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Abstract: To accurately detect foreign objects on coal mine belt conveyors under complex working conditions, a coal mine conveyor belt
foreign object segmentation model based on improved DeeplLabv3+ was constructed. Aiming at the difficulties in foreign object detection
caused by interference factors such as high dust, uneven illumination, and mechanical vibration in coal mines, as well as practical
requirements including the coexistence of multi-scale foreign objects and limited computing power of edge devices, the following
improvements were made: The MobileNetv3 lightweight backbone network was introduced, and depthwise separable convolution was used
to compress the computational load to 1/9 of that of traditional convolution. Meanwhile, the SE attention module was embedded to
enhance high-frequency features such as edges and textures of foreign objects and suppress low-frequency channels corresponding to dust
noise. The DASPP module was adopted to replace the traditional ASPP, and cross-layer feature dense interaction was realized by
concatenating atrous convolution layers with different dilation rates, thereby improving the detection for multi-scale foreign objects. The
ECANet channel attention mechanism was integrated, which enhanced feature expression ability through dimension-reduction-free global

pooling and dynamic 1D convolution, further optimizing the distribution of feature weights. Experimental results show that the improved
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model achieved an average mean intersection over union of 87.1% and an Fl-score of 86.7% on the CUMT-BelT dataset, with only

9.8 M parameters, 5.1 GFLOPs, and an inference speed of 38. 6 fps. Compared with the original DeepLabv3+ model, the improved

model increased accuracy by 4. 6% and reduced computational load by 63. 1%. In comparison with mainstream models such as PSPNet

and U-Net, the improved model exhibits superior performance in key indicators including the missed detection rate of small-scale foreign

objects, noise robustness, and adaptability to edge devices. This model provides a new approach to solving the problem of easy confusion

between foreign objects and background features under complex working conditions. By simultaneously achieving high segmentation

accuracy and low computational complexity, the proposed method supports real-time monitoring and contributes to advancing automation

and intelligent development in the coal industry.
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Structural composition of coal mine belt conveyors
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Fig. 8 Data augmentation processing
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DI, el A s B I D e T A, DR Jd N T ik
WG 16 IE R A B R PR A B

(b) FRERHI2
(b) Annotation example 2

(a) PREERBIL
(a) Annotation example 1
K9 Labelme Frid: il

Fig.9 Labelme annotation example

2.2 KW EBESENER

1) SCR ARG

T ] Pycharm 1E R i B2 44, CPU 2 12th Gen
Intel(R) Core(TM) i9-12900H , #:/F 224t & Windows 11,
WA M 64 Gib, GPU & NVIDIA GeForce RTX 3080Ti,
CUDA fRAH 12. 2, PyTorch W44 2. 5. 0, Python Wiy
3.10. 0, A PRIEA LRSI 1 BE 1Y 28 F- P A1 AT Lo B A
SEEGAE VI 2RI 58— % F 512 pixelsx 512 pixels % AR
b B AR Al S AU

e 25 ok 72 b B Ak 28170 2 % (adaptive moment
estimation, Adam) ,H: [ & N I % 7 2] 32 01 FE P BR % 7
YNGR PSS ] 7 e T fe 0 A s ot PR 35
K2 2] 35E S 0. 001, AU ZEI R BB 0. 000 1, Lok
G I 00 G i O TR IR Y it Ak 3R
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/IN(batchsize ) 13 &N 16, 233 Z 0GR, ZEAEAE LY
SRIEEFNNAE T Z R B 1 3 i) P, IR B ge
H(epoch) I E A 100, 38 i MEL K4 Ay PEREFE #R,
WAL RS, B DRASE R BE RS 7737 ST iR e iE, X
AR THHSEHE

X} MobileNetv3 %% &4k 3 + W 4%, A S2 56 % H
MobileNetv3-Large WRAS . 2 MUAS i 0 TR BE AT 43 25 46 FRORE
PREBFUTH R4 E 179, IR M 55k 22 450
TEARRAE = 1] b P A i | = 42 ] BEIBURAAE | P A ik
BE S 5 ERR . LAh, MobileNetv3-Large #x A SE i iE
TR IR G 4 a2 A 5 P 2 4 i )2 A i
TEAE GRS | SO A WURE IR SE G R
M Xof 7 ) FG A% 388 1, 48 MobileNetv3-Small JZA< 5736 H]
TR T T 1Y 2 RBEFFIESE I

