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Abstract. Crack detection is vital for maintenance of civil structures. Recently, deep learning-based semantic segmentation
models have shown promise in accurately identifying cracks. However, these methods require laborious manual data labeling.
To address this, an unsupervised learning-based crack segmentation method was proposed, using a self-supervised Vision
Transformer (ViT) as a backbone network to learn crack patterns from unlabeled images. A diverse crack image dataset with
various crack types and backgrounds was used to train the network without time-consuming labeling, and to test the model after
constructing ground-truths. The model was optimized with unsupervised contrastive loss function parameters, and probability
thresholding was applied to enhance detectability by eliminating low confidence pixels, reducing false positives. On 1,399 test
images, the unsupervised model achieved a mean F1-score of 75.02% and a mean Intersection over Union (mloU) of 63.01%,
with mloU improving to 66.14% after thresholding, which shows great detection performance of unsupervised model. The
model’s application to high-resolution real crack images using a sliding window technique further demonstrated its suitability for
field use, offering an efficient solution for real-time structural monitoring. These findings highlight the potential of unsupervised
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deep learning for crack detection, significantly reducing the need for manual labeling while delivering strong performance.
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1. Introduction

Infrastructure, including buildings, bridges, roads, and
tunnels, is prone to damage from aging, heavy loads,
environmental changes, and natural hazards. Common
damages like cracks, spalling, corrosion, and efflorescence
can reduce the infrastructure’s lifespan and pose disaster
risks. To monitor infrastructure health, many countries
employ structural health monitoring (SHM). Traditional
methods, like visual inspection, are time-consuming and
labor-intensive. Therefore, computer vision (CV)
techniques are gaining popularity for automated, efficient,
and cost-effective inspection. Among various types of
damages, cracks are considerable challenging to detect due
to their varying sizes and widths. For instance, cracks in
asphalt driveways and roads commonly caused by
infiltrating water and temperature fluctuations tend to be
long and straight, whereas cracks in concrete structures
exhibit curvier shapes. The cracks can progress to an
alligator crack if left unrepaired. Traditional CV algorithm
such as Gabor filtering, Otsu’s method and morphological
approaches (Abdel-Qader et al. 2003, Kabir et al. 2009),
rely on handcrafted rules but can be unreliable when images
contain noise, uneven lighting, or complex backgrounds due
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to their sensitivity to parameter settings. Recent research
has made extensive use of the categorization capabilities of
machine learning (ML) methods. ML techniques used
handcrafted features fed to algorithms like support vector
machines (SVMs), Random Forest (RF), and naive Bayes
classifiers (NBC) for improved accuracy (Nick et al. 2015,
Prasanna et al. 2016, Wang et al. 2015). Since these hand-
crafted features quantify the characteristics of typical
cracks, however, these approaches face limitations in
changing environments, noisy images, or similar objects in
the scene. Deep Convolutional Neural Networks (CNN)
have emerged as a solution, autonomously extracting
features and demonstrating promising results in detecting
damage on concrete and asphalt structures (Dorafshan et al.
2018, Yang et al. 2018a, Yusof et al. 2019).

Deep Learning has revolutionized computer vision,
yielding significant results in image categorization
(Krizhevsky et al. 2017), object localization (Ren et al.
2017), and semantic image segmentation (Long et al. 2015).
In the context of crack detection, various deep learning
models offer distinct advantages. Studies have explored
these models, each with its unique strengths. For instance,
(Cha et al. 2017) compared the efficiency of CNN-based
crack detection with traditional edge detection methods.
(Zhang et al. 2019) adopted fully convolutional layers and
varying dilation rates for feature extraction, while (Kim and
Cho 2018) investigated the use of AlexNet for crack
morphology detection. There have been numerous studies
that have explored the use of deep learning models for crack
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detection and localization (Lv et al. 2023, Ramli et al. 2021,
Wang et al. 2020, Wang and Nishio 2024). Ali et al. (2021)
built a custom CNN model for crack detection and
localization outperforming other pre-trained models in
accuracy. (Wang and Xiang 2021) compared the
performance of Sobel and Canny algorithms with CNN
model in railway sleeper crack detection. They proposed
that CNN based model outperformed conventional Sobel
and Canny algorithms in edge detection. (Solhmirzaei et al.
2024) proposed a deep learning-based computer vision
method to detect cracks in ultra-high-performance concrete
(UHPC) beams, overcoming traditional inspection
limitations. Results showed enhanced crack detection
efficiency, enabling autonomous infrastructure monitoring.
However, as crack characteristics vary in shapes and
locations, making image classification and object detection
less precise regarding crack properties like length and shape
(Kim and Cho 2019, Yang et al. 2018b). In recent years,
deep learning has delivered impressive results in crack
segmentation applications by automatically learning
distinctive features from the training data (Minh et al. 2022,
Zhou et al. 2023). Encoder-decoder networks like fully
convolution networks (FCN) (Long et al. 2015), UNet
(Ronneberger et al. 2015) and DeepLabV3+ (Chen et al.
2018) have enabled feature extraction in image
segmentation. FCN excels in detecting large cracks but
struggled with small ones (Dung 2019, Zhou and Song
2020). Liu and Wang (2022) proposed a UNet-based model
that predicts thin and tiny cracks with improved accuracy,
while Shen ef al. (2023) optimized DeepLabV3+ model for
crack detection that yielded 91.7% IoU with thin cracks in
noisy background conditions. Tang et al. (2022) modified
U-Net for pixel wise crack detection using high resolution
images. Recently, Song (2024) introduced a DeepLabV3+
based deep learning approach for automated detection of
post-earthquake  structural damage, achieved high
segmentation accuracy and strong generalization. The
method demonstrated its potential for advancing automated
structural health monitoring. Vision transformers (ViTs)
(Dosovitskiy et al. 2020), have enhanced crack detection by
integrating global contextual information via self-attention
mechanisms. Self-attention mechanisms are the interactions
between input sequences that assist the model in
determining which region merits greater attention during
training. Wang and Su (2022) proposed a hierarchically
transformer-based encoder called SegCrack, outperforming
other CNN-based segmentation models for concrete crack
detection. Furthermore, Xiang et al. (2022) combined
YOLOvS5 and ViTs for pavement crack detection,
successfully extracted contextual information around crack
patches. Shamsabadi et al. (2022) proposed a novel
transformer based framework concluded that transformer
based model detect cracks better in the complex background
conditions.

However, the studies are related to supervised learning
approaches requiring huge amount of labeled dataset for
training the models. For semantic segmentation, data should
be labeled pixel-wise that is very time consuming and
laborious. Manual labeling of damages in civil structures is
a complex process that demands specialized expertise

(Bang et al. 2019, Jha and Babiceanu 2023, Panella et al.
2022). Crack image, on average, require approximately 20
minutes for labeling, although certain complex alligator
network crack images required up to 1 hour for precise
labeling (Song et al. 2023). Structural damage, especially
cracks and rebar exposure, often exhibits small sizes and
intricate geometrical features that pose labeling challenges.
Additionally, damages like spalling and efflorescence have
amorphous shapes, further complicating the labeling task.
Manual labeling introduces inconsistencies due to human
subjectivity, with variations among experts due to
differences in perception and interpretation of visual cues
indicating damage. These subjective differences result in
inconsistencies within labeled datasets, affecting the
performance of supervised learning models. To address
these limitations, recent efforts have introduced
unsupervised learning approaches for pixel-wise and
classification tasks, eliminating the need for costly and
time-consuming labeling work.

