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A Rapid Detection Method for Dust Deposition Based on Fast-UNet
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[ Abstract |

formulate a scientific cleaning strategy, a lightweight dust deposition detection method based on Fast-UNet was proposed. By effectively

Dust deposition can affect the normal operation of equipment. To accurately and efficiently detect dust on equipment and

pruning UNet and adopting max pooling and bilinear interpolation for down-sampling and up-sampling operations, the parameter
redundancy was reduced, and a compact basic network was obtained. The lightweight Ghost Module was used to replace the ordinary
convolution in the basic network, further reducing the complexity of the network. An convolutional block attention module( CBAM) that
integrated channel and spatial attention was embedded in the encoding process, which made the network pay more attention to the target
area while introducing minimal parameters. Experiments on a simulated dust deposition dataset show that, compared with the original
model, Fast-UNet reduces the number of parameters by 99. 6% , decreases computational complexity by 98. 7% , achieves an inference
speed of 94.18 frames per second, and maintains a recognition accuracy of 91.17%. Compared with five other mainstream
segmentation models, Fast-UNet also demonstrates advantages in both accuracy and speed. This method meets the needs of dust
detection for both accuracy and efficiency, providing a technical reference for dust quantitative analysis.

[ Keywords ] information processing; dust deposition; attention mechanism; lightweight model; UNet

IRAPIBUR 2 SOPRUNBURLZ W UCREIT I 6, TSR SR X A 38 1 Iﬂ{ﬁﬁ‘%ﬂﬁﬁé %
TEMIARRI S R, B UL T Tk B s T oodefF OB im0 B 2 K AR R, ki E At A
RGP P 2 AU, o B 2 OB O R e I B L PR A U B i 3 T T A7 AE IR

SPTEERE S A A FIE R B 2 TR X B i
R RE R ZOR BB o, B A B R AR DR T R
SUVASIN DAL e it — s 28 EL VR Y R A TORRAG: U
Tk AT B

TIOFFE 32 2 R AR T RO R RAE BE AL~ 7

YimBHE . 2024-06-06; f&iTHES: 20250304

Ar, FEARHAET R I B ROE RS IS IR A e R

E’JJ&ZET)‘& RrDE R B R AR, X ST IATE

FEAE ACE T REAE IO B ARG I AR, (EL A

TR R, ELX A1 5 B0 55 R 7 B O B X D E
HIRZEM TR,

F—1EE . FITFIE (1998 —) 55 DU WV R FEA BEBFEA: . BF5E 05 1] HLAS ARG MR AL 3 . E-mail : yyh15513778898@ whut. edu. cn,

CEEEE . BRI (1963 —
B, E-mail ; zzy63277@ 163. com,,

) U3 DO LIRS 1 B, BIFSED5 ) S LA RLE R S BOH S 05 B B L A B 552

¥ F5 M HE - www. stae. com. cn



2025,25(16)

RN 45 BE T Fast-UNet (R 2R OB PRSI 5 12 6805

H AR 28 ) 28 A0 TH AL B s RS B R
Sri e el A B UNet!” | SegNetm . DeeplLabV3 + 9]
G MR U R 2 TREE 7 2] Tk R H T/ K
IR, HAERS B R e BRI S, B
AR AR Z B2 R, 280 i
FEF PR DX I AL 22 X 25 ( mask region-based
convolutional neural network , Mask R-CNN) [ 8453 51
BB HLNTZ FH ( computed tomography , CT) E1%
G352 LU TSR AR 15 31 T B R
Moy EI g, RS B Ta A 2 REER
JIBLHI MSHAM-UNet, H] T30 LR Y 43 %1, A 3L
SEEL T R TR R R A (RGBT
T —Fh T Debseg-Net 1 T G 4380 Ty ik , H
SrEDRG BEAE T R % De Silva 451 R I i
LI MobileNetV3 Xif 18 f#% 32 i 4% 42 #4743 H) | {HH
FESN G XS 53 BICRAD AT R AR T, /NP4
WA bR S 551 A ShuffleNetV2 , 42 H T —Fh sk
YGRS IR A A I 7 3, 3K S bff 5% 3R W TR 2 2 )
J5 AT LU 3 BORLAR H AR B9 R 0 5 23 B . KT,
QAT A e X 24 Ao K 2 55 0 MR v 1 %) ] B B AT
HXH ARG & AT 5 3 — 2P AR

SR X 24 65 5 2 SRR IR S R )
[P/, 7 O TE A I OKS B2 B AT B R, il — AP T
UNet P55k KA A I 3% Fast-UNet, B 5C, AR 4
BRI AE R X UNet #4715 38 I 45 )22 i 1
SR, DI TR S HOF R AL 45 454 5 DR 51 A
2 E AL A 4 5 5 ( Ghost Module ) ' B He B30
G 2D AR N 28 52 2% B 5 B I, 70 0 2% 44 Bt By
Brg | A Al 18 5 25 (8] 7 3 1 1) CBAM ( convolu-
tional block attention module)*ﬁﬂ%'m , VIS
I /D ] BB R FR R I A R 401 2 ) DT S5 300 A 00 A
SRR Z A1

