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Abstract: To establish a type of pavement crack detection model based on deep learning convolutional neural
network for improving the recognition accuracy for special pavement cracks (e.g., fuzzy crack and light-
colored crack ), the pavement crack detection method based on deep convolution generative adversarial

network (DCGAN) preprocessing and residual dense attention network (RDAN) was proposed. In the data
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preprocessing module, guided by the adversarial learning concept, the method preserves high-resolution crack
features while suppressing the influence of background noise. The fuzzy cracks can be enhanced to clear
cracks. The light-colored cracks can be reconstructed to dark cracks. The training and recognition effect of
subsequent models can be improved. In the model training module, a wholly new RDAN for pavement crack
recognition was proposed, which was developed through the fusion and improvement of traditional ResNet and
DenseNet structures. The layer-to-layer characteristics transfer was synchronized between the element
dimension and channel dimension to improve the degradation problem during training of deep convolutional
neural networks. The adaptive feature optimization was realized in 2 dimensions of space and channel by
introducing the convolutional block attention module to further improve the crack feature extraction ability and
suppress the background noise interference in the actual complex road background. The result indicates that
the pavement crack recognition method based on DCGAN preprocessing and residual dense attention network
has achieved the optimal recognition effect on the CiCS50000 real engineering dataset and multiple public
datasets. The accuracy, precision, recall rate and Dice coefficient of the CiCS50000 dataset reach 97. 51%,
87.05%, 83.36%, 81. 02 respectively.
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Fig. 2 Deep convolution generative adversarial network
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Tab.4 Recognition effect indicators of different models on
CiCS50000 dataset

o PR e mma mma D

M B4

ResNet34"%] 81.33 0.9710 0.8248 0.8076 0.7483
ResNet50!*" 90.14 0.9699 0.8068 0.8158 0.743 6
ResNet1011* 162.85 0.9703 0.8236 0.8091 0.750 0
U-Net[ 2] 18.08 0.9693 0.7460 0.823 8 0.705 8

Pyramid Residual
7.69 0.9650 0.668 1 0.8051 0.6245

Network 12!

ConvNet[2"] 6.40 0.8740 0.4670 0.7941 0.424 1
CrackForest!!*] —  0.7667 0.1575 0.6653 0.101 1
DenseNet-Small '’ 8.83 0.9701 0.8253 0.7843 0.729 3
DenseNet-Res-Small 9.93 0.9712 0.8425 0.7953 0.749 9
AW 1 RDAN-

Sl 10.01 0.9712 0.8538 0.8018 0.763 8

DenseNet-Medium| ') 11.43 0.9710 0.8252 0.8065 0.748 7
DenseNet-Res-Medium ~ 12.93  0.9715 0.840 1 0.8132 0.766 0

AWFFEHEH A RDAN-
13.02 0.9732 0.8561 0.8218 0.7815

Medium
DenseNet-Large "’ 27.12 0.9730 0.8441 0.8296 0.7829
DenseNet-Res-Large 31.57 0.9721 0.8540 0.8211 0.780 1
AHF 5T H ) RDAN-

31.72 0.9735 0.8681 0.8271 0.7930
Large

MRS 25 R FH , A FT BT H A RDAN-Large
FEALAE CiCS50000 SEPr T AR ER IR 4E [, /A8 T &
MITERR R 97. 35% , f 5 RS i % 86. 81% VA Kt 15
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SIS 3 4%

(¥ Dice FHBL AL 79. 30%, [RIBS-LARAIE T 45 w5 1 43 ol
., XL R — B EE TS RDAN R I 5% 22 9% 48 % 4%
1 CBAM BT 5 L0 8 b5 al LA Hh, X T ARXS
HRER M 2% (RDAN-Small il RDAN-Medium) , 7F
WINT AR 2B LS CBAM B )5, TERTIR
A R EAREAS T B a5 T, ZRG 845 Dice A
WUREGT T T 3.45% F1 3.28% ; T * TH R 2
WHIRIZ (RDAN-Large) , K5H0R Wk 84. 41% 42T
5 86. 81%, ZED 454K Dice MM REARTI T 1.01%,

