£61% FE8H/20024F4B/HMeERBFEHE

iyt Bl B FFIHRE

3T DeepLabv 3+ % i AL % 1fn 58 4% 45 Il 54 4

RRA, hEe, TRA, AE, 20%

K RZFT R FRE, P % 710000

WE 25 R BRI IR R E R E 22— T A R b RS T AT Al 2 S o I T SR A OGSy ST B 1k 2 g RGP
HETE A IE XAy 4R — ﬁ:ﬁ&?DeepLdeSH;-ﬁ'JEﬁE%EW RO 77 % o R/ BE T S R AR S L SR
MobileNetv3 fE B R4 (1 3 T 55 fiF $2 B 45, FL7E 25 1l 25 (8] 4 5238 b AR AR B rp il ] Ghost 45 B R 35 30 46 AR, il 455 A0 T Jn
Rl oG RH 2 T I 2% B AR AR ARG & -ﬁﬁ*ﬁ ff\ Tl 43 ) 4 5 3 St Ab S B v 48 FH 4% 01 b fRASE AR 4 5 o1 2493t
b, B S 3R R B LS LR SO B R G OG X MR R G T 5 FL R, B A R B 94 A TR G 1 WL efficient channel
attention (ECA ) B8, 14 38 R A (19 2R 1A 68 1, P 1T TR 2 RRAE Bl 25 00 7= 5 R 0 4t 19 {5 2., D6 Ak 455 T80 % 284 48 1) 15501 %4
I ST AL T TR A A1 R BB e B e BRI 4 IS ) S ST Ak T S SORG TR B A I 10 ), R T AT A% 2 3T 9 I T X4 e
A2 AGRE ST o 7&% R W L T B R T 4 G RS R 2 R0 AV S 14, 53 MIB, B J5URE #0250 B U /b 93. 04 %5, - 2 it 3 55
B 47,18, T K ARG I A LR 5 R RS B O T, AR R S A G T 45 SR B A2 T EL R F LA A ) R 57. 21 % A T72. 76 %t T 4
i) DeepLabv3—+ . PSPNet, U-Net # %1 1 5 #F ) FPBHN \ACNet £ 6 81 fF 45 J7 1 Al R eyl /AR 0 2 80 B, 76 47 9IE 1%
T 2 2 G IS R 014 [) o i S R A R T o S0 T A o R G B LAt

KR EURAHL; B AR B L El; DeepLabv3t; b KA

mESEE U418.6;TP391.4 XHERER A DOI: 10.3788/LOP231323

Lightweight Pavement Crack Detection Model Based on DeepLabv3+

Xia Xiaohua', Su Jiangong, Wang Yaoyao, Liu Yang, Li Mingzhen
College of Engineering Machinery, Chang’an University, Xi’an 710000, Shaanxi, China

Abstract Cracks are one of the main road surface diseases, and timely and effective crack detection and evaluation are crucial
for road maintenance. To achieve fast and accurate semantic segmentation of road crack images, a road crack detection method
based on the Deeplabv3+ model is proposed. To reduce the number of model parameters and improve inference speed,
MobileNetv3 is used as the model’s backbone feature extraction network, and Ghost convolution is used instead of ordinary
convolution in the atrous spatial pyramid pooling module to make the model lightweight. To avoid degrading model accuracy
by replacing the backbone network, the following measures are adopted. First, a strip pooling module is used in the atrous
spatial pyramid pooling module to effectively capture the contextual information of crack structures while avoiding interference
from irrelevant regional noise. Second, a lightweight channel attention mechanism, the effective channel attention (ECA)
module, is introduced to enhance the feature expression ability, and a shallow feature fusion structure is designed to enrich the
image’s detailed information, optimizing the model’s crack recognition effect. Finally, a mixed loss function is proposed to
address the issue of low detection accuracy caused by imbalanced categories in the crack dataset, and transfer learning training
is used to improve the model’s generalization ability. The experimental results show that the proposed road crack detection
model’s parameters are only 14. 53 MB, which is 93. 04 % less than the original model parameters, and the average frame rate
reaches 47. 18, meeting the requirements of real-time detection. In terms of accuracy, the intersection to union ratio and F1
value of this model’s crack detection results are 57.21% and 72.76%, respectively, which are superior to classic
Deeplabv3+, PSPNet, and U-Net models, as well as advanced FPBHN, ACNet, and other models. The proposed method
can significantly reduce the number of model parameters while maintaining road crack detection accuracy and meeting real-time
requirements, thus laying the foundation for online detection of road cracks based on semantic segmentation.
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Fig. 5 Schematic diagram of the network structure of the strip pooling module. (a) Input feature map; (b) (¢) pooling feature maps;

