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Abstract. Structural health monitoring (SHM) plays an important role in ensuring the safety and functionality of critical civil
infrastructure. In recent years, numerous researchers have conducted studies to develop computer vision and machine learning
techniques for SHM purposes, offering the potential to reduce the laborious nature and improve the effectiveness of field
inspections. However, high-quality vision data from various types of damaged structures is relatively difficult to obtain, because
of the rare occurrence of damaged structures. The lack of data is particularly acute for fatigue crack in steel bridge girder. As a
result, the lack of data for training purposes is one of the main issues that hinders wider application of these powerful techniques
for SHM. To address this problem, the use of synthetic data is proposed in this article to augment real-world datasets used for
training neural networks that can identify fatigue cracks in steel structures. First, random textures representing the surface of
steel structures with fatigue cracks are created and mapped onto a 3D graphics model. Subsequently, this model is used to
generate synthetic images for various lighting conditions and camera angles. A fully convolutional network is then trained for
two cases: (1) using only real-word data, and (2) using both synthetic and real-word data. By employing synthetic data
augmentation in the training process, the crack identification performance of the neural network for the test dataset is seen to
improve from 35% to 40% and 49% to 62% for intersection over union (IoU) and precision, respectively, demonstrating the
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efficacy of the proposed approach.
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1. Introduction

Civil infrastructure is critical to the wellbeing and
economic development of modern societies. However,
much of this infrastructure is inadequately maintained. For
example, the transportation system, which is an essential
component of the nation’s infrastructure in the United
States, has more than 617,000 bridges; approximately 7.5%
of these bridges are classified as in poor condition (ASCE’s
2021 infrastructure report card). To properly maintain civil
infrastructure and ensure its safety and functionality,
appropriate inspection and condition assessment is required.
Structural health monitoring (SHM) offers an alternative to
traditional inspection and assessment methods that can
provide improved real-time information about the condition
of a structure with reduced cost (Farrar and Worden 2012).

One of the significant outward signs of damage in a
structure is cracking. In both concrete and steel structures,
excessive and cyclic loading can cause cracking damage
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that is often seen on the surface of structural members
(Mohan and Poobal 2018). These cracks can be easily
overlooked, potentially leading to catastrophic failures and
loss of life. For example, the Alexander L. Kielland, a
Norwegian semi-submersible drilling rig, capsized in the
Ekofisk oil field in March 1980, owing to a fatigue crack in
one of its six bracings, killing 123 people. Therefore,
researchers have devoted considerable effort to detect and
monitor cracks in structures. For concrete structures, visual
inspections are widely used for surface crack detections.
Although visual inspection is easy and effective, the
involvement of human inspectors and the existence of hard-
to-reach regions can pose safety risks to the inspectors, as
well as being subjective and inefficient. For steel structures,
dye penetrants and magnetic particles can be applied as
simple indicators of cracks, but these methods are tedious
and surface pretreatment is necessary. Eddy current testing
is an effective non-contact method for steel crack detection,
but extensive experience and professional insights are
needed for the interpretation of collected data. Phased array
ultrasonic testing (PAUT) employs an array of individual
transducers to generate a composite ultrasound beam,
enabling the creation of ultrasonic images. However, PAUT
is expensive because of the utilization of multiple sensors.
In conclusion, the approaches mentioned above are limited
in applicability and can have one or more of the following
drawbacks: 1) the approach is labor intensive and time
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consuming, 2) the approach needs close access to the target
structure, 3) the approach requires sensors to be installed on
the structure, which can be expensive and inconvenient, 4)
the approach requires specific expertise in data collection
and/or interpretation, and 5) the approach only provides
localized assessment. More information on non-destructive
crack detection methods can be found in the book written
by Bray and Stanley (1996).

Computer vision (CV) and machine learning (ML)
techniques offer enormous potential for structural health
monitoring of civil infrastructure. Images and videos are
two major data formats used to proceed with noncontact
monitoring (Narazaki et al. 2020a). Graphic data can
capture the actual structural condition in the field of view.
The data can be collected from various pre-determined
positions such that it covers the details of the entire
structure. Subsequently, arranging it along the time-axis
captures the three-dimensional change, performing in a
manner similar to the human eyes in decoding and
extracting visual information (Spencer er al. 2019). The
critical concept in moving towards condition assessment
relies upon feature extraction from crack patterns captured
as RGB pixels. These approaches offer a convenient,
precise, and visualized manner to identify damage. CV and
ML have also been applied to detect and localize cracks in
structures.