Unsupervised learning models have been developed
significantly over the past few years. Traditional
unsupervised learning algorithms, such as K-means and
hierarchical clustering, focus on clustering data points based
on feature similarity. Then dimensionality reduction
algorithms like Principal Component Analysis (PCA) and t-
distributed Stochastic Neighbor Embedding (t-SNE)
emerged, aiming to simplify complex data while preserving
its inherent structure (Van Der Maaten and Hinton 2008).
With the advent of deep learning, unsupervised learning
approaches began to incorporate neural networks.
Autoencoders were early adopters of this approach,
excelling in efficient data representation, noise reduction,
and feature extraction (Hinton and Salakhutdinov 2006).
More advanced architectures, like Generative Adversarial
Networks (GANSs) introduced by Goodfellow er al. (2020),
represented a significant leap forward in unsupervised
learning, particularly in image generation tasks..
Furthermore, recently numerous investigations have strived
to tackle the issue of semantic segmentation without
supervision. These unsupervised states of the art methods
were trained and tested on universal datasets like Cityscapes
(Cordts et al. 2016), CocoStuff (Caesar et al. 2018), and
they distinguished between different objects without using
any true labels. These methodologies aimed to establish
semantic correlations at the pixel level from self-supervised
feature learning. Ji et al. (2019) proposed Invariant
Information Clustering (IIC) technique that maximized
mutual information of cluster assignments between the
features of two differently augmented images, while Pixel-
level feature Clustering using Invariance and Equivariance
(PiCIE) proposed by Cho et al. (2021) enhances IIC results
by leveraging photometric and geometric invariances.
However, these techniques heavily rely on data
augmentation and learning semantic consistency without
prior knowledge remains challenging. Consequently, recent
strategies (Hamilton et al. 2022, Ke et al. 2022, Yin et al.
2022, Zadaianchuk et al. 2022) have implemented the
Vision Transformer (ViT) model, trained in a self-
supervised way, i.e., Self-distillation with no labels (DINO)
(Caron et al. 2021), as their core architecture within the
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context of self-supervised learning, implementing self-
distillation using an approach that involves exponential
moving average updates. The authors of DINO demonstrate
that its class-attention can generate object segmentations
that are both localized and hold semantic significance.
(Hamilton et al. 2022) presented Self-supervised
Transformer with Energy-based Graph Optimization
(STEGO) employing knowledge distillation, which learns
the associations between features extracted from DINO.
Among these methods, STEGO using ViTs achieved the
best accuracy on datasets like Cityscapes and CocoStuff.
Though there is a notable progress in the unsupervised
deep segmentation models for general tasks, but there have
been limited studies exploring their application in the CV-
based inspection of civil structures. At present, some of
pavement crack detection methods utilize unsupervised
machine learning (ML) or deep learning (DL) approaches.
(Mubashshira et al. 2020) introduced an unsupervised
model for pavement crack detection. The pavement region
is first detected by color histogram analysis, and then the
noise is thresholded by the Otsu’s method. Cracks are
segmented by K-means clustering with morphological
closing operation to connect fragmented crack pixels.
Zhang et al. (2020) utilized generative adversarial network
(GAN) as self-supervised method for pixel-level crack
detection. They introduced a novel discriminator that has a
large field of view and focused on the crack patch as real to
counteract the data imbalance problems in crack detection.
Similarly, Duan et al. (2020) employed a GAN to transform
crack images into binary form, introducing a cycle-
consistent loss to enhance crack localization accuracy. They
used convolutional neural networks (CNNs) for feature
extraction and fully convolutional networks (FCNs) as
discriminators. Yu et al. (2020) proposed Adversarial
Image-to-Frequency Transform (AIFT) as an unsupervised
method for detection of defects in road dataset. They used
adversarial learning to optimize the model performance by
image-to-frequency mapping function that outperformed
traditional classification methods. Li ef al. (2021) explored
an approach that combine a deep CNN and K-means
clustering in an unsupervised learning setting to eliminate
the need for manually labeled ground truth images. Wu et
al. (2021), introduced an unsupervised autoencoder model
named Memory-Augment Autoencoder (MemAE) for crack
classification, utilizing road images to capture additional
features and employing self-supervised pre-training and
post-processing. Furthermore, Wang et al. (2022) also
adopted autoencoder as encoder-decoder module for
unsupervised defect detection in pavement images. They
enhanced the performance of the model in defect detection
across various scenarios by adopting patch-aware mutual
reasoning and adaptive soft gated anomaly measurement
methods. Aung and Kumwilaisak (2023) proposed
unsupervised method that based on graph neural network
clustering for pavement crack segmentation. They
combined Canny edge detection and morphological
operations to eliminate noise while an unsupervised graph
neural network clustering model was employed for pixel
level crack segmentation. These unsupervised approaches in
crack detection focus on using auto-encoders, GANs and

CNN-based encoder-decoders for the tasks of classification,
detection and segmentation. However, there is a notable
absence of studies exploring the potential of vision
transformers for unsupervised crack segmentation,
therefore, this area of research remains open to research in
this regard. Furthermore, most of the approaches were
evaluated on limited datasets and did not provide
experiments in order to validate their effectiveness on real-
world scenarios. The proposed method in this paper aims to
address these limitations by shifting the focus towards
unsupervised crack segmentation using vision transformer,
improving accuracy, reducing labor-intensive processes,
and decreasing the demand for extensive labeled datasets
and emphasizing the need for pixel-to-pixel crack analysis
in civil structure assessment. In doing so, it seeks to provide
a more robust and efficient solution for unsupervised civil
structure inspection.

In this paper, an automated crack segmentation method
was proposed by training an unsupervised semantic
segmentation network using concrete and asphalt images
without labeling and improving the result by applying
probability thresholding method. Unlike traditional
supervised and semi-supervised techniques, which require
extensive labeled datasets, the proposed method employs
the STEGO model to extract crack features from unlabeled
concrete and asphalt images. This unsupervised approach is
rare in the domain of civil infrastructure and represents a
substantial advancement by eliminating the need for costly
and labor-intensive labeling, thereby enhancing the
method’s applicability and scalability for real-world
scenarios. Various crack image dataset sourced from
Kaggle, which contains different crack types and
background conditions, were used for training the network
without time-consuming labeling, as well as for testing the
trained network after constructing ground-truths. The
parameters of contrastive loss function used in the model
have been fine-tuned for the crack image datasets. Beyond
the employment and tuning of the STEGO model, a
thresholding technique on the probability map output
without costly labeling work by the model was additionally
proposed to further improve the segmentation performance
with omitting false alarms. Experimental evaluation of the
proposed method is performed on high resolution real crack
images. While evaluating the performance, the sliding
window technique was additionally proposed to analyze the
high-resolution images in small sections and make
predictions for each section separately. The results of this
evaluation demonstrate the validity of the proposed method
and its ability to accurately segment cracks in high
resolution images, demonstrating its potential to contribute
to the advancement of automated crack detection in civil
engineering.

2. Unsupervised model architecture and post-
processing techniques to improve performance

This section explains the concept and methods used in
self-supervised learning that can be leveraged for the
unsupervised semantic segmentation. Architecture of the
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SEGO model is described, along with the employed
unsupervised loss function in the model. Then, the post-
processing techniques used to enhance the performance,
such as probability thresholding and sliding window for
high-resolution images, and the metrics used to evaluate
performance are described here.

