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Abstract

This paper presents a novel approach for automated crack detection and growth monitoring in concrete structures,
integrating Self-Organizing Maps (SOM) for pixel-level clustering with a KAZE feature descriptor for robust feature
matching. The proposed method first employs SOM to cluster pixels in an initial crack image and derive a
representative weight vector. Critically, this weight vector can be directly applied to subsequent images, thereby
enabling the detection of crack growth without the need to retrain or rely on multiple reference images. Following
SOM classification, noise is minimized through labeling, dilation, and superimposition, ensuring that thin or small
crack portions are retained. Finally, the KAZE algorithm is employed to match features in different images, facilitating
accurate crack localization and growth tracking across varying scales, rotations, and viewpoints. Experimental results
demonstrate that the proposed method accurately detects crack evolution with minimal user intervention, offering a
scalable and efficient solution for structural health monitoring.
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1. Introduction

Crack formation represents an early and critical indicator of potential structural deterioration in civil infrastructure,
including roads, bridges, tunnels, and buildings [1, 2]. When left undetected or unmanaged, these localized defects
can grow and interact with other damage mechanisms, ultimately undermining load-bearing capacity and structural
integrity [3, 4]. Ensuring timely detection and continuous monitoring of cracks is therefore fundamental for
maintaining safety, extending service life, and mitigating the economic consequences associated with major repair
interventions or catastrophic failures [5-7].

Traditionally, crack detection has relied heavily on manual inspections, where experienced specialists visually assess
structural surfaces and use simple tools to measure crack dimensions [8—10]. Although this approach has been long
established, it is inherently time-consuming, subjective, and increasingly impractical given the complexity and scale
of modern infrastructure [1, 11]. To address these limitations, research has progressively shifted toward automated
methods, leveraging advanced sensing technologies and image processing techniques [12—14]. Early image-based
approaches, however, frequently struggled with challenges posed by noise, shadows, variable illumination, irregular
crack morphology, and perspective distortions, making consistent and accurate crack detection a persistent obstacle
[14-17].

Recent developments in machine learning (ML) and deep learning (DL) have significantly improved crack detection
capabilities by automating feature extraction, reducing reliance on subjective human judgment, and enhancing
scalability [18—21]. Nonetheless, many of these advanced models still focus on image-level or bounding-box analysis,
limiting their ability to capture subtle crack characteristics and intricate growth patterns that are crucial for
comprehensive structural assessments [22, 23]. In addition, model transferability and robustness across varying
environmental conditions, structural materials, and geometric complexities remain key challenges [1, 24, 25].
Addressing these gaps requires methods capable of pixel-level analysis that can adapt to diverse conditions without
extensive retraining, as well as strategies that effectively mitigate noise and perspective distortions. The integration
of unsupervised learning techniques such as Self-Organizing Maps (SOM) has shown promise in clustering and
classifying crack features with minimal manual parameter tuning, while advanced feature descriptors can capture fine-
grained details at multiple scales and orientations [26—28]. Leveraging such techniques holds the potential to enhance

crack growth detection, improve localization accuracy, and reduce computational overhead.



Building on these insights, this paper proposes a novel framework that integrates SOM-based pixel-level clustering
with robust feature descriptors to detect and track crack evolution. By training SOM once and reusing its weight vector
across successive images, the method eliminates the need for large training sets and repeated model adjustments.
Morphological operations and labeling are employed to address noise and minor feature losses, while the use of multi-
scale feature descriptors facilitates accurate crack identification even under variable lighting, orientation, and scale
conditions. This approach seeks to offer a more reliable, efficient, and transferable solution to crack detection,

ultimately contributing to more proactive and cost-effective structural health monitoring practices.