Jahanshabhi et al. (2009) provides an extensive review of
the early use of CV methods for concrete crack detection.
Several of the prominent methods cited for crack detection
in concrete structures include: the application of edge
detection filters using the canny method (Abdel-Qader ef al.
2003), and the top-hat method (Giakoumis ef al. 2005). In
later research, Liu et al. (2016) projects the 2D crack
images to 3d reconstruction scene to avoid the restriction
during data collection. Field applications of automated
crack detection have also been reported for inspection of
concrete bridges (Prasanna et al. 2014), and (Adhikari et al.
2014). In addition, Yeum and Dyke (2015) explored the
potential of CV for fatigue crack detection in steel
structures. The damage is pre-located by the damage
sensitive area (e.g., bolt holes), which overcomes some
difficulties for steel fatigue crack identification. These
methods only use CV methods, which requires significant
computational time and limits identification accuracy.

Recent developments in ML have enabled improved
performance and accuracy in crack identification. For
example, Zhang et al. (2017) proposed CrackNet for the
semantic segmentation of pavement cracks. Hoskere et al.
(2018) used fully convolutional neural networks (FCN)
(Long et al. 2015) for concrete damage segmentation,
including crack and spalling. Bao et al. (2019) reviewed
crack identification approaches for steel surface, including
the application of restricted boltzmann machines (RBMs)
(Xu et al. 2018). Xu et al. (2019) applied a region-based
convolutional neural network to identify fatigue crack in
steel box girders. The studies indicate the promising
potential offered by pixel-level segmentation-based
approaches for fatigue crack identification. However,
application of pixel-level segmentation-based crack
identification in steel structures is still a challenging task,

due primarily to the lack of adequate data to train the ML
algorithms (Frid-Adar et al. 2018), which is further
complicated by small width of cracks in metallic structures
and the noisy and diverse steel textured environment
(Jahanshahi et al. 2017).

The performance of convolutional neural networks
(CNN) heavily relies on the size of the dataset. Shorten and
Khoshgoftaar (2019) presented a survey of the existing data
augmentation approaches, where data augmentation
methods are classified into basic image manipulations and
deep learning approaches. The basic image manipulations
are mainly conducted by a series of geometric
transformations, such as flipping, rotating, and cropping.
Although those geometric transformations increase the
apparent size of the dataset, the diversity of the augmented
dataset is not significantly improved. Therefore, several
deep learning approaches have been proposed to augment
data based on the features, such as the feature maps of a
CNN. For example, Bowles er al. (2018) introduced the
implementation of generative adversarial networks (GANs)
(Goodfellow et al. 2014) on feature space augmentation,
which generates images using a generator network and
evaluate those images using discriminator network.
However, producing high-resolution images needed for
structural damage assessment is not straightforward.
Moreover, large dataset is needed to train GANSs
successfully, hindering the application to structural damage
(rare events).

Some researchers have proposed the use of synthetic
data to supplement real-world images. For example, Ros e?
al. (2016) proposed such synthetic data augmentation for
autonomous navigation purposes. By combining the
synthetic and real-world data together for training,
improved accuracy was achieved. Narazaki et al. (2021)
also employed synthetic data augmentation to improve the
identification of concrete damage in Japanese high-speed
railway viaducts. One of the advantages of this approach is
that the annotation of synthetic data is automatically
rendered using masks for different classes which show their
location on the image, thus avoiding the laborious manual
image labelling process of images. The existing work about
synthetic data augmentation offers significant potential to
address the lack of data problem in ML; however, the
approach has not been investigated for steel fatigue cracks
with different visual properties than those of concrete
damage, requiring a new formulation for data generation.
Moreover, quantitative discussions of the effectiveness of
such synthetic data augmentation are limited in the
literature.

In this paper, synthetic data augmentation is proposed to
achieve effective pixel-wise identification of fatigue cracks
in steel structures by leveraging fully convolutional neural
networks (FCN). Based on images from an open dataset of
crack bridge girders provided by Ist International Project
Competition for Structural Health Monitoring (IPC-SHM
2020), which is designated herein as the real-world dataset,
a procedure is proposed for generating synthetic textures
that mimic the observed damage patterns. Textures are
mapped to an object in the 3D synthetic environment that
produce images and associated precise ground truth label
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for the structure. The synthetic images are leveraged to
augment the original real-world dataset (designated herein
as the augmented dataset) to develop diversity in the
training images. The FCN is then applied to identify the
unique features of fatigue cracks. The algorithm produces
pixel-wise labels, rather than image-wise labels or bounding
boxes. The proposed approach is applied to the problem of
identifying fatigue cracks in steel box girders using images
from the open dataset (IPC-SHM 2020). First, an FCN is
trained on the real-world data. Then, 616 synthetic images
of fatigue cracks are generated and rendered at a resolution
of 4928 x 3264, and a second FCN is trained on the real-
world data, augmented with the synthetic data (designated
herein as FCN-A). The performance of FCN-A offers 5%
and 13% improvement for the intersection over union (IoU)
and precision, respectively, as compared to FCN-R (i.e., the
case using only the real-world data). The proposed method
shows promises for improving the accuracy and
performance of crack detection in field conditions for SHM,
particularly when limited data is available.