(d)(e) expand feature maps; (f) fusion feature map; (g) output feature map
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W 2% Xception 2 4t Ay % 5 94 (1) MobileNetv3 , ASPP #4
B v i 5 4 R Ghost 35 R 0 1 L R R
KA 5] A ECA TR S BLH 331 2 FR1E

Nop il 5 45 A8 TR AL) 35 VR G 00K BRBCERVE I A RO L B 6

R = S N N ) Ry RS, SR B BT K

~ Np ( RS R o Ee A4S R, T % 1 A% 48 DeepLabv3—+

Rprsison = Npp+ Nip > LY S0 25 AR
Fd IHRLIIR AR
Table 4 Results of ablation experiment
Plan MobileNetv3,Ghost BCE+Dice SPM  ECA SFF Ry /% Ry /% R /% F1/%  FPS  Params /MB

1 56. 47 74. 47 70.03  72.18  21.48 208. 70
2 N/ 55.73 73.99 69.31  71.57 57.74 14.32
3 NG NG 56. 57 68.91 75.95  72.26 57.74 14.32
4 N N N 56. 84 69.95 75.20  72.48  52.20 14. 46
5 NG NG NG NG 57.00 70. 50 74.87  72.62  50.22 14. 46
6 NG N N NG V5721 70. 60 75.09  72.76 47.18 14.53

M2 4 8 A osE 5 a5 B oeT A, M TR S
DeepLabv3-+, /% 2 By 24 it /) 194. 38 MB, 71
it % £ A+ 36. 26, % W #1448 DeepLabv3-+ 51 Al iy
Xception & 1 4§ fiE $2& B K 2% 2 o4 3 2 5 %0
MobileNetv3 ¥ ASPP £ e rr i) 3 % FL 2k iy Ghost

A FURT W] 0 U N BT S R D R v R T A
. 5% 6 M T4 4 DeepLabv3+F % 2.3 .4 &
JESTEACII FUE T m A A, H Itk %
DeepLabv3-+ ) Z % & W /b 194.17 MB, W >
93.04% , V- WiH £ 25. 7,30 1. 20 1% , 3 B F $2 5
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5.3.2 R B AL M A 5 5 AT

g ik — 5 56 3E Mk Deeplabv 3+ 7Y () % 1f 24 4%
KW B8, B T 4R B A 5 FPHBN'Y | CNNs'™ Al
ACNet ™ # B P47 o4 . FPHBN & — F OB 8 (14 19 2%
RSB, L DURR AR 4 85 09 05 =0F R Ui B AR
FIAR AR AR, T % 1 248 R, 7E AN [R) B0 4R 1
PIWAR T b R D R s CNINs A R A7 2 i) 2L 48 1
DA RS RS HLR R AN B 4% IR R S5 kg rh iz
17 s ACNet J& — B S5 3F 1) 35k 1 5 1 BIL I 1) 24 5% A5
B ARY A T AR G KR

SRk [23-24 ] H 42 44t T FPHBN . CNNs fil ACNet
B AE CRACKS00 B4 48 - 28 % 45 0RS B 1) 52 40 25
S N L R A 0% K B N Ak 3 5 XS A B
e — 8, X B SR S Bk . B SR, TR

£ 61EFE8H/2024 £ 4 B/BAENEBEFZHE
TrEERR I B R FLE M 35 45 05 A 1R K
B A, U B ELAT R G A R DR

#5 7E CRACKS00 £ 45 £ b FAS [R)455 700 7y ) 3 235 28 He A
Table 5

Comparison of test results using different models on

the CRACKS500 dataset unit: %
Model Ry R, ccision R, F1
FPHBN 54.51 71. 23 71.65 70. 56
CNNs 52.61 69. 54 67. 44 68.95
ACNet 54.92 68.05 74.89 69.82
Proposed method 57.21 70. 60 75. 09 72.76

K M5 AW 5% A A Ry £ 4 4R I 2 ik Ok
% ML i) DeepLabv3-+ . M-PSPNet ( F + K 2% &
MobileNetv2) . R-PSPNet ( F T M 4% iy ResNet50) Fl
U-Net & B4 1 25, IF 5 B $& J7 e i A7 LA, o L 2%
I 6,

F 6 PRI A S S R SO AR R A A SR R

Table 6 Comparison of test results between the proposed method and different semantic segmentation models