AR 23 T 23 [H) 4 7 3 b Ak DASPP B i R A
[ J2 ik 23 1 2 1) 4 R S I B J2 R R A L 45 )2 M ik 3
SHURIEIR 59 22 RUE A3 A et et

B 12N d, =6, X 3x3 23 A, R4
% AT R 85 /N RUBE S0 0 R B 40 19 R ik 5 55 2 )2
WG d, = 12 383 3 RISz Bl & v 45 RUBE S 4 (n
YOlRiba) F A5 B 56 3 B Wk d, =18, #F—2b
PRI B LU B L 45 i 226 A b AV L R SOk
F50 4 2 NI d, =24 3033 ORE 23 7 B B 3K
R AR 25 5 R AT A T SURRE

RISy, =H,,(y,,) @y, FIEHERZ
AT RAIE 5 TR TS SURAIE B R 5 JE i 7 2 R
RS SRR, i R AL G ASPP JFAT 53 SCA5H X
INRUE S e A )t

2) PN TERR

AT WL HE PP O T BT R L 5
ST HIRALERE LA 3 FPFAT R IR

(1) 322 I 1 (mean intersection over union,
mloU) , V-4 52 JF b 2 7 2 455 20 F30000 53 31 45 2R 5 LS AR
TERYE SR, T3 B4 28 0 T X 5 5 2 S5 DXl 179 52
IEHE, FEBCEME , 115 mloU AYA K= (9) Bk,

1< |4 NB,|

miol =3, (A, U B,| (%)
o n FOREE R A 2R BB A, s AR A TR 14 5,
FKAWMBRES B, FoRAETARENS | K BRYE
FEA; |A,NB, | FREE | JETINZE R 5 FLSARE 32 42
BEFHG [ A, UB, |FoRSE i 8T S5 R B SR iy IF 4R
BER mloU BT T 1, U IR R X 5 4 X3 43 )
ROR S | BRSNS HEE 7 S W) 0 B 5 B ) B L L, O
SIS S SRR,

(2)%ﬁﬁ$(precision, P) R F5 5B TF B T R S )
B3R H G A T Ay B P 3R By B, S A R i

I BAPESS R PR A =X (10) R
b TP
TP + FP
K B IEH (true positive, TP) 3785 1E 4 7 B %=
B ABE 0] (false positive, FP) 27 B i 1 0 A9 %
ES
(3) F1 538 (F1-Score ) 7R /3 HIBAUNE 1 5 P F1H
M1 (recall, R) f—FpiEFIF-1 0= (11) FioR,
2xPXxR
T PR (
F1 G 8GE o Y545 7% 1 kG B 5 A [ 58 g APk e 42
A7 T B A PR AE AL B ) F1 Sr R WA ARG
A S B 2 128 B S0 AR T TR, ST e R BIR B 5
BT AE S P RIS 5 A SR AR R G 5 TR A AR 3% 5 7R A
AU Z2 BEVEAR 7T, R 2 808G ( parameters) | 77 118
BUEL(floating point operations, FLOPs) 2 T[> F8 5,
Wt 2 TR AREE G AT, P UEGR T AR AR AR 4540 5 e
JE 5 AR B B RO ) (1 A R, S B = 6 AL S
Yoy BIRRL AL BT TR OGS PR AR 3
2.3 KWERIESITIE
1) THRhSEs
B UESHE DeepLaby3+45 7 Hh 45 REHL 1 A R0 | %
THHE R SE 36 % A0 8% [ S B4 14, MobileNetv3 #2=1k
T .DASPP £ NEHFE SR U HL [ ECANet 1 18 1 5 S #L
il AT EL AT A B B N AR M RE RIS B AR AR AR,
SR AR [ B I 25 25005 Bl 4R 400 43 05 =X, DR 132
FEL F1 5340 S 8080 FLOPs K #3851 o 174k 56
R = v ol ol o S S i B
DeepLabv3-+f< %1 i £ ASPP A& He 5 BL Rl 38 7 2 AL
il s A A R FEMERCAY 1Y) 3 T 45 S MobileNetv3, [7]
PR B ASPP 5 LRI 5T s #6420 B AEA6 T A f2EAR I,
L ASPP Eife oy DASPP LB I RS BRTE R AL B4 C
M2 AERCAY B (Y BE il F 5 B ECANet 38 38 {1 & ) HLH
e Ry e R IR Y SR AE R INR 1 PR,