2. Synthetic data generation

The synthetic data is based on observations from the
real-world dataset containing images of fatigue cracks in
steel box girders (IPC-SHM 2020). A sample image is
shown in Fig. 1. The main components of the image data of
the box girders are: (i) fatigue cracks, (ii) welds, (iii) pen
marks, and (iv) paint. The cracks and welds are mostly
represented by the geometric information. The pen marks,
including numbers and letters, can be found in red, black,
and blue in the real-world dataset. The paint on the surface

Fig. 1 Example of real-world data

is observed to be either yellow or silver. The markings and
painted surfaces contribute to the differences in the color
map.

To generate synthetic data possessing these attributes,
four parts are required: (1) mesh generation, (2) mesh
texturing, (3) texture generation, and (4) data collection.
The entire modeling process is implemented using Blender,
an open-source computer graphics modeling software, and
automated using the Blender-Python API. Details of each
aspect of the generation of the synthetic data are presented
in the following subsections.

2.1 Mesh generation

In the synthetic environment, a 3D mesh is first created
to represent the geometry of each object. In this research,
the objects to be considered are: (i) the steel box girder,
which is represented as a rectangular prism with beveled
corners, and (ii) a steel plate placed behind the prism, which
serves as a simplified model of the background. A point
light source is placed above the models to simulate the
lighting conditions and shadows in the real-world
inspection environment. An example of the mesh is shown
in Fig. 2(b). To increase the diversity of synthetic data, the
location, dimension, and orientation of the prism relative to
the plate are randomized and follow a uniform distribution.
Generation of the 3D mesh is implemented through the
Blender-Python API.

2.2 Mesh texturing

The mesh is textured using a physically based rendering
approach, in which various visual effects in the mesh
surface are controlled by defining associated texture maps,
such as RGB color maps, normal maps, roughness maps,
and metallic maps (Burley & Disney, 2012). A color map,
also called albedo, is an RGB image that determines the
amount of light reflected at each part of the surface. For
example, humans perceive the color red if the reflected light
has a wavelength that is primarily around 700 nm (Szeliski
2010); therefore, parts of the surface that will reflect this
wavelength of light are modeled as red in the color map.
The normal map contains the height information of a
surface. The intensity in the normal map represents the
direction of the vector that is normal to the surface at each
point. Height changing and realistic shading are the
primaries uses of this normal vector. The roughness and
metallic maps play an important role in making the texture

(a) Objects

(b) Mesh of the cube

Fig. 2 The 3D mesh in synthetic environment
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Fig. 3 Texture influence

more realistic. The roughness map controls a statistical
model of light reflection caused by fine surface variations
that cannot be modeled by the normal map. The roughness
ranges from 0 to 1, where a value of 0 implies a perfectly
smooth surface. The metallic factor controls the specular
reflection of the surface (0: diffuse surface, 1: metallic
surface). In Fig. 3, the influences of different texture maps
are displayed by an example of a damaged metal surface.

The texture maps are applied to the mesh surface using
the Blender Principle bidirectional scattering distribution
function (BSDF) node through the Blender Shader Editor.
In this paper, displacement maps are used to define the
height intensity at each point directly instead of normal
maps, which can be transferred to 3D mesh displacement by
the Displacement node to render the realistic shading. All
texture maps for the final layout are assembled as shown in
Fig. 4. By combining all the texture maps using this
approach, the desired visual effects of the surface can be
realized.

2.3 Texture map generation

This section describes a method for generating realistic
random texture maps mentioned in the previous section to
represent the surface of steel structure with fatigue cracks
and welds. The method is an extension of the existing
approach for creating random concrete damage textures,
which characterizes a realistic random texture by three
components: (1) random geometry, (2) random
displacement, and (3) texture discontinuity (Narazaki ef al.
2021). However, steel surfaces which potentially have
cracks in them have unique characteristics that make texture
development difficult. For example, in contrast with the
jagged patterns exhibited by large area of concrete damage,
steel fatigue cracks are thin with relatively smooth patterns,
and fatigue cracks typically start and propagate along a
weld with only minor deviations. Moreover, crack damage
patterns coexist with non-damage patterns, such as different
paint colors, drawings, and uneven material surfaces, allow
of which can potentially mislead a network seeking to
recognize cracks in steel structures. Therefore, the synthetic
steel fatigue crack has strict requirement on the similarity
for texture details such as the shape and location of cracks.
To develop an effective synthetic dataset for this research,
new procedure and parameterization for the textures must

Principle
BSDF node

Roughness
map
Metallic map

Displacement Displacement
map node

Fig. 4 Texture nodes in Shader editor

Material
output
node

be developed that can realize these characteristics
efficiently, as discussed in the remainder of this section.

