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Abstract 6 

This paper presents a lightweight, training-free framework for automated crack detection in concrete and masonry 7 

structures using Self-Organizing Maps (SOMs). By clustering pixel-level features—including grayscale, edge 8 

gradients, contrast, hue, and thin-crack indicators—the method performs unsupervised segmentation without labeled 9 

data, manual thresholds, or deep models. It demonstrates strong robustness to noise, shadows, and textured surfaces 10 

across field-acquired imagery. Feature ablation experiments reveal material-dependent contributions of each input, 11 

offering insights into SOM’s internal structure and interpretability. In addition, SOM-derived pseudo-labels are used 12 

to train CNNs, achieving high segmentation accuracy and generalization across unseen domains. Designed for UAV 13 

and mobile SHM platforms, the framework operates with low memory (<100 MB), fast inference (<30 s/image), and 14 

minimal human input—offering an interpretable, scalable alternative to heuristic filters and data-intensive networks 15 

for real-world infrastructure diagnostics. 16 

Keywords: Self-organizing maps (SOMs); Unsupervised learning; Concrete crack detection; Masonry crack detection; 17 

Image-based diagnostics; Structural health monitoring (SHM); Pseudo-labeling; Noise-robust segmentation   18 

mailto:xinxin68@umd.edu


 

2 

 

1. Introduction 19 

Structural damage in civil infrastructure refers to alterations in material composition, geometry, or system connectivity 20 

that degrade performance and reliability [1], [2]. Left unaddressed, such damage can lead to costly repairs, operational 21 

disruptions, or safety risks. Early detection has thus become a priority across civil, mechanical, and aerospace 22 

engineering [3], [4]. Five related fields—structural health monitoring (SHM), condition monitoring, non-destructive 23 

evaluation (NDE), statistical process control, and damage prognosis—collaborate to address this challenge [5], [6], 24 

[7], [8], [9], [10]. SHM, in particular, assesses the structural health of materials and systems over time [11], [12], [13], 25 

[14], [15], playing a key role in sustainable infrastructure management [16], [17].  26 

Recent SHM advancements utilize large-scale imagery from drones or surveillance systems to remotely monitor 27 

surfaces like bridges, tunnels, and façades. This approach enhances efficiency and reduces maintenance costs in 28 

modern construction, but manually analyzing vast datasets is impractical [18], necessitating automated, image-based 29 

crack detection tools. 30 

Image-based NDE is widely applied to detect surface cracks in concrete and masonry [19], [20], [21]. Since visible 31 

cracks may not always signal immediate distress, tracking their evolution over time is critical for maintenance planning. 32 

Time-series imagery can reveal crack widening or branching, yet requires efficient, automated analysis tools. 33 

Traditional methods, such as morphological techniques, Canny, and Sobel operators, are widely used but suffer from 34 

threshold sensitivity, parameter dependency, and poor adaptability to noise or lighting variations [22], [23], [24]. For 35 

instance, the Canny operator achieves high edge localization but remains sensitive to noise and parameter choice [25], 36 

while Sobel often yields fragmented results in noisy conditions [26], [27]. Morphological methods reduce noise but 37 

demand careful tuning [28], [29], [30], [31], [32], [33], [34], [35], and advanced techniques like Alternating Sequential 38 

Filters remain computationally heavy [36], [37]. Despite recent improvements such as adaptive thresholding or multi-39 

scale filtering, these methods remain constrained in field conditions, limiting their use in real-world SHM. 40 

To overcome these challenges, we propose a Self-Organizing Map (SOM)-based algorithm that clusters pixels by 41 

visual properties—like intensity, contrast, and edge magnitude—without needing labeled data or extensive tuning. 42 