(10)

F1

1 HEAZK
Table 1 Ablation experiment

» TR F1 %0 S8%Ge FLOPS 3R
LY P
(mloU)/% (F1)/% /M /G B/ fps
LAY 82.5 81.2 27.3 12.8 18.7
HER A 83.8 83. 1 9.1 4.5 2.3
1A B 85.2 84.9 9.4 4.8 40. 1
iR C 87.1 86.7 9.8 5.1 38.6

MIH RS I 45 R F |, (U MobileNetv3 3=
BRI A SRR 1T 43 B 5 BUR 3 5 R 45 25 55
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UG 179,454 SE & 7 W0 A2 g 75 1458 55 ) = At
FEAE , ff mIoU M 82. 5% $2 T+ % 83. 8% , F1 535U 81. 2%
PRI 83. 1% , 5 66. 7% & 9. 1 M, I03F T 7 &214k
T XROR S SR RAAE SR ICGRE T 3T, (il TR T
gt ASPP [IFAT 43 45K, il = 15 2 R AR A8 EL AL, 45
RUSHEIAT AT % 2 RSP R SRR 2 | 7
FUNRUE YRR S B S I, B E mloU A F1 234K
BIRERIR, #—F# ASPP S DASPP AUFAI B,
T I A S P SRR AR RS T B 2 13 1 B g ik R
KIESZ B LG 2 RS B, mloU $27+ % 85. 2% , F1 43
BT 2 84. 9% , FE W 22 RUBE FRAIF il A5 %o i e /N RS S
YIRS AL 2T 25 S R (0 SRR ., SR, TR
W T B L A e = o 3 3 ) 4 AE A R Y Bh S A
A, A 2 T 7 X6 7 (14 PR3 T A e A i il S R S
B EARFE X 2> A, R mloU A F1 43 K4 T i i
TR B PR B €, B4 A ECANet fA5
T C, I FA G e A b A A B2 3 T8 52 5 L, Bh B — 4B
0 3 AR I TSR, R I I A R 2 M 7 X I 1 AR AR 4
fIE, BT8R ST ) 0 % | SO o AR 7 M 17 ek R e e
KSR mloU 42 T1 % 87. 1% , F1 /38R T1 & 86. 7% , HZ
BAOEH0.4~9.8 M, X —IEALBORIE T = RE AR B
BIHRE . B A5G, MobileNetv3 44k 3 18 4 8 0] 43 15
BRI RERIER ER RSB 179, 456 L e ik
ZEGE S SE R, S EON 27.3 MFER 9.1 M; H
UK, DASPP FHi i 25 48 55 22 % 12 5 % 2 3 3 1) i iK%
BT, RGN 0.3 M S50 - B0 T 55 I 2 R RRAE &
LG s )R ECANet 38 i S b 4 Ak 5 sh & — 4E B AR,
PLO. 4 M S5 s s s e A E etk . = & IRl
ORI A 5 M B R AR 63. 1% (12,8 G [ %]
5.16), 380M£9.8 M, X245 R MiEEZN
BLHE L Tk 22 ROBERRAE (AL 4 i, SRt e s AL A 2
JUBE Rl 1 R H AT BB O AR AR R 50 O, BT R A o
TR EREE

MR S E AR A B MobileNetv3 ik &
TRBREE V] o B RO T, M E o B 4 T &2 42. 3 fps,
EHEWERIRINY 18. 7 fps SCELRHAS I K, B0 0IF T 2 2 fh 22
FaXT i1 S U 4 S B R SC BB THAE L, B B
DASPP B %5 8 5 2 7 1, B VT AR A 1 n 5 Bt
P /NI R 2 40, 1 fps, 15 mloU 2} 1. 4% , iH £
FUERHAE Rl A XK B2 19 14 25 0T HE 74 38 40 o FE AR A
B C £ ECANet Ji , 1 B 3 1 — 25 [ 52 38. 6 fps, X
JE T T LIS AR S S — 4R B S AT
BIT4AY ,1H mloU 427 1. 9% H. F1 2381k 86% , W42
O R IR B S R (R S T R AT