2. Methodology

The proposed methodology integrates a SOM with KAZE feature matching to enable robust crack detection and
monitoring in concrete structures. As shown in Figure 1, the approach comprises four main stages. First, pixels in the
initial crack image are classified using a SOM, which provides a representative weight vector that can be directly
applied to subsequent images. This facilitates efficient crack growth detection over time. Second, a crack labeling
process is employed to remove residual noise from the SOM-classified image. Third, a combination of dilation and
superimposition techniques is introduced to restore thin or partially removed crack segments, ensuring a more
complete and accurate crack representation. Finally, the KAZE feature matching algorithm is implemented to identify,
localize, and track crack features, supported by a comparative evaluation of alternative feature detection algorithms

available in MATLAB.
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Figure 1: Method system architecture

2.1 SOM for Crack Detection

The proposed approach employs a SOM to classify pixels in an initial crack image, thereby generating a representative
weight vector that can be directly applied to subsequent images for efficient crack growth detection. By performing
pixel clustering on the initial image and storing the resulting SOM weight vector, future images can be classified

without retraining, significantly reducing computational overhead and streamlining long-term SHM efforts. In this



manner, changes in the crack pattern can be rapidly identified and assessed, providing a cost-effective and time-
efficient solution for ongoing infrastructure maintenance.

2.1.1 Introduction to SOM

A SOM is an unsupervised learning method that maps high-dimensional
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Where p;(t) is the input to property j at time t and w;;(t) is the weight of property j of output node i at time t [33].
The node ¢ that minimizes d; is identified as the BMU [34]. After identifying the BMU, weights are updated to
increase their similarity with the input:

wii(t+ 1) = w;(t) + n(®)hi; () () —wi; () )
Where 7(t) is the learning rate at time t and h{;(t) is the neighborhood kernel around the winner node at time t, both
of which should be non-increasing functions, and t denotes the current time step. For pixel clustering tasks, a simple

linear decay in the learning rate is sufficient [29]:

t
n(©) =n©)(1-7) 3
Where T is the training length. As ¢ progresses, (t) diminishes until reaching the threshold 1, .
The neighborhood function influences how far the BMU’s influence extends during training [35]:
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Where N, (d) includes nodes lying within radius d of the BMU ¢ [36].

Ne(d) ={j | dc; < d} (%)
A one-dimensional SOM map is employed, where each node’s neighbors depend on its grid position. After this process,
the input data are classified into several classes with similar characteristics. Crucially, the weight vector derived from
the initial crack image remains a stable representation of the “crack™ class. When subsequent images are processed,
these same weight vectors can be used to rapidly identify crack pixels and highlight changes in crack morphology,
thereby enabling efficient and reliable crack growth detection over time without the need for retraining.
2.1.2 Properties of pixels applied for SOM
To enhance the SOM’s ability to classify pixels as crack or non-crack, multiple pixel-level features are incorporated:
Grayscale
Cracks generally appear as darker regions. Consequently, grayscale intensity is a key feature. Lower grayscale values
indicate a higher likelihood of crack presence [37, 38].
Edge Detection
Identifying crack edges relies on the observation that pixels along a crack’s boundary typically exhibit greater intensity
differences compared to their surroundings [39] .
Pixel (i,j) and its eight neighbors forming a 3x3 matrix. To evaluate the edge property, multiple lines passing through
(i,)) are examined, including four diagonal lines and eight obtuse folds. As an example, line A runs from (i, j) to (i +
1,j+1):

AL = Py j-1 F Pirrj-1 T Divr,j) — Wijsr t Dierj + Picrje)l
where p; ; denotes the grayscale value of the pixel at coordinates (i, j).
Similarly, consider line E, which passes through (i — 1,j) , (i,j), and (i + 1, ):
Ej; = |2 X (Picyjo1 + Pijo1) — Pic1js1 + Pijer + Pirvjrr + Piss)|-

