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Abstract. Manual inspection of steel box girders on long span bridges is time-consuming and labor-intensive. The quality of
inspection relies on the subjective judgements of the inspectors. This study proposes an automated approach to detect and
segment cracks in high-resolution images. An end-to-end cascaded framework is proposed to first detect the existence of cracks
using a deep convolutional neural network (CNN) and then segment the crack using a modified U-Net encoder-decoder
architecture. A Naive Bayes data fusion scheme is proposed to reduce the false positives and false negatives effectively. To
generate the binary crack mask, first, the original images are divided into 448 x 448 overlapping image patches where these
image patches are classified as cracks versus non-cracks using a deep CNN. Next, a modified U-Net is trained from scratch
using only the crack patches for segmentation. A customized loss function that consists of binary cross entropy loss and the Dice
loss is introduced to enhance the segmentation performance. Additionally, a Naive Bayes fusion strategy is employed to
integrate the crack score maps from different overlapping crack patches and to decide whether a pixel is crack or not.
Comprehensive experiments have demonstrated that the proposed approach achieves an 81.71% mean intersection over union
(mlIoU) score across 5 different training/test splits, which is 7.29% higher than the baseline reference implemented with the
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original U-Net.
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1. Introduction
1.1 Motivation

Structural defect detection is an important aspect of
structural health monitoring (SHM). Among various types
of surface defects, cracks are one of the most common
damage that occurs at the early stage of structural failure.
To this end, in time detection and quantification of cracks
provide important information regarding the condition of
the structure that can prevent the destructive events from
happening. The current crack inspection process for steel
box girders, which are the most common structural
components in long span bridges, is time-consuming and
labor-intensive. Most of the cracks on metallic surfaces are
thin, that require the use of high-resolution images to be
identified. However, these cracks are usually located at
inaccessible regions that are difficult for the inspector to
access. Also, the shadows induced from the artificial
lighting source during the inspection process, the
handwritings, marks, corrosion, and other types of noisy
patterns, introduce more challenges for crack inspection.
There is an urgent need to develop a reliable and
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autonomous system for the detection and quantification of
cracks for bridges.

Although there are many existing crack detection
approaches being developed, a majority of these methods
use single images with a resolution up to 1024 x 512. This
could be problematic since the detection result from one
image may contain false positives or false negatives due to
noisy patterns and shadows. To address this issue, this study
proposes a cascaded framework to detect and segment
cracks from high-resolution (i.e., 4K) images. The proposed
framework consists of the detection of cracks using a deep
CNN (LeCun et al. 2015), followed by a modified U-Net
(Ronneberger et al. 2015) that is used to segment crack
pixels in the images.

The effects of false positives and false negatives are
further mitigated by fusing the segmentation results from
different overlapping image patches by using a Naive Bayes
decision rule. In Section 1.2, a literature review for relevant
works in crack detection and segmentation is provided.
Section 1.3 describes the contribution and the scope of this
study.

1.2 Related work

The recent advances in computer vision techniques have
opened up lots of opportunities for applications within SHM
(Spencer et al. 2019, Bao et al. 2019, Bao and Li 2021). By
leveraging image analysis, the detection of surface defects
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can be quickly conducted using contactless sensors such as
digital cameras, surveillance cameras or small unmanned
aerial vehicles (UAVs). For instance, image-based crack
detection was explored in civil engineering field (Oh et al.
2009, Lim et al. 2014). A review of using computer vision
techniques in bridge structures has been investigated in
(Jahanshahi et al. 2009). An advanced robotic system has
been developed to monitor the structures (Lee ef al. 2011).

The early developments of crack detection approaches
are based on techniques including thresholding (Cheng et
al. 1999, 2003), image percolation (Yamaguchi and
Hashimoto 2010), edge detection (Abdel-Qader ef al. 2003,
Fujita and Hamamoto 2010), or morphological operations.
However, these conventional methods only work when the
background is clean, and the crack has a high contrast. Also,
hand-crafted features are required in the abovementioned
methods. To overcome these issues, deep learning provides
an alternative solution to crack detection task. Compared to
conventional approaches, a deep learning based algorithm
can extract the useful features itself, and it is more robust
against higher levels of background noise. With the
development of deep learning, cracks are detected using a
sliding window of relatively small step size (Cha et al.
2017, Chen and Jahanshahi 2017) and each window is
passed to a deep CNN to determine whether that window
contains cracks or not. The final prediction mask is a set of
small bounding boxes that outlines the shape of the cracks.
This kind of approach is computationally expensive since
the number of sliding windows that need to be processed
increases quadratically as the step size decreases. To
alleviate the computational cost, object detection based
algorithms are used for damage detection and localization
(Cha et al. 2018, Xue and Li 2018, Maeda et al. 2018,
Beckman et al. 2019, Deng et al. 2020). These approaches
use Faster Region-based Convolutional Network (Ren ef al.
2015) to come up with different sizes of bounding boxes.
Despite the above-mentioned algorithms run faster and give
a tighter bounding box compared to sliding window
technique, the cracks are still detected using a collection of
bounding boxes that contains a large amount of
background.