The random geometric maps of damage are generated
using simplex noise (Perlin 2001), which are the
superposition of several octaves of noise maps with
different spatial frequencies and levels of details. Therefore,
simplex noise can represent large-amplitude low-frequency
changes (e.g., mountain elevation), as well as fine details
(e.g., profiles of rocks and hills). Simplex noise maps are an
improvement over Perlin noise (Perlin 1985), which
generate random yet smooth patterns, which are particularly
useful for game and movie design to create terrain and sea
surface profiles. The simplex noise maintains the key
features of Perlin noise, with additional advantages of lower
computation cost and better continuous gradients.
Therefore, simplex noise can represent large-amplitude
low-frequency changes (e.g., mountain elevation), as well
as fine details (e.g., profiles of rocks and hills).

In this paper, a simplex noise texture with resolution of
2048 x 2048 is generated. The geometric profiles
(displacement maps) of cracks and welds are generated
synthetically by transforming the simplex noise as follows

P = abs (N(freqx,freqy,octaves)) (1)

M= 1{P<threshold} (2)

Displacement map 3)
= A X normalize(P — threshold)" e M

where N(freqx, freq,, octaves) is the 2048 x 2048
simplex noise map that takes values in the range [—1,1]. P
is the absolute noise map generated from simplex noise map
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(b) After threshold and flip

Fig. 5 Crack and weld displacement generation

of the noise map, proportional to the number of noise ¢ N.
freq,, freq, denote the spatial frequency parameters
ycles in an image. octaves defines the number of texture
maps that are superimposed, contributing to the complexity
and details of the results. M denotes a mask that extracts
image regions that satisfy the condition defined by the
threshold (1gy is an indicator function). In the third
equation, the threshold is applied to the noise map, which is
then normalized, raised to the nth power, re-scaled by A,
and multiplied elementwise by M (° denotes element-wise
multiplication). Each of these processing steps is illustrated
in Fig. 5.

The selection of parameters freq,, freq,, and
octaves is a key to realize the thin and smooth patterns
representing steel fatigue cracks. To ensure that only one
single curve of crack is contained per image, the texture
map only cover a single slope of a noise cycle, restricting

LRARE

(b) 4 octaves

(a) 2 octaves

the frequency parameters not to be too large. In addition,
the number of octaves needs to be adjusted so that features
such as welds and cracks can be represented adequately. A
large number of octaves are used to create the fine details
on the smooth outline. To provide sufficient complexity to
the synthetic textures, 12 octaves are used for cracks and 8
octaves are used for welds. The influence of octaves on the
shape of welds and cracks is shown in Fig. 6.

To obtain the realistic weld profiles, the power function
and the gaussian filter are employed. Those operations
reduce the sharpness of the ridge of the original pattern
generated by Egs. (1)-(3). The power function is employed
to change the large-scale geometry. If the height of the weld
is normalized to the interval [0,1], the flat ridges can be
obtained by reducing the exponent. The geometrical
influence of the power function is shown in Fig. 7(a). The
gaussian filter is convolved with the displacement map,

(c) 8 octaves

Fig. 6 Influence of the number of octaves on the shape of welds and cracks

N

Weld height
=
S

o
18]

(a) Power function

—
DB / . —
B
0
0 0.2 0.4 0.6 0.8 1
-

(b) Before smoothing, n =1

(c) After smoothing, n = 20

Fig. 7 Scaling effect of power function
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(a) Same frequency

(b) Varied frequency

Fig. 8 Frequency control on weld-crack relative position

after applying the power function to remove fine
discontinuities. The displacement of the mesh surface
before and after smoothing is shown in Figs. 7(b) and (c).

To ensure that the fatigue crack starts and propagates
along the weld, the noise textures that generate crack and
weld geometric profiles share the same random seed.
Deviations of cracks from weld centerlines are realized by
using different spatial frequency parameters ( freq, ,
freqy). The effect of changing the frequency parameters is
illustrated in Fig. 8.

Non-crack textures of the steel box girder can mislead

Boundaries of color range

Randomized
background color

Random noise

the damage identification process. In this paper, different
colors of paints, label-like drawings, and uneven surfaces
are simulated to create typical textures found in the images
of box girders with cracks. To this end, simplex noise
textures are used with larger spatial frequency parameters.
The resulting curves are used to create color maps that
approximate these observed visual effects, including the pen
marks on the surfaces. However, generated labels only need
to fit manual label features at the local level, because the
original image will be cropped before being fed into FCN.
Therefore, continuous curves are kept in the final texture to

Final color map
(background&paint&label)

(background&paint)

Fig. 9 Example of color map generation

RGB map

Metallic map

Roughness map

Displacement map

Textured surface

Ground truth

Fig. 10 Example of random texture generation procedure
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represent the labels and drawings. The uneven surface also
casts shadows that are often misleading for crack detection
algorithms. Such effects are mainly caused by scratches,
imperfect connection of plates, and varying thickness of
coatings and paints. This research uses displacement maps
downloaded from a database of 3D scan textures
(Textures.com, CCO Textures) to enable accurate modeling
of those textures. These steps yield texture maps that leads
to the realistic representation of the non-damage surface.
Texture discontinuity occurs when surfaces with
different states (damage, scratches, paint, etc.) are modeled