Introduced by Kohonen [38], SOMs map high-dimensional data onto a low-dimensional grid for unsupervised 43 

clustering. They achieve this by projecting complex features into an organized lattice, enabling efficient pattern 44 

recognition without prior training. In image analysis, they have been applied to tasks such as pattern grouping and 45 

texture segmentation, offering a balance of simplicity and adaptability. Unlike prior SOM-based crack detection 46 

approaches that operate on image-level or patch-level descriptors and rely on pre-training with labeled data [39], [40], 47 

our method applies SOMs directly to per-pixel features—such as grayscale, contrast, and hue—captured from local 48 

image neighborhoods. This fully local, training-free formulation enables the algorithm to adapt dynamically to each 49 

image’s visual structure, regardless of surface material, lighting conditions, or crack morphology. Unlike SOMs used 50 

as predictive models in earlier work, we employ them here strictly as interpretable clustering tools, eliminating the 51 

need for architectural tuning, patch-level aggregation, or task-specific parameterization. This shift ensures robustness 52 

across diverse field conditions and enhances compatibility with lightweight, real-time SHM applications. 53 
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Despite the growing popularity of deep learning (DL), especially Convolutional Neural Networks (CNNs), in crack 54 

detection tasks due to their powerful feature extraction capabilities [41], [42], such models face practical constraints 55 

in real-world SHM deployments. CNNs often require extensive hyperparameter tuning and data augmentation, 56 

limiting their adaptability to uncontrolled field conditions. DL techniques typically require large, annotated datasets 57 

for training [43], demand significant computational resources[44], and often lack generalizability across varying field 58 

conditions. Moreover, CNN-based segmentation methods may miss fine cracks or misclassify noise under lighting 59 

and textural distortions [45], which undermines their reliability in uncontrolled environments. In contrast, the proposed 60 

SOM framework clusters pixels based on local image properties without requiring training data or task-specific 61 

retraining, offering a lightweight, interpretable, and adaptive alternative for field-deployable diagnostics. 62 

This approach excels in longitudinal monitoring, robustly handling shifts in lighting or texture while tracking crack 63 

propagation and bifurcation in time-series imagery. It also offers scalability, potentially integrating indicators like 64 

moisture streaks for broader assessments. 65 

In summary, this work delivers a robust, unsupervised solution for crack detection in concrete and masonry. By 66 

minimizing human intervention and excelling under diverse field conditions, it advances image-based SHM. The 67 

proposed approach lays a lightweight, training-free foundation for autonomous systems that enhance infrastructure 68 

safety and resilience. Ultimately, it contributes to smarter inspection workflows and more sustainable infrastructure 69 

management.  70 

  71 
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2. Methodology 72 

To achieve robust, unsupervised crack detection at the pixel level—without reliance on manual thresholds or extensive 73 

data labeling—we implement a Self-Organizing Map (SOM) approach. SOMs are commonly used to visualize and 74 

explore high-dimensional data by reducing complexity through unsupervised learning [46]. The SOM algorithm 75 

typically consists of two stages: a competitive stage and a cooperative stage [47], [48]. In the competitive stage, the 76 

node closest to the input vector is selected as the Best-Matching Unit (BMU) [49]. A schematic diagram of the SOM 77 

algorithm (Fig. 1) illustrates the competition and update process. 78 

 79 

Fig. 1: SOM algorithm 80 

Consider an n-dimensional input vector 𝑝 = {𝑝1, 𝑝2 , … , 𝑝𝑛}, representing n properties. Each node in the SOM is 81 

associated with an n-dimensional weight vector 𝑤𝑖 = {𝑤𝑖1, 𝑤𝑖2, … , 𝑤𝑖𝑛}. When a new input vector is presented, the 82 

distance 𝑑𝑖 between the input and the node 𝑖 is computed as: 83 

𝑑𝑖 = √∑(𝑝𝑗(𝑡) − 𝑤𝑖𝑗(𝑡))
2

𝑛

𝑗=1

(1) 84 

Where 𝑝𝑗(𝑡) the value of property 𝑗 at time t, and 𝑤𝑖𝑗(𝑡) is the weight of property j for node i at time t [50]. The node 85 

with the smallest 𝑑𝑖 is the BMU, denoted by superscript c [51].  86 

After identifying the BMU, the weights of the BMU and its neighbors are updated: 87 

