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Convolutional neural-network-based crack segmentation methods have performed excellently. However, existing
crack segmentation methods still suffer from background noise interference, such as dirt patches and pitting, as

well as the imprecise segmentation of fine-grained spatial structures.

convolutional neural network crack segmentation skip connections

| 1. Introduction

In recent years, as the urbanization rate of countries around the world increases, a large number of infrastructures,
such as bridges, tunnels, and dams, are constructed, providing a solid guarantee for economic development and
livelihood security. However, the supervision and maintenance of these facilities has also brought us new
challenges. These infrastructures commonly use concrete as the construction material and the surface crack is one
of the main symptoms of their damage and destruction 2, Without timely maintenance, cracks will have a
significant impact on the service life and safety of those infrastructures. Other facilities, such as asphalt roads, also
need to be checked regularly to ensure that surface cracks can be maintained and repaired in a timely way.
Therefore, the automatic identification of surface cracks from optical images of various scenes is of great research
importance . Due to the development of computer science and image processing technology, it is now possible to
partially automate the process of surface crack inspection. However, it is still a difficult task to accurately separate
the cracks from the complex image background, as there may be dirt patches, oil stains, pitting, or other noise

interferences.

Most of the early crack segmentation techniques rely on traditional digital image processing methods, which often
involve multiple pre-processing processes, such as morphological filtering 43, fuzzy theory methods B4, and
wavelet transform [I& as well as various crack segmentation methods, such as methods based on the threshold
algorithm 9L or the edge detection algorithm 12131 Traditional digital image processing methods are sensitive
to interference from external factors, such as light changes and shadow occlusion, making them unusable in
complex scenes. Meanwhile, digital image processing methods require manually designed feature operators, which

are more difficult and less efficient to implement.

Recently, the application of deep-learning-based convolutional neural networks (CNNs) in the field of computer
vision has developed rapidly and has even surpassed human performance in a variety of tasks, such as image

classification 14I13] object detection 287 and semantic segmentation 18129 Compared with traditional digital
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image processing methods, CNNs are characterized by their high level of automation and strong feature extraction
capability, as CNNs do not rely on manually designed feature operators. In terms of crack recognition applications,
some studies localize cracks in images by classification 2221 or object detection (2223 methods. However, these
methods cannot obtain detailed information about the cracks, making them less optimal. Segmentation-based
crack recognition methods annotate cracks in images at the pixel level, providing a better level of detailed

information, as part of the current mainstream research direction (24],

Due to the special morphological characteristics of cracks, the crack segmentation task faces two challenges: the
accurate segmentation of fine-grained spatial structures and the ability to adapt to complex background
environments. The former requires that the multi-level feature information extracted by the feature extraction
network can be fully utilized, while the latter requires the network to possess accurate context awareness. It is
shown in 28 that feature maps in different levels explore distinctive information, with shallow feature maps
possessing fine spatial information and deep feature maps capturing rich semantic information, while the
conversion process from shallow to deep feature maps leads to a loss of detailed spatial information. To recover
the lost spatial information in the decoder network, SegNet 28 assists the decoder in up-sampling by means of
maximum pooling indexing, while U-Net 19 feeds the shallow feature information generated in the encoder directly
to the decoder network by means of a skip connection. Both of them are based on the symmetric encoder—decoder
architecture, and there are some recent studies of crack segmentation which also use similar architectures [27](28]
However, it is demonstrated in 22 that the multi-scale feature information in the encoder cannot be fully utilized by
delivering information between the same layers of the encoder and decoder networks. Meanwhile, due to the
limitation of the empirical receptive field size 29, the plain convolutional neural networks cannot provide sufficient
contextual feature information, which is necessary to adapt to complex scenarios. To address these problems, this
research proposes a multi-scale contextual information enhancement network (MCIE-Net), which redesigns the
connection structure between the encoder and the decoder of the U-Net to capture multi-scale feature information
and enhance the decoder’s ability to restore fine-grained the spatial structure of cracks; meanwhile, a contextual
feature enhancement module, which consists of the pyramid pooling network and channel attention mechanism, is

designed to enhance the context awareness of the network.

| 2. Traditional Image Processing Methods

Most of the traditional crack segmentation methods mainly rely on the color difference between cracks and
background or the edge features of cracks to extract cracks from images 1. Kirschke et al. 19 used a histogram-
based threshold segmentation method to extract road cracks. Cheng et al. 11l proposed a threshold segmentation
algorithm with reduced sample space and interpolation to optimize the efficiency of crack segmentation. Katakam
(32 ysed the method of chunking the image first and then threshold-handling each sub-block separately to improve
the accuracy of crack segmentation. Oliveira and Correia 22! firstly pre-processed the images using morphological
filters and then used dynamic threshold segmentation to segment the cracks. Zhang et al. 24 integrated spatial
clustering, threshold segmentation, and region-growing methods to obtain a coarse-to-fine segmentation of cracks.

