Opto-Electronic Engineering Art|C|e

% ¢ x 4

20205, 547%, F£ 128

DOI: 10.12086/0ee.2020.200036

ET U R SR MHEZ LKAV ES E
XY oml
B 12, ST, BN R

VWL TP RSAE B TREABE, WL BN 310023;
2WITL AP AR BE, Wi N 311112

U-shaped fully convolutional neural network

THE: BE e R SR T — TR T, b THEN BEBRAM LR IEZ LRI AR, ATH
15 b4 LR M — IR B K AGPebR., A4t B4R ag 5, 2 T —HF U & 4 449 542402 W % UCrackNet.
B EPRIKIE ST A\ Dropout B k4R &M &ai2A0 1 LR, AT ERBEF A F ARG R X AN EAE, KA
AR G| 3 BRGA T AFAERATRRANRE; RE, AT EIFHRREI T e s LTI E, RARRY KE K
TIRAARE R R RIBZITIE, BN S Bk Akt — SR AR SN, AT sR FLAEK
3 4£ CrackTree206 #= AIMCrack LK &8, % FikfeA 2ot b ss 248, FHEAH —= 69 Sk,

R A, KAibz M 4%, UCrackNet; 2% %

FESES: TP391.4 XEktREE: A

IR HiEE, wulg, B, AT UR A2 W46 54d 2448 m[J]. bd 142, 2020, 47(12): 200036
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fully convolutional neural network

Chen Hanshen'?, Yao Minghai®®, Qu Xinyu?

!College of Information Engineering, Zhejiang University of Technology, Hangzhou, Zhejiang 310023, China;
*Zhejiang Institute of Communications, Hangzhou, Zhejiang 311112, China

Abstract: Crack detection is one of the most important works in the system of pavement management. Cracks do
not have a certain shape and the appearance of cracks usually changes drastically in different lighting conditions,
making it hard to be detected by the algorithm with imagery analytics. To address these issues, we propose an ef-
fective U-shaped fully convolutional neural network called UCrackNet. First, a dropout layer is added into the skip
connection to achieve better generalization. Second, pooling indices is used to reduce the shift and distortion during
the up-sampling process. Third, four atrous convolutions with different dilation rates are densely connected in the
bridge block, so that the receptive field of the network could cover each pixel of the whole image. In addition, mul-
ti-level fusion is introduced in the output stage to achieve better performance. Evaluations on the two public Crack-
Tree206 and AlIMCrack datasets demonstrate that the proposed method achieves high accuracy results and good
generalization ability.
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Fig. 1 The structure of the proposed UCrackNet
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Fig. 2 Anillustration of pooling indices. The left and right sides show the operation of max-pooling and up-sampling, respectively
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Table 2 Comparison of the two different training sets

Dataset Image resolution Patch resolution Patches
CrackTree206 800%600 160x160 7938
AIMCrack 1920%384 192x192 18639
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Table 3 The result of ablation study for UCrackNet

Baseline Dropout Pooling indices Larger receptive field Multi-level fusion loU R P F1
V 0.295 0.392 0.484 0.433
\ vV 0.299 0.423 0.466 0.443
vV Vv vV 0.304  0.396 0.505  0.444
% Vv % % 0.315  0.405 0.512 0.452
vV Vv vV vV vV 0.327  0.408 0.527  0.460

% 4 B HEikAEHIEE CrackTree206 F= AIMCrack 444 R xfib

Table 4 Comparison of performance of various methods on the CrackTree206 and AIMCrack datasets

CrackTree206 AlMCrack
Method
loU F1 Time/ms loU F1 Time/ms

CrackForest 0.160 0.281 1545 0.140 0.271 2493

LinkNet 0.521 0.684 155 0.285 0.421 156

ResUNet 0.668 0.797 181 0.254 0.377 221
U-Net 0.676 0.804 213 0.309 0.446 242

DeepCrack 0.646 0.783 505 0.312 0.450 510
UCrackNet 0.688 0.812 421 0.327 0.460 453
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Processing flow of the proposed method

Overview: Cracks are one of the most common categories of pavement distress. Early locating and repairing the cracks
can not only reduce the cost of pavement maintenance but also decrease the probability of road accidents happening.
Precise measurement of the crack is an essential step toward identifying the road condition and determining rehabilita-
tion strategies. Nevertheless, cracks do not have a certain shape and the appearance of cracks usually changes drastically
in different lighting conditions, making it hard to be detected by the algorithm with imagery analytics. Therefore, fully
automated and comprehensive crack detection is still challenging. In this paper, we focus on pixel-level crack detection
in 2D vision and propose an effective U-shaped fully convolutional neural network called UCrackNet, which is the en-
hanced version of U-Net. It consists of three main components: an encoder, a bridge block, and a decoder. The back-
bone of the encoder is the pre-trained VGG-16 that extracts spatial features from the pavement image. The last convolu-
tional layer at each scale in the encoder has a skip connection to connect the corresponding layer in the decoder to pre-
serve and reuse feature maps at different pooling stages. To minimize the possibility of overfitting and achieve better
generalization ability, we add a dropout layer into each skip connection. The bridge block is a bridge path between the
encoder and the decoder. Motivated by DenseASPP, four densely connected atrous convolutional layers with different
dilation rates are employed in the bridge block, so that it generates features with a larger receptive field to effectively
capture multi-scale information. The decoder has four convolutional blocks, and in each block, up-sampling with in-
dices is used to reduce the shift and distortion during the up-sampling operation. Furthermore, multi-level fusion is
introduced in the output stage to utilize multiscale and multilevel information of objects. The idea of multi-level fusion
is inspired by the success of the HED network architecture, which showed that it is capable of fully exploiting the rich
feature hierarchies from convolutional neural network (CNNs). Specifically, the feature maps of each stage are first
up-sampled to the size of the output image, then a 1x1 convolutional is used to fuse these maps to get the final predic-
tion map. Qualitative evaluations on the two public CrackTree206 and AIMCrack datasets demonstrate that the pro-
posed method achieves superior performance compared with CrackForest, LinkNet, ResUNet, U-Net, and DeepCrack.
The qualitative results show that our method produces high-quality crack maps, which are closer to the ground-truth
and have lower noise compared with the other methods.
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