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A Variable—scale VS—UNet Model for Road Crack Detection
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Abstract: Existing image segmentation algorithms face challenges related to low detection accuracy and a lack
of specificity in crack detection. To address these challenges, this paper proposes an extended LG—Block module
Extend-LG Block, which leverages a multi-scale feature fusion method. This module consists of multiple parallel
dilated convolutions with different expansion rates. The number of branches and the expansion rate of dilated

convolutions can be adjusted by parameters to change the size of its receptive field, and then extract and fuse crack
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features of different scales. By comparing the advantages and disadvantages of the network using a multi-scale
feature fusion module in the deep layer and the network using a fixed scale structure for multi—scale feature fusion, a
U-Net model with a variable scale structure named VS—UNet is proposed. The basic convolution Block in the UNet
network is replaced by multiple Extend-LG blocks with different parameters. This structure performs multi-scale
feature fusion in the shallow layer of the network, and the scale extracted by the multi-scale feature fusion module
gradually decreases with the deepening of the network layer. This structure not only strengthens the detail feature
extraction ability of the image while maintaining the original abstract feature extraction ability but also avoids the
problem of increasing network parameters caused by the increase of convolution. Experiments are carried out on the
DeepCrack dataset and CFD dataset. The results show that compared with the other two structures and methods, the
proposed network with variable scale structure has higher detection accuracy and better segmentation effect for
cracks of various sizes in visual experimental comparison. Finally, compared with other image segmentation

algorithms, all indicators are improved to a certain extent compared with UNet, which proves the effectiveness of the

improved network.
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FIFRROCR RO 23 IS4 VS-UNet 4 L T n=
2 i) Extend-LG Block , 7E F1 385 [ 55 11 0.56% , H 5%
16 F 865 FUS KT n=4,n=3 B9 M0, (H 2 S B
SARF A LA 73 fE CFD Bl bl LUK 31,
VS-UNet K F, #§ #5 [t n=4 B Extend-LG Block {5 H!
2.43% ¥ Extend-LG Block, kb n=3 & tH 1.5%, kb n=
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2 %5t 2.43%. 11 7 #) Extend-LG Block n=3 f& %I ¢
DeepCrack [ ff; T VS-UNet ifif VS-UNet 7£ CFD %4 #i&
££ EHEF Extend=LG Block, 3X J& Ry CFD $ 5 4 £
A/ NBLEE | R T ) 45 RS2 BT 1 ok 0 A ) 2%
1F BEOCTE T4 SR R AIE , DTN /N 44 1) 4 1) 380 8 7
AT AR

R 2 FRAAREZHA Extend-LG Block LG XF LL 45 R
Tab.2 Comparison results of Extend-LG Block

experiments with different parameters

Parameters/

EACE S Jrik n Pl% RI% F/% .

Extend-LG Block 4 88.58 79.19 83.62 51.03

Extend-LG Block 3 87.95 80.87 84.26 42.51
DeepCrack

Extend-LG Block 2 87.61 77.38 82.18 33.99

VS—UNet — 88.06 78.02 82.74 28.13

Extend-LG Block 4 78.14 63.81 70.25 51.03
Extend-LG Block 3 78.29 65.25 71.18 42.51
Extend-LG Block 2 81.86 61.60 70.30 33.99

VS-UNet — 82.71 64.83 72.68 28.13

CFD

b gE R R 50 Extend-LG Block R 1]
DA T I 28 (R AR 4 BUBOR |, (L 3k 22 18 i RUBE 254t
75 19X 8% A 1) 4 Jmy R AT, AR T D) 48 1) 3 B 2SR I 14
T 28 Z:H5a 00 2% AR AR RUBE S g K L [T
5% I 2 R Y Extend-LG Block B M 2541 L, A%
JURE G546 11 T 48 A7 B8 /NS 880aE (Y [RL B T 4t/
SRR T FIRCR B 4F
25 RATRESRESEREEBE HAHMEIT L

Sk B AR SCHRE M AR AR R S48 A A R AR
3BT T P M 4% 5 VS—UNet #:47 %F LE . ASPP-
UNet R 7 gt i 5 i 5 4% Z [N AFF47 2 ROERHE
Filt G ALY UNet (2% 4 2 i 25 5 A L 85 2 TR] 1Y)
W3 R PR H B i ASPP AR HL FS—UNet(Fixed scale—
UNet) 4 2% FH [ 28 RUBE 2544 1Y UNet 2%, 5 LA
G FE S LG Block.

SRR ) 22 IR HRRAE $ BT 32 16 D 2 %of L 4%
W 3 TR, 76 PAEAR AT RABARAGXT L |, 3 Fh 2 U
W28 S AEAN RV B 4R L A RS WiAELR & PR
br5 RAGFREY F 48RO XT L b, AR SCHE H Y VS-
UNet 75 WA~ F0 48 45 h UG =& Z b e (8 . 7E
DeepCrack %04 4€ ", VS—UNet B9 F, #8 b Eb ASPP-
UNet 5 FS—-UNet 43 51| & i 3.68%, 2.34%. 7E CFD %k
5 4, VS-UNet 19 F, 45 #5 tb ASPP-UNet 5 FS-
UNet 7351 5 i 1.20%, 3.51%. fE S B % |, VS-

UNet [t ASPP-UNet /= 1.02 M, It FS—UNet 1% 3.24 M.

