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Abstract: Infrared and visible imaging play crucial roles in non-destructive testing, where accurate
defect segmentation and detection are paramount. However, the scarcity of annotated training data
or the limited number of data availability often poses a challenge. To address this, we propose an in-
novative framework tailored to the domain of infrared and visible imaging, integrating segmentation
and detection tasks. The proposed approach eliminates the dependency on annotated defect data
during training, enabling models to adapt to real-world scenarios with limited annotations. By utiliz-
ing super-pixel segmentation and texture analysis, the proposed method enhances the accuracy of
defect detection. Concrete structures, globally subjected to aging and degradation, demand constant
monitoring for structural health. Traditional manual crack detection methods are labor-intensive,
necessitating automated systems. The proposed approach combines deep learning-based super-pixel
segmentation with texture analysis, offering a solution for limited-defect-data situations. Utilizing
convolutional neural networks (CNNs) for super-pixel segmentation and texture features for defect
analysis, the proposed methodology improves the efficiency and accuracy of crack detection, espe-
cially in scenarios with limited labeled data or a limited number of data available. Evaluation on
public benchmark datasets have validated the effectiveness of the proposed approach in detecting
cracks in concrete structures.

Keywords: non-destructive testing; defect detection; convolutional neural networks; super-pixel
segmentation; image segmentation; texture analysis; limited defect data

1. Introduction

Numerous critical concrete structures worldwide, including bridges, roads, and other
infrastructure components, have endured decades of service, and are confronting the
inevitable challenges of aging and degradation [1]. Over time, these structures have
become increasingly vulnerable to failure, posing significant risks to public safety and
property. Thus, routine maintenance and structural health monitoring (SHM) are crucial to
ensure their ongoing functionality and safety. SHM plays a pivotal role not only during
the operational lifespan of these structures but also during their construction phase, where
early detection of potential issues can prevent future failures. The need for automated crack
detection has grown apparent over the years, given the reliance on effective management
practices and the specialized expertise required for structural maintenance, particularly in
remote or inaccessible areas where manual inspection is impractical.

Cracks are a significant concern for the safety, durability, and serviceability of concrete
structures, necessitating their detection and monitoring. In addition to structural consid-
erations, cracks raise aesthetic and financial concerns for building owners and structural
engineers. The presence of cracks can allow harmful chemicals to penetrate buildings,
compromising their integrity and visual appeal. Surface cracks serve as critical indicators
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of structural damage and durability, requiring thorough inspection of building elements.
However, manual crack detection remains prevalent in many developing countries, result-
ing in time-consuming and subjective assessments lacking cost-effectiveness and accuracy.
Consequently, there is a critical need for automated crack detection systems to enhance
efficiency and reliability in structural monitoring and maintenance practices.

In addressing these challenges, researchers have highlighted the significance of em-
ploying advanced crack detection techniques, particularly in the context of structural health
assessment in concrete structures. Despite such recommendations, manual visual inspec-
tion remains prevalent in many developing regions, despite its inherent limitations, in
terms of time, effort, and accuracy. Automated crack detection systems have emerged
as a promising remedy to these issues, offering a more efficient and objective means of
structural monitoring. Leveraging automation technologies, such as computer vision and
machine learning, enables these systems to enhance the precision and dependability of
crack detection. Moreover, with the integration of infrared and visible images (fusion
images) [2,3], these automated systems demonstrate even greater potential in detecting and
characterizing cracks within concrete structures, thereby advancing the field of structural
health monitoring.

This paper proposes an effective and robust crack detection methodology. We con-
centrate on both deep learning-based super-pixel segmentation and texture analysis for
accurate crack detection. The main contributions in this work are as follows:

1. We aim to assess the performance of the proposed method in accurately detecting
cracks under conditions of limited data availability. Through this investigation, we
endeavor to contribute to the advancement of non-destructive testing methodologies
for structural integrity assessment and defect identification.