It is clear that localizing the cracks using bounding
boxes is not sufficient in some applications where the width
of the crack has to be quantified. To this end, crack
segmentation is a procedure where each pixel in an image is
classified as crack or non-crack. Fully convolutional
networks (FCNs) (Long et al. 2015) are proposed to tackle
semantic segmentation tasks. FCN uses an encoder-decoder
architecture that first extracts the features and then
reconstructs the features to get the output binary mask. In
particular, U-Net (Ronneberger et al. 2015) is a type of
FCN that contains skip connections to get better
performance. A skip connection allows the input of the
convolution block to skip some layers and directly merge
with the output of the convolutional block. By creating a
skip connection, vanishing or exploding gradients can be
mitigated so that the loss calculated at the end of the
network can be properly backpropagated to the earlier
layers. Similar to U-Net, SegNet (Badrinarayanan et al.
2017) is developed with an encoder network and a

corresponding decoder network, followed by a final
pixelwise classification layer. There are also other heavier
and larger segmentation networks, such as DeepLab (Chen
et al. 2017b, 2018).

The above-mentioned deep learning architectures have
been adopted for crack segmentation tasks and the
performances are reported in Liu ef al. (2019a), Ji et al.
(2020), Dung (2019), Zhang et al. (2019), Yang et al.
(2018). However, these studies have been tested on concrete
surface without any noisy backgrounds which could limit
the effectiveness of these methods when applied to real
world data with high background noise level. For Bang et
al. (2019), the proposed approach was tested on complex
background but the reported mloU was around 54% with
lots of crack missed. This might be due to the fact that the
cracks are relatively small in high-resolution images, and it
would be hard for the network to distinguish crack from
other instances after several downsampling layers. In the
study of Liu ef al. (2019b), a U-Net based concrete crack
segmentation network is proposed that can achieve a high
precision, but the size of the input image is small (512 %
512) compared to the high-resolution images. In Liu et al.
(2020), the authors propose a two-step pavement crack
detection and segmentation method based on You Only
Look Once 3rd version (YOLO v3) and modified U-Net.
The proposed method achieves high precision score on
detection and segmentation. However, the detection and
segmentation are trained and tested on two different
datasets so the effect of detection network on the followed
segmentation is not discussed. In the study (Choi and Cha
2019), the authors propose a semantic damage detection
network (SDDNet), and the trained network achieves a
mloU of 0.846 on the test set with complex background
noise. However, again the input size is 1024 x 512, which is
relatively small compared to the high-resolution images.

It is noted that a majority of the existing crack
segmentation approaches mentioned above use single image
to perform crack detection, and the maximum resolution of
the image is around 1024 x 512. To ensure the quality of
segmentation on high-resolution images, one approach is to
crop a given high-resolution image into several image
patches and then perform crack segmentation on those
smaller image patches. This approach has been used in
some studies in the field of remote image sensing. The
image patches in Tasar ef al. (2019), Ding et al. (2020) are
non-overlapping, and the information from other adjacent
patches are not leveraged. Despite some levels of
overlapping between image patches are considered in Liu et
al. (2018), the information from different image patches is
simply added together without considering any data fusion
strategies. Similar to this study, Chen and Jahanshahi (2019)
try to segment the crack on metallic surface and reduce the
false positives using Bayesian data fusion. However, the
studies are based on crack detection bounding boxes rather
than pixel-level segmentation. Therefore, the crack
segmentation given is much wider than the actual crack
whereas the proposed approach can produce segmentation
masks that are very close to the actual width of the cracks.
In addition, Chen and Jahanshahi (2019) fuse the
information from sequential video frames whereas this



Crack segmentation in high-resolution images using cascaded deep convolutional neural networks and Bayesian data fusion ~ 223

study uses non-sequential high-resolution images.

The high-resolution images and partial ground truth
masks come from Xu et al. (2019) where CNN based
network is utilized to identify potential 64 x 64 crack
patches. The identified crack patches are then processed by
the optimal entropy threshold method to segment out the
crack pixels. The proposed method can generate binary
pixel-level crack masks on high-resolution images, but the
masks are noisy and the reported F1 score is low under
noisy backgrounds.

Xu et al. (2018) proposed a framework based on the
restricted Boltzmann machine to identify the cracks from
steel box girder images. The proposed network can output
crack identification maps consisting of small image patches
of size 24 x 24 that contain the crack but the crack itself is
not segmented out.

1.3 Contribution and scope

This study proposes a cascaded framework to segment
the cracks in high-resolution images for steel girders on
long span bridges. Instead of relying on single network to
achieve crack segmentation, the proposed approach first
employs a deep CNN-based crack classifier to detect the
existence of cracks in overlapping patches in order to
reduce false positives. Once a crack patch is identified, it is
further processed by a segmentation network with modified
U-Net architecture to generate the crack score map. The
generated crack score maps are integrated using a Naive
Bayes decision rule to generate a complete binary mask of
the original high-resolution image. The contributions of this
study are summarized as follows:

e The proposed framework consists of a deep CNN
crack classifier and a modified U-Net achieves an
81.71% mloU for crack segmentation on high-
resolution images.

e A customized loss function and a modified U-Net
architecture are proposed to enhance the
segmentation performance.

e A Naive Bayes data fusion strategy is proposed
based on the statistical distribution of the crack
scores to reduce the false positives and false
negatives.

e A total of 230 high-resolution images are manually
annotated to further evaluate the performance of
crack segmentation.
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An important contribution of this paper is that the
statistical properties of the crack scores for each pixel
between overlapping crack patches are considered and
Bayesian data fusion is used to reduce the false positives
and the false negatives. Compared with non-overlapping
patches where each crack is only observed once,
overlapping image patches allow each crack to be observed
multiple times, which makes it more robust to occasional
mistakes. In addition, non-overlapping cropping might
result in cracks that locate in the corners of image patches
that makes it challenging for the crack classifier to detect.
Whereas overlapping cropping can mitigate this issue by
observing the same crack in different crack patches where
the crack might be more obvious and easier for the crack
classifier to detect.

