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Abstract Aiming at the current problems of weak detection ability and low segmentation accuracy for small cracks,an improved
U-Net model is proposed to detect road cracks and improve detection ability and segmentation accuracy. This paper designs a new
module, multi scale depth separated convolutional block (MSDWBIock) , which is applied in the encoder and decoder sections.
Through its depthwise separable convolution, the model’s ability is enhanced,the model’s receptive field is expanded,and a C2G
attention mechanism module is introduced in the skip connection section to enhance the model’s perception of crack features. And
atrous spatial pyramid pooling (ASPP) and discrete wavelet transformation(DWT) are introduced. ASPP helps to capture the
characteristics of cracks by operating at multiple scales, while DWT can reduce the loss of crack spatial information during convo-
lutional pooling and preserve crack edge information. This structural design makes the network more focused on the characteris-
tics of cracks,thereby improving the accuracy of crack detection. It has been demonstrated through experiments that the accuracy
of the proposed model is better than that of advanced models such as U-Net, Segnet,and U2net. On the CFD dataset,mloU and
F1 reaches 78.51% and 0. 868 respectively. These results indicate that the proposed method can effectively improve the perfor-
mance of road crack detection.

Keywords Crack detection, U-net neural network., Depthwise separable convolutional, Attention mechanism. Spatial pyramid,
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Fig.5 Crack detection effects of different models on CFD dataset
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Fig. 6  Crack detection effects of different models on Crack500 dataset
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Table 1  Evaluation indicators of different models on CFD dataset

A mloU P R F1
U-net 69. 32 0.751 0.802 0.776

Atten-unet 72.65 0.789 0. 837 0.812
linknet 74.38 0. 805 0.843 0.824
Segnet 76.28 0.827 0. 866 0. 846
UZnet 77.21 0.84 0.876 0.858

A XA 78.51 0.851 0.881 0.868

F 2 KRB Crack500 ¥4 09 18 b

Table 2 Evaluation indicators of different models on Crack500

dataset
A mloU P R F1
U-net 73.39 0. 804 0. 836 0. 820
Atten-unet 77.62 0. 846 0.872 0. 859
linknet 78.85 0.851 0.878 0. 864
Segnet 79.74 0. 858 0. 884 0.871
UZnet 80.71 0. 864 0.891 0.877
AU A 81.24 0.873 0.897 0.885
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9.2%., M F 2 v 1, A CHE A FE Crack500 B ¥5 4 E 1Y
mloU,P.R,F1 BYEUE ¥ 5 T3 Al 5 F 80 78 12 808 48 B oA
ML 2% R fie GF, 4 TUAR AR UL IR AG U-Net 43 00 &5t 7. 85%,
6.9%,6.1%,6.5% ;5] ATER FTHLEI LLJS o 9 45 455 10 5 5 24
BEWA T O L (0BT , il 45 4% T N 56 1 A (R B, i MSD-
WBlock £l ASPP-DWT &5 #4 AT L 3k B 32 B Al 4fi 3k £
FUEEAS BHRE 97 . 3 HLRE 95 Uk /0 4 AU b Ak 2o A2 op 19 15 5,
KRETEMEFTW S MM EFE. WE S WE 217/ 317
RERE WA 5 Y, ot I AR R A HE R 3R 9 45 U-Net RE % 58 i
o 7 45 DX I, I T 5 V0 A4 BE 7 TR DA IR 4 R B A
W AER R, TER 6 5 =ATHE LB b B, Bl S5 W

A0 BTN G A AR Y Al 1R R, 5 R S 06 L A kT LA R AE L
AR SCASE R TT LA A B Hb ARG T B A0 A R . e 1 g A A
PRI /N BB 1Y S B AL
3.5 BiEHEEIAYE Bh LI

FEA SO, R — F2 5 1 Al S 50 6 R 2D kg gt i A5 TR A
AT T BAE S 4307 s AT 5T fU8E P TR U-Net W28 51
(7] 5 e A B ) 22 ol B A 60 L O 0 R PEA T LT S B X A
B SR A A WG 1145 D Bk B MISDW Block 8 | R 7 il
4 ASPP-DWT & 3 | [d] B filt & ASPP-DWT Fl MSDWBlock
P A RS ASPP-DWT #l C2G #dk, L &2 ASPP-DWT,
MSDWBIlock il C2G #iHe = H B Al 4.

7E CFD S8 4 1 04 19 fl 50 56 25 a3 3 Jir &), Jin kL = 4
e I AR L AT LA B AR ST SR 26 19 5 B R A T A 48 A
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¥ U-Net BEL43 51 A ASPP-DWT, MSDWBlock il C2G
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4.55% s M W] Ml A ASPP-DWT LAJS 23 3 Jim A MSDWBlock
M C2G BT J5 E A T RIH mloU $&F 1. 63 %, #EAH A
THOLT , C2G BT F$2 TH A AL 14 Bt T4 B 71 A1k DU 44 B T
W I JETE TR G S A T R4 U-Net M %% mloU 2 I
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Table 3 Ablation experimental results on CFD dataset

ASPP-  MSDW-

%% U-net DWT Block C2G  mloU P R F1
a N - - — 69.32 0.751 0.802 0.776
b J J — — 71.84 0.775 0.824 0.799
c J — J — 72.13 0.782 0.829 0.805
d N N 73.87 0.794 0.838 0.815
e N/ N N — 74,35 0.802 0.841 0.821
f J J — N 75.98 0.824 0.859 0.841
g Nj - N 75.14 0.821 0.853 0.837
h J J J N 78.51 0.851 0.881 0.868
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Fig. 7 Comparison of ablation experimental images in CFD dataset
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Table 4  Ablation experimental results on Crack500 dataset
%% U-net ASPP= MSDW= o0 U P R F1
DWT Block
a N — — —  73.39 0.804 0.836 0.820
b N/ N — — 74.57 0.817 0.842 0.829
c J — J — 76.76 0.835 0.863 0.849
d J — — < 77.31 0.843 0.871 0.857
e N NG NG — 79.74 0.856 0.882 0.869
f N NG — N 80.35 0.862 0.889 0.875
g N — N N 80.12 0.860 0.886 0.873
h N NG N Vv 81.24 0.873 0.897 0.885
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Fig. 8 Comparison of ablation experiment images in Crack 500 dataset
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it 75 CED (#E4E [ i#47 ASPP 5 ASPP-DWT Hith 1 &, L)
Ty 3 g A JEG At W A e A7 X6 G L SR B8 IE ASPP T A DWT
Ja S AS ARG IS B 2 5 4R T

M 5 W[ LLF H, ASPP-DWT #f tt ASPP 7 mloU, F1
SEE LA R IR BONE 9 1 T Ak Rt BE B L A
DWT J& . A E I ASPP, 45 70 X6 24 4 4155 19 4G T I 48 4, 136 B
DWT 76 Jin AR 5 , 8 38 2o sl 20 45 FH R Ak i 72 v /) 25 )
15 B0 S 38 TS Y G ARG 32

# 5 7F CFD H¥84E LX) e se

Table 5 Comparative experiments on CFD dataset
ASPP ASPP-DWT
A -
mloU F1 P R mloU F1 P R
—(a) 70. 86 0.789 0.763 0.817 71. 84 0.799 0.775 0. 824
C2G(b) 73.42 0.818 0.797 0. 840 75.98 0.841 0.824 0. 859
MSDWBIlock(c) 74.12 0. 829 0.816 0. 840 74.35 0. 821 0.802 0. 841
C2G and MSDWBlock(d) 77.19 0.861 0. 844 0.879 78.51 0. 868 0.851 0. 881
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