2. The proposed approach involves a multi-step process, beginning with the segmen-
tation of images using a deep learning-based super-pixel method. Subsequently, we
apply texture analysis techniques using the Mahotas Python library to identify cracks
present in the images.

3. Additionally, we aim to investigate the effectiveness of accurate segmentation on
crack detection performance. By evaluating the influence of precise segmentation on
the effectiveness of our detection method, we seek to understand the importance of
segmentation quality in defect identification and localization.

4. Furthermore, we explore the feasibility of utilizing thermal and visible image fusion
as part of our detection strategy. This investigation aims to determine whether fu-
sion images offer advantages over individual modalities in terms of crack-detection
accuracy and reliability. By integrating thermal and visible images, we seek to en-
hance the robustness and versatility of our detection method, particularly in scenarios
characterized by limited training data.

This paper is organized as follows. Section 2 presents the related works. Section 3
introduces the proposed defect methodology. Then, Section 4 outlines the conducted
comparative experiments on the algorithms of each part. Finally, we summarize the main
outcomes in Section 5.

2. Literature Review

Detection of surface cracks in concrete holds paramount importance for preserving
concrete structures. Traditional visual inspection techniques are inherently intricate, cum-
bersome, and labor-intensive [4]. The manual inspection of cracks poses limitations, in
terms of accuracy and efficiency, necessitating the adoption of automated approaches
through digital image processing [4]. Detecting and monitoring cracks is crucial for ensur-
ing the structural integrity and longevity of concrete structures [4]. The presence of cracks
not only affects the aesthetics of the structure but also accelerates corrosion of reinforcement,
leading to premature aging and a reduced lifespan [5]. Moreover, the carrying capacity of
the structure is compromised by the dimensions of the cracks [5].
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Various techniques have been employed for crack detection on concrete surfaces,
including manual inspection, photogrammetry, fiber optics, and ultrasonic methods. How-
ever, manual inspection is laborious and time-consuming, prompting the development of
alternative approaches, such as the stereovision-based crack width detection method [6].
Pavements are integral components of transportation infrastructure, and the detection
of pavement distress, including cracks, is essential for maintenance and rehabilitation
purposes [7]. Cracks in welds are considered severe defects as they can lead to weld failure
under stress. Despite being typically surface-initiated, small cracks can be challenging to
visually identify. Traditional non-destructive testing (NDT) techniques, such as radiogra-
phy and ultrasound, may encounter difficulties in detecting surface cracks. Thermography,
a novel NDT technique, offers advantages, such as speed, non-contact operation, and
full-field data provision [8].

Various techniques utilizing deep learning have been developed for defect segmen-
tation. The authors in [9] proposed an auto-encoder with conditional random fields and
guided filtering methods. Escalona et al. [10] investigated the effect of the depth of the
U-Net architecture on crack segmentation performance. Additionally, the authors in [11]
proposed an auto-encoder with conditional random fields and guided filtering methods.
Yang et al. [12] were the first to apply the U-Net architecture in the field of crack detection
to address several limitations associated with using CNNs for this task. Fan et al. [13]
proposed a modified encoder–decoder architecture based on U-Net, incorporating multi-
dilation and hierarchical feature learning to enhance crack-segmentation performance.
Konig et al. [14] introduced an encoder–decoder structure based on the U-Net architec-
ture, combined with attention gating and residual connections to improve performance.
Zhang et al. [15] applied deep learning to the task of crack segmentation, using ConvNet
for feature extraction on raw images.

The challenge arises when there is insufficient data, as deep learning typically requires
a substantial amount of data to be effective. In the following, a method is proposed to
address this problem.

3. Materials and Methods

The proposed methodology introduces an innovative approach to address the chal-
lenge of defect detection for limited training data. By combining deep learning-based
super-pixel segmentation [16,17] followed by texture analysis [18,19] automated defect
detection is empowered in scenarios where annotated training data are limited. This novel
method not only overcomes the limitations of traditional approaches but also opens up
new possibilities for advancements in various industrial and scientific applications.

