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Combining attention mechanism with GhostUNet method for
pavement crack detection
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Abstract: Pavement crack is the most common defect of road. With the development of deep learning technology, more
and more methods are used to extract the crack information from pavement images. Aiming at the problems of low
accuracy and lack of real-time due to incomplete extraction of crack features by existing deep learning pavement crack
detection methods, a road crack detection method combining attention mechanism and GhostUNet is proposed. This
method is composed of encoder and decoder. The conventional convolution in U-Net is improved to Ghost convolution
and the number of model parameters is reduced. In coding and decoding, in order to improve the ability to extract crack
features, ECA attention mechanism and residual connection are introduced. ECA attention module can filter irrelevant
feature information, and residual connection can be used to avoid network degradation. To evaluate the effectiveness of
this method in fracture detection, two publicly available fracture data sets were used, and ablation and comparison
experiments were conducted. The experimental results of F1_score, P and R increased by 14.48%, 14.35% and
14. 45% , respectively, compared with U-Net. The number of parameters in this model decreased by 14.2 MB
compared with U-Net. Compared with similar models, this model has higher segmentation accuracy and fewer
parameters.
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TIREZEE, bR 2 N 4% T A A B TR AR A BB A A
Ko G 1 T T B AR ALE » X A T A A U A BE IR

U-Net BB 501 T i R A 9 IR 22 52 AR R 8L i T 1
PEREL B i i 2 T B AR o B A A DT T . A RO
D R — R R - ARG I T 3 L AU U-Net B9 40 75 2%
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L ECAP R ety — A [ 2k 1 J=) 30 285 45 3 8 TR
ARETE SAEZ A TR, 76 AL BE (1Y W] I B AR A
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K.

ECA FE 2 Jy B i il —Fh |3l 7 oy i 0 2 fe
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13.94%,15.44%, 3. 64 %, B AR R {H I SegNet FEAX T
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LM CFD B EH#T T —FRINHM LR,
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F1_score {H & 5 s K &R B 4. GhostUNet+ECA Mk
LI RRAR T A S B, X 2 F 2 GhostUNet+ECA F 2
P2 R R IR 2 20 gt 1A
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U-Net™* 69. 4 64.1 66. 7
GhostUNet 69. 93 66. 37 68.1
GhostUNet+ECA  84.06 74. 21 78. 83
A 7 82. 26 79. 09 80. 64

# CFD B4R L /TH Rl SCUn 25 AN 5 s , W&
KFEH T CFD BifadE 75 /5 IR 2 A1/ 5% , 3 7 &
RS TR P AR5 . HA SO 6 F1_score fE M1 %8 U-Net™”™
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Bt S A MR, A IR IO AL BOR AN 5 Bs .

RS HECFDLWEMIBEER
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AT 61. 74 67. 1 64. 31

KGR E A SO Atk Jr ik 2 4 R Tk h
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W5 SR 05 S 2K, RE 5 T M B S 1 28 5% . DeepCrack %548 42
i, U-Net #8955 3 g% 2488 X I 76 T3 40 2 BUBLHI 89 1
W, 3 J2 B U-Net £ BY 7E %% )2 F5AE il & 7 T 20OR A
. GhostUNet XJ ¥ 0 5 it 2 K W 14 24 2R b K B AH, 76
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X3, IXAE B 2 GhostUNet #57) RF A 42 BURE 1 B, 1A
KERERMEFE, THEZEREBRFIENEF R,
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PR b — R ER A SRS T RS R
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4.5 BSHERE
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R L& /MB
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H1 2 6 459 AT, Ghost+ UNet # 7 f Z $ it M A
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