I X AN [ VR B I 2 ) i e FE A, ASBIESE K
PR IR Small R 19 DenseNet R4 760 AR5
JITHE 5% 25 B FE FE 2 A CBAM R Z )5, RS B
Fl Dice ML REC &M T I 4H Medium ¥ B 1Y
DenseNet 2% . [AJFEXT T Medium ¥R JE /) DenseNet
B2, FENNAASHIF ST 52 Y 1Y 5k 22 %% 4 7 452 F1 CBAM
B2 J5, K0 EE R Dice AHAML 2R B35 34200 )5 4f
Large VR I DenseNet 25 i) 7K é%J:FﬁJLR, PN
FEI% RDAN £ 1) e 2F 45 JiL 4R DenseNet 28 7E 44
TRAYJZ U R AT 3k 21 B3 i It an BE R 2 Uk 0 265 1 U3
ROR, RIS 4 2 50 B0 R Z 988
3.1.2 7£ CFD 2 FF#i#E&E T3 it Ie

AWEFELE CFD 22 I B 4R b I A a4 45
R, T CFD 34l 8 R 118 sRIEMR, PRIAF 5
KM 5 g IGUEIN T 1% . BB 55 700 5 43,
FEOCEI 4 VRN RS UELE , 1 O AEIL4E, I
ZRfE | BRI AR Lo 7 2 1 s 2, R e
G3R 82, 12, 24, FeZAREYTINILAE 145 RO
¥, NGt #Ed, BatchSize % & K 16, HEHIIL)
2200 %, WA ABCE K 0.000 1, £ 50 F i
10 1, fehm, Pkade th I F e PR sSCR R AT %) L 23
Mr, iR 5 PR,

x5 AREEETE CFD #HiEE LHIRANRIER
Tab.5 Recognition effect indicators of different models on

CFD dataset

R WERR R AR Dice REX
CrackForest 0.9418 0.8538 0.8711 0.8387
ConvNet 0.9228 0.8547 0.7333 0.7830
FPHBN 0.7086 0.3826 0.9126 0.5253
Pyramid Residual Network 0.9619 0.9414 0.8655 0.8948
AWFFTHEH A RDAN-Small ~ 0.951 1 0.9075 0.8476 0.869 4
ABFFE 4R H 9 RDAN-Medium 0.956 2 0.9254 0.8570 0.884 4
ARG B9 RDAN-Large  0.961 4 0.9322 0.8714 0.894 6

1E CFD AR SE b, ARBF5E T4 11 1) RDAN-
Large [ 4% 76 K5 1 3R L W& Ik T Feng ' 2 1 Y

Pyramid Residual Network, Tfi7E A [B1358 10§ 55 T % 9
2%, WERH R Dice AL R BOIEA S, X EH T
CFD Hdla i i FUR s 1 o LA T b, BEA K
ZWEFE T, MEERRIEA X B, DR 25 4 AH
X 1 B 190 2% L RE 8 U AN B B RICR .
3.1.3 7 AigleRN A FFEEE Fit T3t tbid e

ARBFFEAE AigleRN 22 TR 4R b, X4 AR
PEATUIZR U, rh T2 8000 4R 16 R B R R B 2
EILHA 38 5K, INIABT TR 5 3 s gk Al
Zx, MKD7 3, R B RS 5 0y, BRI 4
PYEIIZRAEFNSGIESE , 1 M EIASE, IIZRdE | Sk
LR LB 7 1 2, B S518 26,
4, 8, wZXRTIENAE B ARG, YRl R
o BT EKREME R SRR, ARBF5E% BatchSize %
1, WIERE S N 0.000 1, Y2 200 4> epoch,
50 F87 o AIEIE 10 777, PRt Hh A4 B AR piAL
KA, WK 6 FiR,