ARSCHRE HH A AR RURE 235 R A LA RGN PR 8RB
THAWPIRN T TES B L b4 i ] ASPP £
B9 UNet [ 2% , £ [ 7 ROBE 25 #4919 UNet [
2 SRR AR SR W] AR SCHR Y AR R 25 i AT
Rtk

R3 RATEZ REFERRAENMEILLER
Tab.3 Comparison results using different Multi—Scale

feature extraction methods

LUEIIE S TR Pl%  RI%  F,/% Parameters/M
ASPP-UNet  90.06 7045  79.06 27.11
DeepCrack ~ FS-UNet ~ 91.37 7178 80.40 31.37
VS-UNet  88.06 78.02 82.74 28.13
ASPP-UNet  78.02 6595 71.48 27.11
CFD FS-UNet 8072 60.51 69.17 31.37
VS-UNet 8271 64.83 72.68 28.13

2.6 AL HT

) 26 73 0 235 SR 118 T R A 2 30 I B AR A Ak
B i 18 2 — , A F5 X} UNet , ASPP-UNet , FS—UNet L)
S VS=UNet 73l 047 SE 50, 4 S 0 45 2R 047 ) A Ak
XF L

1E DeepCrack E 4 4 LA S CFD g 4 i ml i
X LA SR an & 12 frow 38 a5 A0 A 6 T L
RIN,K 2 REERHE SR BUT 55011 UNet I 28 7E
L8 1 58 B R R T UNet W 2% . 78 25 — 51
1, ASPP-UNet 15 VS—UNet 2] 52 52 /35 1 2045 (045
ZFrh, ASPP-UNet L T #5559 1R K %, FS-UNet
TESBEN 00 B LR B 22 76 CFD Bl 4 v,
VS—UNet X} T 2 /N 24 8% 73 50 280 8 A8 T 3L Ath v F
ik,

i AR 2B AT, VS—-UNet X F K /N2 4%
FLAT B0 00 o3 B % T 2448 4 B o8 3 A
FHAI LRI
27 SHEHMMEERRTLE

Ry it — 2 B E AR SO 45 I AL i, 5 SegNet N
%% DeepCrack W 453/ RCF [’ 2512 | UNet W 4% JE 47
X H, LR 45 BN 3R 4 T 7R . 7E DeepCrack 3R,
ASCHEH ) VS-UNet #H# T LR JLA M 4%, 78 F, 48
b b 8 5 5.7% . 28.2% 17.5% .15.4%. 1 CFD %{
PR By b 2, VS=UNet HH5 T ik JLAS R 48 75
F138%5 b2 94 5 23.2% .19.7% .27.5% .17.8%.

FRAE AR XT AT RAGIE B AR SCHE Y VS—UNet X 4%
TEZLAERIN 00T HA LA [R]SE 1Y R 2%
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Fig. 12 Visual analysis and comparison results

F4 SHMMEERIXLE

Tab.4 Comparison with other network models

Rl ! PI% RI% F %
SegNet'®! 73.2 81.2 77.0
DeepCrack! 2 53.5 55.5 545
DeepCrack RCF'% 60.1 71.3 65.2
UNet'®! 64.2 70.6 67.3
VS-UNet 88.0 78.0 82.7
SegNet'*! 42.0 60.2 495
DeepCrack !> 46.7 61.5 53.0
CFD RCF"¢] 415 49.5 452
UNet'®! 61.7 54.9 54.9
VS-UNet 82.7 64.8 727
3 &it

A SCEE X H AT B 53 5 R 25 47 A 1Y ) 8, X
UNet 25 Z5 A AT RCatE , 751 DL R A9 2518 -

DARSCE 4 B — A R 17 LG-Block 5, fifi
FH 253 S A5 AR IR AT 1) 40 SC 45 ), 15 AR L 11y
JEAZ T B IR SR RUBE . LR — A R

S5 F Y U-Net B AY 2 45584 th 2 1 38 5 19 LG-
Block #5841 i, AH#Z T U-Net 45 5 K (19 1% 32 BF
Xof G 1) o BRI TG

2) K 78 R S5 Ae) T A7 R0 4 R B R AIE A
AR AT LS5 H, VS—UNet AT A5 250 431 H K/
AR 288E 5 HAD LA PSR B IR T X L, S5 R 3%
B VS—UNet #1557 = i) F1-Score , Jo7E DeepCrack %
i 4R UL B CFD 2dim 48 3 i 4 UNet B2 71 15.4% , ik
XS T 2888 1Y 0 BISOR B4

H BT 2 I AL AR 32, AT AR v ) 2%
(943 FIBOR AT LI I 28 btk i) R — 2B WF 9 sl
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