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[ Abstract] Crack detection is crucial to maintaining the structural safety of buildings. In recent years, convolutional neural networks
based on deep learning have provided new solutions for crack detection. However, this comes at the cost of huge computing resources,
so there are problems of poor real-time performance and low detection efficiency in practical applications. To address this problem, a
lightweight MSFC ( multi-scale dynamic fusion convolution module) based on the U-Net architecture was proposed to improve the effi-
ciency of crack segmentation. To verify the effectiveness of the proposed method, a dataset Crack2045 containing 2 045 crack images
was constructed and experiments were conducted on this dataset. The experimental results show that compared with the original U-Net
model, the model using the MSFC module reduces 78. 51% of the parameters and 63. 75% of the computational complexity while main-
taining the same accuracy. At the same time, the MSFC module has a certain degree of generalization and can be seamlessly integrated
into different semantic segmentation models. This study not only provides an efficient deep learning method for crack detection, but also
provides new possibilities for model deployment in resource-constrained environments.

[ Keywords ] deep learning; crack segmentation; U-Net; lightweight model
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Fig. 1 U-Net architecture diagram
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Fig. 2 Feature maps of different sizes of convolutional kernels
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Fig. 4 Design details of MSFC module structure
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Table 1 The dataset

Hamde  HoyRTEdE BOUHOb BoTE Hdd BIYE N
Deepcrack 537 544 x 384 912 256 x256
Concrete-crack 410 227 x227 410 256 x256
Crack723 44 5120x3840 723 256 x256
Crack2045 991 — 2045 256 x256
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Table 2 Experimental setup
TR 225 i &

CPU Intel(R) Xeon(R) CPU @ 2.00 GHz
GPU NVIDIA Tesla P100
Cuda 12.1
PyTorch 2.1.2
Python 3.10
Epoch 200
Optimizer Adam
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SE
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Table 3 Test results of models trained with

different learning rates

2 )R B/ % s ) LI %
1x10°! 80.54 79.29 68.46
1x10 2 83.82 82.23 71.97
1x1073 86.25 83.00 73.03
1x107* 83.14 81.99 71.98
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ARSI f F00 5 S
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YN W)

21 XNYlI

I XITUl Y (13)
A (13) H1: Ly, N Dice HURARKAH; 1XNY I X 0
Y Z IS RTRANEG IXUY I X FY Z )54k
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FRAE3. 4.1 F5R13. 4.2 TINZER  BEE T TN 1 x
1077 dibi K/ Ry 32,

N 4 P, Ll Bt 3 M [R) i aid 2k
PRI A A2 L5, B 52 0. SDice +0. SBCE A&
PRECI AL & . 2K U-Net YYIZEANIN R Y e AR
HMSEANE 5 R,

Y2 B9 Batch sizes &y 32, MK 1) Batch sizes
N R x 1077 #5K RECA 0. 5Dice +
0.5BCE, 7EJF 2L g [E e T X se 24K,

F4 AEBMEEFHASNFERMIKLER

Table 4 Test results of models trained with different

combinations of loss functions

K RO BEE/9%  F A% I %
0.3Dice +0. 7BCE 85.28 82.12 71.82
0.5Dice +0. 5BCE 86.25 83.00 73.03
0.7Dice +0.3BCE 84.90 82.97 72.98

T IR A de AL 2R

*5 mMMBSH
Table 5 Key hyperparameters

YR SEL fic &
|4k Batch sizes 32
i Batch sizes 1
% PR 0.5Dice +0. 5BCE

2 5] R 1x1073

4 SRR

4.1 MSFC RRAARRSEMRZASGF LK
Xf MSFC A8k AN Rl & B 2H & 0 1 DL e AT
TX s B SR (3, 5, 7].(3, 5,7,
9].[3,5,7,9, 11]%[3,5,7,9, 11, 13],
FIEHRE 6 /R, MSFC BEHCR A [F 45
B & B BRI ZE DR 4R b PP A 38 4, & BER T
(3,5,7,9, 11 | HEREHAGHEBASEIF R,
ISV E 26 wilba N ]y RN EL A |
Ao RMMT[3,5,7,9, 11, 13] BAREREHM
BN T HR AT R 0. 02%
# 6 MSFC RAARRERZAGIIGHEERNINER
Table 6 Test results of model trained with different
combinations of convolutional kernels in MSFC