The remainder of this paper is organized as follows.
Section 2 describes the details of the proposed framework.
Section 3 discusses the datasets used in this study. The
experimental results and the associated discussions are
provided in Section 4. Concluding remarks are addressed in
Section 5.

2. Proposed pipeline

Fig. 1 shows the schematic workflow of the proposed
framework. Given a high-resolution image, the analysis
procedure starts with breaking the image into overlapped
small image patches. The deep CNN classifies whether an
image patch contains a crack or not. If not, a mask with all
black pixels is created. If yes, a modified U-Net
segmentation model performs semantic segmentation on the
image patch and returns the crack score map of the patch. In
the last stage, a Naive Bayes fusion strategy is employed to
integrate the crack score maps of all the overlapping image
patches and output the final binary crack mask of the
original high-resolution image.

2.1 Crack classifier

The high-resolution image is raster scanned with a
sliding window of size 448 X 448 using a step size of 130
pixels. Then, the proposed deep CNN classifier decides
whether a given image patch contains a crack or not. It
should be noted that a smaller step size can potentially
achieve a more robust Bayesian fusion result since there
will be more overlapping patches being considered.
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Fig. 1 Schematic workflow of the proposed approach
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Fig. 2 Architecture of (a) the proposed deep CNN crack classifier, (b) Skip Block and (c) Down Block. The architecture of
Down Block is similar to Skip Block, except X; and X are downsampled with a 1 x 1 convolutional layer with stride
2. The numbers above the layers in (a) indicate the output tensor size. Conv: Convolutional layer; BN: Batch
Normalization Layer; Pool: Global Average Pooling layer; ReLU: Rectified linear unit; FC: Fully Connected layer

However, the computational time will scale up rapidly as
the step size decreases. Considering the dimension of the
high-resolution image, which is around 4,000 pixels in
horizontal and vertical directions, a reasonable step size of
130 pixels is chosen.

Fig. 2 presents the overall architecture of the proposed
deep CNN crack classifier. The 448 x 448 RGB image
patch is fed into the crack classifier and the final Softmax
layer predicts whether the input patch contains a crack or
not. Skip Block is a basic building block used in this
architecture to prevent the effect of vanishing gradient
during training. With the skip connections (He ef al. 2016),
the network includes shortcut pathways so that the loss
calculated at the output layer can be properly
backpropagated to the earlier layers of the network without
vanishing gradient. As shown in Fig. 2, the Skip Block
consists of three convolutional layers. Each convolutional
layer is followed by a Batch Normalization layer (Ioffe and
Szegedy 2015) and a rectified linear unit (ReLU) activation
layer (Nair and Hinton 2010). Down Block is another basic
building block inside the proposed architecture. The
purpose of Down Block is to downsample the output
tensors of the previous block along the spatial horizontal
and vertical dimensions. The architecture of Down Block is
similar to the architecture of Skip Block except that tensors
X; and X, are fed into two separate 1 X 1 convolutional
layers before the addition operation. Downsampling is
achieved by sliding 1 X 1 convolutional kernels through
tensors X; and X, with a stride of 2. Each time a tensor is
passed into the Down Block, the height and width of the
tensor is reduced by 2. Compared to the conventional
pooling layers (Ciregan et al. 2012), the use of Down Block
ensures that the network can conduct downsampling
operations with learnable parameters during training. As
shown in Fig. 2(a), the output tensor of Down Block 4 is
passed through a Global Average Pooling layer (Lin et al.
2013) before feeding into the fully-connected layers. The
crack classifier identifies the input as a crack patch if the
Softmax score of being a crack is greater than a certain

threshold 6, and a non-crack patch otherwise. The
selection of threshold 6 will be discussed in Section 4.3.

2.2 Segmentation network

Based on the classification result of the deep CNN crack
classifier, each crack patch is fed into a segmentation
network to obtain its corresponding crack score map M. The
dimensions of the input RGB patch is 448 x 448 X 3,
while the dimensions of the resulting score map M are
448 x 448 x 1. Each pixel in the score map is a real
number s¢ € [0,1], representing the possibility of that pixel
being a crack pixel. The score maps of different overlapping
crack patches are fused together using a Bayesian fusion
strategy, which will be described in Section 2.3.

Inspired by the U-Net architecture (Ronneberger et al.
2015), a modified U-Net is implemented that consists of
input, convolution (CONV), transposed convolution (T
CONV), batch normalization (BN), ReLU activation, Max
Pooling (POOL), dropout, and concatenation layers
(CONCAT). The detailed architecture diagram of this
network is shown in Fig. 3. The network consists of a
contracting path and an expansive path, which give it the u-
shaped architecture. The contracting path is a typical
convolutional network that consists of repeated operations
of CONYV, BN, dropout, CONV, BN and POOL. During the
contraction, the spatial information is reduced while feature
information is extracted. The expansive pathway combines
the feature and spatial information through a sequence of
up-convolutions and concatenations with high-resolution
features from the contracting path.

The pixel intensity of the input image patches will be
clipped between -1 and 1. The CONCAT layer of U-Net
appends the output of contraction layer with the new
expansion layer input, which can preserve the multi-level
and multi-scale features from different stages of
convolutions. In addition, the network prevents vanishing
gradient using skip connections indicated as blue arrows in
Fig. 3. Details regarding configurations of the BN and the
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Fig. 3 Detailed architecture of the segmentation network.
The blue arrows are skip connections.

dropout layers are discussed in Section 4.2.1.