2.1 STEGO (Self-supervised Transformer with
Energy-based Graph Optimization) model

STEGO model was proposed by Hamilton et al. (2022)
that is based on unsupervised learning technique for
semantic segmentation. This state-of-the-art model was
trained on different datasets like Cityscapes, CocoStuff
without using the ground truth labels (i.e., in unsupervised
way). STEGO achieved better performances on the
mentioned datasets as compared to other unsupervised or
self-supervised models. Fig. 1 illustrates the architecture of
STEGO model. The STEGO model employs a frozen
Vision Transformer (ViT) backbone, pretrained in a self-
supervised manner on ImageNet (Caron et al. 2021). This
ViT backbone serves as an integral feature extractor,
capturing essential visual information from input images,
and contributes significantly to the model’s ability to
perform accurate semantic segmentation tasks. The feature
extractor provided by the backbone network undergoes
further modification and enhancement through the
integration of a segmentation head. The segmentation head
consists of two sequential convolution layers with a
lightweight design, incorporating a nonlinear ReLU
(Rectified Linear Unit) activation function between the
layers. Within the model architecture, the backbone network
distills the feature correspondences tensor, and the
segmentation head refines these features, transforming them
into a low-dimensional segmentation embedding.

Feature correspondence is the process of identifying and
matching corresponding features between different images
to establish relationships between the same objects in
different images (Beymer 1996). It provides a high-quality
learning signal for unsupervised segmentation. The
backbone network N maps an image to a feature tensor
with C channels while keeping the spatial resolution. The
lightweight segmentation head S that converts the feature
tensor into a code space of dimension K (K < (), and S
aims to observe a nonlinear projection. Suppose f € R¢HW
and g € R are two feature tensors extracted from
images x € R®" and y € RV as shown in Fig. 1, then the
feature correspondence tensor F of these two feature tensors
can be expressed as

Fhwij — Z fchw Ycij (1)
= |fhw| |gi,-|

where F™U describes the cosine similarity at spatial
position between feature tensor f{k, w) and g(i, j). If these
two feature tensors f and g equals, then the feature
correspondence will compare the level of resemblance
between two regions of the same image. By investigating
segments of the correspondence tensor F at a given
location (h, w), the relationship between two images
according to the feature extractor can be visualized. This

feature correspondence tensor demonstrates a strong
positive correlation with the co-occurrence tensor
representing true label relationships. This indicates that the
identified features align closely with the actual labels,
implying a robust and accurate mapping between the two
data representations. And the corresponding segmentation
features s :=S(f) € R°HY and t:=S(g) € RV are
converted from f and g, respectively, by the segmentation
head S.

By element-wise multiplication of the feature
correspondence tensor F and segmentation feature tensor S,
the loss function to train the STEGO model is built as

Lcorr(x' Y, b) = - Z (Fifv\czij - b)max (Shwijt 0) (2)

hwij

where x and y are pair of images in which features
tensors F and S are calculated, and b is a hyper-parameter
that incorporates uniform “negative pressure” to prevent
collapse. SC means spatial centering as feature
correspondences represent how different parts of an image
or scene are related to each other based on their features.
Spatial centering may involve reconfiguring these
correspondences in such a way that the algorithm pays more
attention to the spatial context or structure of the data. This
can help improve the accuracy and balance of the
optimization process, ensuring that the segmentation
algorithm is not overly influenced by isolated or noisy data
points but instead captures the broader spatial patterns and
relationships among features. Minimizing L.,,, relative to
S encourages elements of S to be large when the elements
of F — b are positive, and small when the elements of
F — b are negative. More specifically, because the
elements of F and S are cosine similarities, this imposes an
attractive or repulsive force on pairs of segmentation
features that is equal to the strength of their feature
correspondences.

The STEGO model during training replicate the
distilling feature corresponding tensors F and S across pairs
of images as image and itself, image and K-nearest
neighbors, and random other images respectively. These
methods are known as self correspondence, KNN
correspondence and random correspondence. Self
correspondence typically involves comparing each element
(e.g., pixel or region) within the input data to itself. It helps
establish a baseline understanding of how similar or
dissimilar the elements are within the same image or scene.
This self-similarity information is valuable in distinguishing
objects from the background and can serve as a reference
point for identifying object boundaries. KNN corres-
pondence extends the idea of self-correspondence by
comparing each element not just to itself but also to its K
nearest neighbors in the feature space. This approach
leverages the similarity between an element and its
neighbors to provide context and can assist in grouping
similar elements together, potentially aiding in the
identification of object clusters. Random correspondence
introduces an element of randomness to the correspondence
process. It serves as a form of background or noise
representation, helping the segmentation algorithm
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Fig. 2 Overview of model training and prediction process

differentiate between true object-related correspondences
and random or unrelated correspondences. This is crucial in
distinguishing objects from non-object elements. The self-
correspondence and KNN correspondence give positive
supervisory signals to the model and the random image
correspondence provides negative signals to keep the
balance during training. These correspondence methods
collectively contribute to the STEGO contrastive full loss
function as

L= Aselchorr (x' Y, bself) + lknnLcorr (xknn’ X, bknn) (3)
+ Arand Lcorr (xrand, X, brand)

where the A's and b's are the hyper-parameters that
regulate the positive-to-negative pressure ratio and the
equilibrium of the learning signals, respectively. However,
it is observed that keeping the ratio of Agr and A,qnq
twice the Ay, during training, the model showed optimal
performance (Hamilton er al. 2022). In general, the
parameters b's are dependent on both dataset and network
architecture and tuned manually according to dataset. The

optimization of parameters b for cracks dataset used in the
proposed method are discussed in section 3.3 in details.

Fig. 2 illustrates the overall process of the proposed
method, from training of the STEGO model to visualization
of prediction results and prediction improvement. Initially,
input images traverse through the pretrained self-supervised
ViT model, followed by the lightweight segmentation head.
This segmentation head operates by generating
segmentation embeddings from the processed images. The
resulted segmentation embeddings are clustered according
to the cosine similarity. To enhance the quality of these
clusters and refine the predictions, Conditional Random
Fields (CRF) were employed. CRF is a classification error
reduction technique that plays a crucial role in improving
noisy or low-resolution class predictions. It achieves this by
aligning predictions with edges and color-correlated regions
in the image, thereby improving the accuracy and coherence
of the final segmentation results. The detailed discussion
about the process of prediction improvement was discussed
below in section 2.2.
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2.2 Probability thresholding

Though the STEGO model has the capability to segment
fine objects, thin cracks are still hard to be segmented with
accurate boundaries. The predicted cracks by the trained
STEGO model were found to be thicker than the ground
truth with more false positive detections as to be discussed
in section 4.1. To mitigate this issue, a probability
thresholding that a common method removing false
positives in crack segmentation (Liu et al. 2021, Zou et al.
2012) is proposed in this study. It involves creating a
probability map, which assigns a probability value to each
pixel in an image, indicating the likelihood of that pixel
belonging to a crack. This probability map can filter out
false positive detections by removing pixels with low
probability values and retaining only pixels with high
probability values.

The STEGO model generates a raw output score, for
each pixel in the image for each class like cracks and non-
crack or background. Then model used CRF that refine the
clusters predictions, contains a softmax function that
applied to these scores to convert them into probability
values. For a given pixel i, the softmax function for the
‘crack’ class can be calculated as

ezi,c=1

(4)

Dic=1 =
e

Zi,c=0 + ezi,c=1

where p; -1 is the estimated probability that pixel i is
part of a crack, z;.-, is the raw output score of pixel i for

i,c=0 ic=1

z z
the ‘crack’ class, and e and e are the

exponential values of the raw output scores of pixel i for
the ‘non-crack’ and ‘crack’ classes, respectively. The sum of
the probabilities for the ‘non-crack’ and ‘crack’ classes
becomes one for each pixel. The estimated probability
Dic=1 for all pixels can be used to generate a probability
map to be used for the post-processing.

