUEE PP BRI fil A AR 1o il 5 A [ J2 R0 R
AR AR [T, ] LS 4 T AR A5 4 R B 8
GFAE, JUHE T Hy 42 S ARG IR 5 52 2 3R 358, AT
PRI A& BRI PR BT PO SFUNPRS L 52

1.3 #ERIEFEESER

HU T 07 L P AR 26 R OR S W A T
37 R BRME S W7 B A AR P AR AR R BN /N H bR 4
fi o A58 5 7 85 W 2% T i A7 RO/ HAR A, —
HUR A T L B X T 2 ety O T . T
TE 4 735 W 45 v 5| A G B2 IR k% R S B, LU
Fe TR /N H b 9 46 I BE A

TEA% 8 W) 2% 1 SR B B B, i E R IR AR 5 25 2K
PEB Y Jm B 203 1 L AR 2R AR T ik 2 7 2 R 1R
Bho 2 R RN e M R AT LAARL R 1 R K
GE PSS = BralvaiE - JEING LN (1R R 18 Xyl S
Y FE I PR S BB A AN 5 T



178 g LB R S5 A

2026,46(6)

{RAEAHE
G
S8
H,
W,
G e A 41
H,
W,
G 451
X
H, T <
= JEAFAE SrERE=4 ’ 4
W,
X . ¢ — i
bicE 3 bizhil] Pz PW HFR+J3—1k +ReLU Sigmoid 3x3HBM  Ix1HR

BS5 #ERANEEEEAERENY

Fig.5 Structure of dimension-aware selective integration module

B ER AT B, € RO v A B R AE
F,€R" WO FURERRAE F € R il 1 4
PRI (B 55 #0458 R BE XoF 5% . Bl IS ST 20 1) 4
A K L3 93 3 38— B DU A8 43 43 S B
HRAR = A 4 JEE B AR E 2050 7R H

(h)i, ERM W (3)
(u)l_, ERM*WAT 4)
(I)!, ERM VAT (5)

KA.l u, by FoRARYE 4 =R | o KRR

fiE o BJS % P2 BERRAE o, SR Sigmoid B bR 4L

AEEE, A3 E] oY Ho, S (e ) R R AE it i

Sigmoid #IE R, LI LA LIERR N .

a=Su;) (6)

u i =al,+(1—a)h, 7

v o (HR T 0.5, W15 B AR AU 45 AiF ke /D Jag &8 20

T A T TR AR R AR 5 Sz, W kb A R B

M bR SCRAE . fe ) » I0 454 X B e BE 45 2

FEEE AR E TP A O o BN X ik
PEER A 4R AF B HARIE o, ERTVIC,

2 RBRERE T

2.1 REHEEE

I BT B 4R 32 20k [ E Tk R 2R A TT R
PE4E CUMT-Bel T, Z# 1 F EE Bl 4 % 4
AW T Ry i s 5 2 58 5y oy = 2K R R .
R BE B 1E F G I 8 2o i 5 AR 0 AR 4 S5y
PV RCE B L 3RS 1 800 TR IFIMR . Bdn AR R
721 2 BB, R U ZRAR 1260 5K B IE AR

180 5k MR 4E 360 5k, I8 oL U FT 5 90 AR B
WORHME R BER S8, FEds R pmE 6 s,

6 FERSEIEERG
Fig.6 Examples of some data sets

22 RBHREESHEE

I G2 BOBC & i A R RSE 30 640 X
640, 4Lt /Ny 4, IR 300, BRI Zhod 7
Y IF IR IR ARG BN 2k, B0 Bh 27 > 5 0,001, A LR
M GPU %k, BERIYIZRAIE FREE WK 1,

F1 HELGKXBEHE

Table 1 Model training test environment

S e
CPU AMD Ryzen 7 7800H
GPU NVIDIA GeForce RTX 4060
W7 32 GB
RE Windows 11
CUDA 12.1
Python 3.9.16
Torch 2.1.0
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Table 2 Performance comparison after adding attention module
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Table 3 Performance comparison of feature fusion networks
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Table 4 Performance comparison of ablation tests
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Table 5 Performance comparison of each network model
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ES-YOLO 89.7 87.6 91.8 8.90 2.48
T OGS 3 543 W 25 AR BDRE JE m AP @50 FilZ 5L
N — N 90 +
BHARRWME 7 s, il IEH ES-YOLO 7R/ *ES-YOLO
CBAM-YOLOv5s
B A B Y TR B S RO AR, 8r “1};’:5?5@%‘;3;})2;“(’:;mv&
YOLOv8n. YOLOvlOn, RT-DETR 5 ES- ]
IS fOLOVS
YOLO #5 &1 a] f ARG I 25 FAan i 8 fras ., MIE 8 [ RT-DETR
Al LAE TR R R AT 5 F L ES-YOLO 5 3% .
T2 RERHE R & 5 1 . BE 0% 3 A S0 @l & JR 35 4n
. e g o 85 - <4YOLOX
5 4 R E B, DU B T R RER 1 AL B R B fig 3 P e .

J1. SHAFE A L RS (B A AG I 2 % EE AR
Pl R K e m R T ELAE BRI H AR L A A R
B o AT UL, ES-YOLO 16 8ER™ R 14 264 5 0 6
B8 = WIS 759 521UV DAY, o R 11 018 R 7

—— ARG

(a) YOLOv8n

(b) YOLOv10n

0 2 4 6 8 10 12 14 16 18 20 22
SHE/M

B7 RBELHEENESSHEENXER
Fig.7 Relationship between model average precision

mean value and the number of parameters

(¢) RT-DETR
8 AREEHMATRLENER

Fig.8 Visual detection results of different models
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