𝑤𝑖𝑗(𝑡 + 1) = 𝑤𝑖𝑗(𝑡) + 𝜂(𝑡)ℎ𝑖𝑗
𝑐 (𝑡) (𝑝𝑗(𝑡) − 𝑤𝑖𝑗(𝑡)) (2) 88 
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Here, 𝜂(𝑡)  is the learning rate, and ℎ𝑖𝑗
𝑐 (𝑡)  is the neighborhood kernel, both non-increasing functions to ensure 89 

convergence. 90 

A key feature of our approach is the direct application of SOMs at the pixel level for crack detection, a novel concept 91 

within SHM. Unlike traditional methods like Canny edge detection, which rely on predefined thresholds, or other 92 

SOM-based techniques requiring extensive pre-training, our method eliminates these needs. Unlike conventional SOM 93 

applications in SHM that depend on structure-specific tuning, our approach dynamically adapts to each image, 94 

enhancing its versatility. This flexibility allows SOMs to generalize across surface types and environmental conditions, 95 

unlike SHM methods constrained by training datasets or structural assumptions. No manual annotations or labeled 96 

data are used at any stage of the process, reinforcing the fully unsupervised nature of the framework. 97 

We use a standard linear learning rate: 98 

𝜂(𝑡) = 𝜂(0) (1 −
𝑡

𝑇
) (3) 99 

Where 𝜂(0) is the initial learning rate, t is the current training iteration, and T is the total training length.  100 

The neighborhood function is defined as [52]: 101 

ℎ𝑖𝑗(𝑡) = {
1       𝑖𝑓 𝑖 ∈ 𝑁𝑐(𝑑)

0         𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒                      
(4) 102 

Where 𝑁𝑐(𝑑) is the set of nodes within a distance d of the BMU c [53].  103 

𝑁𝑐(𝑑) = {𝑗 | 𝑑𝑐𝑗 ≤ 𝑑} (5) 104 

The neighborhood radius is initially set based on the map size and dynamically adjusted via a decay schedule, enabling 105 

the SOM to transition from global organization to fine local refinement. By avoiding manual thresholds and complex 106 

training, our approach efficiently detects cracks across diverse materials. 107 

Input properties for crack detection include grayscale intensity for crack darkness, edge characteristics for boundary 108 

detection, local contrast for crack-background separation, and hue for color-varying surfaces like bricks. These 109 

properties, combined as a multi-dimensional vector, allow the SOM to cluster pixels based on their intrinsic properties.  110 

After SOM training, each pixel is assigned to one of the output clusters (e.g., 3 for concrete, 5 for brick). To identify 111 

the class corresponding to “crack,” we used a minimal visual GUI tool for class labeling—selecting the crack class 112 

with a single click based on its morphology. This process is distinct from manual annotation: it does not involve 113 

tracing boundaries or drawing masks, and typically takes <3 seconds per image. Class selection was based on empirical 114 

stability across different images and held fixed for all evaluations (e.g., CNN supervision, ablation analysis). This 115 

one-time semantic mapping allows unsupervised clustering to be used as a consistent pseudo-labeling mechanism 116 

across the study. 117 

Fig. 2 illustrates how these properties effectively highlight cracks on (a) plain concrete and (b) brick surfaces, 118 

demonstrating the method’s adaptability. 119 
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Grayscale 126 