Fig. 3 is an example of visual representation of a
prediction image by the STEGO model and its
accompanying probability map. In the prediction, the
model’s identified cracks were observed to be wider than
the actual cracks, leading to an increase in false positives
painted in blue. To illustrate the confidence levels
associated with these predictions, a color-coded probability

B
(b) Probability map

(a) Prediction

Fig. 3 Example of prediction by a segmentation model in
colors (red: true positive, green: false negative, blue:
false positive) and its probability map

map was generated. In this map, color intensity corresponds
to the model’s estimated probability that a given pixel is
part of a crack: a higher intensity color signifies a higher
probability. It was observed that the false positive
detections generally exhibited less intense colors, indicating
lower associated probability scores compared to true
positives. These visual observations demonstrate the utility
of thresholding in the post-processing step. By applying a
threshold to the probability map, predictions associated with
lower probability scores (less intense colors) can be
removed, thereby eliminating many of the false positive
detections. The optimal threshold value can be determined
by considering the trade-off between precision and recall.

2.3 Sliding window technique for high-resolution
images

A sliding window technique was employed for
processing high-resolution real images in proposed method
performance evaluation to mitigate potential computational
expenses and avoid exceeding the model’s input size
constraints. The sliding window technique divides an
original image with the size of H X W into smaller
patches using a predetermined-size (e.g., h X w), as
shown in Fig. 4, and then process each patch individually
using the segmentation model. Then, the prediction result of
the original image can be reconstructed by stitching the
predictions from the patches. In high-resolution image
processing for proposed method performance evaluation,
the adoption of a sliding window technique is driven by the
need to strike a delicate balance between computational
efficiency and evaluation accuracy. The inherent challenge
lies in the computational cost and potential input size
limitations of the model when handling large images.

The sliding window technique possesses several
significant technical advantages. One of its key strengths
lies in its capacity to optimize the utilization of
computational resources. By processing smaller, manage-
able patches, ensure the efficient use of available computa-
tional resources, making it especially valuable in resource-
constrained environments. Moreover, the technique lends
itself well to parallel processing, where each patch can be
processed independently. Additionally, the sliding window
technique offers improved localization capabilities.

Patch B
Size (hxw)

Image A
Size (Hx W)

Fig. 4 Illustration of sliding window technique for high
resolution image inference
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Analyzing image patches individually enables to gain fine-
grained insights into the model performance at various
regions of the image. This not only aids in identifying
potential weaknesses but also allows for a more detailed
understanding of the model to localized features or patterns
within the image. Thus, the sliding window technique
serves as a valuable strategy for the precise processing of
high-resolution images while adeptly navigating potential
constraints associated with the model’s input size
limitations. Its resource optimization, parallel processing
capabilities, and support for enhanced localization
collectively contribute to its efficacy in the context of image
analysis and evaluation.

2.4 Evaluation metrics

In the field of semantic segmentation, several metrics
are commonly used to evaluate the performance of models.
The proposed method was evaluated using mean precision
(mPrecision), mean recall (mRecall), mean F1-score (mF1-
score), and mean intersection over union (mloU) for each
class including crack and background. These metrics help to
provide a comprehensive understanding of the model’s
performance by considering different aspects of the
predictions, such as the ability to correctly identify pixels of
interest, the balance between false positives and false
negatives, and the similarity between the predicted and
ground truth masks.

Precision is a measure of the model’s ability to correctly
identify the pixels that belong to the object of interest. It is
calculated as the number of true positive pixels divided by
the total number of true positive and false positive pixels.
Meanwhile, Recall is a measure of a model’s ability to
correctly identify all relevant instances. It is calculated as
the number of true positives divided by the number of true
positives plus the number of false negatives. Precision and
Recall can be formulated as

Precision = TPs (5)
mPrecision = TPs T FPs
TPs
= 6
mRecall TPs ¥ FPs (6)

where, true positives (TPs) are the pixels in the prediction
that overlap with the ground truth, false positives (FPs) are
the pixels in the prediction that do not overlap with the
ground truth, and false negatives (FNs) are the pixels in the
ground truth that do not overlap with the prediction or
referred as missing cracks pixels.

Fl-score is a measure that balances Precision and
Recall; it is the harmonic mean of Precision and Recall, and
a high F1-score indicates that the model has a good balance
of Precision and Recall. F1-score is formulated as

1 o Precision X Recall R
mn score = Precision + FPs

mloU is a measure of the similarity between the
predicted and ground truth segmentation masks. It is
calculated as the area of the intersection of the predicted
and ground truth masks divided by the area of the union of

the predicted and ground truth masks as

loll = TPs ()
MOV = TPs + FPs + FNs

3. Training of unsupervised model for crack
detection

In this section, the details of the dataset that were used
for testing and training the model are described, as well as
the training details, which include the hardware
specification, model hyperparameters and loss function
parameters optimization for the dataset.

3.1 Dataset

The proposed method adopted an unsupervised learning
strategy for crack segmentation and was trained and
evaluated using a composite dataset curated from multiple
publicly available sources hosted on Kaggle. This dataset is
constructed by aggregating eight widely used crack
segmentation datasets: Crack Forest Dataset (CFD) (Shi et
al. 2016), Crack-500 (Yang et al. 2020), Cracktree200 (Zou
et al. 2012), DeepCrack (Liu er al. 2019), GAPS384
(Eisenbach et al. 2017), Eugen Muller (Ham et al. 2021),
Rissbilder (Kulkarni et al. 2023), and Volker (Kulkarni et
al. 2023). Fig. 5 depicts some images of these datasets with
the corresponding ground truths. These datasets were
specifically  selected  to ensure comprehensive
representation of diverse crack characteristics and imaging
conditions. The integrated dataset includes a broad range of
crack types, such as longitudinal, transverse, diagonal, fine
hairline cracks, and complex alligator cracking patterns.
These cracks appear on both asphalt and concrete surfaces
and vary in terms of width, continuity, orientation, and
severity. In addition to geometric diversity, the dataset spans
varied image acquisition environments, including
differences in lighting, surface texture, background clutter,
and image quality. The original image resolutions vary
significantly across datasets, ranging from 440 x 360 pixels
to 2000 x 1500 pixels. For consistency during training, all
images were resized to 224 x 224 pixels. The combined
dataset contains a total of 8,899 labeled images, partitioned
into 7,500 training images and 1,399 testing images, which
provides a sufficiently large and heterogeneous sample for
robust unsupervised learning. This dataset diversity
supports better generalization of the proposed method to
unseen conditions. A detailed breakdown of each dataset,
including structural material, resolution, and image count, is
provided in Table 1.

