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Coating defect classification method for steel structures with vision—
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Abstract. This paper proposes a fusion imaging-based coating-defect classification method for steel structures that uses zero-
shot learning. In the proposed method, a halogen lamp generates heat energy on the coating surface of a steel structure, and the
resulting heat responses are measured by an infrared (IR) camera, while photos of the coating surface are captured by a charge-
coupled device (CCD) camera. The measured heat responses and visual images are then analyzed using zero-shot learning to
classify the coating defects, and the estimated coating defects are visualized throughout the inspection surface of the steel
structure. In contrast to older approaches to coating-defect classification that relied on visual inspection and were limited to
surface defects, and older artificial neural network (ANN)-based methods that required large amounts of data for training and
validation, the proposed method accurately classifies both internal and external defects and can classify coating defects for
unobserved classes that are not included in the training. Additionally, the proposed model easily learns about additional
classifying conditions, making it simple to add classes for problems of interest and field application. Based on the results of
validation via field testing, the defect-type classification performance is improved 22.7% of accuracy by fusing visual and
thermal imaging compared to using only a visual dataset. Furthermore, the classification accuracy of the proposed method on a
test dataset with only trained classes is validated to be 100%. With word-embedding vectors for the labels of untrained classes,

the classification accuracy of the proposed method is 86.4%.
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1. Introduction

Coatings are widely used to protect steel structures from
various forms of deterioration such as corrosion, abrasion,
and cracking (Standard 1994, Shrestha and Kim 2018).
Generally, coatings are applied onto a surface in a certain
thickness to ensure protective performance on the structure.
For this purpose, polymeric materials have mainly been
used for their high applicability. However, owing to their
thinness and softness properties, which are beneficial to
their workability, such coatings easily become defective
from external shocks and gradually lose their protective
performance. Additionally, the coating layer undergoes a
reduction in thickness and quality over time, resulting in
several defects, such as corrosion, delamination, chalking,
and checking (Ochiai ef al. 2007, A.A.0.S.a.H.T. Officials
2019, Center 2021, Boller et al. 2015). Hence, the timely
and accurate detection of coating defects is crucial, and
visual inspection has become a mandatory practice in the
maintenance of steel bridges, as stipulated by bridge
authorities such as the Ministry of Land, Infrastructure, and
Transportation in the Republic of Korea and the Federal
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Highway Administration in the United States (Jeong et al.
2018, Puspitasari and Harahap 2023).

Visual inspection is a prominent method in quality and
cleanliness assessment procedures and is generally
employed in on-site coating-defect inspection. It is strongly
dependent on the level of experience and cognitive
concentration of the inspector, making it a subjective
process with high potential for human error. To address this
limitation, visual-camera-based technologies have been
applied to defect detection (Hoult et al. 2010, La et al.
2019, Jiang et al. 2023). Unmanned aerial vehicles (UAVs)
and automated robots have recently been adopted to
comprehensively inspect the structural members of steel
bridges by capturing high-resolution visual images (Myung
et al. 2014, Lee et al. 2021). Subsequently, these images are
organized to automate the diagnostic process for efficient
and accurate assessment. There have also been various
studies on the coating-defect inspection of ferrous
protection coatings in automotive and machinery industries.
Common methods include the use of ultrasound (Li and
Zhang 2008, Ulbrich 2022), microwave (Deshmukh et al.
2011, Mazzinghi et al. 2019), and X-ray in inspections
(Margret et al. 2018). However, these techniques suffer
from drawbacks in that they require large equipment and
that their accuracies are vulnerable to external
environmental conditions.

Recently, machine-learning techniques based on visual
images from charge-coupled device (CCD) cameras have
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been employed to enhance the accuracy and efficiency of
detecting cracks in coatings and corrosion in steel materials.
For example, Jahanshahi and Masri (2013) conducted an
assessment of the effects of employing various color spaces,
color channels, and image patch dimensions in a color
wavelet-based texture analysis algorithm aimed at corrosion
detection and demonstrated that CbCr leads to optimal
performance in corrosion detection in their texture analysis
method. Ali and Cha (2019) proposed an approach to
subsurface damage detection in steel-truss bridges using
deep learning and infrared thermography. Their method
effectively identified corrosion and detected debonding
between the coating paint and the steel surface. Jin Lim et
al. (2021) proposed a corrosion inspection method for steel
structures that uses both visual and thermographic images.
Thermal inspection can be used to effectively visualize,
through heat transfer, the corrosion occurring inside and
outside a steel structure. As such, thermal inspection has
been integrated with visual-image-based technologies,
which are incapable of seeing internal corrosion, to detect
both external and internal defects. However, these
algorithms have been trained and tested primarily on
individual coating defects, which may pose an unknown
limitation in detecting new classes of defects that have not
been included in the training.