Cracks typically appear darker than the undamaged areas in images, as shown in Fig. 2. In the proposed approach, the 127 

grayscale intensity of pixels serves as a key feature for clustering. In simple images with uniform backgrounds, such 128 

as Fig. 2(a), grayscale alone is sufficient to separate crack regions from non-crack areas. However, in more complex 129 

images with varying lighting or textured backgrounds, such as Fig. 2(b), additional features are required to accurately 130 

identify cracks. For instance, in such cases, grayscale alone may not suffice to distinguish cracks from non-crack dark 131 

regions. 132 

The grayscale value of each pixel corresponds to its light intensity, with darker pixels having lower values [54], [55]. 133 

For a given pixel 𝑝(𝑥, 𝑦), the grayscale intensity 𝐼(𝑥, 𝑦) is computed using the standard RGB-to-grayscale conversion: 134 

𝐼(𝑥, 𝑦) = 0.2989 ∙ 𝑅(𝑥, 𝑦) + 0.5870 ∙ 𝐺(𝑥, 𝑦) + 0.1140 ∙ 𝐵(𝑥, 𝑦) (6) 135 

This formula emphasizes the green channel’s contribution to perceived brightness, which enhances crack visibility. 136 

Here, 𝑅(𝑥, 𝑦), 𝐺(𝑥, 𝑦), and 𝐵(𝑥, 𝑦) represent the red, green, and blue channel values of the pixel at position (𝑥, 𝑦). 137 

Since cracks generally appear darker than the surrounding material, grayscale intensity is a valuable feature for SOM-138 

based crack detection. As shown in Fig. 3, SOM clusters pixels with similar grayscale intensities, effectively grouping 139 

darker crack pixels together while separating them from brighter background regions. 140 

While grayscale is a fundamental feature, its integration with additional properties (e.g., edge and contrast) within the 141 

SOM framework ensures robust detection across diverse scenarios, as elaborated in subsequent sections. 142 

  

(a) Cracks on plain concrete (b) Cracks on brick surfaces 

Fig. 3: Crack detection using SOM with grayscale intensity as input 143 

Average grayscale of the pixel and its 8 neighbors 144 

  

(a) Cracks on plain concrete (b) Cracks on brick surfaces 

Fig. 2: Visual Examples of crack detection properties 
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Cracks often display subtle variations in grayscale intensity compared to their surrounding material. To improve crack 145 

detection accuracy, we introduce a feature based on the average grayscale value of a pixel and its eight neighbors, 146 

forming a 3×3 matrix. This 9-pixel average acts as a smoothing filter, reducing noise while emphasizing consistent 147 

intensity patterns typical of crack regions. 148 

Unlike edge detection, which also employs a 3×3 matrix but focuses on abrupt intensity changes to highlight structural 149 

boundaries, this method targets localized intensity uniformity. Edge detection relies on geometric calculations—such 150 

as maximum absolute grayscale differences along diagonals and folds—to identify discontinuities. In contrast, the 9-151 

pixel average assists the SOM in clustering pixels with consistently low intensity, a hallmark of cracks. This distinction 152 

enhances the SOM’s ability to differentiate crack regions from non-crack areas based on broad, uniform intensity 153 

profiles rather than sharp transitions. 154 

As illustrated in Fig. 4, SOM achieves clear and accurate crack classification using only this feature, effectively 155 

isolating cracks on both plain concrete and brick surfaces. This underscores the feature’s robustness in capturing the 156 

distinct intensity characteristics of crack regions. 157 

  

(a) Cracks on plain concrete (b) Cracks on brick surface 

Fig. 4: Crack detection using SOM with only the 9-pixel average grayscale property as input158 

Average grayscale of the pixel and its 24 neighbors 159 

To refine crack detection, the neighborhood expands from 8 to 24 neighbors (a 5×5 matrix). The 25-pixel average 160 

smooths local intensity variations, reducing noise for a cleaner representation. Fig. 5 shows that this method clarifies 161 

larger cracks and reduces minor noise, though finer cracks may appear less distinct. However, this larger neighborhood 162 

can dilute sharp transitions, potentially obscuring subtle cracks that the 9-pixel method captures more effectively (Fig. 163 