3.2 Model training and hyperparameters

The unsupervised model was trained and evaluated
using 8899 images presented in Table 1 without laborious
labeling work. The training was performed on a workstation
having four NVIDIA RTX Titan GPUs with a total memory
of 24 GB each. The workstation has Ubuntu system with
CUDA version 10 and cuDNN version of 10.2 using Python
with PyTorch library. During the training and testing of the
proposed model, a distributed training approach for faster
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(a) Crack Forest Dataset (CFD) (Shi et al. 2016)

(c) Deep Crack (Liu et al. 2019)

(d) GAPS384 (Eisenbach et al. 2017)

(e) Rissbilder (Kulkarni et al. 2023)

() Volker (Kulkarm et al. 2023)

Fig. 5 Examples of images in Kaggle crack segmentation
dataset and their ground truths for cracks

convergence and better performance was employed, as the
model can process more data in parallel. The model

Table 1 Description of each dataset and its quantitative

details
Datasets Imaged Resolution "l?ralnlng il"estmg
structures (Px x Px) images images
GAPs3ga  Asphalt 000 1080 433 76
Pavement
CFD Asphalt a0 30 100 18
Road
Crack500 Asphalt 5505 . 1500 2858 505
Pavement
Concrete
Eugen Muller Building 440 x 360 47 5
Deep Crack ~ 2SPhalt —g0p 384 443 78
Pavement
Cracktree200 ASPRAlt g6 600 175 31
Pavement
Volker Concrete 515 515 g42 148
Building
Rissbilder ~ COMCCe 5o S0 2602 538
Building
Total 7500 1399

employed the ViT backbone of DINO, which was pre-
trained on ImageNet (Deng et al. 2009). The model was
trained using self-supervised learning without access to
ground-truth labels. The self-supervised learning leverages
the context of the input data to predict the context,
facilitating the acquisition of generalizable feature
representations.

During the training of the proposed model, two types of
data augmentation techniques were applied to the dataset:
geometric  transforms and photometric  transforms.
Geometric transforms were applied using random horizontal
flipping and random resized cropping with a scale of 0.8 to
1. These types of transforms are utilized to alter the spatial
structure of an image, such as changing its size, rotation, or
perspective. Photometric transforms, on the other hand,
were applied to modify the visual appearance of the images
using Color Jitter, random grayscale, and random Gaussian
Blur. Color Jitter altered the brightness, contrast, saturation,
and hue of the images, with each parameter set at factors of
0.3 for brightness, contrast, saturation, and 0.1 for hue.
Random Grayscale converted the images to grayscale with a
probability of 0.2. Random Gaussian Blur applied a
Gaussian blur (with a 5 x 5 pixel kernel size) to the images,
with an application probability of 50%. The application of
these data augmentation techniques during training helped
to increase the diversity of the training data.

During the training of the proposed model, all images
were preprocessed by resizing them to a resolution of 224px
x 224px. The decision to resize all images to a resolution of
224px x 224px is influenced by the relationship between
image size, model complexity, and computational
efficiency. Larger images increase model parameters and
computational demands, potentially leading to overfitting
and inefficient training. Conversely, a resolution of 224px x
224px reduces the computational load, making the model
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training more efficient, while still maintaining sufficient
detail for effective crack detection. The model was trained
for a total of 5000 steps with a global batch size of 16, using
an adaptive momentum optimizer known as ADAM, with a
learning rate of 0.0005. For the evaluation of the model, a
clustering-based approach known as the cluster probe was
utilized. During the clustering step, cluster probe is used to
group pixels or regions based on their visual characteristics,
such as color, texture, or spatial proximity. Importantly, this
step does not require ground truth supervised labels. After
obtaining the clusters, the Hungarian matching algorithm
(Kuhn 1955) is employed to align the predicted clusters
with the ground truth labels. This alignment is done to
evaluate the consistency between the predicted semantic
segments and the ground truth annotations. The Hungarian
matching algorithm determines the best assignment of
predicted clusters to the corresponding ground truth labels
by considering their similarities or consistencies. This
approach allows to gauge the consistency of the predicted
semantic segments with the actual labels, and it remains
consistent regardless of any permutations in the predicted
class labels. By combining unsupervised clustering with the
Hungarian matching algorithm, the proposed approach
provides a reliable means to evaluate and visualize semantic
segmentation results without relying on ground truth labels
during the clustering step.

3.2 Loss function parametric optimization

To determine the optimized model based on loss
function parameters, parametric study was performed on
two ViTs backbones as the loss function parameters that

highly depends on the dataset as well as pretrained model
backbone. The loss function gives positive and negative
signals to the model during training to differentiate between
cracks and background pixels. In the Eq. (3) of loss function
the parameters b’s that belongs to three correspondences
highly contribute to the model performance. In Table 2, the
values of b(self), b(knn), b(rand) represents the
correspondences in the images itself, k-nearest neighbors,
and random image respectively. However, in all
experiments the loss function value of Ager = 0.90, A,4nq
= 0.90 kept twice than value of A,, = 0.45 during
training. The evaluations metrics for each case including
mPrecision, mRecall, mF1-score and mloU values were
also reported.

Table 2 shows the experiments using ViT small and ViT
base backbone that have 21.9 million and 86.6 million
parameters respectively. In the case of the ViT small
backbone, it was observed that configurations with a higher
“b(self)” value than “b(knn)” and “b(rand)” generally
led to better model performance, optimized at 0.3. The
configuration of b(knn)value was considerable selected
lower than b(self) and b(rand) as increasing its values
causes uncertainty between precision and recall scores as it
is evident from case no 3 and case no 4. Similar trend was
observed for the configurations of b(rand) values and the
difference between b(rand) values and b(knn) values were
kept lower as compared to b(self) values. However, the
impact of the b(rand) parameter on the evaluation
metrics was not as significant. Overall, these results suggest
that the configuration with the b(self) value (0.30) and
the b(knn) value (0.01) with b(rand) value (0.05)

Table 2 Loss function parametric optimization using ViT Small and ViT base backbone

S.No Backbone b(self) b(knn) b(rand) mPrecision% mRecall%  mF1-Score%  mloU%
1 0.10 0.18 0.23 55.97 73.89 63.69 56.46
2 0.20 0.05 0.10 57.36 76.26 65.47 57.15
3 0.30 0.20 0.10 77.30 60.95 67.76 59.45
4 0.35 0.25 0.15 78.92 60.25 68.33 59.78
5 ViT Small 0.30 0.001 0.05 65.10 75.26 69.81 60.13
6 Pa;?;i,[ters 0.30 0.1 0.05 73.24 68.28 70.67 60.18
7 0.30 0.01 0.05 67.82 78.01 72.55 61.43
8 0.30 0.05 0.01 66.18 76.70 71.05 60.59
9 0.35 0.03 0.05 66.84 73.51 70.01 60.15
10 0.40 0.01 0.05 63.99 69.16 66.43 59.38
1 0.75 0.22 0.20 73.21 60.30 66.13 59.29
2 0.50 0.15 0.05 57.93 75.70 65.63 57.18
3 0.50 0.20 0.10 76.33 67.72 71.76 61.13
4 0.50 0.22 0.15 78.31 68.28 72.95 61.80
5  ViTBase 0.50 0.22 0.20 79.38 64.78 71.34 61.11
6 Pagzr.réef\t/lers 0.50 0.10 0.20 72.18 78.10 75.02 63.01
7 0.60 0.10 0.20 65.85 77.28 71.10 60.63
8 0.65 0.05 0.25 64.23 76.58 69.89 60.10
9 0.70 0.05 0.15 62.13 68.50 65.15 58.97
10 0.73 0.10 0.23 73.65 61.86 67.24 59.52
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(b) GAPS384

(d) Deep Crack

Fig. 6 Continued

achieved the best performance, with a mPrecision of
67.82%, mRecall of 78.01%, mF1-score of 72.55%, mloU
of 61.43%. In the case of the ViT base pretrained backbone,
it was found that higher “b(self)” values compared to
“b(knn)” and “b(rand)” resulted in better model
performance, with an optimized value of 0.50. Increasing or
decreasing the b(self) value from the optimized 0.50
affect the performance of the model. On the other hand, it
was observed that lowering the b(knn) values from 0.22
to 0.10 help the model in performance improvement. In
contrast, the effect of b(rand) value on the model
performance was observed different as the balance between
precision and recall improved by increasing the values from
0.05 to 0.20. The experiment results indicate that the
optimal configuration was achieved with a b(self) value
of 0.50, b(knn) value of 0.10, and b(rand) value of
0.20. This configuration resulted in the highest performance
of model, with a mPrecision of 72.18%, mRecall of
78.10%, mF1-score of 75.02%, and mloU of 63.01%.