Instead of conducting up-sampling with a fixed rule
such as bilinear interpolation, the transposed convolution
layers are used in the expansion path. This enables the
network to upsample the tensor nonlinearly with trainable
parameters which leads to more accurate crack score maps.
Fig. 4 is a schematic presentation of the transposed
convolution operation, where s is the stride, kis the kernel
size and p is padding. All the convolution kernels in the
modified U-Net are 3 x 3 with a stride of 1. The transposed
convolution kernels are 2 x 2 with a stride of 2 in both
spatial directions. All the kernels are initialized with He-
Normal initializer (He et al. 2015), and the SAME padding
method (Dumoulin and Visin 2016) is used.

In order to further improve the performance of the
segmentation network, a customized loss function that
combines Binary Cross Entropy loss (BCE) with the Dice
loss is used. While BCE loss is commonly used to classify
objects belonging to different classes, it can also be used in
the semantic segmentation task to classify the crack and
non-crack pixels. The gradients of the BCE loss are smooth
and not prone to vanish, which is a desirable property for

back-propagation during training. However, the dataset
used in this study is highly unbalanced where the number of
pixels counted as crack is significantly smaller than the
background pixels. This highly unbalanced label
distribution negatively affects the accuracy if only cross
entropy loss is used, and one way to mitigate this issue is
including the Dice loss in the loss function. Dice loss is
calculated from the Dice coefficient, which is a statistical
tool that can better gauge the similarity between two
samples even if the label distribution is highly unbalanced.
In addition, for segmentation tasks, usually the objective is
to develop a network that maximizes mloU. Therefore,
using Dice coefficient in loss function allows us to directly
optimize the objective function with respect to mloU. Eq.
(1) is the definition of IoU which is commonly used to
evaluate the performance of semantic segmentation tasks.
The mloU can be calculated by average the IoU of crack
and non-crack classes. Eq. (2) shows the equation for
calculating the Dice coefficient, where TP stands for True
Positive, FP stands for False Positive, and FN stands for
False Negative. Eq. (3) shows the formula for BCE, where
yji and J;; are the ground label and predicted label for
it" pixel in the j'* image in one batch, respectively. N is
the total number of pixels in a single image patch and M is
the total number of images in a single batch. Eq. (4) is the
final combined loss function that is used for the modified
U-Net during the training where the advantages of both the
BCE loss and the Dice loss are leveraged at the same time.
The mixture ratio a between these two losses is a
hyperparameter which is tuned based on the nature of
datasets. Effects of different values for mixture ratio a are
discussed in Section 4.2.2. The final a value used in this
study is 0.5.

loU = i (1)
T TPYFP+FN
_21xny| 2%TP ,
DPTUXI+|Y] 2+«TP+FP+FN 2)
LBCE
1 ud 1 = 3)
= 2> =D Idog () + (1 = y3)log(1 = 9]
= =1

Leotar = @ (—log(Lp)) + (1 — a)Lpcg 4

kT Calculate
= T z =s5-1
— p=k-p-1
g=1 |
Input Kernel 1. Calculate parameters  2.Insert z zeros between

the rows and columns

4. The kernel always jumps 1
pixel when being slided
across the image

3. Add p’ number of zeros Output

around the image

Fig. 4 Schematic diagram of the transposed convolution operation
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2.3 Bayesian data fusion

One major advantage of using overlapping image
patches to detect cracks is that the same crack would be
presented in multiple adjacent image patches so that
detection scores from multiple image patches can be fused
to come up with a more robust detection result. Compared
to the detection result purely obtained from one single
image, fusing the crack score s¢ from multiple image
patches leads to a more robust detection result. The crack
score s¢ is the output of the sigmoid function indicated in
Fig. 3.

To reduce the false positive and false negative rate, a
data fusion method based on Bayes’ theorem is proposed.
After computing the crack score map for each crack image
patch, the score maps are registered on the original high-
resolution image and a list of crack scores for the same
location is obtained. Given n overlapping patches, let
P(crack|sf,ss, ++,st) and P(noncrack|sf,ss,,s5) be
the posterior probabilities of the pixel being crack and non-
crack, respectively. The pixel is classified as crack if the
ratio shown in Eq. (5) surpasses the threshold «.

P(crack|ss,ss,sS, -, S5)
P(noncrack|ss,ss,ss, +,S5)

> ¢ 5)

where sf is the pixel crack score given by the
segmentation network for the i-th crack image patch.
Assuming the crack scores s¢ generated by segmentation
network are identically and independently distributed, Eq.
(5) can be written as Eq. (6) or Eq. (7)

P(crack) [T=, P(s{|crack)

P(noncrack) [1=, P(s{|noncrack) ©)
1 P(sf|crack) P(noncrack) ™
~, P(s{|noncrack) P(crack)

where P(sf|crack) is the conditional probability of
getting a crack score s{ given that the pixel is truly a crack
and P(s{|noncrack) is the conditional probability of
getting a crack score s{ given that the pixel is truly a non-
crack. The prior probabilities of the pixel being a crack and
non-crack is denoted as P(crack) and P(noncrack)
respectively. We can further simplify Eq. (7) by defining a
new variable @yg(sf) shown below.

onp(sf) = P(sf|crack)/P(sf|noncrack) ®)

Therefore, the pixel would be considered as a crack if

o"0(5) = [ [ows(s5) > 0w ©
i=1

where Oyp = € P(noncrack)/P(crack). For a given list
of crack scores [sf,s5,ss,+,s5] of the same pixel
location, we say the pixel is crack if ®V5(s¢) surpasses
the threshold 6yp. The decision threshold 8y determines
how sensitive the algorithm is to the false positives and
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(a) Likelihood functions computed using segmentation network
for crack and non-crack validation patches
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Fig. 5 Segmentation network statistics and sensitivity test

false negatives. The prior probabilities P(crack) and
P(noncrack) can be estimated by the percentage of crack
pixels in the validation dataset.