By applying analogous computations to all four diagonal lines and eight obtuse folds, a total of 12 line-based intensity
differences are obtained. The maximum absolute difference among these 12 values represents the normal edge

detection property:
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Figure 3 illustrates the lines used for edge detection, with each red line denoting a specific direction for intensity
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Figure 3: Edge detection algorithm
Contrast
Contrast measures the intensity difference distinguishing an object from its surroundings [40] . For a pixel (i, ),
considers a 3x3 matrix centered at (i, j):
Sij = Pi—1j-1 T Pi—1,j T Pi—jr1 T Dij—1 + Pij + Pijer + Divrj-1 t Pirrj + Divr,j1
Sixteen neighboring pixels around this 3x3 region are located at (i—2, j—2), (i—2, j—1), (i—2, j), (i—=2, j+1), (i—2, j+2),

(i=1,j=2), (=1, j*+2), (i, j=2), (i, j*+2), (i1, j=2), (+1, j+2), (i+2, j=2), (i+2, j=1), (i+2, )), (i+2, j+1), and (i+2,



jt+2). Let A4, A,, ..., A represent the grayscale values of these pixels. The contrast C is defined as the maximum
absolute difference between S;; and each Ay:

C = max(|S;; — Ay, |Sij — Az, .. |[Sij — Ase|) 7
This measure helps highlight subtle differences in intensity, aiding in the differentiation of cracks from their immediate
surroundings.
Thin Crack Detection
Thin cracks, particularly those that are only one pixel wide, require specialized processing to distinguish them from
noise. To achieve this, ratios of average grayscale values are computed along specific lines passing through the target

pixel. For example, consider line A again:

Pi-1,j—1 + Dij + Pis1,j+1)/3
Dij-1 1 Di+1,j-1 T Pi+1,j T Di—1,j T Pi-1,j+1 T Dij+1
6

Al = x 100

Performing a similar calculation for all 12 lines and taking the maximum value identifies pixels likely to belong to
thin cracks:

e; = max {A{}, B, C;, D}, Efj, B, G HE, 15,05, K L ®)
This property ensures that even very narrow cracks are detected and that small, noise-induced features are more
effectively filtered out.
Average grayscale (8 and 24 Neighbors)
Both the average grayscale of a pixel plus its 8 neighbors and the average grayscale with 24 neighbors are considered.
These measures help differentiate dark, crack-related pixels from the background and improve noise resilience.
Relative Grayscale Values
Cracks form pronounced “valleys” in grayscale profiles along rows and columns. By comparing a pixel’s grayscale

to the median row and column values [41-43], pixels that deviate significantly (i.e., are much darker) can be identified

as crack pixels.
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Where p;; is the pixel’s grayscale value, u(p;) is the median grayscale of row i, and u(p j) is the median grayscale
of column j.
Hue

Not all dark regions represent cracks—some may be stains or grout joints [44]. Hue, defined as the dominant

wavelength of color, can help distinguish actual cracks from other dark features [27, 45, 46]:

GO(G_B.) if Rismax
max (R,G,B)—min (R,G,B)
_ 60(B—R) , .
Hue = [120 + an (R B)—mmin (R‘G'B)] if Gismax (10)
60(R—G) . ,
[240 + max (R,G,B)—min (R,G,B) lf B is max

By integrating these diverse properties into the SOM classification process and subsequently applying the initially
derived weight vector to future images, the proposed method effectively identifies cracks and monitors their
progression. This robust approach enables efficient long-term crack growth detection and offers a valuable tool for
proactive SHM strategies.

2.2 Crack labeling

Following SOM classification, residual noise may still remain in the detected crack image. To address this, the
MATLAB Image Processing Toolbox is employed to streamline the noise removal process. A key step involves using
the built-in “bwlabel” function, which assigns labels to 8-connected objects in a binary image. Prior to labeling, the
SOM-classified image is converted to a binary format, with the background set to black (0) and the crack pixels to
white (1). The “bwlabel” function operates by run-length encoding the input image, assigning preliminary labels,
recording label equivalences, and ultimately resolving these equivalences before relabeling the runs accordingly [47].
This procedure effectively separates distinct crack regions from extraneous noise, yielding a more coherent and
interpretable representation of the detected cracks.