The results of the comparison between ViT base and ViT
small in Table 2 indicated that for the same dataset, the ViT
base backbone utilized larger values for the loss function
parameters in comparison to the ViT small backbone.
However, it is crucial to note that these parameter values are
influenced by, and relative to, the specific architecture of
each model. Furthermore, a more balanced precision and
recall score was observed in the ViT base backbone, leading
to an increased performance from ViT small. Despite this

(e) Eugen Muller

(f) Volker

(g) Rissbilder

Fig. 6 Examples of (left) original images, (middle) their
ground truths, and (right) predictions by the
unsupervised model in colors (red: true positive,
green: false negative, blue: false positive)

improvement, it should be noted that the parameters in ViT
base are four times larger than those in ViT small, thus the
decision between model parameters and accuracy should be
carefully evaluated based on available computational
resources. In conclusion, these results highlight the
significant impact that the loss function parameters
b(self), b(knn), and b(rand) have on the performance
of the model, as measured by the evaluation metrics.

4. Experimental validation

This section comprehensively elaborates on the
validation process of the trained optimized model presented
in section 3.3 using the crack dataset from Kaggle. The
improvement of detectability, achieved through techniques
such as probability mapping and thresholding, has been
incorporated to enhance the model performance. Moreover,
the section presents a detailed explanation of the application
of the proposed method to real-world high-resolution
images by using sliding window technique and comparison
with other supervised and unsupervised methods. By
incorporating these techniques and optimizations, the aim is
to enhance the overall performance, accuracy, and utility of
the unsupervised STEGO model in practical scenarios.

4.1 Experimental validation of trained model

Fig. 6 presents a qualitative evaluation of the proposed
method based on the combination of different datasets in
the test set. The test set consists of images with various
background conditions and cracks. The first column lists the
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original images, followed by ground truths, and the
prediction results. It is evident from the visual examination
of the model’s predictions that it accurately identifies cracks
in most images in the datasets. The background conditions
of the CFD, and GAPS384 datasets are similar, as they were
collected from asphalt pavement with narrow crack widths.
As a result, the model predicts cracks with a thicker
compared to the ground truth images, resulting in a higher
number of false positive pixels being detected. As the model
is unsupervised, it may also misjudge some textures that
resemble cracks, such as stain regions. Crack500 and Deep
crack datasets have cracks that are much wider than those in
the other datasets. As a result, the model predicts cracks
with fewer false positive pixels. However, some cracks in
these images have fractures that are difficult to detect and
are classified as false negative pixels. The images in the
Volker, Eugen Muller, and Rissbilder datasets are sourced
from concrete walls and thus have narrow crack widths. In
the Eugen Muller and Volker images, the proposed method
predicts cracks with a greater width. However, in the
Rissbilder image, the cracks are of a different type, referred
to as alligator cracks, which are more complex. The
proposed method predicts some pixels of clear cracks with
the same pattern as in other images with false positive
pixels and misjudges dark stain regions that resemble the
color and texture of cracks. However, cracks with narrow
patterns are failed to detect and classified as false negatives
in Rissbilder image.

It has been demonstrated that the model accurately
detects cracks in most images after analyzing the results of
the model predictions across dataset. However, certain
aspects have contributed to inconsistencies in its
performance. Particularly, image resolution has distorted the
typical expectations of crack width, with asphalt surfaces
generally have wider cracks than concrete. However, the
images used in the study depict cracks that appear to be
narrower in asphalt images as shown in CFD and GAPS384
datasets. Datasets depicting more typical crack shapes, such
as Volker, Eugen Muller, and Rissbilder had a greater
number of false positives such as CFD, and GAPS384.
These results imply that while the model is effective in
general, it could misinterpret specific types of cracks or
particular background conditions, resulting in higher false
positives. Overall, the model predicts both longitudinal and
transverse cracks and discontinuities in alligator cracks and
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(a) Precision-Recall curve across thresholds

unclear crack regions are observed. Despite some
misjudgments, the proposed method demonstrates its
robustness and generalizability, as it was trained on a
diverse dataset.

It is observed that the proposed method predicted cracks
with thicker than ground truths, result in higher false
positives pixel. It can be improved with many pre and post-
processing algorithms like subtraction (Kim and Cho 2019),
dilation-erosion (Huang et al. 2022, Zhao et al. 2022),
thresholding class activation mapping (Al-Huda et al. 2022,
Konig et al. 2022, Zoubir et al. 2022) and probability
mapping (Kim and Cho 2018, Shi ez al. 2022). However,
thresholding probability mapping technique was used in this
study to improve the accuracy by removing false detections.

4.2 Detectability improvement using probability
thresholding

Probability mapping leverages the output of the deep
learning model, which typically provides a probability for
each pixel belonging to a particular class - in this case,
crack or non-crack. By applying a certain threshold to these
probabilities, it is possible to filter out pixels with lower
confidence, reducing false positives. In the context of the
thicker detected cracks, probability mapping helps address
this issue by providing granular, pixel-level control over the
detected regions. Pixels within the detected crack regions
but with lower probabilities could potentially represent the
excessive thickness detected by the model. By excluding
these lower probability pixels, the false positive rate is
reduced, and the thickness of the detected cracks more
accurately represents the ground truth.

The trade-off between precision and recall was explored
to establish the optimal threshold for probability
predictions. The threshold value is dependent on the dataset
employed and the accuracy of the model’s predictions. In
the proposed model, most image predictions have false
positive detections that are more frequent than false
negatives, resulting in low precision scores and high recall
scores. Fig. 7(a) provides the results of a parametric study
of probabilities for threshold selection for Kaggle dataset.
The precision and recall values in Fig. 7 specifically
represent the detection performance for the crack class, as
the primary focus was to determine the optimal threshold
for improving crack detection accuracy. At the threshold
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Fig. 7 Probability map thresholding
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lowered than 0.40, the difference between recall and
precision is high, with a precision score is around 20%. As
the threshold value is raised, precision and recall become
increasingly balanced. At a threshold of 0.71, the model
achieved improved precision and recall scores, with a
precision of 42.31% and a recall of 50.37%. Fig. 7(b)
depicted the detailed illustration of the precision and recall
curve between the threshold values of 0.70 to 0.75. It can be
observed that the precision score improved constantly in
this range, however, recall score decreases after the
threshold value exceeds 0.71. Therefore, further increasing
in the threshold causes reduction in recall score which
caused increasing in missing actual crack pixels. So, the
optimal threshold for probabilities is 0.71 for this model and
dataset, however it may be different according to the
datasets and need. The probability threshold value of 0.71
in this study was determined through a global analysis of
the precision-recall trade-off across the entire test set. This
threshold was fixed and uniformly applied to all test
images, rather than being dynamically adjusted on a per-

(a) Original image (b) Ground truth

(¢) Threshold value = 0.40 (d) Threshold value = 0.50

(e) Threshold value = 0.60 (f) Threshold value = 0.70

(g) Threshold value = 0.75 (h) Threshold value = 0.80

Fig. 8 Qualitative analysis of predictions after thresholding
with varying threshold values

image basis. Although adaptive thresholding could offer
improved flexibility for individual cases, the use of a global
threshold was prioritized to maintain consistency, ensure
reproducibility of results, and simplify potential deployment
in real-world systems. The diversity of the test dataset, with
variations in crack morphology, surface material, lighting
conditions, and background textures, the fixed threshold
was found to generalize well across different scenarios,
striking a balance between false positive suppression and
crack detection sensitivity.