Table 1 Color range

Color name: R channel G channel B channel
Yellow 160 - 237 140 - 229 116 - 170
Silver 70 - 205 74 -209 86 -210
Red 170 - 185 38-70 38-90
Blue 19-49 47 - 81 95-130
Black 23-50 23-50 28 - 57

Fig. 11 Example of textured mesh in Blender

by texture maps. For example, the surface of a steel member
may be painted or weathered, while the cracks expose the
bare steel texture underneath the surface. This research
expresses such texture discontinuity by the RGB color map,
roughness map, and metallic map. Color maps are generated
based on the images from the image dataset of fatigue
cracks found in steel box girders. These surfaces have areas
with yellow and silver paint, as well as pen marks in red,
blue, and black. For each color, RGB values are obtained
manually from the darkest and the brightest parts of these
images, as shown in Table 1. To enhance the realism, the
associated color map is generated by scaling the noise map,
so that the RGB value lie between those extreme colors.
The procedure for generating the color map is shown in Fig.
9. Roughness and metallic maps for object surfaces are
collected from online databases (Textures.com and CCO
Textures) to represent the detailed and sharp color variation
caused by such discontinuities. The approach presented
herein is implemented using Python, so that random
textures with appropriate values of parameters are created
automatically.

Finally, all maps are combined to generate photo-
realistic textures that closely replicate the key character-
ristics of the original images of fatigue cracks in steel box
girders using the Blender Shader Editor, introduced in
section 2.2. An example of the effects of combining
different maps obtained in this section is shown in Fig. 10.
The figures in the left column show four types of texture
maps that contain different information about the steel
surface. The RGB map represents steel surface, painted
surface drawing, and bare steel exposed by cracking. The
metallic map shows different specular reflections for
associated textures mentioned above. The roughness map
combines two texture maps from a real-world dataset for
steel and weld surfaces. The displacement map not only

(a) Synthetic texture

(b) Synthetic groundtruth

(c) Detail of synthetic texture

(d) Detail of synthetic groundtruth

Fig. 12 Example of synthetic image pairs
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includes the large height changes of welds and cracks
introduced in this section, but also contains the fine
discontinuities seen on the surfaces, corresponding to
roughness maps obtained using 3D scans of steel surfaces.
The right column shows the photo-realistic steel surface
with all the properties defined in this section, as well as the
associated ground truth.

2.4 Rendering synthetic images

The synthetic environment is now generated by
superposing the textures from Sections 2.2 and 2.3 onto the
mesh created in Section 2. The example of the textured
synthetic environment is shown in Fig. 11, based on the
mesh in Fig. 12. The images are rendered and stored
automatically based on a virtual camera whose position is
defined in the Blender-Python API. The optical axis of the
cameras aligns with the center of the damaged surface of
the steel box girder. The camera distance is variable and is
sampled uniformly, so that the width of the crack in the
rendered images range from 1 to 5 pixels. After the data
collection process, the dataset contains 120 original images
and 616 synthetic images, along with the associated ground
truth images. The example of synthetic data pairs is shown
in Fig. 12.

3. Semantic segmentation based on fully
convolutional networks

This section details the implementation of the FCN
(Long et al. 2015) used herein for steel fatigue crack
identification. The FCN is selected to provide pixel-wise
identification owing to its advantages in accuracy and
simplicity, which has been shown in several field
applications (Hoskere et al. 2020, Narazaki et al. 2020b).
The architecture, additional techniques, and the datasets are
described in the remainder of this section.

3.1 Network architecture

The FCN employed herein enables end-to-end training
and pixel-to-pixel segmentation, with the output of the
network being evaluated directly by the ground truth.
Considering the size of the dataset, 15 convolutional layers
are used in the FCN, with an encoder-decoder architecture.
An encoder is built to extract feature maps at multiple
resolutions.

The encoder consists of six convolutional layers with
filter size of 3 X 3 The convolution layer is followed by a
ReLU activation function, which adds non-linearities to the
operation. A pooling layer with a stride of 2 X 2 is placed
after every three convolutional layers to downsample the
layer output maps (feature maps). After the last
convolutional layer, an average pooling layer reduces the
image resolution to one eighth of original size and passes
the output into the decoder. The decoder in the FCN
replaces the traditional fully connected layers in the
standard convolutional neural networks (CNNs). The
decoder first applies convolutional layers of 1 X 1 to the
two-dimensional feature maps, leading to the spatial