In this study, a coating-defect classification method
based on zero-shot learning is proposed. The proposed
method uses a fusion-imaging inspection system that
combines halogen-lamp-based active thermography and
vision-based inspection. The active thermography system
consists of a halogen lamp that transmits heat over a large
area of the structure, and an infrared (IR) camera that
captures a series of thermal images. The proposed method
employs zero-shot learning, which classifies untrained
classes by embedding matrices from coating-defect-related
documents. By utilizing zero-shot learning, the proposed
method obtains a similarity metric between image features
and class label features from documents related to coating
defects. The proposed method (1) detects coating defects on
surfaces and subsurface at high accuracies, (2) classifies the
coating defects of larger areas more accurately than do older
methods, and (3) classifies new coating defects that have
not been inspected and untrained defects.

The remainder of this paper is organized as follows: An
overview of the proposed fusion-imaging system and data is
provided in Section 2. The zero-shot learning used in the
coating defect classification method is described in detail in
Section 3. Experimental validation is provided in Section 4.
Finally, the concluding remarks are presented in Section 5.

2. Fusion imaging via thermography and visual
inspection

Although thermography alone can be used to detect
deterioration to a sufficient degree, it is challenging to
differentiate the type of deterioration on the surface of a
structure using only thermal imaging. To address this
problem, visual images containing surface characteristics
can be combined with thermography. This section
introduces a detailed procedure and theoretical background
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Fig. 1 Schematic of proposed fusion-imaging system
combining visual- and thermal-imaging data for
coating-defect classification

of the fusion of these two imaging types.
2.1 Configuration of fusion-imaging system

Fig. 1 shows the fusion-imaging system adopted for the
proposed method and its working procedure, which was
developed by Jin Lim ef al. (2021). The system comprises
four devices for heating, sensing, and control. A halogen
lamp, which generates heat energy on the target surface, is
placed at the center of the target structure. An IR camera
captures a series of IR images that visualize the resulting
heat responses of the target surface within its field of view
(FOV). To avoid measuring the halogen light reflected from
the target structure, the IR camera is mounted at an angle of
10-15° from the normal line of the target structure. A CCD
camera captures photos of the surface at the target location.
The controller operates by turning the halogen lamp on and
off, transmitting control signals to the IR and CCD cameras,
and receiving real-time IR images from the IR camera and
visual images from the CCD camera to detect and classify
coating defects.

In the proposed halogen thermography system, the
halogen lamp is repeatedly turned on and off at specific
periods with respect to an ON/OFF-type excitation signal.
The monitoring time is divided into heating and cooling
phases; for the proposed method, the durations of the two
phases are set to be identical. Because the temperature
change in the target structure should be discerned by the IR
camera during each measurement, the monitoring time can
be adjusted such that the surface temperature of the target
structure increases by at least 3 °C in the test environment.

The controller in the proposed fusion-imaging system
transmits control signals to the halogen lamp and two
cameras to collect thermal- and visual-imaging data. After
transmitting the operation signal to the CCD camera, the
controller determines the monitoring time based on the test
environment conditions, and transmits the lamp operation
signal simultaneously to the halogen lamp and IR camera.
The halogen lamp is then turned on and off in response to
the signal from the controller to radiate heat onto the
surface of the target structure, while the IR camera captures
the thermal changes in the target structure in succession.
The thermal images captured by the IR camera and the
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Fig. 2 Overview of coating-defect classification method for unobserved class dataset

visual images captured by the CCD camera are transferred
to the controller and preprocessed to generate input data for
the coating-defect classification.