In this study, the values for P(crack) and
P(noncrack) are 0.0145 and 0.9855, respectively. The
value of ¢ is determined by running a parameter sensitivity
test where the mloU score of the 50 validation images are
recorded with respect to different € values. The validation
images are randomly chosen from the high-resolution
training images, which are different from the high-
resolution test images. The optimal value & = 25 is picked
according to the result of the sensitivity test shown in Fig.
5(c), where the highest mloU score is achieved when € =
25. The conditional probabilities are estimated by feeding
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the crack patches in validation dataset through segmentation
network and plotted in Fig. 5(a). The value of @yp(sf) is
calculated using Eq. (8) and plotted in Fig. 5(c).

From Fig. 5(a), it is observed that as s moves to zero,
the crack score value gradually increases; also, in the non-
crack score distribution, as s¢ moves to one, the non-crack
score value gradually increases. This interesting
phenomenon may arise from the optimization process
during the training of deep learning models. The proposed
network uses Sigmoid activation function before the output
layer to generate a clipped CNN score between [0, 1].
Notice that the neurons (i.e., nodes) before the Sigmoid
function may output any arbitrary real number. When the
inputs take values greater than 4 or smaller than -4, the
Sigmoid function tends to flatten out and generate output
values very close to 1 or 0, as shown in Fig. 5(b). This
means that a lot of incorrectly classified samples will be
“squeezed into” the opposite CNN score region (for crack
patches, the opposite CNN score region would be 0; and for
wrongly classified non-crack patches, the CNN score would
be 1). Most importantly, the majority of the CNN score for
crack patches are near 1. Fig. 5(a) in the manuscript is in
log-scale so that the actual number of “crack score close to
1” is nearly 70 times larger than “crack score close to 0”.
For non-crack patches, the number of “crack score close 0”
is nearly 5000 times larger than “crack score close to 1”.
Therefore, it is safe to say that the algorithm will output
crack score close to 1 when it sees a crack pixel, and output
crack score close to 0 when it sees a non-crack pixel.

To save some computational time, the summation
@NB(s¢) is calculated only if a pixel location has a crack
score sf > 0.2. After registering all the crack score maps
of different image patches, the score map of the high-

Score Map M,

resolution image could be binarized with a threshold 8y
and the final binary crack mask is obtained.

In this study, the Naive Bayesian fusion is applied to the
segmentation network, not the crack classifier.
Segmentation tasks deal with pixel-level classification,
which means that the same pixel would be observed
multiple times from different image patches due to the
overlapping sliding window schema. However, for the crack
classifier, the exact same image patches can only be
observed once despite of the overlapping regions between
the patches. The CNN scores can be fused only when
exactly the same element is observed multiple times in
different scenarios. Therefore, the proposed Bayesian fusion
is not applicable to the crack classifier in the context of
segmentation unless overlapping video frames are used,
which is not the case in the current study.

3. Database

In total, 350 high-resolution raw images were provided
by the IPC-SHM 2020 competition (Bao et al. 2021) with a
resolution of 3264 x 4928 or 3864 x 5152 pixels from the
construction site inside the steel girder of a bridge (Xu et al.
2019). No preprocessing is applied to the images.
Therefore, there are some noisy images in the dataset like
blurred images that could affect the final segmentation
result. 120 of the ground truth crack masks of the original
high-resolution images are provided in (Xu et al. 2019, Bao
et al. 2021) and the rest of the ground truth masks are
manually annotated. Some of the provided ground truth
masks are modified because thin black lines caused by the
shadows are mislabeled as cracks. The high-resolution

Score Map M,

Fusion Score Map

Avg. Fusion
—

NB Fusion
—

Fig. 6 Schematic plot of the proposed Bayesian data fusion method. The same true positive crack bounded by the red box is
seen twice and the crack scores are fused. Cracks in the blue bounding box are false positives. It demonstrates a case
where it is not possible to distinguish between false positive and true positive using simple averaging, but the
proposed Naive Bayes fusion is able to differentiate the false positives. For simplicity of visualization, assume that
all the potential crack pixels have the same crack score inside each bounding box. Bayesian data fusion is performed
on each pixel and bounding boxes are used only for visualization purposes.
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Non-crack

Fig. 7 Visualization of sample crack and non-crack image
patches

images are then cropped down to overlapping image
patches of size 448 x 448.

A total of 74,647 crack image patches are obtained from
300 high-resolution images. The rest of the 50 images are
left out for testing. To construct a balanced dataset for crack
classifier training, non-crack image patches were randomly
cropped in the high-resolution images. The final dataset
contains 74,647 and 75,000 crack and non-crack image
patches, respectively. Fig. 7 illustrates samples of image
patches. Due to the highly imbalanced distribution between
crack and non-crack pixels, only crack patches are used
during the training of the modified U-Net, whereas both
crack and non-crack patches are used when training the
crack classifier.

4. Experimental results

The performance of the proposed cascaded framework is
evaluated using different experimental setups. Section 4.1
describes the details of the training process. In Section 4.2,
the effects of batch normalization layers, dropout layers,
and different loss function mixture ratios on segmentation
network (i.e., modified U-Net) are discussed. In Section 4.3,
parametric studies are conducted to decide the best
configuration for both the crack classifier and the
segmentation network. In Section 4.4, the performance of
the proposed Naive Bayes data fusion method is compared
with a baseline reference implemented by average fusion.
Section 4.5 discusses sample predictions on the test dataset.