Fig. 8 provides a comprehensive qualitative analysis
detailing the effect of threshold values on the prediction
results. As previously discussed, the implementation of
lower thresholds often leads to a higher frequency of false
predictions, as evident at the threshold value of 0.40. As the
threshold value incrementally increases up to 0.70, there is
a noticeable reduction in the instances of false detection
within the prediction image. This subsequently enhances the
precision of the model crack prediction, contributing to an
overall increase in accuracy. However, it is essential to note
a critical trade-off when the threshold value transcends
0.70, extending up to 0.80. While it is observed that the
false-positive rates decline, but there is a concurrent
increase in false-negative pixels. This increase in false
negatives adversely impacts the model accuracy,
highlighting a complex balance between reducing false
positives and avoiding an increase in false negatives. Fig. 9
compares the results of normal predictions to predictions
made wusing a thresholded probability of cracks.
Thresholding was found to effectively reduce false
detections and enhance the representation of crack
thickness. However, in some instances where cracks are
thick, the use of a threshold may result in increased false
negatives. For example, consider Fig. 9(c), which
showcases an image with thick cracks. Due to the wide
thickness of these cracks, a predetermined threshold might
not accurately capture the full extent of the damage.
Consequently, some areas of the cracks that are significant
could be ignored or undetected, which increases the number
of false negatives. This happens because the threshold is set
with an expectation of narrower cracks, and it cannot fully
account for situations where the crack thickness exceeds
this expectation. Nevertheless, in the Kaggle dataset,
images with thin cracks are more prevalent, making a
higher threshold value acceptable.

The impact of probability thresholding on the various
models discussed in Section 3.3 for loss function
parameters optimization was also investigated. Presented in
Table 3 are the mloU values for all experiments conducted
before and after applying thresholding for model
optimization. The results indicate varying improvements in
mloU across different cases. A consistent threshold value of
0.71 was applied to all cases, and notable enhancements
were observed in each instance. In the context of the ViT
small backbone, the mloU showed a marked improvement,
increasing from 61.43% to 63.52% after thresholding. This
represented a notable gain of approximately 2% in mloU.
Conversely, for the ViT base backbone, the optimized
model mloU experienced an improvement from 63.01% to
66.14%, resulting in an increase of approximately 3% after
thresholding. This analysis emphasizes the significant
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Table 3 Comparison of the mloUs before and after probability thresholding

S.No Backbone b(self) b(knn) b(rand) ng:;lej:h/"o:);?;e rtnhl:eIle‘:/glgif:legr
1 0.10 0.18 0.23 56.46 57.57
2 0.20 0.05 0.10 57.15 59.10
3 0.30 0.20 0.10 59.45 59.60
4 0.35 0.25 0.15 59.78 60.70
5 ViT Small 0.30 0.001 0.05 60.13 62.41
Parameters
6 21.0M 0.30 0.1 0.05 60.18 61.30
7 0.30 0.01 0.05 61.43 63.52
8 0.30 0.05 0.01 60.59 62.36
9 0.35 0.03 0.05 60.15 61.67
10 0.40 0.01 0.05 59.38 61.41
1 0.75 0.22 0.20 59.29 59.92
2 0.50 0.15 0.05 57.18 61.23
3 0.50 0.20 0.10 61.13 62.85
4 0.50 0.22 0.15 61.80 63.35
5 ViT Base 0.50 0.22 0.20 61.11 62.15
Parameters
6 26.6M 0.50 0.10 0.20 63.01 66.14
7 0.60 0.10 0.20 60.63 63.31
8 0.65 0.05 0.25 60.10 62.81
9 0.70 0.05 0.15 58.97 61.52
10 0.73 0.10 0.23 59.52 62.13
. . impact of thresholding probability maps on the
effectiveness of models. Understanding the impact of the
threshold value on the results and making appropriate
adjustments can lead to improvements in the model
prediction. This is achieved by minimizing the instances of
both false negatives and false positives, thereby refining the
(a) CFD overall accuracy of the crack predictiqn. The proposed
method achieved a 66.14% mloU on a diverse dataset that
contained various crack texture and background conditions,
surpassing (Aung and Kumwilaisak 2023), which reported
mloU values between 61% and 65% optimized only on
GAPS-384 and Crack-500 datasets.
. . 4.3 Sliding window evaluation on high resolution
(b) GAPS384 real images

To validate the performance of the proposed
unsupervised semantic segmentation model, it was
evaluated on high resolution real crack images obtained
from both asphalt pavement and concrete building walls.
The images were captured by cell phone camera with high
resolution and labeled for performance evaluation. With an
image resolution of 2048 x 2048, it was not feasible to

(c) Deep crack . . .
perform inference on the entire image due to the
Fig. 9 Comparison of predictions before and after computational demands involved. To address this challenge,
thresholding: (left) original images, (middle) the sliding window technique was employed as discussed in
predictions before thresholding, and (right) section 2.3 for the evaluation. To provide a thorough
predictions after thresholding comparison of the model’s performance, the evaluation was

conducted using two techniques: the sliding window
technique and direct evaluation by resized image.
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(a) Asphalt pavement

(b) Concrete wall

Fig. 10 Examples of predictions on high-resolution images:
(left) original images, (middle) predictions without
and (right) with applying sliding window

For the evaluation using sliding window technique, a
window size of 256 x 256 was selected, and the optimized
model with a VIT base backbone was chosen, as described
in section 4.2. An important part of the evaluation was
setting the optimal threshold for probability mapping, which
was optimized at 0.71 for both techniques. This threshold
value was determined to provide the best balance between
detecting true positives and minimizing false positives. Fig.
10 illustrates the images and corresponding crack
segmentation results, which are displayed in the form of a
confusion matrix. In the first image, which is asphalt
concrete, the background presents different lighting
conditions and contrasts. However, the model effectively
detects almost all pixels of the cracks using sliding window
technique, even in the presence of noise in the background,
as evidenced by the low number of false negative pixels.
The number of false positive pixels is higher, however, as
the cracks are quite thin. In the concrete wall, the cracks are
detected with a similar pattern, and only a small number of
false positive pixels are detected outside of the crack region
in the background noise with a texture similar to the cracks
using sliding window technique. In contrast to the sliding
window technique, the direct evaluation approach involved
resizing the original high-resolution images from 2048px to
880px, a modification necessitated by computational
resource constraints. The results of this direct prediction
method, as depicted in Fig. 10, exhibit an increased number
of false positives in both asphalt and concrete images as
compared to the prediction of sliding window technique
indicating that it incorrectly identifies certain non-crack

regions as cracks. Furthermore, the downsizing process
might blur some finer details, leading to some crack
features being undetected or wrongly identified, thus
contributing to a higher number of false positives.
Moreover, as the image resolution is reduced, the pixel-
level detail is also decreased, meaning that more distinct
features in the original high-resolution images are now
averaged and condensed. This can make it more challenging
for the model to distinguish between actual cracks and
textures or noise that might resemble cracks in lower
resolution.