To further refine this representation, the concept of area moment of inertia is incorporated. In image analysis, the
moment of inertia can be envisioned as the “rotational mass” of pixel intensities. By computing the area moment of
inertia for each labeled object, it becomes possible to differentiate genuine crack elements from spurious noise. Setting
an appropriate threshold on this measure ensures that only meaningful crack structures are retained, while irrelevant
fragments are discarded. The outcome is a reconstructed crack image in which significant structural features are

preserved, thereby improving the clarity and reliability of subsequent analyses.



2.3 Dilation and Superimposition

Although labeling and thresholding the moment of inertia substantially reduce noise and isolate crack features, small
artifacts may still persist, and certain crack segments may have been inadvertently removed. To restore these missing
segments and eliminate lingering noise, morphological operations are applied. The combined crack image obtained
after labeling is first skeletonized to represent the cracks in their minimal form. Dilation is then performed to enhance
the visibility and continuity of the crack structures.

Finally, the binary image of the original crack is superimposed onto the dilated skeletonized image using the logical
“and” operation in MATLAB. This step reintroduces previously removed crack elements and eliminates any residual
noise, resulting in a more accurate and continuous crack representation. Figure 4 provides an illustrative example of
this process, demonstrating how dilation and superimposition refine the final crack image to ensure reliable, high-

fidelity inputs for subsequent analysis or monitoring tasks.

(a) Reconstructed (b) Skeletonized (c) Dilated crack (d) Binary of (e) Superimposition
crack image after crack original crack image  of dilated crack and
labeling binary crack

Figure 4: Example Process of Dilation and Superimposition
2.4 Feature Match

Identifying and extracting reliable feature points are key steps in enhancing image-based crack detection. Feature
detection typically involves locating interest points—such as blobs, corners, or edges—that offer distinctive and
repeatable patterns for subsequent processing tasks [48—51]. Ideal feature detectors should be scale-invariant,
distinctive, resilient to noise and distortions, highly repeatable, well-localized, straightforward to implement, and
computationally efficient. Achieving this balance is critical in demanding applications like crack detection, where

variations in scale, rotation, illumination, and environmental conditions are common.



MATLAB’s Image Processing and Computer Vision Toolboxes provide numerous built-in feature detection
algorithms widely employed in object recognition, image matching, and structure-from-motion analysis. Among the
well-known methods are Histogram of Oriented Gradients (HOG), Harris-Stephens (Harris), Minimum Eigenvalue
(MinEigen or KLT), Scale-Invariant Feature Transform (SIFT), Maximally Stable Extremal Regions (MSER),
Speeded Up Robust Features (SURF), Features from Accelerated Segment Test (FAST), Oriented FAST and Rotated
BRIEF (ORB), Binary Robust Invariant Scalable Keypoints (BRISK), and KAZE. Each of these methods possesses

distinct advantages and limitations, influencing their suitability for crack detection.

Histogram of Oriented Gradients (HOG)
HOG [48, 49, 52, 53] leverages local intensity gradients or edge directions to characterize object shapes. While
effective in object recognition, HOG’s sensitivity to image rotation [54] and relatively slow computation for large-

scale images reduces its utility in time-sensitive crack detection applications.

Harris-Stephens (Harris)
The Harris corner detector [50, 55-57] identifies points where intensity changes occur in multiple directions. Despite
robustness to translation, rotation, and illumination changes, its corner-based nature and limited scale invariance

undermine its efficacy for detecting non-corner-like crack patterns [58, 59].

Minimum Eigenvalue (MinEigen)
The KLT detector [58, 60, 61] focuses on selecting points with sufficient intensity variation. Although KLT effectively
detects corners and is insensitive to certain image changes, it may fail when tracking features under noisy or

dynamically changing conditions, making it less suitable for robust crack detection.

Scale-Invariant Feature Transform (SIFT)
SIFT [51, 62—64] is widely used and recognized for its rotational, scale, and affine invariance, enabling it to detect
stable keypoints across a range of transformations. However, its high computational cost can be prohibitive for real-

time or large-scale crack detection scenarios.