2.2 Fusion of thermography and visual imaging

When a halogen lamp applies heat energy to the surface
of a target structure, photothermal effect-based thermal
waves are generated on the surface and propagate inside the
structure. The presence of corrosion modifies the thermal
conductivity, reflectivity, and emissivity of a material,
generating spatial and temporal fluctuations in the
propagation of thermal waves around the corrosion. In
addition, subsurface corrosion, which occurs frequently at
the interface between the coating layer and the steel
structure, disrupts the transmission of heat waves. Lock-in
amplitude thermal imaging, referred to hereafter in this
paper as 1D lock-in amplitude thermal imaging, is a method
for visualizing temporal and spatial disruptions. When heat
energy is applied to a structure for t/2 seconds and
thermal images are recorded over t seconds, the 1D lock-in
amplitude thermal image A(x,y) of a point with surface-
plane Cartesian coordinates (x,y) is obtained as follows

structure and inspection environment. In this study, the
well-known three-dimensional color map, which consists of
red, blue, and green, is used for generalization because the
proposed method for classifying coating defects is intended
to be able to detect defects that occur in steel structures,
other than corrosion.

3. Coating-defect classification method for
unobserved-class dataset

Fig. 2 depicts the coating-defect classification method
for unobserved-class datasets. The proposed method
consists of two algorithms: a defect detection/classification
algorithm and a word-embedding algorithm, which are
represented in the diagram in orange and green,
respectively. In the visual-feature extraction algorithm, a
four-dimensional image dataset containing visual- and
thermal-imaging data is used to extract visual-feature
vectors and identify the region of interest (ROI). In the
word-embedding algorithm, the coating-defect data are then
converted into vectors, and label data are generated in the
embedding space. In this section, the YOLOvS5-based

2

Ax,y) = {R(x,y, 0) —R (x,y,%)}z + {R (x,y,%) —R(x,y, t)} , (1)

where R(x,y,t) is the temperature of the raw thermal
image recorded by the IR camera, and A(x,y,t) is the 1D
lock-in amplitude thermal image at (x,y) attime ¢t.

In previous studies on steel-structure examination using
visual sensors, color spaces such as gray scale or YCbCr
have been used to represent corrosion, which is an
important defect in steel structures (Liao and Lee 2016,
Khayatazad et al. 2020). In accordance with these color
spaces, the texture of the corrosion is distinctly rendered to
be able to perform target-surface inspection at high
precisions. However, corrections for accuracy have to be
made by adjusting the associated parameters for each target

visual-feature extraction algorithm and word-embedding
algorithm based on Word2vec are explored in detail. The
similarity between a visual-feature vector and word vector
is determined by transforming the former to the same size
as that of the word-embedding vector and comparing it with
the word vector. The vector with the highest similarity is
identified as the defect class, and the defect location and
size are visualized by outputting the ROI results.
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Fig. 3 Overview of YOLOvS5s-based visual-feature
extraction and region of interest
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3.1 Visuallthermal image-feature extraction
algorithm

You Only Look Once (YOLO) is a method that detects
objects in real time within a single stage (Redmon et al.
2016). Through the use of a convolutional neural network
(CNN) architecture on an image, it is possible to determine
the positions and types of objects in the image, thereby
accelerating recognition. YOLO divides an image into
grids, where each grid detects the objects contained within
itself. This method can be used for real-time object
detection based on data streams and requires only minimal
computational resources. The coating-defect classification
method utilizes the fifth version of YOLO, which is still
under development, called YOLOv5. YOLOvS5 is
distinguished from its previous versions by the depth of the
depth-multiplier control model and different input image-
data sizes. In this study, YOLOvSs, the most basic version
with the lightest file, was used to achieve the fastest
recognition speed. Fig. 3 shows the structure of YOLOVSs.

Like any other single-stage object detector, YOLOvSs
has three important components: (1) backbone, (2) neck,
and (3) head. The backbone is used primarily to extract
significant features from images. The specific structures of
each component is shown in Fig. 3. In YOLOvVSs, the
backbone and neck are designed as cross-stage partial
networks (CSP) to extract informative features from an
input image. Using CSP in deeper networks significantly
reduces processing time. The primary function of the neck
is to generate feature pyramids, which facilitate the
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generalization of models for object scaling. The feature
pyramid consists of three feature vectors of various sizes
and scales. When multiple sizes and scales of feature
vectors are used, it becomes easier to detect the same
object. The feature vectors from the neck are used for
semantic encoding and are transformed to be of the same
size as that of the word-embedding vector. Finally, the
model head is employed primarily in the final phase of
detection. It generates the final output vectors with class
probabilities, objectless scores, and bounding boxes.