Super-pixel segmentation, a critical component within image processing and computer
vision, is essential for grouping pixels with similar attributes into coherent and perceptually
meaningful regions [20]. In this paper, we confront the inherent challenge of limited training
data for defect detection by employing a sophisticated deep learning-based super-pixel
segmentation method [21]. This innovative approach, which employs convolutional neural
networks (CNNs) to effectively partition images into cohesive regions, lays the foundation
for subsequent texture analysis. By employing the capabilities of CNNs, our objective is
to accurately delineate image components, thereby facilitating defect detection through
texture analysis. This practical application of the proposed methodology can significantly
enhance the efficiency and effectiveness of defect detection in various industries.

Texture analysis, on the other hand, is a powerful technique for characterizing the
spatial arrangement of pixel intensities within an image [18,19]. By extracting statistical
features from the local neighborhood, texture analysis reveals crucial insights into the
underlying structures and patterns present in the image [18].

Figure 1 indicates that the proposed methodology uses deep learning super-pixel
segmentation followed by texture analysis to tackle the challenge of defect detection with
limited training data. Specifically, texture features are renowned for their ability to capture
essential textural properties, such as contrast, entropy, and homogeneity. In the proposed
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method, these features are the foundation for detecting anomalies, such as cracks, within
multi-modal images. By employing deep learning super-pixel segmentation, we aim to
create a structured representation of the image that preserves spatial context and crack
localization while reducing the complexity of subsequent analysis [22]. This strategy
enables us to partition the image into coherent regions [23]. Using the inherent spatial
coherence provided by super-pixel segmentation, the efficiency and effectiveness of texture
analysis are enhanced for defect detection. Furthermore, by separating the segmentation
task from the requirement of annotated data, it is not necessary to spend as much time
manually labeling defect images. This makes it easier for the proposed method to be used
for detecting defects in various situations where labeled data might not be available as well
as for scenarios with limited numbers of data.

This section first presents the deep learning-based super-pixel segmentation approach.
Subsequently, it presents the texture analysis method. Moreover, the related mathematical
formulations and algorithms are explained.

Figure 1. The proposed crack detection methodology pipeline.

3.1. Deep Learning-Based Super-Pixel Segmentation Phase

The hypothesis behind employing a CNN-based super-pixel segmentation method for
defect detection, particularly crack detection, is that it can effectively delineate regions of
interest within images, facilitating accurate identification and localization of defects [21]. By
employing convolutional neural networks, which are adept at capturing intricate patterns
and features in images, the method aims to enhance the precision and efficiency of defect
detection compared to traditional segmentation approaches. The primary objective in em-
ploying deep learning-based super-pixel segmentation is to enhance the accuracy of crack
defect segmentation and optimizing the over-segmentation, particularly in distinguishing
between very narrow cracks and thicker cracks.

This section introduces the CNN-based super-pixel segmentation method, tailored
specifically for detecting cracks in concrete structures. We start by presenting the approach
to directly predicting pixel–super-pixel associations on a regular grid, followed by detailing
the architecture of the super-pixel network.

3.1.1. Learning Super-Pixels on a Regular Grid

Super-pixel segmentation is traditionally performed by dividing images into a grid of
cells, where each cell is treated as an initial super-pixel “seed”, and then assigning each
pixel to one of these seeds. However, this assignment for all the pixels of a super-pixel pair
is computationally intensive. To mitigate this, the search is restricted to neighboring grid
cells for each pixel, improving computational efficiency. This is achieved by training a deep
neural network to learn the mapping, replacing hard assignment with a soft-association
map. This map represents the probability of each pixel being assigned to a specific grid cell,
allowing for the determination of super-pixels based on the highest probability assignment.