4). The 25-pixel method excels at detecting larger cracks and suppressing noise but may miss early-stage cracks, 164 

unlike the more sensitive 9-pixel method. Larger neighborhoods such as 7×7 were also tested, but these produced 165 

excessive smoothing, which obscured fine cracks and degraded segmentation precision. 166 
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(a) Cracks on plain concrete (b) Cracks on brick surface 

Fig. 5: Crack detection using SOM with only the 25-pixel average grayscale property as input 167 

Relative grayscale values 168 

Cracks typically appear darker than their surroundings in grayscale images, creating distinct intensity variations [56]. 169 

Plotting pixel positions along a row or column against their grayscale values reveals a valley at crack locations, 170 

highlighting their lower intensity [57]. Relative grayscale values enhance the detection of subtle cracks that absolute 171 

values might miss [58].  172 

In this approach, each pixel’s grayscale value is compared to the median grayscale of its row and column. The relative 173 

grayscale properties 𝜌𝑖𝑗  and 𝛾𝑖𝑗 are computed as: 174 

𝜌𝑖𝑗 =
𝑝𝑖𝑗

𝜇(𝑝𝑖)
× 100 (7) 175 

𝛾𝑖𝑗 =
𝑝𝑖𝑗

𝜇(𝑝𝑗)
× 100 (8) 176 

Where 𝑝𝑖𝑗  is the pixel’s grayscale value, 𝜇(𝑝𝑖) is the median grayscale of pixels in Row 𝑖, and 𝜇(𝑝𝑗) is the median 177 

grayscale of pixels in Column 𝑗. As shown in Fig. 6, SOM using only relative grayscale values detects small, thin, and 178 

discontinuous cracks effectively, even with some noise, making it ideal for early-stage or fine crack identification.  179 

  

(a) Cracks on plain concrete (b) Cracks on brick surface 

Fig. 6: SOM-based crack detection using only relative grayscale values 180 

Edge detection 181 

Cracks often exhibit distinct edge characteristics, making edge-based features highly effective for identification. Edge 182 

detection captures abrupt grayscale changes to separate cracks from backgrounds. Following Sinha and Fieguth [59], 183 
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we use a 3x3 neighborhood matrix to compute the maximum grayscale difference across predefined lines and folds 184 

(Fig. 7). For a pixel 𝑝(𝑖, 𝑗), one such absolute difference is: 185 

𝐴𝑖𝑗
𝑛 = |(𝑝𝑖,𝑗−1 + 𝑝𝑖+1,𝑗−1 + 𝑝𝑖+1,𝑗) − (𝑝𝑖,𝑗+1 + 𝑝𝑖−1,𝑗 + 𝑝𝑖−1,𝑗+1)| (9) 186 

Similarly, for line E: 187 

𝐸𝑖𝑗
𝑛 = |2 × (𝑝𝑖−1,𝑗−1 + 𝑝𝑖,𝑗−1) − (𝑝𝑖−1,𝑗+1 + p𝑖,𝑗+1 + 𝑝𝑖+1,𝑗+1 + 𝑝𝑖+1,𝑗)| (10) 188 

The edge property 𝜖𝑖𝑗
𝑛  is then: 189 

𝜖𝑖𝑗
𝑛 = max{𝐴𝑖𝑗

𝑛 , 𝐵𝑖𝑗
𝑛 , 𝐶𝑖𝑗

𝑛 , 𝐷𝑖𝑗
𝑛 , 𝐸𝑖𝑗

𝑛 , 𝐹𝑖𝑗
𝑛, 𝐺𝑖𝑗

𝑛 , 𝐻𝑖𝑗
𝑛 , 𝐼𝑖𝑗

𝑛 , 𝐽𝑖𝑗
𝑛 , 𝐾𝑖𝑗

𝑛, 𝐿𝑖𝑗
𝑛 } (11) 190 

Where 𝜖𝑖𝑗
𝑛  represents the normal edge detection property at pixel (𝑖, 𝑗). 191 

    