1 AXFH*®
UNet J&— it 22 3L At 25 - B 245 g 1 45 TS bl 28

W%, i 22 RS BN B SRR USR]
JE BRFAE , AR DU 1o 22 U R LR ik S
RAFAE, Jh% 55 i A5 B B i BRI 4 H Fl 5 25 TR IR
A5 R . R4S UNet H A3 R RYARAE - 2T BE T (H I
IBATROREAR, Fast-UNet X 28 85 M 4T 114k,
R 3k PO 2% 22 B A FE 3 BT B R b SO T A, T
SREET BRI RS R M AL, BRI BER HIEL
PR E, e — R T RICR . eoh, R il
B REBUEACE R, RIFREIR T KL, [
I FE GBS BT | ARG I83E 5 25 [AITE B CBAM
R BTN DG SRR DX Y DG T B, AT AR AE

FARRGIERE . PIZREEFIINE 1 s,
1.1 B

DY R PR A — bR BT AR
EEIETE M2 2% B A L 25 BRI ITUR S
Wap A Ao 22 00 45 1 DR/ IN AR SR 24 2 92 JHL s B I ]
EAE i TR AN IR M 25 PR

JRA 53 AT BAT B0 B BEAILY: , R b B X
{5 EARXTR B BRI A B Z R TIE O B35, 4
BIRBAE R A B B4 b L, FEh 2 p 45 v | R
3 SCAR SRR A TR 2 R ik P o i 2 (] £ S
DT Z AR B = R AR B SR, TR JZ R ALE 4
RERR AR B TOAR (5 S5 AT RE X I 4% 4 I 2 B A
WAL A A RS R TR R SRR R L e
Hb, TR A DN T T AR A B 2R AR S5, B
2% (R 265 25 4 ] RE S B0 S5 MRS BE AN TR E S5 )
A, DI, % UNet B PEAT 0 265 )2 A0 T8 1 B A A0
A, RIS R T 4 Kb AL E AT R RAR, I i XUk ik
REIEAT FoRAE TR AR UEPERE Y SEAN EAS 3] T80
AR FER R 25

YNGR ] 59 A% 2 B0h 0 2% 01 1k 47 I X, ot 45
FRALE RN E BT RS R, i 73 B e 45 Y A6
TR A 2 6 23 2 TR, e {10 H) 2 Ak A R Oy I B
BT 4 )2 (0945 BRI 265 25 0, 4 100 2 v 114 3 AR i

2
64 128 128 128

32 64 64 64

3232 32

—> W RER

256 128 128

128 64 64

64 32 32

— W — B TR
............ > RHEARE LR — B

— > BhEREEE

El 1 Fast-UNet 25445
Fig. 1 Structure diagram of Fast-UNet
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Fig. 7 Data augmentation effect diagram
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Table 2 Pruning experiment results

AR Params/M ToU/ % Precision/ % Recall/ %

UNet 37. 66 83.05 91.22 90. 03
UNet _1 8. 64 83.36 91.29 90. 51
UNet _2 2.16 83.18 91. 11 90. 44
UNet _3 8.56 83. 44 91.07 90. 81
UNet _4 2. 14 83. 40 91.35 90. 77
UNet _5 0.54 82.89 90. 58 90. 71
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Table 3 Ablation experiment results

Params/ Flops/ FPS/  ToU/ Precision/ Recall/

FiRY

M G s7! % % %
UNet 37.66 143.93 18.92 83.05 91.22 90.03
UNet_4 2.14 2644 64.03 8340 91.35 90.77
UNet_4 + Ghost Module 0.13 1.83 97.67 81.86 89.49 89.62
Fast-UNet 0.14 1.86 94.18 83.23 9117  90.65
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Fig. 8  Dust recognition results of different networks
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Table 4 Comparative experiment results

Params/ Flops/ FPS/  IoU/ Precision/ Recall/

)fﬁﬂ‘u
- M G ¢! % % %

PSPNet 46.59 93.70 24.23 75.87 86.98 87.15
SegNet 29.44 90.46 26.97 78.93 88.50 87.02
DeepLabV3 + 5.81 21.03 61.22 80.61 89.24 89.12
UNet 37.66 143.93 18.92 83.05 91.22  90.03
MobileNetV2 5.50 26.75 86.59 73.19 82.86 86.39
ShuffleNetV2 6.03 6.32 96.37 71.91 83.86 83.42
Fast-UNet 0.14 1.86 94.18 83.23 91.17 90.65
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