Mathematical Formulation: The hard assignment tensor, denoted as G, represents
the pixel-to-superpixel mapping. For a given pixel p, the search is confined to the set of
neighboring grid cells Np. The soft-association map Q is computed, where qs(p) signi-
fies the probability of pixel p being assigned to each superpixel s in Np. Finally, super-
pixels are derived by assigning each pixel to the grid cell with the highest probability:
s∗ = arg maxs qs(p).

3.1.2. Deep Learning-Based Super-Pixel Architecture

Figure 2 indicates encoder–decoder architecture with skip connections employed
to predict the super-pixel association map. The encoder processes input color images
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and generates high-level feature maps through convolutional layers, while the decoder
progressively upsamples these features to make the final prediction, incorporating features
from corresponding encoder layers. Leaky rectified linear units (ReLU) are utilized for
all layers except the prediction layer, where softmax is applied. The end-to-end trainable
super-pixel network offers flexibility in defining loss functions, enabling customization
based on specific application requirements.

Figure 2. Deep learning-based super-pixel architecture.

3.2. Deep Learning-Based Super-Pixel Texture Analysis Phase

The core of our proposed methodology lies in deep learning-based super-pixel texture-
based analysis for crack detection. Algorithm 1 outlines the procedure for conducting
texture analysis based on deep learning-based super-pixels. In order to enhance the
visibility of texture information within intensity variations, pre-processing steps are applied
to the original image. Subsequently, individual super-pixel regions are isolated, and texture
features are extracted from the respective grayscale regions masked by each super-pixel.

Algorithm 1 Deep learning-based Super-pixel Texture Analysis for Crack Detection
Require: Deep learning-based Super-pixel segmentation result, Original Defect Image
Ensure: An Image with the highlighted crack area
1: function CREATEMASK(superpixel_label)
2: mask← superpixel_label
3: return mask
4: end function
5: function APPLYMASK(mask, grayscale image)
6: masked_image← Apply mask to grayscale image
7: return masked_image
8: end function
9: function EXTRACTFEATURES(masked_image)

10: f eatures← Extract features from masked_image
11: return f eatures
12: end function
13: function HIGHLIGHTCRACK(superpixel_label)
14: Highlight crack area corresponding to superpixel_label
15: end function
16: function RESULTIMAGES(superpixel boundaries, original image)
17: Result_image← Combine superpixel boundaries with original image
18: return Result_image
19: end function
20: function SAVEIMAGE(Result_image)
21: Save Result_image
22: end function
23: Initialize Threshold1, Threshold2
24: for each superpixel label superpixel_label in unique(superpixel result) do
25: mask← CREATEMASK(superpixel_label)
26: masked_image← APPLYMASK(mask, grayscale image)
27: f eatures← EXTRACTFEATURES(masked_image)
28: if features.mean() > Threshold1 and features.var() > Threshold2 then
29: HIGHLIGHTCRACK(superpixel_label)
30: end if
31: end for
32: Result_image← RESULTIMAGES(superpixel boundaries, original image)
33: SAVEIMAGE(Result_image)



NDT 2024, 2 133

Mathematical Analysis

The thresholds for features.mean() and features.var() can be determined in a
professional and mathematically sound manner by employing statistical methods to an-
alyze the distribution of texture features extracted from the dataset. The process can be
formulated as follows.

3.3. Mathematical Analysis for Mean Threshold

Let µcrack denote the population mean of the texture feature values extracted from
super-pixels corresponding to crack areas in an image. Similarly, let µnon-crack represent the
population mean of the texture feature values extracted from super-pixels corresponding
to non-crack areas.

The threshold, Threshold1, can be determined by computing a confidence interval
for the population mean of crack texture features. A common approach is to construct a
confidence interval using the sample mean x̄ and sample standard deviation s of the crack
texture feature values, typically at a confidence level of 95% or higher.

Mathematically, Threshold1 can be formulated as

Threshold1 = µcrack + z× scrack√
n

where z is the z-score corresponding to the desired confidence level, scrack is the sample
standard deviation of crack texture feature values, and n is the number of samples.