Encoder Decoder

| (T eoco of

Convl 1 Conv2_1 Conv3_1 Conv4_1
RelU RelU RelU RelU

Convl 2 Conv2_ 2 Conv3_2 Dropout

RelU RelU RelU Conv4 2
Convl 3 Conv2 3 Conv3_3 RelU

RelU RelU RelU Dropout

Avgpooling1 Cconv2_4 Conv3_4 Conv4_3
RelU RelU RelU

Avgpooling2 Avgpooling3 Dropout

Conv4_4

Fig. 13 Network architecture

Deconv5_1 Softmax
Deconv5_2
Deconv5_3

Table 2 Details of convolutional layers in the network

architecture
Layer name: Filter size Number of filters ~ Stride
Convl 1 3x3x3 64 1x1
Convl_2-3 3XxX3x64 64 1x1
Conv2_1 3xX3x64 128 1x1
Conv2 2-4 3x3x128 128 1x1
Conv3_1 3x3x128 256 1x1
Conv3_2-4 3x3x256 256 1x1
Conv4_1 1x1x256 256 1x1
Conv4 2-3 1x1x256 256 1x1
Conv4 4 1x1x256 2 1x1
Deconv5 1 4x4x2 128 1x1
Deconv5 2 4x4x128 64 1x1
Deconv5 3 4x4x%x64 2 1x1

prediction map, which is then upsampled and merged with
the feature maps at higher resolutions. Dropout layers are
used in the first three convolutional layers of the decoder to
suppress the effects of overfitting. This decoder provides a
learnable way for upsampling the features and allows pixel-
wise prediction. The architecture of the proposed network is
shown in Fig. 13. Details of each layer are listed in Table 2.

3.2 Additional training considerations

A crack can be described as a narrow, continuous curve,
typically covering only a small percentage of the images
being considered, but may still span the entire image. To
fully capture these features of a crack, two techniques are
implemented in this paper: (1) median frequency balancing
(Margineantu 2000), (2) image cropping.

Median frequency balancing assigns weights to different
classes while calculating the loss by cross entropy. In the
image with crack, the ratio of cracks to non-crack pixels is
about 1/64, due to which the effect on the loss function on
crack pixels is minimal. Therefore, the prediction can
converge to the non-crack class for all pixels, because the
loss can remain at a reasonably low-level with no crack
being predicted; this imbalance of crack pixels will always
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(a) Before reweighting

(b) After reweighting

Fig. 14 Crack prediction before/after reweighting

(b) Synthetic crack

(c) Real-world non-crack

(d) Synthetic non-crack

Fig. 15 Cropped image and ground truth

mislead the network. To prioritize the influence of the crack
pixels, median frequency balancing is implemented, where
the weight for class ¢ is given by weight(c) =
medians,eq/sum(c).

The weighted cross entropy loss given by L =
— Y. w(c)p(c)log (ﬁ(c)) is employed to place a higher
weight on the crack class. Here p(c) denotes the ground
truth for class ¢, p(c) defines the probability of class c,
and w(c) denotes the weight assigned for class c. With
this emphasis on the class cracks, the crack label cannot be
ignored, and the expected probability for crack
identification is significantly improved during the training
process. However, the final prediction score for the class
crack is overestimated by median frequency balancing
during training, leading to a dramatic increase in false
positives, as illustrated in Fig. 14. Therefore, the prediction

score should be reweighted by the inverse of the balancing
weight applied to the entropy loss calculation for the
associated classes.

In addition, because cracks are quite narrow, a great
portion of the information is lost during the downsampling
process. To address this problem, the original image is
cropped into 330 sub-images, each being 224x224 pixels,
which are used as the input to the network. This approach
not only retains the original crack information, but also
allows the network to put more attention to local textures.
An example of cropped images and the ground truth are
shown in Fig. 15.

3.3 Crack image dataset

The dataset used in this study (designated herein as the
real-world dataset) is based on 120 real world images of
steel-fatigue cracks of size 4928 X 3264 and 5152 X
3864 with labels provided by the st International Project
Competition for structural health monitoring (IPC-SHM
2020). The real-world images with ground truth are
randomly split into training and test datasets. These real-
world images are cropped into sub-images with resolution
of 224 x 224 pixels and randomly flipped and rotated to
augment the dataset. Subsequently, 616 synthetic images
are created and combined with the real-world dataset to
create an augmented dataset, which will be used in the
training, validation, and testing. The images in the
augmented dataset are similarly cropped into sub-images
with resolution of 224 X 224 pixels. FCN-R is trained on
the sub-images from the real-world dataset, whereas FCN-A
is trained on the augmented dataset. The details of the real-
world and augmented dataset are given in Table 3.

3.4 Network training schemes

After image cropping, all the sub-images are classified
as either crack or non-crack images. The crack and non-
crack are annotated into either 0 or 1, respectively.

