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Abstract: A model was proposed to address issues with low segmentation accuracy, leakage of tiny
cracks, and background interference in the segmentation process of concrete surface cracks. The model
combined linear guidance and mesh optimization for crack segmentation. Firstly, the backbone network
was enriched with a multi-branch linear guidance module. The network’s ability to represent the linear
structure of cracks was boosted by adaptive single-dimensional pooling. This facilitated the establishment
of connections between cracks in different areas, enhanced the capability to perceive global context data,

and improved the network's segmentation accuracy. Then, a module for mesh detail optimization is pro-
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posed, which divides the entire spatial domain into several spatial meshes through the three steps of parti-

tioning, optimization, and merging. The fine cracks’ information in the spatial meshes was extracted to

prevent the leakage of fine cracks. Finally, a mixed attention module was embedded in the skip connec-

tions of the backbone network, highlighting crack features in the two-dimensional space and channels while

also reducing background interference. On the Deepcrack537, Crack500, and CFD crack datasets, the
proposed model achieves IoU values of 77.07% , 58.96%, and 56. 55% , respectively. The F1-score val-
ues also performs well, achieving 87.05%, 74.19%, and 72. 24%, respectively. These results are signif-

icantly better than those of most existing methods, with superior segmentation accuracy.

Key words: crack image; linear guide; semantic segmentation; mesh optimization; attention mechanism
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Fig. 1 Linear Guided and Mesh Optimization Joint Network Framework

(a) HHLAL
(a) Regular pooling

(b) B &R B e AL

(b) Adaptive single-dimensional pooling

P2 oy B A A R Tt AL X L
Fig. 2 Comparison of adaptive single-dimensional pool-

ing and regular pooling
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Fig.6 Crack segmentation results of various models of

Crack500 dataset
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Tab.2 Experimental results of quantitative analysis of

Crack500 dataset

Metrics
Methods
Precision Recall Fl-score IoU
FCN'# 66.63% 65.03% 65.82% 49.06%

DeeplabV3™  70.69% 73.72% 72.17% 56.46%
SegNet™* 69.79% 74.45% 72.04% 56.30%
PSPNet*" 73.93% 71.23% 72.55% 56.93%

DeepCrack18™' 66.61% 69.56% 68.05% 51.58%

DeepCrack19™' 70.75% 70.78% 70.76% 54.75%

HRNet*" 69.32% 74.99% 72.04% 56.30%
U-Net™ 69.29% 73.73% 71.44% 55.57%
Quetal 65.40% 69.80% 67.50% /

LightCrackNet™" 75.30% 72.10% 73.70% /
FFEDN"?! 71.01% 76.96% 73.87% 58.56%
Our model 78.11% 70.64% 74.19% 58.96%
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53 8. LGMO-Net 4 It T FFEDN [ £ | 55 % 1§
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6 b iz o LA Bk O PR 25 A % IR ME R R
[l 3 ) F 1-score $8 b b BUAS 5 5 43 40, R A LG-
MO-Net 43 5] ¥ i ¥ 4E . 5 3 T M 4% U-Net M
F L A SCOT i 0 E I R 4R = 8. 8204, F1-score $2
W 2.75% , ToU 4 & 3.39% . 5 fe X AT ik
FFEDN # kb , LGMO-Net A P-4 48 b5 15 31— &
P E 42 T, HERR 42 5 7. 1%, ToU $25 0. 4%,
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Fig.7 Crack segmentation results of various models of
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TE Deepcrack537 24 4 B4 5 b, XF 2% b ) 2%
BEARY (Y 43 BN S5 R BEAT € B 73 B, 45 R AR 3 .
AT 4 B LGMO-Net 7€ Precision, Recall,
Fl-score fl ToU 4§ #5 I, 43 4l ik %] 84.61%,
89.64%,87.05% M 77.07% . 5 HAth 5 4% 5 A
AH EL, AR SC Y Recall, Fl-score #1 ToU #8 5 38
PR 2 B e X T R 4% U-Net, LGMO-Net