e ‘g [Al _F‘ g I SEd IR
/% B/% /% 10° 10°

[3,5,7] 84.94 82.33 71.92 1.26 4017.23

(3,5,7,9] 83.66 82.56 72.39  1.45 4448.79

[3,5,7,9,11] 83.94 83.12 73.15 1.67 4968.84

[3,5,7,9,11,13] 84.41 83.17 73.13 1.93 5595.06

T LR A e A
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U-NetZ2 14 Sy Sk iff, 55 — J2 25 O 5 3 & BURL B
( standard convolutional module , BASE ) , HAh )2 73 51|
K P 0 B AU (TR R 7 B PR (DSC) (Y
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i, DSC BEHRRE b o 4 FRERAR 23 O TR JE 2 B B
FBRPA LR, B /DT S 80 M,
Ghost B HAE N PR ER RS | 8 5 2R 1t AR
HITUARFFHER, T8> S8 i i, Tied %5
BRI Z A2 Z MBS R Wb T 28
it [ I PR R T IRRIE SR IR AE

FHLERANF 7 PR, BASE B AW H T H &
SR AR FRIE SR R 7 o, 3 B 1Y A [
RF, 53 BOR A2 I L, AE 0 25 R B A 80 R A
DSC G i 73 2 4 BURAE B D T S8 it
S BT T RARCR (BRSBTS
BEARAY A IR F, 7P BOASE I L, Ghost 5 RUSEER
A AR RHIE 080 T S8 CE A
{ERTBE FBUFMERINAE A RIUIEAR T AR A
B, Tied HFWHUE L L ERRS B T2
Boae PO TR B RRAE SR IR O, (B 7E B L i
BT AT e BRI AL Y R 3% M, MSFC A5 Bl 1o 4%
B2 RIEGTUZ I TR RS I $2 T T AR E R IX BE
I3 AEVERE IR Z [ S T 841~

L35 LI 43 BT, MSFC. 88 7 A e AR AR 72 50301
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Table 7 Test results of models trained with
different convolutional module

B BER, F, 08 IR SHuEs HER/
BiH % % % 10° 10°

BASE  86.25 83.00 73.03 7.77  13710.13
DSC 81.62 81.29 70.93 1.52  3644.98
Ghost  83.49 81.13 70.82 1.12  3495.56
Tied 83.87 83.11 73.12 2.48  8274.31
MSFC  83.94 83.12 73.15 1.67  4968.84
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Fig. 6 The prediction results of models trained with different convolutional modules compared
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Table 8 Test results of models trained with different convolutional module
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Fig. 7 The comparison of feature mappings for the same test image in the network output layer

ik AR/ % Fy 38U % I e/ % SHit/10 HRE/10
FCN-8s 74.75 72.05 59.77 4.72 4 281.18
Segnet 74.07 77.12 64.77 7.07 6 103.24
BASE Res-U-net 85.95 83.17 73.24 24.52 14 502.99
Attention-U-net 83.71 82.71 72.74 7.85 13 996.61
U-net ++ 85.08 83.53 73.43 8.83 33 926. 68
FCN-8s 77.04 72.53 60.22 0.35 924.55
Segnet 75.84 77.11 64.68 0.98 1 400. 56
MSFC Res-U-net 84.05 83.12 73.12 16.27 12 708.92
Attention-U-net 85.10 82.98 72.91 1.76 5255.31
U-net ++ 85.78 83.52 73.52 2.17 15 902. 88
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