Maximally Stable Extremal Regions (MSER)
MSER [65-69] identifies stable regions across varying intensity thresholds. While offering multi-scale detection and
affine invariance, MSER’s high sensitivity to lighting changes limits its applicability in crack detection, where subtle

variations in illumination can occur.



Speeded Up Robust Feature (SURF)
SURF [70-72] provides a faster, Hessian-based alternative to SIFT and is well-suited for real-time applications.
Although often effective, SURF may still struggle with the nuanced patterns and conditions encountered in crack

detection.

Features from Accelerated Segment Test (FAST)
FAST [73, 74] excels in speed, making it ideal for real-time applications, but it may perform poorly in noisy
environments. For crack detection, where fine features and texture variations are prevalent, FAST’s minimal pixel

analysis can limit its effectiveness.

Oriented FAST and Rotated BRIEF (ORB)
ORB [75-79] combines the FAST detector with the BRIEF descriptor, optimizing speed and efficiency. ORB offers
improved scale invariance and good performance in the presence of noise and blurring. This makes it a promising

candidate for crack detection, though certain scenarios may still challenge its consistency.

Binary Robust Invariant Scalable Keypoints (BRISK)
BRISK [63, 64, 80] is scale- and rotation-invariant, emphasizing computational efficiency and real-time applications.
While BRISK may be less robust under severe image degradation or large in-plane rotations, it can still be a viable

choice depending on the specific constraints of the crack detection task.

KAZE

KAZE [63, 81, 82] employs a nonlinear diffusion-based scale space to preserve edges and details. By adapting image
blurring locally, KAZE achieves reduced noise while maintaining sharp boundaries, providing rotation, scale, and
restricted affine invariance. Its capacity to handle camera distortion and lack of explicit scale or rotation information

makes KAZE particularly well-suited for crack detection.

Comparison and Selection of KAZE for Crack Detection

In the context of concrete crack detection, algorithms like ORB, SIFT, SURF, BRISK, and KAZE demonstrate
enhanced scale and rotation invariance compared to HOG, Harris, MinEigen (KLT), FAST, and MSER. Among these
top candidates, KAZE consistently outperforms the others, especially under challenging conditions such as varying

scales, rotations, and distortions (Figures 5—7). While ORB, SIFT, SURF, and BRISK show promise, KAZE’s superior



performance in accurately detecting and matching crack features, even under severe distortions, makes it the most

suitable algorithm for this application
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Concrete crack images with different rotation angles

Feature matching with different rotation angles using KAZE algorithm

Figure 5: Crack feature matching with varied rotation using ORB, SIFT, SURF, BRISK, and KAZE
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Figure 6: Crack feature matching with varied scale using ORB, SIFT, SURF, BRISK, and KAZE



(a) Images (b) ORB (c) SIFT (d) SURF (e) BRISK (f) KAZE

Feature matching for crack images with mild distortion by different algorithms

(a) Images (b) ORB (c) SIFT (d) SURF (e) BRISK (f) KAZE
Feature matching for crack images with severe distortion by different algorithms
Figure 7: Crack feature matching with distortion using ORB, SIFT, SURF, BRISK, and KAZE
Given that real-world scenarios often lack reliable scale or rotation references, KAZE’s adaptability and robustness
provide a distinct advantage. Although this study focuses on rotation- and scale-related disturbances, future work will
consider other factors, such as varying perspectives and lighting conditions, to further refine the crack detection
methodology. Based on the current analysis, KAZE is selected as the feature matching algorithm for the proposed

crack detection framework.

3. Experiments and Results

This section presents a series of experiments designed to evaluate the proposed methodology under varying conditions.
While a concrete crack is employed as a representative example, it is important to note that the proposed algorithm is
not limited to this material and can also be applied to cracks in brick structures or even shadow-induced cracks. The
experiments are organized into three key scenarios: (1) detection of identical cracks, (2) detection of crack growth,
and (3) identification of an unknown crack segment. In each case, a distinct experimental strategy is employed, and
the results are analyzed to provide a comprehensive understanding of the method’s performance.