(a) Red line A (b) Red line B (c) Red line C (d) Red line D 

    

(e) Red line E (f) Red line F (g) Red line G (h) Red line H 

    

(i) Red line I (j) Red line J (k) Red line K (l) Red line L 

Fig. 7: Illustration of the edge detection process using a 3x3 matrix. 192 

As shown in Fig. 8, SOM accurately identifies cracks on plain concrete and brick surfaces using only edge features, 193 

proving its robustness. Tests with a 5x5 matrix showed no significant improvement, confirming the 3x3 matrix’s 194 

balance of accuracy and efficiency. Unlike deep learning-based edge detectors that require large datasets, our method 195 

leverages simple yet effective edge features, ensuring adaptability and low computational cost. 196 
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(a) Cracks on plain concrete (b) Cracks on brick surface 

Fig. 8: Crack detection using SOM with edge detection as input 

 Contrast 197 

Cracks typically exhibit higher contrast than their surroundings, making contrast a key feature for distinguishing crack 198 

and non-crack regions. This property enhances segmentation and reduces the impact of noise, improving detection 199 

accuracy in complex environments [60].  200 

For a pixel at (𝑖, 𝑗), contrast C is computed as: 201 

𝐶 = max(|𝑆𝑖𝑗 − 𝐴1|, |𝑆𝑖𝑗 − 𝐴2|, … , |𝑆𝑖𝑗 − 𝐴16|) (12) 202 

Where 𝑆𝑖𝑗  is the sum of grayscale values in a 3×3 neighborhood centered at (𝑖, 𝑗), defined as: 203 

𝑆𝑖𝑗 = 𝑝𝑖−1,𝑗−1 + 𝑝𝑖−1,𝑗 + 𝑝𝑖−1,𝑗+1 + 𝑝𝑖,𝑗−1 + 𝑝𝑖,𝑗 + 𝑝𝑖,𝑗+1 + 𝑝𝑖+1,𝑗−1 + 𝑝𝑖+1,𝑗 + 𝑝𝑖+1,𝑗+1 (13) 204 

And 𝐴𝑘 represents the grayscale values of the 16 pixels surrounding this 3×3 region, located at coordinates (i−2, j−2), 205 

(i−2, j−1), (i−2, j), (i−2, j+1), (i−2, j+2), (i−1, j−2), (i−1, j+2), (i, j−2), (i, j+2), (i+1, j−2), (i+1, j+2), (i+2, j−2), 206 

(i+2, j−1), (i+2, j), (i+2, j+1), (i+2, j+2). 207 

As illustrated in Fig. 9, the Self-Organizing Map (SOM) effectively detects cracks using only contrast as input, even 208 

on complex brick surfaces. While contrast is a straightforward feature, its integration with other properties (e.g., edge 209 

and hue) within the SOM framework ensures robust and accurate crack detection across diverse scenarios. 210 

  

(a) Cracks on plain concrete (b) Cracks on brick surface 

Fig. 9: Crack detection using SOM with contrast as input 211 

Thin crack detection 212 

Detecting thin cracks, especially those a single pixel wide, is challenging because they often blend into background 213 

noise, evading capture by grayscale or edge detection methods alone. These cracks exhibit subtle intensity variations 214 
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that are difficult to distinguish using conventional approaches. To address this, a specialized algorithm is introduced 215 

that enhances thin crack visibility by leveraging localized intensity differences along fine linear structures. For a pixel 216 

at (𝑖, 𝑗), the algorithm computes a value 𝐴𝑖𝑗
𝑡  for line A as the ratio of the average grayscale intensity of pixels along 217 

the line to that of adjacent pixels, expressed as: 218 

𝐴𝑖𝑗
𝑡 = (

(𝑝𝑖−1,𝑗−1 + 𝑝𝑖,𝑗 + 𝑝𝑖+1,𝑗+1) 3⁄

𝑝𝑖,𝑗−1 + 𝑝𝑖+1,𝑗−1 + 𝑝𝑖+1,𝑗 + 𝑝𝑖−1,𝑗 + 𝑝𝑖−1,𝑗+1 + 𝑝𝑖.𝑗+1
6

) × 100 (14) 219 

This process is repeated for 11 other predefined lines (B through L), and the thin crack property 𝜖𝑖𝑗
𝑡  is defined as: 220 