F 6 AEEBE AigleRN #iEE& AR BIBRIER

Tab. 6 Recognition effect indicators of different models on

AIGLERN dataset

R W KR ARE Dice REL
CrackForest 0.7207 0.4575 0.9110 0.5497
ConvNet 0.8439 0.5617 0.5256 0.5349
FPHBN 0.8741 0.4404 0.5308 0.4535
Pyramid Residual Network 0.9204 0.7427 0.8486 0.7369
AWFFEHEH 9 RDAN-Small ~ 0.9398 0.8076 0.7413 0.7280
AHWFFEHEH 9 RDAN-Medium 0.955 1 0.8757 0.7480 0.765 4
AWFFEAEH ) RDAN-Large  0.9559 0.8945 0.7433 0.779 9

ARWFFEHE ) RDAN-Large 1 HU3RAS T f e A UE
1% 95. 59% , = RS TR 89. 45% J I 1= 11 Dice
AL ZREL 77. 99% , BERE MIZGEE INGE, RS $2
THSCR M B BETAE AigleRN B 42 1 HUS T &%
IR
3.1.4 7£ CRACK500 ~Fr#i#Es Lt 17Xt bbik e

AWFFEAESR H B CRACKS00 23 JF 84 4 F X 4%
ARV ISR, 4% ] Yang 55 V'R, X
500 FRENRFATEEY, Wk EEERITAL 16 N AES
HIEMR I, R AR AE 1 000 1323 DL - 2EE0
Xk, YIZREEH 1 896 sKRIEMGH I, SiEAR 348 7K
U AL, WM sEf 1 124 SRS AL, VIZRd 72
i1, ¥ BatchSize %4 16, ¥R 241K B4 0.000 1,
Y% 200 4~ epoch, 50 F&op 2] B 10 £, Phik
IR AR RO AT 0T, anak 7 R,

AT T H B9 RDAN-Large FRIARAS T ¢ = Y
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T o5R, 5. T DCGAN FilAh B 22 2 F2 73 T 77 W 265 1) 3 T S e 03]y ik 19

TR 95.47% , f5c = IO R 1 5% 84. 73% J¢ de 5 1)
Dice ML FREL 83. 17% , AHI T HAB T 2K 3L, AF
FEHE Y RDAN 9 £ T A0 5G 132 512 T 2 4% 46 00 11 45
JE, [RIREREE P25 iR, $2 THA R B, T
7E CRACKS500 ¥l EHUS T fdrRIRCR

®7 A E#HEE CRACKS00 B % E ARSI RigtR
Tab.7 Recognition effect indicators of different models on

CRACKS500 dataset

A HEFR R HPR Dice AYK
CrackForest 0.2303 0.1849 0.9957 0.2907
ConvNet 0.8997 0.7119 0.609 6 0.600 3
FPHBN 0.9078 0.6178 0.9519 0.7305

Pyramid Residual Network 0.9429 0.8077 0.8014 0.7721
WS # RDAN-Small ~ 0.9505 0.8302 0.8454 0.8175
AWFFEHE ) RDAN-Medium 0.9523  0.8314 0.8566 0.8254
ARSI E) RDAN-Large  0.9547 0.8473 0.8511 0.8317

3.1.5 ZXil&MikitE

ANTRVESHE 4R 22 18] 1) 6 18 75 S5 R L B8 R IR 34 A
ANTE], SR T S0 4 TR b 50 R AR 5 i 4 S B T
FEBHESE CiCS50000 (A R Kz Bs 45 Ll 2k
Rz AE 1, F&T RDAN-Large 453501 T ANIA]
AR Z I LY AR, i, (1) 7%
CiCS50000 ZAERFEEREE FillZ:, 16 3 NATFEE
#£ CFD, AigleRN, CRACK500 Fiif; (2) 783 4
INTFEUESE CFD, AigleRN, CRACKS00 Fill%:, 7&
CiCS50000 24 4% K5 15 %l 4& B ik; (3) 7E
CiCS50000 24 4% H5 16 Ko dls 4 b Byl Zhii iy, 4y 5 4
CFD, AigleRN, CRACKS00 %#E4E [ k47 3% 40 2k
i ; (4) £ CFD, AigleRN, CRACKS500 %i#i 5
VIR AL 7E CiCS50000 2245 45 16 B 4 |- ik
AR YNGRt g s Rk 8 Fin .,