SEG K4 2 W, MobileNetv3 (42 i fL 5 11 DASPP
22 RO EHER-APLH 5 ECANet A9 38 8 1AL B8 T8 i

B IE IR e R A 25y SRR AL 35. 9% Y1 L
T, 523 4. 6% B9 mloU $& 711 5. 5% (¥ F1 53K T, fi
P TRy R e R TR | 22 RUBE S ) A7 10 4G 0 e
A, AP R AG TR o A P RE S 0, i e i
ZRAG B S BLACR A5  BE  3 [R) HE 1K, MobileNetv3 fI £k
PEIR A5k 22 45 K4 78 TR 4 1530 1 [ I O B O B8 5 1
i, 2 DASPP 92 ]S Rl $2 (I8 B R i i A ; DASPP
O K AR BT ORI SZ B i ECANet B8 BHRS
Y1 b 5 A7 5 400 v AR AT 38 T 5 T ECANet 9 5 4 48 b Ak
SR I it B 1 A o Al AR P R IR AR B R AL L)
38. 6 fps HIHMERRIHEE F 87. 1% 4 mloU , BRI /& 1 i 26 47
B AT T RSB TR, S TR AT A SR
FUBE SR i o350, A Tl B4 09 8 e b el S 1 1
ATV T %

2) AN[EIBERIX L S5

by B E B AR R IR Uk LS ) 23 B 55 v
AL , 2 B PSPNet ( pyramid scene parsing network ) |
DeepLabv3 +, U-Net, HRNet ( high-resolution network ) |
SegFormer ,MaskR-CNN ( mask regional convolutional neural
network ) |, Swin Transformer ( shifted window transformer ) |
MobileSAM ( mobile segment anything model ) | Fast-SCNN
(fast semantic segmentation network ) SeaFormer ( seaformer
vision transformer) 45 3 i 43 B A @ X L2860 . i A
RRALIE R TR SH, AR TN G, 5 el e A Y
PRAFAH RN ZRAS YR S A RS, 3 T4 () Bcdks 4R 5 5
B HEAT VNN, SR H B 2891 1 F1 205 S8
Wi FLOPs 1R WAl FE bR, S5 R A 2 o

x2 FRESEEETHEEER

Table 2 Comparison results under different segmentation

algorithms

—r IR FLa% SESE FLOPS
(mloU)/%  (F1)/% /M /G
PSPNet 78.3 77.1 49.2 28.5
DeepLabV3+ 82.5 81.2 27.3 12.8
U-Net 80. 1 79.5 34.8 18.7
HRNet 83.2 82.3 63.5 35.6
SegFormer 84.5 83.8 18.2 9.6
Mask R-CNN 79. 4 78.2 41.7 22.1
Swin Transformer 85.0 84.1 56.8 32.4
MobileSAM 76.8 75.9 35.4 18.3
Fast-SCNN 81.5 80.7 5.7 2.3
SeaFormer 78.9 84.2 11.4 7.2
WA R 87.1 86.7 9.8 5.1
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INFE 2 TR B0 R T g SRl WL e A R A
WOCsRR A L R Bt AR 34, JEHERIAY DeepLabV3+ B H
F—SEAYEIRE 1, mloU Ky 82.5% F1 434k 81.2% ,{H
HZH0mk 27.3 M, SR Ab EAAAE B . PSPNet 1
mloU A 78.3% . F1 438N 77.1% , U-Net i mloU N
80. 1% F1 Z¥80k 79. 5% , =% ik = &5 5 £ R B RRAF
A B X 3 5 rh T R A S5 2 TS S A
WAL, B S BR300 M, i AR &,
HRNet i mloU 4y 83. 2% F1 4350k 82. 3% , B it 543
HER KR TR ARG B (A S5O0 =3k 63.5 M, 35
B APEH . MaskR-CNN [ mloU 4 79. 4% F1 3 ¥0R
78. 2% A B ARG 5 43 B 25 A B RS FE T X ET
55t R AR X A LAY A%, Swin Transformer F
mloU 7 85. 0% F1 238k 84. 1% ,@ﬂ' Transformer 2214
B A SR AR (B LS B 56.8 M, TR 24
BE, ANEH TR 5, MobileSAM () mloU Jy
76.8% F1 53 80R 75.9% , HAE MR 2 2% T T Xt 59
515 SRR X SR8 1855 , B0 HORS FE AR AR, B
SRR 35.4 M, TER AL T AN B #, Fast-
SCNN ) mloU 4 81. 5% F1 53450 A 80. 7% , AR S BUKL
HAUH 5.7 M R Al R, (H T R 2 45 4y
AEGT T3 BRL X6 22 RUBE S A R AT 8 00 A FR G B
25 6] %8 /v, SeaFormer Y mloU A 78.9% . F1 43 %M
84.2% ,HAE F1 /38 BA —E R, H mloU #AIL, BEW]
TESEY o B IR E LR A AR, S 550R N
1.4 M, 25 G PEREA FE4e &, ML Z R, BB A L
9.8 M ZHUSLI T 87. 1% [ mloU F1 86. 7% [ F1 434X,
HEOEATET il 1k MobileNetv3 #2046 3 T R 4115
454 DASPP 254 1 2 1) 2 R R k& 55 ECANet
Yo B8 A 38 G AL, ZE TLT- AN BG I 550 A iy w4
TLRABRE ST R 5T SRIEX B, LI s
R, IR 2 RO S ) 4y ERS B S fb 2 0]
SCELT Ee AT