3.4. Mathematical Analysis for Variance Threshold

Similarly, the threshold, Threshold2 for features.var() can be determined by ana-
lyzing the distribution of texture feature variances within the dataset.

Let σ2
crack denote the population variance of texture feature values extracted from

super-pixels corresponding to crack areas, and σ2
non-crack denote the population variance of

texture feature values extracted from non-crack areas.
Like Threshold1, Threshold2 can be determined using a confidence interval approach,

ensuring that it captures the variability in texture features observed within crack areas with
a certain level of confidence [24,25].

Mathematically, the threshold Threshold2 can be formulated as

Threshold2 = σ2
crack + z×

s2
crack√

2(n− 1)

where z is the z-score corresponding to the desired confidence level, s2
crack is the sample

variance of crack texture feature values, and n is the number of samples.
By formulating the thresholds for features.mean() and features.var() using sta-

tistical methods such as confidence intervals, robust criteria for classifying super-pixels as
crack areas can be established, ensuring that the algorithm’s decisions are based on sound
statistical principles and providing confidence in its performance across different datasets.

4. Results and Discussions

This section first presents the results of the proposed crack detection approach, using
visible image data within the constraints of limited available data. Subsequently, it assesses
the efficacy of infrared and visible fusion datasets while examining their advantages
and disadvantages.

We begin by presenting the segmentation process using deep learning-based super-
pixel segmentation and comparing its accuracy with the SLIC method [26]. Next, we
investigate the detection phase, providing qualitative and quantitative crack detection
assessments using visible images. Finally, we explore the potential benefits of fusion
images for enhancing crack detection accuracy.

The datasets utilized in this paper are introduced in the following subsection. Subse-
quently, the details of the segmentation phase and its implementation are outlined in this
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section. The crack detection results are presented in the following subsection. Furthermore,
the results are analyzed, compared, and discussed.

4.1. Dataset

This paper utilizes two public datasets. The first dataset comprises visible images
including cracked and non-cracked samples. The second dataset includes visible, infrared,
and fusion images. Detailed information about both datasets is provided below.

The first dataset [27] serves the dual purpose of crack detection and segmentation,
making it a valuable resource for further research. It encompasses many infrastructural
crack types, such as pavements, bridges, and buildings. Figure 3 indicates some samples of
this dataset.

Figure 3. The first column shows original images. The second column shows the deep learning-based
superpixel segmentation. The third to fifth columns indicate SLIC superpixel segmentation with 10,
15, and 20 pixels in each superpixel (cluster), respectively.

The second dataset [28] consists of crack images collected from Virginia Polytechnic In-
stitute and State University (Virginia Tech), Blacksburg, VA, USA , specifically from asphalt
pavements near the Thomas M. Murray Structures and Materials Laboratory. To capture
visible and infrared images simultaneously, the FLUKE TiX580 [28] was utilized to capture
infrared camera, which features both visible light and infrared camera lenses. Additionally,
IR-Fusion™ technology facilitated the creation of fusion images by blending visible and
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infrared images at various ratios to produce composite images. This fusion capability could
also be achieved using the SmartView software [28]. Consequently, three images—visible,
infrared, and fusion—were simultaneously captured for the same object. More detailed
information about the images used in this study can be found in the literature [28,29].
Figure 4 shows several samples of visible and fusion images of the dataset.

Figure 4. The first column shows the original images. The second column illustrates the results of
crack detection using the proposed method. The third to fifth is the results of using SLIC+texture
analysis with 10, 15, and 20 pixels in each superpixel (cluster), respectively.

In this paper, a subset of data is randomly selected from each of the datasets introduced
earlier. The first dataset is utilized to validate the functionality of the proposed method.
Subsequently, the visible and fusion data selected from the second dataset are employed to
assess the effectiveness of the proposed methodology on fusion images.