R8 FRAHMFEEZIINZG, MWLER

Tab.8 Cross-training and testing results of different dataset

Pl tilline S HIZIES i RS FEJIES Dice Z%(
CiCS50000 CFD 0.9329 0.9459 0.700 7 0.779 3
CiCS50000 AigleRN 0.958 8 0.885 1 0.782 6 0.792 1
CiCS50000 CRACKS00 0.859 7 0.990 8 0.061 5 0.084 5
CFD CiCS50000 0.793 0 0.041 8 0.5538 0.027 6
AigleRN CiCS50000 0.916 0 0.198 0 0.519 4 0.064 6
CRACKS500 CiCS50000 0.744 1 0.070 3 0.627 2 0.059 6
CiCS50000+CFD CFD 0.968 7 0. 930 0.913 3 0.916 8
CiCS50000+AigleRN AigleRN 0.974 8 0.933 4 0.8737 0.884 9
CiCS50000+CRACKS00 CRACKS00 0.956 2 0.8515 0.850 7 0.829 1
CFD+CiCS50000 CiCS50000 0.9723 0.834 9 0.849 5 0.789 5
AigleRN+CiCS50000 CiCS50000 0.972 2 0.829 8 0.841 1 0.779 6
CRACKS500+CiCS50000 CiCS50000 0.973 0 0.847 8 0.837 1 0.788 4

Al AR CiCS50000 2448 M5 15 B0 £ L Il 2 i A
R, A7 AigleRN B4 45 BRI AR 112 163K
W MifE CFD 5 CRACKS00 $#li4E b, Mz iy
RE AL A A BRI Dice FHRLE; 2z, XFFFE
CFD, AigleRN, CRACK500 I Il 2k Y #5580, 7&
CiCS50000 2L4EN5 B B4R L B EATR I, 25 1idg
FRFIREARAS . 33X Ud B T A I0F 5 5 B 4% 4> 254l 4 1A
G E L R AR, BAT X E, E— 54 -
Wk, BT —ABURE BTk, xE LIRS
AR B LRGSR

I #E CiCS50000 %4 48K 15 £ 48 4 b E47 Tl 25
J&, P 3 A TEE S B T ORI 2R,
B 7 A A0 55 g ik 45 R, R AE CFD 5
AigleRN AT I, BRSEPRMI LR 5 FiZk 6

BRI EE R, WS T iR, Ml T3
ANANTPBIRAE 5 CiCS50000 2L 4% 45 15 K iin 5 40 L &
BECER D, RILEA B B0 s, P
AHIEFE ) CiCS50000 24 4% K5 & %4 42 1k AR,
PETHRCR I A
3.2 EITIME ARG

(1) DCGAN TiiAh3 Jim Xt T AN [ 455 8 {1 3k SR
PETHXF H A5

ARG AE CICS50000 54 4 b5 it % H i 56
TSl I 2 b 0 A B BT RO 4% ) A BB TR X
CiCS50000 5 ds S sAARPE AT kb 3, SR )5 {d H LA AL
FEAFH CNN #EAT %R, sk 9 Fios, AWFsEfEfl
JH} DCGAN AL BRJS A4 CiCS50000 e |, 43 wifdi
FH ResNet34, ResNet50, ResNet101 S A 5% fr #2 H
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®9 {#F DCGAN Fib I ai /5 H 480 BRItk
Tab.9 Comparison of crack recognition effect before and after DCGAN pretreatment
- JG DCGAN Hikh 3 DCGAN Hiihh#
iR LIRS HAEIE  Dice REL  HEFE K% FERCI R Dice Z%L