4.1 Training and validation results

As discussed in Section 3, a total of 149,647 crack and
non-crack image patches were used to train the crack
classifier from scratch. For segmentation network, 74,647
crack patches with annotated ground truth binary crack
masks are used during training. In both cases, 80% of the
data was randomly selected and used to train the network,
and the remaining 20% was used as the validation dataset to
determine the appropriate timing to stop training in order to
avoid overfitting. Adam optimizer (Kingma and Ba 2014)
with a learning rate of 5x 107> was used to back-
propagate the error and update the learnable parameters
inside the networks. The mini-batch size was set to 8 for
both networks during training. Training history of the crack
classifier and the segmentation network are shown in Fig. 8.
According to Figs. 8(a) and 8(b), the lowest validation loss
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Fig. 8 Training and validation results for crack classifier
and segmentation networks

of the segmentation network (i.e., modified U-Net) is
achieved at approximately the 47" epoch with an overall
mloU over 90%. It is noted that the mloU plotted in Fig. 8
refers to the mloU of the validation crack patches, not the
mloU of the high-resolution test images. As shown in Figs.
8(c) and 8(d), the lowest validation loss of crack classifier is
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approximately achieved at the 65" epoch with an accuracy
over 99%. It is also observed in Fig. 8(a) that the validation
loss is lower than the training loss for segmentation network
most of the time after the 25" epoch. This might due to the
fact that heavy image augmentations including rotation,
flipping, random contrast, zooming and shifting were used
during training, which makes the prediction on the training
dataset more challenging than the validation dataset. The
training was conducted on a computation platform
including a Linux server that consists of two Intel Xeon ES5-
2620 CPU, 256 GB DDR4 RAM and eight NVIDIA RTX
Quadro 8000 GPU with 48 GB memory.

4.2 Comparison experiments of segmentation
network architectures

4.2.1 Effects of batch normalization and dropout
layers

The architecture of the segmentation network is defined
in Fig. 3 where the BN and Dropout layers are attached to
the end of every convolutional block. The use of BN layers
can accelerate and benefit the training process with
regularization. The dropout layers, in general, may reduce
the effects of overfitting. However, recent studies (Li ef al.
2019) show that BN and dropout layers shift the variance of
a specific neural unit when the state of the network is
transferred from training to testing. This phenomenon is
called “variance shift” and therefore may cause unstable
numerical problems. Li et al. (2019) also claim that the
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Fig. 9 Training and validation performances for different
configurations of the BN and dropout layers

findings may vary depending on different network
configurations and datasets, and therefore the use of BN and
dropout layers should be investigated with respect to
specific networks and datasets.

In this section, three configurations of the network are
studied: (1) apply the BN and dropout layers to all the
convolution blocks, (2) apply only BN layers to all the
convolutional blocks, (3) apply only dropout layers to all
the convolutional blocks, and (4) neither BN nor dropout is
applied to the network. The training and validation
performances of the aforementioned configurations are
plotted in Fig. 9 for comparison. According to Figs. 9(a)
and 9(b), the lowest validation loss and the highest mloU
value are achieved when excluding all the dropout layers
but keeping all the BN layers. Therefore, compared to the
network architecture shown in Fig. 3, the optimal
architecture adopted in this study excludes all the dropout
layers during training.

4.2.2 Effects of different mixture ratio in loss

function

To investigate the effect of mixture ratio a in the
proposed loss function (Eq. (4)), the segmentation network
is trained using a ranging from 0 to 1 with an interval of
0.25, and the corresponding mloU on the validation crack
patches are reported in Table 1. When the mixture ratio is
set to a =0, Eq. (4) collapses into a pure BCE loss
function. Similarly, when the mixture ratio is set to a = 1,
Eq. (4) changes to a pure Dice loss function.

It is observed that the mloU on validation crack patches
increases significantly when the Dice coefficient is included
in the loss function, compared to pure BCE loss function.
The reason is that BCE loss function is just a proxy loss
function of the mloU. However, the Dice coefficient can
directly optimize the objective function with respect to
mloU. More detailed discussion regarding the advantages of
including Dice coefficient in the loss function is included in
Section 2.2. According to Table 1, the highest mloU is
achieved when a = 0.5. Therefore, a mixture ratio of 0.5 is
used in this study.

4.3 Parametric studies

The performance of the proposed framework was
evaluated on 50 high-resolution validation images that were
not used during training. Image patches cropped from the
test images were fed into the classification network and the
cracks score of an image patch was computed by the final
Softmax layer in the network.

In Fig. 10, two of the six image patches marked with the
red dashed square are crack image patches with scores
lower than 0.5, meaning that they are classified as non-
crack image patches if the default value of 0.5 is used as the

Table 1 Effect of different mixture ratios on mloU of
validation crack patches

Mixture ratio (a)
0.00 0.25 0.5 0.75 1.0
81.48% 91.79% 92.43%  92.16%  90.97%
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Fig. 10 Samples of Softmax scores (predicted possibilities) of crack patches. The crack patches that have a low
Softmax score are marked with red dashed bounding boxes.