4.2. Results of Image Segmentation Phase

This subsection first presents implementation details of the deep learning-based super-
pixel method. After showcasing the segmentation phase results, we compare and analyze
the results with the SLIC super-pixel method with different parameters.
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4.2.1. Implementation Details

Employing the PyTorch framework facilitated the implementation of this method,
providing extensive support for developing and training deep neural networks. GPU
acceleration, particularly using the NVIDIA GeForce RTX 2080Ti GPU, addressed the
computational demands, enhancing the efficiency of the segmentation model.

4.2.2. Results of Deep Learning-Based Super-Pixel Segmentation Phase

A deep learning model for super-pixel segmentation was employed to precisely
segment multi-modal image data [21], driven by the hypothesis that accurate segmentation
is crucial for subsequent crack detection. In the segmentation phase, the multi-modal
images were partitioned into homogeneous regions conducive to crack detection. The
second column in Figure 3 presents the results of segmentation obtained using the proposed
approach, showcasing the delineation of crack regions within the visible images. Moreover,
Figure 3 indicates deep learning-based segmentation facilitates more accurate boundary
delineation than traditional methods, such as SLIC.

Following the training and validation phases using general images, not necessarily
defect images, the model underwent testing using crack defect images. This testing phase
aimed to evaluate the effectiveness of the segmentation approach in accurately delineat-
ing crack regions within the multi-modal images. The method demonstrated superior
segmentation by developing deep learning-based super-pixel segmentation, particularly
in capturing intricate crack patterns and minimizing over-segmentation. These results
underscore the importance of accurate segmentation as a foundational step for effective
crack detection methodologies.

4.2.3. Comparative Analysis of Proposed Method with SLIC Method

To further evaluate the efficacy of our segmentation approach, we compared it with
the SLIC method using varying parameters. Figure 3 illustrates the segmentation results
obtained using both techniques across different parameter settings. Visual inspection
reveals that the deep learning-based approach achieved superior segmentation quality,
particularly in capturing intricate crack patterns and minimizing over-segmentation.

4.3. Results of Crack Detection Phase

Following successful segmentation, the project progressed to the crack detection
phase, where the objective was to identify and localize cracks within the segmented im-
ages. The crack detection methodology involved several steps, which are presented in the
following subsections.

4.3.1. Implementation Details

The Python programming language, specifically version 3.9, was utilized for im-
plementing the crack detection algorithm. Texture analysis, a key component of crack
detection, was performed using the Mahotas library, which provided essential functionality
for examining texture characteristics within individual super-pixels.

The Mahotas library facilitated texture analysis to identify patterns indicative of cracks
within individual super-pixels. This analysis enabled the differentiation between super-
pixels which contained true crack textures and those that did not, thus facilitating accurate
crack detection.

4.3.2. Crack Detection Using Visible Images

We evaluated the performance of the proposed crack detection method, employing
visible image data, using the segmented regions obtained through deep learning-based
super-pixel segmentation.
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4.3.3. Performance Metrics

Table 1 presents the quantitative performance metrics obtained from crack detection
using visible images, including IOU, precision, and recall. These metrics provide insights
into the effectiveness of the proposed approach in accurately identifying and delineating
cracks in visible imagery.

Table 1. Evaluation metric results for SLIC-superpixel+ texture analysis and the proposed method.

Sample Method Intersection of Union (IOU) Precision Recall

Sample 1

Proposed Method 93.72 93.81 99.90
SLIC10 92.13 92.20 99.91
SLIC15 92.98 92.44 99.92
SLIC20 92.98 93.05 99.92

Sample 2

Proposed Method 94.02 94.08 99.93
SLIC10 93.47 93.58 99.88
SLIC15 92.44 92.48 99.95
SLIC20 92.73 92.74 96.22

Sample 3

Proposed Method 94.02 94.08 99.93
SLIC10 93.47 93.58 99.83
SLIC15 93.28 93.32 99.95
SLIC20 93.88 93.93 99.95

Sample 4

Proposed Method 94.08 94.08 99.93
SLIC10 92.16 92.21 99.93
SLIC15 92.34 92.37 99.95
SLIC20 93.40 93.44 99.94

Sample 5

Proposed Method 92.79 92.83 99.96
SLIC10 90.81 90.87 99.92
SLIC15 90.42 90.49 99.92
SLIC20 91.80 91.85 99.94

4.3.4. Qualitative Analysis

Figure 4 depicts qualitative examples of crack detection results obtained from the
visible image dataset. Visual inspection of these examples illustrates the ability of the
proposed method to detect cracks of varying sizes, orientations, and intensities within
visible images.