𝜖𝑖𝑗
𝑡 = max{𝐴𝑖𝑗

𝑡 , 𝐵𝑖𝑗
𝑡 , 𝐶𝑖𝑗

𝑡 , 𝐷𝑖𝑗
𝑡 , 𝐸𝑖𝑗

𝑡 , 𝐹𝑖𝑗
𝑡 , 𝐺𝑖𝑗

𝑡 , 𝐻𝑖𝑗
𝑡 , 𝐼𝑖𝑗

𝑡 , 𝐽𝑖𝑗
𝑡 , 𝐾𝑖𝑗

𝑡 , 𝐿𝑖𝑗
𝑡 } (15) 221 

Here, 𝜖𝑖𝑗
𝑡  isolates the most prominent linear feature at (𝑖, 𝑗), effectively highlighting thin cracks. As shown in Fig. 10, 222 

this property successfully detects thin cracks on both plain concrete and brick surfaces, though it is not designed to 223 

identify wider or irregularly shaped cracks. By amplifying subtle intensity differences along linear paths, this method 224 

enhances the detection of narrow cracks often missed by traditional techniques. 225 

  

(a) Cracks on plain concrete (b) Cracks on brick surface 

Fig. 10: Crack detection using SOM with only the thin crack detection property as input 226 

Hue 227 

While darker regions often indicate cracks, surfaces like bricks or shadows can appear similar, complicating detection 228 

[61]. Hue, representing the dominant wavelength of light [62], [63], addresses this challenge. Using the RGB model 229 

[40], hue distinguishes cracks from other dark regions based on its higher values. It is calculated as: 230 

Hue =

{
  
 

  
 

60(𝐺 − 𝐵)

max(𝑅, 𝐺, 𝐵) − min(𝑅, 𝐺, 𝐵)
 𝑖𝑓 𝑅 𝑖𝑠 𝑚𝑎𝑥

[120 +
60(𝐵 − 𝑅)

max(𝑅, 𝐺, 𝐵) − min(𝑅, 𝐺, 𝐵)
]  𝑖𝑓 𝐺 𝑖𝑠 𝑚𝑎𝑥

[240 +
60(𝑅 − 𝐺)

max(𝑅, 𝐺, 𝐵) − min(𝑅, 𝐺, 𝐵)
] 𝑖𝑓 𝐵 𝑖𝑠 𝑚𝑎𝑥

}
  
 

  
 

(16) 231 

Fig. 11 shows SOM-based crack detection using only hue on (a) concrete and (b) brick surfaces, demonstrating its 232 

effectiveness. While each feature contributes uniquely, SOM clustering of these properties ensures robust detection in 233 

complex scenarios. 234 
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(a) Cracks on plain concrete (b) Cracks on brick surface 

Fig. 11: Crack detection using SOM with only the hue property as input 

 

 

In conclusion, while each property—thin crack detection, average grayscale values (9- or 25-pixel), relative grayscale, 235 

and hue—contributes valuable information, robust and reliable crack detection in complex structural images is 236 

achieved by combining these properties through SOM-based clustering. Each property serves a specific role: thin 237 

crack detection highlights narrow crack regions, average grayscale values smooth out noise, relative grayscale captures 238 

contrast differences between cracks and their surroundings, and hue variations distinguish cracks from color-based 239 

confounding features such as shadows or patterned backgrounds. By integrating these features into SOM-based 240 

clustering, the algorithm synthesizes local visual cues into coherent spatial patterns, enabling precise differentiation 241 

between crack and non-crack regions—even under complex structural and environmental variations. 242 
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3. Experiments 243 