3.2 Coating-defect-type embedding

Word embedding involves the conversion of a single
word into a numerical representation. Each word is mapped
to a vector, which is then learned in a manner similar to that
used by a neural network. The vectors attempt to capture
various aspects of a word in relation to the entire text,
including its semantic relationship, definition, and context.
By utilizing these numerical representations, one can
identify similarities and differences between words, among
other aspects. Text in its raw form cannot be processed by a
machine; therefore, the text has to be converted into an
embedding to enable users to feed it into traditional
machine-learning models.

According to past studies (A.A.o0.S.a.H.T. Officials
2019, I.a.T.0.S.K. Ministry of Land 2019), the three most
common defects in coating materials used to protect steel
structures are corrosion, delamination, and subsurface
problems. Based on the maintenance documents mentioned
above and web crawling results from Google search, 75
words were chosen in order of high relevance for each
coating defect in this study. Omitting terms with minimal
relevance, the side information list had a total of 150 words,
as shown in Fig. 4.

The word-embedding algorithm is based on the skip-
gram model from the Word2vec method. Word2Vec is
effective because of its capacity to group together vectors of
similar words. Word2Vec can accurately estimate the
meaning of a word based on its occurrences in text, given a
sufficiently large dataset. Fig. 4 shows a schematic
representation of the neural network of the skip-artificial
gram. In the input layer, a one-hot vector of the central
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Fig. 4 Schematic of word-embedding methods for coating-defect types
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Fig. 5 Loss function of coating-defect classification method based on YOLOvVS and Word2vec

word is introduced. When the input passes through the
hidden layer, the output layer generates a vector that
predicts the surrounding words. As shown in Fig. 4, the
skip-gram is not a deep artificial neural network model with
many hidden layers, but rather a shallow neural network
model with only one hidden layer.

The goal of skip-gram is to predict surrounding words
for the central word by learning the embedding matrix W
between the input layer and hidden layer, and the weight
matrix W' between the hidden layer and output layer. For
training, the loss function is calculated as follows

Xq = softmax(W'Wx) (a« =1,2,...,c). 2)
3.3 Full dual loss function

In the visual-feature extraction method, the final image
loss function is calculated using a simple L1 loss function.
Let the semantic embedding outputs for ground-truth
matched anchors be denoted by M, as shown in Fig. 5 and
let the matching target vector embedding be denoted by I,.
The fundamental image loss function is expressed as
follows

L; = mean(|(Mg - g)|). 3)

In the word-embedding method, the process of distilling
text embeddings involves the alignment of model semantic
outputs with the target text embeddings. To compute the
loss for the text embeddings, the seen text embeddings are
first generated by feeding every seen class. Then, a
similarity matrix is generated using a cosine similarity
computation relating semantic embeddings M, and seen
text embedding T. Additionally, a softmax is applied with
temperature T to these similarities. The full computation to
generate the similarity matrix S, can be expressed as

follows
S ft ( M T T) 4
= softmax| ——————e" |.
z IMANTII

To compute the overall text loss, we first collect the
ground-truth box label classes that correspond to each
positively matched anchor. Then, we produce the output

layer of the word embedding, which are one-hot encoded
labels, y, whose shape is the same as that of the generated
similarity matrix S,. The final text loss is computed using a
function called the negative log-likelihood, which links S,
and y, and can be expressed as follows

Ly = Ly, (Iog(S,), y). Q)

Combining both text and image distillation losses into a
single function with weighting values W, and W; produces
a full-loss function, as follows

Loss = WL, + W;L;. (6)