For a more precise evaluation of the proposed method,
Table 4 presents the quantitative prediction results for real
crack images of asphalt pavement and concrete walls using
both techniques. The metrics assessed include mPrecision,
mRecall, mF1-score, and mloU for each image. The trend
observed in the precision and recall values for both
techniques is noteworthy. In the case of recall, the
prediction without the sliding window technique marginally
outperforms the sliding window technique. However, the
precision values are significantly more favorable when
employing the sliding window technique. This discrepancy
highlights a notable difference in the rate of false alarms
between the two approaches. In the context of asphalt
pavement, the prediction without the sliding window
technique yields an mF1-score of approximately 65.84%
and an mloU of 55.34% concerning crack detection.
Conversely, the sliding window technique exhibits
remarkable improvements, with mF1-score of 72.16% and
an mloU of 64.01%. A similar pattern was observed in the
concrete wall image, with the sliding window technique
achieving a better balance between precision and recall,
resulting in mF1-score of 78.10% and an mloU value of
73.98%. In contrast, the prediction without sliding window
technique experiences a decline in accuracy due to an
increased number of false alarms, yielding an mF1-score of
69.13% and an mloU of approximately 60.98%. The results
of the sliding window evaluation demonstrate the benefits
of this approach. The sliding window approach provides
more detailed and granular insights into the performance of
the model, as it allows for the evaluation of specific regions
of the image, that helps to improve the prediction results.
Furthermore, these results demonstrated that the application
of sliding window technique for the evaluation of proposed
method significantly enhanced detectability, achieving an
mloU up to 73%.

4.4 Comparison with other supervised and
unsupervised methods

Table 5 presents a comparative analysis of the proposed

Table 4 Quantitative results of high-resolution images with and without sliding window technique

Structures Sliding window mPrecision % mRecall % mF1-Score%  mloU%
X 56.70 78.52 65.84 55.34
Asphalt pavement
(0] 68.61 76.10 72.16 64.01
X 62.28 77.69 69.13 60.98
Concrete wall
o 79.10 77.13 78.10 73.98
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Table 5 Comparison with other supervised and unsupervised methods

Methods Models Dataset mloU%

FCN Kaggle crack dataset 69.38

U-Net Kaggle crack dataset 71.06

Supervised U-Net++ Kaggle crack dataset 73.71
DeepLabV3+ Kaggle crack dataset 76.60

SegFormer-BS Kaggle crack dataset 77.80

Unsupervised CrackDiffusion CFD, Crack-500, Cracktree200 40.00-61.00
Ours Kaggle crack dataset 66.14
method against several established supervised and for structural assessments. Although training utilized

unsupervised crack segmentation models. All supervised
models were evaluated on the same composite dataset used
in this study, referred to as the Kaggle crack dataset, which
is constructed from eight publicly available sources,
encompassing multiple crack types, materials, and imaging
conditions. The supervised models considered, Fully
Convolutional Network (FCN), U-Net, and U-Net++ from
earlier convolutional architectures, along with DeepLabV3+
and SegFormer-B5 representing more recent advances, have
been previously evaluated in related studies (Cao et al.
2023, Li et al. 2024), providing benchmark results for
comparison in this work. These models were trained using
fully annotated dataset. The highest performance among
them was achieved by SegFormer-BS5, with a mloU of
77.80%, followed by DeepLabV3+ (76.60%), and U-Net++
(73.71%). In contrast, the proposed method, trained in a
fully unsupervised manner without using annotated data,
achieved an mloU of 66.14%. This corresponds to
approximately 95% of the performance of FCN and 85% of
SegFormer-B5, highlighting the efficiency of the proposed
approach despite the absence of manual labeling. For
unsupervised methods, CrackDiffusion (Han ef al. 2024) is
the only comparable baseline reported in the literature that
has been tested individually on CFD, Crack-500, and
Cracktree200, where it achieved mloU values ranging from
40.00% to 61.00%. In comparison, the proposed method
outperformed CrackDiffusion by achieving a higher mloU
on a more diverse, combined dataset, demonstrating
improved generalization and segmentation capability under
unsupervised settings.

5. Limitations and future work

The proposed unsupervised crack segmentation method
demonstrates strong performance across multiple datasets;
however, some limitations must be acknowledged. The
model produced false positives by misclassifying
background elements such as stains, shadows, or
construction joints as cracks. This is particularly evident in
images with complex textures or noise, where visual
similarities can confuse the model. Additionally, the
segmentation output often exaggerates crack thickness,
especially for fine or intricate patterns, resulting in over-
segmented regions compared to the ground truth. Such
behavior may reduce the reliability of crack width analysis

diverse datasets covering various crack types, materials, and
surface conditions, the model’s generalization to unseen
environments, such as those with different lighting,
textures, or surface materials, remains a challenge.
Furthermore, while the sliding window technique enables
accurate segmentation of high-resolution images, it
introduces computational overhead that limits the model’s
real-time applicability in practical scenarios. Future work
will explore domain adaptation and generalization
techniques to improve robustness under varying conditions
and improving boundary precision through advanced post-
processing techniques. In addition, the development of
lightweight architectures will be pursued to enable efficient
deployment in real-time or edge-computing environments.

6. Conclusions

This study primarily focused on developing an
unsupervised learning approach for detecting cracks on
various surfaces, including concrete and asphalt, without
relying on labeled data. The proposed unsupervised method
provides significant advantages for rapid structural
monitoring by eliminating the need for labor-intensive data
labeling. This approach provides a practical solution for
real-world applications where timely assessments are
essential, enabling efficient, scalable, and cost-effective
monitoring of civil infrastructure.

The model’s generalization and robustness were
enhanced through training on a diverse dataset featuring
multiple crack types and varying background conditions.
Model was trained without access to ground truths and ViT
was used as backbone network that was pretrained on
ImageNet dataset. Two types of ViT backbone were used
including ViT small and ViT base classified based on its
training parameters. Parametric study of contrastive loss
function was performed on both backbone networks to get
the optimal performance of the models. The model was
evaluated on 1399 testing images which include different
types of cracks based on its geometry and texture. To
validate the proposed model performance for field
applications, the performance was evaluated on high
resolution (2048px x 2048px) real crack images by sliding
window technique. Following are the conclusions made
based on the evaluation experiments:
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e (Qualitatively the model detected cracks irrespective
of any background noise. However, some missing
crack pixels were observed in alligator cracks and
thin cracks, Furthermore, model predicted cracks
thicker than the ground truths that resulted in high
false positives pixels.

e Probability maps was used to improve the crack
prediction by omitting the false positives and
thresholded as 0.71 by balancing the precision and
recall curve.

e Based on loss function parametric optimization, ViT
small that contains 29.8M training parameters was
optimized to achieve 72.55% of mF1-score, 61.43%
of mloU and thresholded mloU of 63.52%
respectively. However, ViT base that have 86.6M
trainable parameters have achieved 75.02%, 63.01%
and 66.14% of mF1-score, mloU and thresholded
mloU respectively.

e The optimized model also predicted cracks pixels of
high-resolution crack images using sliding window
technique, that showed the generalization of the
proposed model and the application for prompt
evaluation of damages in the real concrete structure
or asphalt roads.

Overall, this study demonstrated the potential of
unsupervised learning applications for structural inspection
and useful to avoid the data annotation which is time
consuming.
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