ResNet34 0.971 0 0.824 8 0.807 6 0.748 3 0.970 6 0.866 5 0.796 8 0.768 3 (+0.020)
ResNet50 0.969 9 0. 806 8 0.815 8 0.743 6 0.969 8 0.850 7 0.799 4 0.760 9 (+0.017 3)
ResNet101 0.970 3 0.823 6 0.809 1 0.750 0 0.970 3 0.846 1 0.809 7 0.763 6 (+0.013 6)
AL ) RDAN-Large 0.973 5 0. 868 1 0.827 1 0.793 0 0.975 1 0.870 5 0.833 6 0.8102 (+0.017 2)

f) RDAN-Large [ £ 47 Yl 5 il 3K, 38 1 % b &
M, i DCCAN XI55 £ 48 S A7 WAL B/ , AH L
AN FUAL R Ty, % b A 45 AN B A 7 I KR
f) Dice AHIR T HIHEFH T 2.00%, 1.73%, 1.36%),
1. 72% , SEMgRUE T ASHHSE 46 Y 2% T2 BT I 2%
() B T AAE TRAL FRAR | RS BR TR B b REf T ok
AR B P AR T

(2) DCGAN SAELEFAbEE 1 %F Lk

ABFFEAE CiCS50000 e B itxt b segs, fiff
FHAS [7] 0 7% 48 751 40 2 A1 DCGAN T b 38 7 1k 4 3l
CiCS50000 FHi LB AR ST HAb#E, ff | RDAN-Large
PR ZE AT A3 A T AL BRFS IIN R A K, 855 BE b 33
Qb PRI T AU 45 (DI RS TRk

32 10 FroR, AH Bl AR fof S b 3407 35, A%
LI By I 35 ] AR BRI ZRf i ke — e T,
oA (BRI 5 o TR A A T o I
iK% 85.39%, AMFE KA DCGAN TiAbHE, Zdagi 5]
BRI ZRRCRA] L Z TS 1 i — 2048 T, TeifEf
B AEH R Dice AHRLRE B8 2] T Hem Y
97.51%, 87.05%, 81.02%, X I IE T AW 53 Ar 42
HP AL PR g S v AN SR PR AT I

10 RIS EFAIE IS B4R R SR b

Tab. 10 Comparison of crack recognition effect after

pretreatment with various pretreatment methods

HiAb BT MW KEE HIEZE Dice REX
JeTisb 3 0.9735 0.881 0.8271 0.7930
PIE IR 0.9749  0.8588  0.8485  0.8058
rPEEDE 0.9743  0.8543  0.8539  0.8090
TR 0.9747 0.8525 0.8470  0.800 1
RUCTIY) 433 0.9746  0.8560 0.8454  0.8019
B I 0.9736  0.8533  0.8390  0.7942
BN ET M 0.9743  0.8578  0.8436  0.8019
DCGAN 0.9751 0.8705 0.8336 0.8102
4 ZEig

ABEFEAE T PR TR R L FE v, B A @
SR RIROAY] 24 5% D AR 3R 0 R SRS UM HE R R AR Y

M)A 45 1 —FPEE T DCGAN TiALFEFI RDAN W45 1
2R LTI = R

(1) 7EERG WAL B T, ST —FE T4
JSLXL I 45 1) % T 4 0 PR Tk BB, Sl et 12T
DCGAN A Sk JE A 1) A= B A 75 760 ) 550 A5 70 ) 4% 5 4
SEPURRIAR S A% 1 s AN A, R BIRORIE T g A
TR TALBE T %

(2) ELEEE1550 ResNet Fll DenseNet [ BaA 4
LAk 3t 51 A CBAM W2 I HLEI, 43 B4R 0
TRTZHNFEAGERFIC RDAL, FE TR 3
A% .6 RDAB I 58 25 1 24 88 151 [ 26 RDAN,,
R A A FEAR G T, T RUAR PR A W A9 B
IKEFIEE RN, X RDAN (4 9 48 9% B 3R 47 3h 2%
aan ki

(3) AWFFEHE (9 RDAN 2% 7 25 FF 548 42 F
SR TREBUEAE L, AR T H A 4%, RIS I
Doy g 22 TR AR . I HL 3 i AS [R) B 4 2 1)
FIAE X 25, B0 R 5, UEBH T AR A B 5T 4
CiCS50000 %44 Al ghiiinl e HAb B R 4L T
ARG R R ARz kB

S 300k
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