4. In situ bridge testing
4.1 Test configuration

The performance of the proposed method was validated
on the Gwangan Bridge, Deungsun Bridge, and First Jindo
Grand Bridge in South Korea. The Gwangan Bridge, an
offshore bridge completed in 2002, is composed of a steel-
truss bridge (900 m) and a suspension bridge (720 m), each
with a width of 25 m. The First Jindo Grand Bridge is a
three-span steel-box girder cable-stayed bridge with a long
main span (344 m) and two side spans (70 m), each with a
width of 11.7 m. The bridge was constructed on the ocean
and completed in 1984. The Deungsun Bridge is composed
of steel box girders and prestressed concrete box girders.
The entire length of the bridge is 2,000 m, and the span
length is 11 m. The bridge was constructed near a river and
was completed in 1984,

Because the Gwangan Bridge and First Jindo Grand
Bridge are offshore structures, they are usually exposed to a
strong sea breeze, and as a result, their coatings deteriorate
quickly and easily develop flaws, particularly corrosion
around bolts and welds. The steel girders of the Deungsun
Bridge are also susceptible to defects owing to the intense
vortices caused by topographical influences. Because of
these environmental threats, it is quite probable that, for
these three bridges, damage has gradually accumulated not
only on the coatings applied to the structures but also in the
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structures themselves. Therefore, an effective coating-defect
classification diagnostic method is essential to protect the
structural integrities of buildings and ensure effective defect
maintenance.

Fig. 6 shows the fusion-imaging system used for in situ
bridge inspection, consisting of a combined visual-IR
camera (T650SC, FLIR), a halogen lamp (H25 S, Hedler),
and a laptop (XPS159570, Dell). The combined visual-IR
camera acquires visual and thermal images with 95 x 71
cm? and 33 x 44 cm? FOVs, respectively, and 2592 x 1944-
pixel and 640 x 480-pixel resolutions, respectively. The
thermal resolution and spectral range of the thermal image
are 0.02 K and long-wave IR (7.5-13 mm), respectively.
The fusion-imaging system was placed 1 m from the target
surface, based on a compromise between the inspection
speed and spatial resolution of the acquired images. To
ensure uniform heat excitation, the halogen lamp was set
90° to the target surface. To minimize the reflected heat of
the halogen lamp, the IR and CCD cameras were set at 20°
from the target surface. Before the halogen lamp introduced
heat energy onto the target surface, the CCD camera
captured the visual image. The halogen lamp then applied
heat for 10 s, and thermal images were recorded for 20 s (10
s for the heating phase and additional 10 s for the cooling
phase) at a 30 Hz frame rate. These parameter values were
selected by considering the halogen lamp power, external
temperature, and thermal properties of the coating material.
The 1D amplitude thermal image was obtained using Eq.
(1). The four-dimensional input, which is a fusion of 3D
visual images and 1D amplitude thermal images, was then
obtained.
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Table 1 Number of fusion-imaging datasets used for data

augmentation
Defect Original Data Total
type data augmentations defects
Delamination 5 40 56
Corrosion 15 120 256
Subsurface 5 40 64

Detailed information regarding the images acquired
from the bridges cannot be published in this article because
of confidentiality agreements with the bridge authority.

4.2 Training of coating-defect classification method

The proposed method was coded in Python using the
PyTorch framework (Paszke et al. 2019). The main network
of the proposed method was deployed on a workstation with
the following technical specifications: (1) CPU: Intel Core
17-9700, (2) GPU: Nvidia Force 2060 Super 8 GB, and (3)
RAM: 32 GB.

A transfer-learning method was utilized to train the
proposed method. The visual-feature extraction model was
pretrained using the VGGNet dataset, which consists of
1.2M images with assigned categories, whereas the word-
embedding model was pretrained using 71,380 words from
the Google data center.

Tabe 1 lists the fault types and amounts of data for each
detection type for the in situ bridge inspection. One problem
was that the number of defects required for training was
insufficient. Because deep learning is prone to overfitting,
and the validation accuracy is diminished under a limited
amount of training data, the proposed method expands the
dataset via data augmentation.

Fig. 7 shows seven types of data augmentation
approaches. To train the word embedding of the defect-class
labels, only related words were selected using coating-
defect-related documents. There were four classes of
interest: normal condition, delamination, corrosion, and
subsurface. However, because the same learning was
required for the other surrounding words, the input vector
size was set to 150, the hidden layer to 100 dimensions, and
the output vector size to 4 x 150 dimensions with four
peripheral words.