4.4. Multi-Modal Images for Crack Detection

To further investigate the potential benefits of multi-modal fusion, we utilized datasets
containing both visible and fusion images. We analyzed the effectiveness of fusion images
on the proposed crack detection performance and explored if fusion images can deal with
the situations of blurriness in images [30].

4.5. Effectiveness of Fusion Images

Figures 4 and 5 present qualitative examples illustrating the effectiveness of fusion
images on the proposed crack detection method. These examples highlight instances
where fusion images enhance crack visibility and aid in the accurate delineation of crack
boundaries compared to visible images alone.

4.6. Comparative Analysis

Tables 2 and 3 provide a comparative analysis of crack detection metrics obtained from
visible images and fusion images. By comparing the performance of our method across
these datasets, we aim to determine the extent to which fusion improves crack detection
accuracy under different conditions.



NDT 2024, 2 138

Figure 5. Crack detection results for Sample 1 (top) and Sample 2 (bottom): visible image, deep
learning-based super-pixel segmentation for visible image, detected crack on visible image, ground-
truth, fusion image, deep learning-based super-pixel segmentation for fusion image, detected crack
on fusion image.

Table 2. Evaluation metrics results on visible and fusion images using proposed method.

Sample Image Spectrum Intersection of Union (IOU) Precision Recall

Sample 2 Visible 97.15 99.12 79.99
Fusion 99.60 99.99 99.60

Sample 3 Visible 99.67 99.82 99.84
Fusion 98.93 99.56 99.36

Table 3. Evaluation metrics results on visible and fusion images using proposed method for worst-
case scenario.

Sample Image Spectrum Intersection of Union (IOU) Precision Recall

Sample 1 Visible 73.56 98.87 98.66
Fusion 95.51 99.99 95.55

Sample 2 Visible 76.15 99.12 79.99
Fusion 99.60 99.99 99.60

Sample 3 Visible 75.67 99.82 76.84
Fusion 98.93 99.56 99.36

4.7. Discussion

In this section, we interpret the results obtained from our crack detection experiments
and discuss their implications for non-destructive testing methodologies. We analyze the
effectiveness of our method using visible images, evaluate the added value of multi-modal
fusion for improving crack detection accuracy, and discuss the conditions under which
fusion images provide the most significant benefits.

Figure 3 investigated the trade-off between computational efficiency and segmentation
accuracy inherent in the simple linear iterative clustering (SLIC) method. We found that
while reducing the seed size in SLIC can lead to more detailed segmentation results, it
also increases computational time significantly. Conversely, larger seeds can expedite the
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segmentation process but may sacrifice accuracy. In contrast, our experiments utilized fixed
parameters for deep learning-based super-pixel segmentation, ensuring consistency in
results across different samples. This approach allowed us to explore the balance between
computational efficiency and segmentation quality, providing valuable insights for practical
applications in image processing and computer vision.

This study extended the investigation, to encompass the fusion of infrared and visible
images, aiming to evaluate the segmentation of crack regions and assess its impact on crack
detection efficacy. Figures 4–6 and Tables 1–3 reveal the method’s remarkable accuracy in
detecting crack regions within both thin and thick crack formations in visible images, as
depicted in the accompanying figure. Furthermore, we explored the fusion counterparts of
these images, considering the potential benefits of integrating infrared data with visible
imagery. Given the inherent presence of cracks in visible images, this study sought to
ascertain whether the fusion of infrared and visible images could enhance crack detection
capabilities. This comprehensive analysis sheds light on the potential synergistic effects
of fusion images in bolstering crack detection methodologies, thereby advancing non-
destructive testing and defect identification.