Because the number of synthetic images is significantly
larger than the number of real-world images, the augmented
dataset must be balanced prior to training the FCN; if
balancing is not performed, the FCN predictions will be
biased toward the synthetic images. To address this
problem, the real-world crack sub-images are copied several
times to create a 1:1 balance between the real-world crack
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Table 3 Details of real-world and augmented datasets

Training Validation Testing
Dataset - -
Real-world  Synthetic =~ Real-world  Synthetic Real-world
Real-world dataset 70 0 10 0 40
Augmented dataset 70 496 10 50 40
sub-images and the sub-synthetic crack images. achieves accurate identification for the synthetic testing

Specifically, the synthetic dataset has 9971 sub-images that
contain cracks, whereas only 2658 sub-images have cracks
in the real-world dataset. Therefore, the 2658 real crack
images are repeated three times for a total of 2658 X 4 =
10632 sub-images, which is comparable to the 9971
synthetic crack sub-images. After this balancing, the
number of training epochs for FCN-A is reduced to 1/4 of
the epochs for FCN-R, so that both network models will go
through and learn from the entire real-world crack data for
same number of epochs.

In addition, the number of non-crack sub-images is
much higher than the number of crack sub-images, which
greatly reduces the efficiency of the training for identifying
cracks. Therefore, the ratio of crack and non-crack sub-
images is selected to be 1:2 in the training dataset. For the
FCN-A discussed herein, the real-world non-crack sub-
images are used to form the non-crack sub-images in the
training dataset; if the non-crack images in a real-world
dataset are insufficient to achieve the desired ratio of crack
to non-crack sub-images, then the synthetic non-crack
images could be used to supplement the training dataset.
Finally, this dataset, termed herein as the balanced
augmented dataset, will be used as input to the FCN.

Both the real-world and augmented datasets are then
used to train the network. The training process first uses 50
epochs with learning rate of 0.0001 and then 10 epochs with
learning rate of 0.00001. The 10 epochs using the lower
learning rate help the network converge further based on the
main direction determined by the higher learning rate. In
each epoch, the network goes through the entire dataset
using a batch size of 8 sample images. Because the real-
world crack images are repeated four times in the
augmented dataset, the number of epochs is reduced to
50/4 = 12.5 epochs; thus, the number of iterations, as
well as all other parameters in training process, is the same
for both FCN-R and FCN-A. After the networks are updated
based on a batch of data samples, the network is evaluated
using the loss of training and validation set to monitor
overfitting

4. Results and discussion

The crack identification results for both FCN-R and
FCN-A are evaluated using three metrics: 1) precision
(TP/(TP + FP)), 2) recall (TP/(TP+FN)), and 3)
intersection over union (IoU) (TP/(TP +FP+ FN)),
where TP is true positive, FP is false positive, TN is true
negative, and FN is false negative. The performance of
FCN-A is first evaluated pixel-wise on 70 synthetic that
were not used for training. As shown in Table 4, FCN-A

dataset in all the metrices, demonstrating that FCN-A has
been influenced significantly by the synthetic images and
may be more robust in detecting diverse crack images.

Next, the performance of both FCN-R and FCN-A is
evaluated pixel-wise on the real-world testing dataset, the
results of which are given in Table 5. FCN-R identifies 95%
of cracks at the image-level. The IoU, precision, and recall
of FCN-R show promising results for pixel-wise fatigue
crack identification, which reach 35%, 49%, and 56%,
respectively. FCN-R can meet the requirements of the basic
crack identification, though the accuracy has room for
improvement. FCN-A further improves the performance of
real-world crack identification. The IoU, precision, and
recall achieve 40%, 62%, and 52%, respectively. The result
shows that synthetic data can augment a limited dataset and
enhance the overall accuracy, as shown through 5%
increase of IoU value. In addition, the precision is
significantly increased, which indicates that the augmented
prediction overcomes some difficulties of incorrect
identification of the crack-like features. The relatively small
reduction in recall is caused by the imperfect representation
of synthetic cracks used in this paper, such as limited types
of rust colors for the inner cracks and the lack of motion
blur. Therefore, recall can be further improved by updating
the rust color of the inner cracks and blurring the image to
mimic motion blur in the future.

To investigate the bias from synthetic data, another
augmented dataset, in which the number of synthetic crack
sub-images are twice as many as the number of real-world
crack sub-images, is built to train the third FCN (FCN-A2).

Table 4 Pixel-wise performance on 70 synthetic testing
images

Augmented (FCN-A)

Training dataset

Crack No crack Mean

Precision 87% 99% 94%
Recall 93% 99% 96%
IoU 82% 99% 91%

Table 5 Pixel-wise performance on real-world testing
dataset

FCN-R FCN-A
Crack Nocrack Mean Crack Nocrack Mean
Precision  49% 99% 74%  62% 99% 81%
Recall 56% 99% 78%  52% 99% 76%
IoU 35% 99% 68% 40% 99% 70%

Network
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Table 6 Pixel-wise performance of FCN-A2 on real-world

testing dataset

Augmented (FCN-A2)

Training dataset

Crack No crack Mean
Precision 51% 99% 76%
Recall 54% 99% 77%
IoU 36% 99% 68%
FCN-R
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The evaluation of FCN-A2 is shown in Table 6. For FCN-
Ajthe augmented dataset of 1:1 ratio between real-world
and synthetic crack sub-images significantly enhances the
performance on crack identification. However, compared
with FCN-A, excessive ratio of synthetic crack sub-images
misleads FCN-A2, resulting in the reduction by 4% of IoU
and 11% of precision. Therefore, the best model, FCN-A, is
discussed hereafter.