The subsurface class was set to be an unobserved class.
Thus, to test the performance under the unobserved-class
dataset, image data from the subsurface class were not used
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Fig. 7 Data augmentation of fusion-imaging dataset
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Fig. 8 Training and validation losses of proposed method

for training. Of the 200 fusion-imaging datasets, 100 and 28
were used for training and validation, respectively. The
remaining 72 fusion-imaging datasets, which included the
subsurface class, were used for testing.

The proposed methods were trained using an Adam
optimizer with a total of 100 epochs at 50 iterations per
epoch, a starting learning rate of 0.0001, weight decay of
0.001, momentum of 0.9, and batch size of 4. Fig. 8 shows
the training process for the proposed method. After epoch
62, the validation loss no longer decreased and began to
oscillate. Therefore, training was stopped at epoch 62 to
prevent overfitting.

The harmonic mean (HM) is extensively used to
evaluate the performance of zero-shot learning-based object
classification. The HM value was calculated based on the
accuracies on the observed and non-observed data. In the
zero-shot learning model, training is performed on the seen
classes, inevitably resulting in a bias toward those specific
classes. To account for a decrease in the HM score when the
accuracies for unseen classes decrease to below those for
the seen ones, adjustments were made, as in Eq. (7)

HM = 2 Accg * Accy, .
= * ——
Accg + Accy,’ @

where Accy, and Acc, denote the accuracies for the seen
and unseen classes, respectively.

4.3 Test results

Fig. 9 shows the resulting L, losses corresponding to
different numbers of words. Semantic embedding, which is
essential for L, analysis, was conducted using the
optimized results obtained from YOLOVS, which were used
in the development model. The experiment was conducted
50 times, and the results were averaged. The numbers of
words were varied from 25 to 300 at intervals of 25. The
experimental results indicated a clear tendency for L; to
decrease as the number of words is increased. This
observation implies an increasing similarity among the
embedding results, indicating the potential for higher
accuracy in classifying unobserved data. However, the L
value converged and stabilized after 125 words, which
implies that exceeding this threshold would result in
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Fig. 9 L, loss corresponding to different numbers of words

unnecessary parameters in the word-embedding process.
Therefore, in this study, 150 words were used to achieve the
lowest loss.

The defect-classification performance was evaluated in
terms of the accuracy for different input data types, and the
results are shown in Table 2. To validate the performance of
the proposed method, four types of input data were used.
3D RGB input data are used in common vision-based
defect-classification methods, whereas 1D IR input data are
used as amplitudes for thermography-based defect
classification methods. In Lim’s method (Jin Lim et al.
2021), the 3D CbCr/IR data are combined with 2D vision
data, which are converted by the CbCr method to form
RGB and 1D IR data. Compared to the use of fusion data,
the use of only one of either visual- or thermal-imaging data
resulted in lower average accuracies. In the case of single-
data-type usage, it was difficult to determine whether the
coating defects were inside or on the surface of the coating.
By contrast, when combined visual and infrared image data
were used as input, the coating defects were accurately
identified. However, in terms of Acc, , CbCr was
approximately 5% less accurate than the proposed method
because of the information lost during the conversion from
RGB. Of the input data types that were compared, the 4D
RGB/IR input data type, used by the proposed method,
resulted in a high-level HM of 92.6%.

Subsequently, the defect-classification performance on
the observed- and unobserved-class datasets was evaluated
using accuracy as a metric, and the results are shown in
Table 3. The accuracy of the proposed method was
compared with those of state-of-the-art visual-feature
extraction models, i.e., Mask R-CNN (He et al. 2017),
DenseNet-201 (Zhu and Newsam 2018), ResNet-50 (He et

Table 2 Results for input data types, after 150 independent
training sessions

Average accuracy

Input data type Acc, Acc, HM
3D RGB 87.2 63.7 73.6
IDIR 825 75.2 78.7

3D CbCr/IR 100 81.3 89.7
4D RGB/IR 100 86.4 92.7
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al. 2016), EfficientNet (Koonce 2021), and YOLOVS (the
proposed model). For a comprehensive comparison of
image-feature extraction models, we employed the word-
embedding model used in our proposed approach. The input
data for this evaluation were 4D RGB/IR data.