T34, e AR T A /N ROBE S R D rp B
Transformer ZEFHE Y 7E 1 375 5 T M 8 38 B0 5 ole 78 45 A
FETEZESE , IEBEALE 5 5] A DASPP file ) DL R
[ B I SR A 25 T 4 B 2 SE PRI IR AR 4E 2 1L, 45 &
)AL R K SR BT, FE AN AR AE (8] 43 BE R B i
P& T R R A B A AR R 8 e s N LB S )
Jry R AH T AR 5 KRB S W 4 S R B X/
RESYEI R GE 71, A, ECANet 18 18 7 & 1 L]
0 3 G A A 4 e Ak R Bl 7S — 4 B, B iR S5 ) = A
FEAF AT A 00 A 2 e A S R A 3, E— 25 4R T
275 50N /N W 535 5 0 RRE X 4 B AT B
R/NRESYRTEK 2, L Swin Transformer G 1)
Transformer 42 ¥4 F& 7 =:Y YK 18 15 Transformer 22 #4) 34 55

T4 JRy K M A B, mloU ik B 85.0% | F1 4 £ K
84. 1% ,AEAE /N RURE S5y A W00 5 1T 2 AN oy kSR
Transformer Z&A4 5848 K b # 4 Jry 1 SCAR B R R B 4K
106 28 AELXT JR 35 40 7 R IE B A 4 BB T AR XS L 55, AE T
XA s b e Ak 22 RUBE 43 A5 B9 /N RUBE S0 B, wfe
VI 1 E AL A B L ey, FEUNRE R Y 5
EGEARNE . HAh, Transformer 227418 # 2 8= 8 K,
B 725, U1 Swin Transformer 25085 1% 56. 8 M,
XAE— R s RS RIAE I S e £ b i S PR RS
B, T 2l AR Y5 5o MobileNetv3 7284k = F R 46 11&
L, SHEGEAR 9. 8 M, TR /NS S 40 K6 I A JEE A A
R b TSEIL T AL A

W10 s 28T AN A AE a4 U ik AL =
Vo3 EUE S5 v 0 AT AR IR b AR 22 0 8 o D s ]
18,55 2~ 9 BRI A A BB 1) syl A . 10 a1
S5 S0 K BT SCRE ORI AR O X Iy B ik 4 LA A
S, R PEAE 100 X 00 G 2% 77, B EEAE 150 X SR A7
JRBEAE 200 Xof BT, JKBEAE 250 X R . 1%E Xl
FHF K10 (a) AS [R5 AU L (8] v 46 458 78 73 51 25 SR
BT AL RAE , 5K 10 (b) 7 ¥ 45 5 31 0 g 75 R L
X B,