Figure 6. Crack detection results for Sample 3 (top), Sample 4 (middle), and Sample 5 (bottom):
visible image, deep learning-based super-pixel segmentation of visible image, detected crack on
visible image, ground-truth, fusion image, deep learning-based super-pixel segmentation of fusion
image, detected crack on fusion image.
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Our proposed crack detection methodology has exhibited remarkable performance
across various scenarios, particularly excelling in challenging cases where traditional
methods struggle. Figure 6 and Table 3 show that in the worst-case scenario, where one
side of the image suffered from blur, the proposed methodology showcased exceptional
resilience. By using fusion images and the proposed approach, we effectively mitigated
the adverse effects of blurriness, demonstrating the robustness and adaptability of the
proposed method to real-world imperfections commonly encountered in infrastructure
inspection scenarios.

Furthermore, the segmentation results in Figure 3, columns 3, 4, and 5, indicate
segments containing both crack and non-crack regions using the SLIC method. Conversely,
Column 1, which employs a deep learning-based super-pixel approach, notably enhances
the segmentation precision, distinctly illustrating crack and non-crack areas. Moreover,
in columns 3, 4, and 5, SLIC exhibited tendencies towards over-segmentation, resulting
in fragmented regions and potentially compromising the accuracy of subsequent crack
detection. Conversely, the proposed methodology, appropriate for optimal performance
even in limited-data scenarios, demonstrated superior segmentation quality, providing a
coherent and precise representation of image regions conducive to accurate crack detection.
Table 3 illustrates that the IOU scores for Sample 1 through Sample 5 were 94.02%, 94.02%,
94.8%, and 92.79%, respectively. Conversely, the IOU results for the SLIC methods indicate
that, at best, they performed 1.29% worse on average compared to these scores. Also,
the recall scores for Sample 1 through Sample 5 were 93.81%, 94.08%, 94.8%, and 94.08%,
92.83%, respectively. Conversely, the recall results for the SLIC methods indicate that, at
best, they performed approximately 1% worse. There were no significant differences in
recall.

It is essential to emphasize that the proposed approach is specifically designed to ad-
dress the challenges posed by limited data availability, a common constraint in real-world
applications of crack detection. By decoupling the segmentation task from reliance on
annotated data, we have effectively alleviated the burden of manual annotation, thereby
facilitating the widespread applicability of our methodology. This significant advancement
not only enhances the efficiency of crack detection processes but also contributes to the scal-
ability and accessibility of infrastructure inspection technologies, particularly in contexts
where resources for data annotation are limited.

In short, our crack detection methodology, augmented by fusion image utilization and
deep learning-based super-pixel segmentation, represents a significant step forward in the
field of non-destructive testing for infrastructure assessment. Through rigorous evaluation
and validation, our approach has demonstrated exceptional performance, particularly in
mitigating the challenges posed by adverse imaging conditions and limited data availability.

5. Conclusions

In conclusion, this paper presents a comprehensive methodology for automated crack
detection in concrete structures. By integrating deep learning-based super-pixel segmenta-
tion with texture analysis, we address the challenges associated with manual inspection
methods, offering a more efficient and objective approach to crack detection. Our methodol-
ogy leverages state-of-the-art techniques in image processing and computer vision, enabling
accurate identification and characterization of cracks, even in scenarios with limited train-
ing data. Through systematic evaluation and comparison with existing methods, using
public benchmark datasets, we demonstrate the effectiveness and superiority of our ap-
proach. As a future work, focusing on the infrared and visible fusion of stitched images is
recommended so that we can simultaneously detect surface and subsurface defects and
have sufficient understanding of the defect location and continuity.
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