2 TP 48 bR AR AT B K iR B R T R RS
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Tab.3 Experimental results of quantitative analysis of

Deepcrack537 dataset

Methods Metrics
Precision Recall Fl-score IoU
FCN'# 74.95% 82.22% 78.42% 64.49%
DeeplabV3'™  82.31% 88.49% 85.29% 74.35%
SegNet'* 83.12% 87.82% 85.41% 74.53%
PSPNet * 82.67% 88.26% 85.37% 74.48%
DeepCrack18™" 82.21% 89.08% 85.51% 74.69%
DeepCrack19"  81.10% 88.45% 84.62% 73.34%
HRNet'*" 80.70% 86.88% 83.68% 71.94%
U-Net™ 81.33% 88.14% 84.60% 73.31%
Qu et al'"* 86.70% 85.00% 85.80% /
LightCrackNet™' 85.50% 87.90% 86.70% /
FFEDN* 86.73% 85.62% 86.17% 75.70%
Our model 84.61% 89.64% 87.05% 77.07%

I, & Al & | Fl-score 1 IoU 43 % 42 & 4. 02% ,
0.88% MI1.37%.
3.3.3 CFDZ 43 L5k R 5

e CFD $fi 4 b, 2485 T8 R 40 K ELYE DL 3
N EIEREROR . ik — P 50 E LGMO-Net £
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3 ED6 S g, 6 g R A& 8 BT o 7E 8 8(c)
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RE W8 5C B A0 A i 2 4 . FE IR 8(b) Y
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H . W DeepCrack18 M 4% 57 B 5% X 38 T4 , 44 1]
52 XU 4y o 24 8% . FF H U-Net, HRNet 55 & 4%

A TR B 52 X 38 K A4 4 8% T 43 n) A, 0 ) 85O R 56
WA, 1 LGMO-Net BB 75 IR B 5 148, 1 2h
SrEIH 2 sE . K S IR R EN S5 LT LLE 1

LGMO-Net A bt Al [ 28 155 78 43 R 20 R o A
Ul B A SCHE R X T 40 K S5 40 1 24 4% HLOA S I
R 3R BE 7T o

AN TEBE AL TE CFD 24 4% 50408 4 4 #1245 3 1 o
AT N 4 TR L 7E CFD B 46 |, A i
i) LGMO-Net 75 fEH & 4 [8] % F1-score fil IoU
VEM AR As b, 4r i ik B 71,070, 73.46%,
72.24% F156.55% , H A HERf 3 F 1-score 1 IoU
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Fig. 8 Crack segmentation results of various models of

CFD dataset
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Tab.4 Experimental results of quantitative analysis of

CFD dataset

Metrics
Methods o
Precision Recall F1-Score IoU
FCN'#! 54.64% 56.65% 55.63% 38.53%

DeeplabV3™  60.57% 61.67% 61.11% 44.00%
SegNet'* 61.51% 72.99% 66.76% 50.10%
PSPNet™  62.67% 74.38% 68.03% 51.54%
DeepCrack18" 70.27% 69.26% 69.76% 53.56%
DeepCrack19™ 69.95% 70.89% 70.41% 54.34%
HRNet™"  65.32% 70.95% 68.02% 51.53%
U-Net'® 67.98% 73.13% 70.46% 5
Our model  71.07% 73.46% 72.24% 56.55%