Table 2 Effect of classification threshold and Dice loss
function on mloU of high-resolution validation
images

Threshold (67)

0.3 0.4
81.89% 82.31%
79.42% 80.09%

0.0 0.6
With dice 79.43%

W/O dice 77.13%

0.5

81.13%
79.4%

81.90%
79.10%

mloU

decision boundary of the Softmax layer. Therefore, these
crack image patches are not fed into the segmentation
network to perform the segmentation task. This leads to
some missing crack segmentation in the final binary crack
mask.

In order to capture more crack areas, we lower the
detection threshold 6; for the crack classifier. When 6; =
0, every image patch is passed directly to the segmentation
network without classifying whether a patch contains cracks
or not. Intuitively, this would reduce the false negatives i.e.,
(missing cracks) at the cost of increasing the false positives.
To address this issue, a parametric study on 6 is
performed. Table 2 reports the mloU on the validation data
with different values of 0, and the performance of using
only the BCE loss versus the proposed customized loss
function that combines BCE and the Dice losses. The best
mloU of 82.31% and 80.09% is achieved when the
threshold is set to 0.4 with and without Dice loss function,
respectively. It is observed that the mloU drops if every
image patch is passed to the modified U-Net (i.e., 6, = 0),
which is due to too many false positives in the final
prediction. Therefore, it is necessary to screen the image
patches before feeding them into the segmentation network.
In addition, it is shown in Table 2 that on average, the mloU
increased by approximately 2%, when the Dice loss is
included during training. This validates the effectiveness of
the proposed loss function for crack segmentation.

According to Fig. 10, it can be observed that the area of

the crack in the image patches is also an important factor
that affects the score. The crack classifier does not perform
well when a crack only takes up a small portion of an image
patch. This can be mitigated by using the overlapping image
patches, where the same crack might be observed in a more
centered location and takes up more area from a different
image patch and, therefore, the crack will be easier for the
classifier to detect. This is another reason that overlapping
image patches are adopted in the proposed framework.

4.4 Fusion scheme comparison

To illustrate the effectiveness of the proposed Naive
Bayes approach compared to other fusion methods, this
study implements a baseline reference using the summation
of the crack scores [sf,ss,s$, -, ss] from overlapping
patches, and binarizes the score map of the high-resolution
image using a threshold 6g,,,. To this end, a pixel with
different crack scores from different image patches is
determined as a crack if

n

> 56> boum

i=1

(10)

Table 3 lists the mloU on the test dataset when using
different data fusion schemes. The non-overlapping case
represents the situation where non-overlapping image
patches are cropped from the high-resolution image. Since

Table 3 mloU and the corresponding optimized threshold
for different data fusion schemes on 50 high-
resolution validation images

Overlapping

Non-overlapping
Sum of scores

80.63%
35

Naive Bayes
82.31%
0.37

mloU
Threshold

78.81%
N/A




Crack segmentation in high-resolution images using cascaded deep convolutional neural networks and Bayesian data fusion

mloU score of 50 validation images with respect to Osym

80.6

mloU score
® ® )
oS oS o
° N »

<
©
o

79.6

Fig. 11 Parameter sensitivity test: mloU of 50 validation
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there is no overlapping region, there is no data fusion

The optimal threshold 8, for the “sum of scores”

method is decided by running a parameter scanning of
Osum € [0.5,6] at intervals of 0.5 on 50 high-resolution
validation images. The validation images are randomly
chosen from the high-resolution training images, which are
different from the high-resolution test images. The
maximum mloU of the high-resolution test images is
obtained at 6, = 3.5 shown in Fig. 11. The optimal

\)

T

U

~N

(b) Ground Truth

(c) Prediction w/o
crack classifier

(d) Prediction using “sum

of scores” fusion

—

~N

(e) Prediction using Naive

Bayes fusion

Fig. 12 Sample data and comparison of the predicted crack masks of different configurations.

threshold 8y for Naive Bayesian data fusion is discussed
in Section 2.3. It is observed that the non-overlapping case
has the lowest mloU while the other methods that
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Table 4 mloU for different configurations on high-resolution test images using different training/

validation splits

U-Net Ours
Crack classifier? v v v v
Dice loss? 4 v v v
Sum of score? v

Naive Bayes? v
mloU (fold 1) 75.06%  7634%  77.82%  78.66%  80.51%  82.14%
mloU (fold 2) 73.98%  7424%  77.22%  77.77%  79.83%  80.91%
mloU (fold 3) 75.07%  7627%  77.33%  78.86%  80.87%  82.31%
mloU (fold 4) 73.72%  7451%  7591%  77.31%  78.66%  80.78%
mloU (fold 5) 7427%  76.52%  77.27%  78.96%  80.27%  82.42%
mloU averaged across different folds ~ 74.42%  75.58%  77.11%  7831%  80.03%  81.71%

incorporate data fusion have significantly higher mloU
values. This observation justifies the hypothesis that
classification of the same object using multiple image
patches is more robust than using merely a single image
patch. It is also observed that the proposed Naive Bayes
approach  achieves better performance, with an
improvement of 1.68% on mloU, compared to the
summation of crack scores.

Case 2

Case 1

(a) Input images

4.5 Segmentation performance comparison

Fig. 12 shows some samples of the high-resolution input
images, the corresponding ground truth annotations, and
different predicted binary crack masks using different
configurations of the proposed approach. According to Fig.
12(e), the proposed approach performs well, where the
shape of segmented cracks is very close to the ground truth

Case 3 Case 4 Case 5

(b) Ground truth k /

(c) Predicted \ .
masks AL < |
mloU 0.875 0.902 0.869 0.754 0.742

Fig. 13 Further illustrations of the segmentation results for the proposed approach on various environmental conditions
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even though some of the cracks are very tiny and the
background is noisy and includes stains and paint. The
proposed approach rarely recognizes the handwriting and
markers as the crack, despite these patterns are very similar
to cracks.