AT AAL 45 S ] WL, 45 A B AR 2 2% T 00T 1Y 43 1
PEREZE 5 0 % . PSPNet XJ 45 I 5 fi 26 45 19 JE 4l 43 510 1
AL ESHREAT T A /N RUBE S5 W e A ™ T K B 4
A KB ARTE , BFF RO PR I BB AL X S = 5
ERHMERR B R 2 RERASPLEI A 3, DeeplabV3+1E K
SRS | B b 43 ) e 3 RIS I T R A Xl
X 7N ROBE AT A B TR AN SE 3% | Bl AT 14 53 B AEFE BT 2
I B4 ASPP fH A 2 ROERHAERLA LA R BR A
U-Net 5 AEFHHE S 9 v 45 ROBE A A 9 58 86, (E X 40 K
FF 0 4350 BRAN G722, 5 A2 A 2R W 75 T4 43 1) 45
SR DX A A B A REAE E LA DX A3 S MR 1) 2
25 . HRNet FE 18 = 43 HE R FRAE 07 B 00 35, X i 1%
WL 5 BB B S EOTAR 5 8O /N RO AT
PRI S 1 VAN NI 3 T N i [ 3 o S
SegFormer X KRB I8 T X 3011 43 B0 4 8 8 H /R
FE S0 o B % S 2% WRS T B O F O 2 B 2R O
HFEH AR AL G AER 2R, XY
LRI fil A o R ok s A A T R Ok RO R G,
MaskR-CNN AE R4 5 43 50 25 G AR | 78 5590 22 or
AR TT  AH S FORDRE |, U X8 FF R AE 2 51
BRI 2 O, AN AF AT AT B BAR TR GO K
Swin Transformer X} 4= J&) 18 B9 $ifi #2368 47, B 3% 70 5 4%
Tt B AR B A, AEL X /N RUBE S 400 1) Jmy 36 40 Y 22
AR, AN BERE A B3 T, B FT o ) B
MobileSAM (1443 #1280 R 5 2% | AT A7 AL BE TR 51 4% 20 %
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FEasE A PSPNet DeepLabV3+ U-Net HRNet  SegFormer

R-CNN  Transformer SAM

Mask Swin Mobile Fast-SCNN SeaFormer p§{iF#5 %!

(a) 7 RS 2L 5 R % E

(a) Comparison diagram of different models' performance

TRBEAE:0 FRIEAR:100 RIEA:150 I:l HRIEA:200 TR IEAH:250
HH ik 243 Sk 23
(b) 43 F1 45 R TR X
(b) Interpretation diagram of color coding for segmentation results
10 AR 3 EISCR X T
Fig. 10 Comparison of segmentation effects among different models
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SEPIIAEI I Z A8 0, PRI TRT BRI 4% 245 4 76 R IR 3R 3k
GE N LR PR TE, SeaFormer of JEAT A A8 3B 23 X 35 47 |
BoeR N A lsie 2 . ST 5k it
B B2 SR A g T W LR M 2 B 0 (K A
FRRHE , XS RINTT /2 T HAE 2 RUERAAE 2 Ak
PASATIME 7S T AR EIASE

FHEZ T, SR () 2 BN RO . #AT Bl o 2
PRl R SRR A%, BRIV A5 Bl 5078 3 2 S 14 9 56 0 T AT g
TREFTERENE . AT A TCIR /N WORS e o 1), 30 47 1
A5 S ABEM, ot 2K, Hkar 5 0 0
Sy EIER ARG G T R R B R IE TR B , ARy
FIZR S BRI ESE iR, X — ¥ T DASPP
B f) 5 2 47 A1 2 4 A8 T s Ak T 22 R 53 400 ) SRR AIE 56
I, ECANet X R S0URFAE A 38 (85 42 T T S 4 5 s 11y
IX 53 BE M MobileNetv3 By & AL H7E 4615 &= 1Y A
Bl SE PR AR BT OGR4 T R SE I T R B
L /i 7N WAL SR T

BEXS B 2R AL 4 00 S5 0 1 Tl ) e
PSR | 22 RUBE AR AE A $E ME A5 R 58 b A 505 3w LA
S A () R 4R HH R T ek DeepLabV3+E@i¥<ﬁf§ﬁﬁ%%ﬁ
Y14y BIRERL 3 33 5] A MobileNetv3 52 5k £+ DASPP
2 R BERFAE il A B He % ECANet 3 18 7 & J1 WL, A 5L
PETIEEIVERE . SCU0 25 R AR, b BB Y - 2 52 0T e
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