Model backbone Ry /% R, wion /T8 R../% F1/% FPS Params /MB
Traditional DeeplLabv3-+- Xception 56. 47 74. 47 70.03 72.18 21.48 208.70
M-PSPNet MobileNetv2 53. 86 73.48 66. 86 70.01 86. 82 9.06
R-PSPNet ResNet50 55. 37 71.74 70. 81 71.27 47.09 178.17
U-Net VGG16 55.59 71.22 71.70 71.50 26.91 94.95
Proposed method MobileNetv3 57.21 70. 60 75.09 72.76 47.18 14.53

WS 6 1] J 2 I 3 7 R A B T A% S8 DeepLabv3+ |
R-PSPNet F1 U-Net £ %Y, #% 1A & 4% A5 0 19 5 - bk 433l
P 0. 74 43 a5 1. 84 H 43 A5 AN 1. 62 F 43 a5, F1 70 8k
A3 I3 0. 58 TT 43 A 1. 49 T3 43 AU FN 1. 26 19 43 55 5 4
R 2 80 B 4y 908/ 194,17 MB. 163. 64 MB A
80. 42 MB ; 3 4 i 2 43 51| $2 5 25.7.0. 09 1 20. 27,
ST $2 J5 7% 5 M-PSPNet 5 %1 A e, 2 80 34 5. 47
MB, #0239, 64, M-PSPNet 5 % i %0 % [ i
P& 5 v AH R UGB RS B2 AR, AR LR FL 43
B L A% 48 DeepLabv3-+ i AIK, K I AL A4 . (A5 13
B, T T TR T — B o A RO B B = i
6] %, &% F 14 4t DeepLabv3+ . M-PSPNet, R-PSPNet
N U-Net 188 8, o 32 3 0 AR 3. 87 A 43 18 .2.88 A
Ay 1L 14 4y R 0. 62 T 43 A, A3 ] 3R Ay iR
5.06 F 4r 5. 8. 23 H 48 f 4.28 [ 43 A5 F0 3,39 | 41
Mo AR A A R T AR A, 24k e ) R
T A ) TR A R

25 LTIk T B O Ik R A AR T B TR 2 AR 1 A
ki, M8 T £ i (9 DeepLabv3+ . M-PSPNet , R-
PSPNet Jt U-Net 5 B 8 w52 I LL A FL1 40 %0, B
SR BT 42 7 1 1Y 2 0 BT B R IR 4R AR AN K M-
PSPNet #i#1  {HH DL 57.21% By 38 3 1k . 72. 76 % 1Y
F1r%%.14.53 MB 1) Z %0t F 47, 18 19 °F- 2 i R 7E

PRTIE % TA1 224 S5 G RS 32 1) T) R 3 A2 S e ) 225K, B
5 e A0 A G DN A% S, L AT A 50EE R BH B2 Ol BEAR b D
BEESEER RN T, AR ek, Lk
H R R S 56 B T T B O R A R
5.3.3 R REBEA A ) Bl 4% 69 T ALAL 2 R ATk

T3 5 5 R TR A FAR AL (%) n] WAk AR an
(& 8 Jr s, ] Hf 20 48, S 28 HE DX Sk T A DX B, 20 68 1
2 07 HE XN TR A X 35k . M IE] 8 28 1 AT AN SR 247 1l LA
By, Y BG4 T O HL T A D i X 5 RS R 1
FE T b ARG U ) BB 0 PRI I AN i il R rh
HE M AL R AN /N N8 E W B A7 A A TP, &
BEAUAG I &5 AT B K22 . 18 85 347, i T Mg
) 24 e X LA UL A5 A AR R BT AN [ R 0 e
¥, Hirh ,M-PSPNet.R-PSPNet } U-Net I ¥ 8 2 ™
&M TR A D BR 2 R B A A0 Y L K
M 4523 5 ground truth ML . Bl 855 417 ,M-PSPNet
1 R-PSPNet i ki 5 2, 46 ) 4 4% R i 22, Hop M-
PSPNet I ¥ ft £ , 1% 4t DeepLabv3-+ U-Net fll fif #2
IR RK , U-Net IR K 30 ™ 5, T r ik A — a2
R RE 0 A, (B A U 25 5 ground truth S AH B
R 244 T L. NI 85 5~6 T T LIE
S B 5 A ) 24 A 40 0 fF B 5 L 5 ground truth
1) B A R B A R, SR A RE S (R R L 4 11 S L
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@) (b) © (@ © ) ®

B8 5 AL A ] AL 25 R . () % 5 (b) ground truth; (¢)f£4E Deeplabv3+;(d) M-PSPNet; (e) R-PSPNet; (f) U-Net;
(@) Fr i i
Fig. 8 Visualized results of 5 models. (a) Original images; (b) ground truth; (c) traditional DeepLabv3+ ; (d) M-PSPNet;
(e) R-PSPNet; (f) U-Net; (g) proposed method
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