In B3 wavelet transform was used for crack segmentation, while in 12, the Canny operator was used to detect
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the contours of cracks. In addition, there are some studies that identify cracks with the help of machine learning
methods. Considering the connectivity of cracks, Fernandes et al. 281 used a graph-based (graph-based) approach
to extract crack features, and then support vector machines were used to classify the features to obtain a
classification of crack types. In 37 crack structure features were extracted and learned from annotation data, and,
based on this, a crack recognition framework was generated using random structure forest to achieve pixel-level
crack segmentation.

| 3. Deep-Learning-Based Methods

Deep-learning-based crack segmentation methods mostly use semantic segmentation models. In 2015, Long et al.
(18] achieved the first end-to-end segmentation of natural images using fully convolutional neural (FCN) networks,
which have thus become the most classical network model in the field of semantic segmentation. Liu et al. 23 used
a FCN backbone and a deeply supervised approach to upscale and fuse the feature maps from all levels of the
backbone, and then applied a guided filter to fuse all feature maps as well as the side outputs to create a
segmentation output. Ren et al. 28 used dilated convolution with a different dilation rate in the last four layers of
the FCN to expand the receptive field without changing the feature map scale, and used skip connections to deliver
shallow feature information, assisting the decoder in generating segmentation results. However, the methods
based on FCN networks still suffer from information loss when up-sampling low-resolution feature maps generated
in the deep layer of the feature extraction network. To solve the problem, symmetric encoder—decoder-based
network structures, such as SegNet 281 and U-Net (22l have been proposed. In particular, U-Net has had a
profound impact on many subsequent studies due to its pioneering concept and excellent performance, and a
series of semantic segmentation models such as UNet++ B2 and Unet 3+ [22 have been derived on its basis.
Since the detailed spatial information of cracks can be more effectively restored, many recent studies of crack
segmentation are based on the SegNet and U-Net structures. Ran et al. 4% introduced a spatial attention
mechanism and a channel attention mechanism in SegNet and used spatial pyramidal pooling to capture crack
features from different scales. Zou et al. B! pair-wisely fused the feature maps generated in the encoder and
decoder network at the same scale, and generated segmentation results by extracting features from the fused
feature maps at multiple scales using a multi-scale fusion component. Lau et al. & replaced the plain
convolutional neural network of the encoder of U-Net with a residual network and added spatial and channel
compression excitation modules to the decoder. Based on U-Net, Han et al. 28] designed a skip-level round-trip
sampling structure, in which the deep feature maps of the encoder network were up-sampled and aggregated with
some shallow feature maps, and then down-sampled and fed into the decoder network. These up- and down-
sampling actions enhanced the network’s memory of transmitting low-level features in the shallow layer, helping
the network to pay attention to the distinction between the cracks and the background. Zhao et al. 2% proposed
PSPNet, which applies special pyramid pooling to the semantic segmentation task and extracts multi-scale
contextual information. Some other studies also explored spatial pyramid pooling, such as the DeepLab series 41
(42][43] 3lthough the difference is that DeepLabs use a dilated convolution rather than pooling to obtain contextual
information at multiple scales. Sun et al. 44 adopted and enhanced DeepLabv3+, in which a multi-attention module

was introduced to dynamically adjust the weights of different feature maps for pavement crack image
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segmentation. Yuan et al. #2 proposed OCR-Net, which uses object contextual feature representation for
contextual information extraction based on object regions, thus explicitly enhancing object information and
achieving good results on several mainstream semantic segmentation databases. Zhou et al. 48 explored an
exemplar-based regime which provides a nonparametric segmentation framework based on non-learnable
prototypes, where several typical points in the embedding space are selected for class prototypical representation,
and distance to the prototypes determines how a pixel sample is classified. For deep learning models, there has
been a bottleneck over the years to acquire sufficient ground-truth supervision, especially for segmentation tasks
that require pixel-level annotations. Zhou et al. ¥4 proposed a group-wise learning framework for weakly
supervised semantic segmentation that explicitly encodes semantic dependencies in a group of images to discover
a rich semantic context for estimating more reliable pseudo ground truths, which are subsequently employed to
train more effective segmentation models. Konig et al. 48 proposed a weakly supervised approach for crack
segmentation that leverages a CNN classifier to create a rough crack localization map. The map was fused with a
thresholding-based approach to segment the mostly darker crack pixels, and the pseudo labels were used to train
the standard CNN for surface crack segmentation.
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