Fig. 16 further presents the variance of the image-wise
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Fig. 16 Image-wise IoU for testing images with associated pixel ratio of fatigue cracks

Test image 1

Test image 2

Test image 3

(a) Original images

(b) Result for FCN-R

(c) Result for FCN-A

(d) Ground truth

Fig. 17 Example of crack identification result on real-world testing set
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Table 7 Image-wise crack identification criteria of example testing results

FCN-R FCN-A
Network
Precision Recall ToU Precision Recall IoU
Image 1 63% 76% 53% 93% 88% 82%
Image 2 35% 72% 31% 71% 63% 50%
Image 3 32% 84% 30% 46% 73% 39%

IoU on the testing dataset for both FCN-R and FCN-A. The
IoU for each image is plotted against the pixel ratio, which
indicates the proportion of crack pixels in the entire image.
Comparing the Figs. 16(a) and (b), overall IoU with low
pixel ratio is raised by the synthetic data augmentation,
except for some extreme cases with low accuracy. The
cracks in those cases are rarely found and not sufficiently
trained even with augmented dataset.

Fig. 17 provides an example comparing prediction of
both FCN-R and FCN-A. Fig. 17(a) shows that FCN-R can
clearly identify the fatigue crack on the steel box girder, but
a large region of false positives is also observed in the right
half of the image 1 and 2. The black marks and shadow are
classified as cracks because FCN-R is vulnerable to the
misleading feature. In contrast, as demonstrated in Fig.
17(b), FCN-A recognizes the crack-like features correctly,
which significantly increase the accuracy of the
identification. For test image 3, the effect of synthetic
augmentation is weakened with extremely fine crack. The
performance of FCN-R and FCN-A are similar for the other
images in the testing dataset.

Two types of errors can be observed from the
segmentation result in Fig. 17. First, some finer cracks are
not detected which make the prediction discontinuous. For
example, the image 3 in Fig. 17 indicates the discontinuity
effects caused by finer cracks that are narrower than four
pixels. Second, certain crack-like features are labelled
incorrectly at discrete spots. These issues may be attributed
to the relatively simple architecture proposed in this paper;
with the application of a network of higher complexity, such
issues may be resolved to some degrees.

Overall, FCN-A is more robust in identifying cracks in
the presence of diverse features such as different colors,
lighting, and shapes. The advantages of the use of synthetic
images for augmentation are summarized as follows: (1)
more diverse and comprehensive training images, (2) ease
of adjustment based on target for identification, (3)
automatic labeling, and (4) precise annotations. Future work
includes enhancing the reality of the synthetic dataset, so
that the dataset bias is reduced, and fatigue crack
identification accuracy improves further.

5. Conclusions

A synthetic data augmentation approach has been
proposed to improve the identification of fatigue cracks in
steel box girders typically found in long-span bridges using
a fully convolutional network (FCN). The scarcity of
datasets for fatigue crack in steel bridge girders and the
very-fine nature of these cracks has hindered the application

ML techniques for its identification. To overcome such
challenges the use of synthetic images has been proposed to
augment real-world datasets used for training neural
networks that can identify fatigue cracks. 3D scanned
random textures depicting the damaged surface of steel
structures were created and mapped onto a graphical steel
box girder model. The process was automated to simulate
various lighting conditions and camera angles using a
Python-Blender API. The efficacy of the approach was
evaluated by comparing the performance of the proposed
FCN trained for two cases: (1) using only real-word data
(FCN-R), and (2) using real-word data augmented with
synthetic data (FCN-A). FCN-A has shown an increase in
precision by 13% (49% to 62%), although as a trade-off, the
recall fell by 4%. Moreover, the results show an overall
increase in the crack identification performance by 5%
(35% to 40%) based on the intersection over union (IoU).
The proposed approach has been demonstrated to be an
effective and practical tool for fatigue crack identification in
steel box girders. The approach also offers promising
potential for identifying other types of damage in structures
to strengthen existing datasets.

The complexity of the task of identifying cracks with
only a limited dataset still has room for improvement. For
example, (a) employing a more complex network based on
the recent progress in this field, such as DeeplabV3
proposed by Chen et al. (2017), (b) improvement of
synthetic image generation process by considering RGB
maps that combine real textures from the open-source
online libraries and the expected features such as pen marks
and paint, rather than use of RGB map generated with
random noise for the steel surface in the current work, and
(c) refinement of the present damage simulation process by
incorporating more features of fatigue crack such as
updating the rust color of the inner cracks and blurring the
image to mimic motion blur during actual image inspection.
These extensions could help enhance the performance of
steel fatigue crack identification, as well as to improve the
application of synthetic data augmentation for other type of
structural damage.
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