3.1 Identical crack detection

In the first set of experiments, two images of the same crack are considered, each exhibiting differences in rotation

and scale. By processing these images through the successive stages of SOM classification, labeling, dilation,



superimposition, and KAZE-based feature matching, the effectiveness of the proposed approach is demonstrated.
Figure 8 illustrates the progression of this process. The method successfully identifies the same crack despite
alterations in scale and rotation, confirming that the integrated SOM-KAZE framework reliably detects identical

cracks under varying conditions.

Original crack images Detected cracks using SOM

After Labelling After dilation and superposition

Feature match by KAZE Detected crack

Figure 8: Identical crack detection



3.2 Crack growth detection

3.2.1 Crack growth with the same scale and rotation

Next, the methodology is evaluated for its ability to detect crack growth while maintaining the same scale and rotation
parameters. Two images are analyzed: one capturing the initial crack and another depicting its growth over time. The
step-by-step outcomes, illustrated in Figure 9, confirm that the proposed method accurately identifies and quantifies
crack growth when geometric parameters remain constant. The results highlight the potential of the approach to

monitor structural integrity efficiently, enabling timely maintenance interventions.

Original crack images

After Labelling After dilation and superposition




Feature match by KAZE Detected crack growth
Figure 9: Crack growth detection without changes in scales and rotations
3.2.2 Crack growth with different scales and rotations
In a more challenging scenario, two images are analyzed where the crack has not only grown but also been captured
under different rotations and scales. As shown in Figure 10, the methodology successfully adapts to these changes,
detecting the growing crack segment even when subjected to 90-degree rotation and a 0.75 scale factor. This
demonstrates the robustness and versatility of the algorithm in handling realistic field conditions, where cracks may

be observed from varying perspectives and magnifications.

Original crack images

After Labelling After dilation and superposition



Feature match by KAZE Detected crack growth

Figure 10: Crack growth detection with 90° rotation and scale of 0.75
3.3 Crack part positioning
Finally, an experiment is conducted to identify a previously unknown crack segment. Here, the method evaluates a
partial crack image characterized by indeterminate rotation and scale changes. Figure 11 presents the results, with a
detected rotation of 90 degrees and a scale factor of 2.5. This confirms the algorithm’s capacity to locate and
characterize crack segments with limited prior information, further underscoring its applicability in complex

inspection tasks.

Original crack images




After Labelling After dilation and superposition

Feature match by KAZE Detected crack position

Figure 10: Detection of an unidentified crack segment

4. Conclusion

This study introduces a novel crack detection approach that integrates a SOM with the KAZE feature descriptor. By
clustering the pixels of an initial crack image and storing the resulting weight vectors, subsequent images can be
analyzed efficiently without retraining. Through the application of labeling, dilation, and superimposition, noise is
reduced while preserving thin crack structures. KAZE-based feature matching further enhances the method’s
adaptability, allowing for reliable detection and analysis of cracks under varying scales and rotations.

The experimental evaluation, conducted using concrete crack images as a primary example, demonstrates the method’s
effectiveness in detecting identical cracks, monitoring crack growth, and identifying unknown crack segments.
Notably, the approach is not limited to concrete cracks and can be extended to brick cracks or shadow-induced cracks,
thereby offering broad applicability in structural health monitoring scenarios. Compared to conventional image
processing techniques, the proposed method delivers improved accuracy, automation, and robustness against variable
imaging conditions.

Overall, the integration of SOM classification with KAZE-based feature detection provides a powerful framework for
crack analysis. Future research can expand upon these findings by considering different perspectives, lighting
conditions, and environmental factors. The presented methodology represents a significant step toward more efficient
and comprehensive image-based crack assessment systems, ultimately supporting proactive maintenance and

enhanced infrastructure safety.
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