Crack500 il CFD %4 4% % 4 5 b #F 47 I Al 5L 49 .
Fr A A2 L U-Net A £ TR %% MLGM £ /R £
I3 XS BALER , MDOM 2R A% 4145 11 1k
B, MAM BB GHEE IR, R5GHT
7 Deepcrack537 £ 45 48 b 9 1 fll 95 56 25 2, U-
Net B4 Precision, Recall, F1-score 1 loU F) 45 5% 43
5 & 81.33%,88.14%,84.60% Al 73.31% ; &
i MLGM #& 3 5, 48 #r 40 51 b+ 1.19%,
0.81%,1.04% #11.57% ; ¥ i MDOM # 8 J5
& bR A L F T 4% U-Net 4351 A+ 1.21%,
0.87%,1.05% 1 1.60% ; & in MAM i  J5 |
Precision, F1l-score 1 IoU = 4> 8 #r 4> W I FF
2.97%,0.71% L K 1.07%., % 6 J& /% T 18
Crack500 £ P54 I B9 T4 ml S 06 25 R, 24 = T W 2%
U-Net I MLGM #3Ji5 |, Precision, F1-score
ToU 43 % 42 % 7.8%, 2.56% H1 3.16% ; ¥ fin
MDOM #& B J5 , 45 A5 A b U-Net 23 51 E I
3.89%,1.81% Ml 2.22% ; ¥ il MAM % 5 Ji5 |
Precision, Fl-score #1 IoU = 4~ 48 ¥ 4 5 I J
5.75%,2.00% LA &% 2.46% . CFD ¥4 4 (1914
b S B 45 A 5% 7 Fris , U-Net B il MLGM ##5 He
J& , Precision, F1-score #ll IoU 43 B #& & 2. 24 %,
0.23% 1 0.28% ; % it MDOM £ 8 Ji5 , Recall,
Fl-score il ToU & #5 #H b U-Net ™ & 4 51 [ F+
2.41%,0.15% A K% 0. 18% ; 78 IR & 13 75 1 4%
Y )i, Recall, F1-score il ToU = A~ 48 #5439 L Tt
4.29%,1.36% 1 1.64%,
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Tab.5 Deepcrack537 dataset ablation experiment results

Metrics

Methods —
Precision Recall Fl-score IoU

U-Net 81.33% 88.14% 84.60% 73.31%
U-Net+MLGM  82.52% 89.00% 85.64% 74.88%
U-Net+MDOM  82.54% 89.01% 85.65% 74.91%
U-Net+MAM  84.30% 86.35% 85.31% 74.38%

Our model 84.61% 89.64% 87.05% 77.07%

Fz6 CrackSO0HIEEEMIBLER

Tab.6 Crack500 dataset ablation experiment results

Metrics

Methods
Precision Recall Fl-score IToU

U-Net 69.29% 73.73% 71.44% 55.57%
U-Net+MLGM  77.09% 71.14% 74.00% 58.73%
U-Net+MDOM  73.18% 73.32% 73.25% 57.79%

U-Net+MAM  75.04% 71.91% 73.44% 58.03%
Our model 78.11% 70.64% 74.19% 58.96%

X7 CFDHEEHMIBLER

Tab.7 CFD dataset ablation experiment results

Metrics

Methods
Precision Recall Fl-score IoU

U-Net 67.98% 73.13% 70.46% 54.39%
U-Net+MLGM 70.22% 71.17% 70.69% 54.67%
U-Net+MDOM 66.29% 75.54% 70.61% 54.57%

U-Net+MAM  66.98% 77.42% 71.82% 56.03%
Our model 71.07% 73.46% 72.24% 56.55%

PO Ay 3 ik S 56 7 T A0 Ak &5 SR L CRZ
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Fig.9 Visualization results of ablation experiments
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Tab.8 Comparative experimental results of Deep-

crack537 dataset

R10 SHEMEIEERY
Tab.10 Number of parameters and number of floating-

point operations

Metrics
“ Precision Recall Fl-score IoU
1,0.5,0.25 84.61% 89.64% 87.05% 77.07%
1,0.75,0.5,0.25 81.36% 88.93% 84.98% 73.88%

®9 CFD HIEEMILLWLHER

Tab.9 Comparative experimental results of CFD dataset

Metrics
a
Precision Recall Fl-score IoU
1,0.5,0.25 71.07% 73.46% 72.24% 56.55%

1,0.75,0.5,0.25 65.78% 74.57% 69.90% 53.73%
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