It can be observed from Figs. 12(c), (d) and (e) that
including a crack classifier before the segmentation network
can effectively reduce the false positives. This is because
the segmentation network is only trained on crack image
patches, and feeding the segmentation network with non-
crack patches that contains writings, shadows or paintings
may result in false positives since those background noises
and cracks sometimes have similar features. The crack
classifier can filter those non-crack images out and reduce
the false positives. Figs. 12(d) and (e) show that the Naive
Bayes removes more false positives compared to simple
score summation. An intuitive explanation is that Bayesian
data fusion puts more weights on the crack scores that the
network is more confident about when aggregating all the
scores from the overlapping patches. This means that the
importance of each crack score does not linearly depend on
its value sf. Fig. 5(b) implicitly describes the relationship
between the importance of each crack score and its value
sf: the closer a given score is to 0 or 1, the higher weight it
is assigned to the score for decision making. Since the
Naive Bayes data fusion pays more attention to the
“reliable” crack scores, the segmentation results are more
robust against false positives and false negatives.

To further investigate the effect of different model
configurations as well as the splits of training and testing
data, five-fold cross validation test is implemented for each
different configuration, and the mloU values are reported
for each fold. Table 4 shows how the mloU performance
changes when different configurations are made to enhance
the crack segmentation. During the evaluation of different
fold, the same Oyp, 61 and Oy, are used, whose values
are 0.37, 0.4 and 3.5 respectively. The U-Net refers to the
vanilla U-Net originally proposed in Ronneberger et al.
(2015), which serves as one of the baseline references used
in this study. In the baseline setting, the high-resolution
image is simply cropped down to non-overlapping image
patches and each image patch is fed into the vanilla U-Net.
For each image patch, a binary crack mask is predicted by
the U-Net, then the small binary masks are stitched together
without fusion to generate the binary crack mask of the
high-resolution image. Compared with vanilla U-Net, the
Dice loss and the crack classifier prior to the segmentation
network gives a boost of 1.18% and 3.17%, respectively.
Using Dice loss and crack classifier at the same time gives
an improvement of 3.89% over the mloU. When “sum of
scores” data fusion is used together with Dice loss and the
crack classifier, an improvement of 5.87% over the mloU is
achieved. Finally, when replacing “sum of scores” data
fusion with Naive Bayesian data fusion, the proposed
approach achieves an 80.12% mloU averaged across
different training/test splits, which is 7.14% higher than the
vanilla U-Net.

More examples of the proposed framework evaluated on
images from various environmental conditions are
illustrated in Fig. 13. Case 1 is related to the situation where

the crack is thin and relatively small. Case 2 refers to the
situation where the crack image is blurred in the images.
Case 3 shows a situation where the welding crowns with
crack-like features are close to the real crack. In Case 4 and
5, the proposed approach successfully extracts the cracks
but also introduces some tiny false positives. These false
positives mainly belong to the shadow of the ruler or the
markers around the crack, which are hard to eliminate due
to their crack-like features. It should be noted that, despite
all the noisy background and blurriness arised from the
complex scenes, the proposed approach performs well and
successfully segments the cracks out of the images, with
relatively high mloU scores ranging from 0.742 to 0.902.

5. Conclusions

In this study, a cascaded framework that utilizes a crack
classifier based on a deep CNN and a modified U-Net is
proposed to segment the cracks in high-resolution
inspection images collected from steel girders. To reduce
the false positives and false negatives, a Naive Bayes data
fusion approach is proposed to aggregate the segmentation
results from different overlapping image patches. The
original high-resolution images are first cropped into small
overlapping patches of size 448 x 448 and fed into the crack
classifier to determine whether the patch contains a crack or
not. Next, a modified U-Net is employed to generate the
pixel-level crack score map for each crack image patch. At
last, the Naive Bayesian data fusion registers different
overlapping image patches to the global coordinate of the
high-resolution image, aggregates the crack scores for each
pixel from overlapping patches, and computes the posterior
probability of the pixel being a crack. The final crack pixels
of the original high-resolution image are obtained if the
posterior surpasses a certain threshold. Comprehensive
experiments and parametric studies are conducted to discuss
the effect of the incorporation of the deep CNN crack
classifier, the decision threshold of the crack classifier, the
design of the upsampling layer and the loss function for the
segmentation network, as well as the effects of different
data fusion schemes and the associated decision threshold
for fusion. Results from a total of 50 high-resolution test
images across different training and validation splits have
demonstrated that the proposed approach achieves an mloU
of 81.71%, which is 7.29% higher than the baseline
reference implemented with the vanilla U-Net. This shows
the robustness of the proposed approach in crack
segmentation with high-resolution images containing
complex scenes and various noisy patterns.

One potential disadvantage is that the proposed
approach is computationally more expensive due to the fact
that overlapping image patches are used. The computational
time for a single high-resolution image using non-
overlapping image patches is 6.15 seconds on average with
a step size of 448 pixels. When the proposed approach is
used, the computational time increases to 50.23 seconds
with a step size of 130 pixels. Since the step size of the
proposed approach is approximately 3 times smaller than
the non-overlapping case, the number of image patches that
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needs to be processed using the proposed method is 9 times
bigger than the non-overlapping case, which leads to the
increasing computational time. It is noted that the proposed
approach is not optimized for computational efficiency.
Therefore, improving the computational efficiency using
image patch batches and other techniques can be included
as part of the future work.
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