As for the accuracy on the observed data, the values for
each model did not show a significant difference; the
highest and lowest accuracies of the models had a
difference of only 4%. However, when the accuracy on the
non-observed newly introduced class was evaluated, there
was a noticeable difference in accuracy of approximately
12%. In this study, the object detection involved only four
classes, and the limited number of classes is believed to
have contributed to the relatively small difference. By
contrast, the accuracy on the non-observed data was
attributed to the implemented feature vectors, particularly in
relation to the proposed word-embedding vectors and their
similarity. These findings demonstrate the performance of
the YOLOVS model, making it the most suitable choice for
this study on four-dimensional data.

Three samples of defect-classification results from the
proposed method are shown in Fig. 10. Accurate detections
were achieved on the delamination and corrosion datasets.
Additionally, the ROI results showed that the types and
sizes of defects on the planar surface were correctly

Table 3 Results of different image-feature extraction
models after 150 independent training session
(same model of word embedding)

Average accuracy

Input data type Acc, Acc, HM
Mask R-CNN 96.2 73.7 83.5
DenseNet-201 98.2 71.2 82.5
ResNet-50 97.5 83.1 89.7
EfficientNet 100 83.3 90.9
YOLOvS 100 86.4 92.7

(our model)

detected. In the corrosion results, the detection region was
smaller in the thermal image than in the visual image.
Nonetheless, the detection results revealed that the
corrosion-related ROI was accurately recognized. Thus, the
defect-classification accuracy using both thermal and visual
images was higher than that using individual data. The
results for the unknown-class dataset are shown in the right
column of Fig. 10. The ROI location and size results for the
subsurface class, highlighted by a red box, were determined
with high precision. However, in the case of minor areas,
there was no dataset learning; thus, observed-class errors
occurred.

The accuracies of the results for non-observed data are
compared in Table 4. The accuracy was at its lowest when
the subsurface class was the non-observed class and at its
highest when corrosion was the non-observed class. As
shown in Fig. 10, an error that occurred in the subsurface
was misclassified as delamination because subsurface
defects and delamination share similar characteristics, with
the feature vectors exhibiting relatively close distances.
Hence, errors occur when the features cannot be clearly
distinguished owing to their small size. However, this size-
related error problem is expected to be easily addressed by
increasing the resolutions of images for both visual and
thermal imaging when the feature sizes are small, allowing
for better feature determination.

Table 4 Results for non-observed class, after training with
50 data points

Classes

Accy, HM
Non-observed

Delamination 85.5 92.2
Corrosion 90.7 95.1
Subsurface 83.1 90.8

Observed

Corrosion subsurface

Delamination subsurface

Delamination corrosion

Delamination
(Observed)

Delanination Delanination

f‘r

Vision dataset

Delamination

Delamination

Delanination

Delamination

thermal dataset

Corrosion
(Observed)

Corrosion

Subsurface
(Non-observed)

F

Delanination

B subsurface

Delamination
=X

-[nrrosmn

_ne lanination

@m

Fig. 10 Defect-classification results including non-observed class dataset (subsurface class is non-observed)
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5. Conclusions

In this study, a coating-defect classification method for
unobserved-class datasets based on zero-shot learning was
proposed. The proposed method utilizes visual and thermal
images obtained in situ from bridges, labeled to form a
training dataset. Typical coating-defect labels were obtained
from maintenance guidelines. Based on the validation
results, the defect-type classification performance was
improved by fusing visual and thermal imaging compared
with using only a visual dataset. Moreover, the
classification accuracy of the proposed method on a test
dataset with only observed classes was validated to be
100%. With word-embedding vectors for the labels of
unobserved classes, the classification accuracy of the
proposed method was 86.4%. As more training data become
available, the precision and robustness of the proposed
method should increase.

Chalking and checking inspections for coating defects
should also be performed. The thermal properties of these
defects differ from those of the defects used in this study.
Based on this observation, improvements in machine-
learning-based coating-defect classification techniques are
being developed using visual and thermal fusion data. In
subsequent studies, new findings will be revealed. We are
also minimizing the size, weight, and power consumption of
the fusion-imaging system for bridge inspection and
developing portable coating-defect inspection devices based
on the proposed method. The comparatively small sizes and
light weights of these devices will enable simultaneous data
acquisition and signal processing at bridge maintenance
sites.
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