3.1 Example of concrete crack detection 244 

All visualizations in this section were generated directly from full-resolution inputs and exported as lossless PNG files 245 

from MATLAB. No image compression or downscaling was applied during manuscript preparation. This ensures 246 

visual fidelity for all crack segmentation comparisons. To ensure a controlled and fair benchmarking environment 247 

with traditional methods such as Canny and Sobel—known to struggle with noisy or branched features—this study 248 

selects images with relatively linear or thin cracks as a baseline. Subsequent studies will examine SOM’s behavior on 249 

more complex and branched geometries. In this study, a SOM is utilized to classify cracks on concrete surfaces, as 250 

illustrated in Fig. 12. To estimate the crack area ratio within the concrete image, three grid resolutions—5×5 pixels, 251 

10×10 pixels, and 15×15 pixels— are overlaid onto the fracture image, as shown in Fig. 13. The crack area ratio 𝑟𝑔 is 252 

calculated using the following formula: 253 

𝑟𝑔 =
𝑛𝑔

𝑁
× 100% (17) 254 

Where: 255 

• 𝑛𝑔: Number of grid points intersecting the crack. 256 

• N: Total number of grid points in the image. 257 

 258 

Fig. 12: Concrete Crack 259 

Fig. 13 demonstrates the concrete crack overlaid with these varying grid sizes: 260 

   

(a) Concrete crack with a 15×15-

pixel mask 

(b) Concrete crack with a 10×10-

pixel mask 

(c) Concrete crack with a 5×5-pixel 

mask 
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The impact of grid resolution on the accuracy of the crack ratio estimation is summarized in Table 1: 261 

Table 1: Estimation of crack ratios for varying grid dimensions 262 

 15×15-pixel 10×10-pixel 5×5-pixel 

𝑛𝑔 36 60 245 

𝑁 1581 3588 14758 

𝑟𝑔 2.28% 1.67% 1.66% 

As the grid resolution increases (i.e., smaller pixel sizes), the estimated crack ratio converges toward the true value. 263 

The 5×5-pixel grid yields an 𝑟𝑔 of 1.66%, with an approximate error of 0.01% compared to finer resolutions or manual 264 

estimation. This negligible error suggests that the 5×5 grid provides sufficient granularity for accurate crack area 265 

approximation while maintaining computational efficiency. Tests across multiple images with diverse lighting and 266 

crack patterns further validate this resolution’s robustness. 267 

For crack detection, the SOM leverages a feature set including grayscale, contrast, edge detection, thin crack detection, 268 

average grayscale, relative grayscale values, and hue. These properties enable the SOM to cluster pixels into three 269 

distinct categories: crack, noise, and concrete, as depicted in Fig. 14: 270 

   

(a) crack class (b) noise class (c) concrete class 

Fig. 14: SOM classification results for concrete crack image 271 

Since concrete fracture images predominantly consist of these three pixel types, this classification ensures precise 272 

segmentation. However, initial SOM results may contain small noisy regions. To refine the output, a post-processing 273 

step eliminates regions smaller than 1% of the largest detected crack area. This empirically chosen threshold balances 274 

noise suppression with the preservation of early-stage or narrow cracks and has proven effective across multiple test 275 

conditions. It aligns with conventional SHM practices that prioritize the retention of fine damage patterns for long-276 

Fig. 13: Concrete crack image overlaid with grid masks of varying resolutions 
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term tracking. Future work will include sensitivity analysis to further validate the robustness of this filtering criterion 277 

across diverse surface textures and environmental conditions. 278 

 279 

Fig. 15: Crack detection after noise reduction 280 

To assess the SOM-based method’s performance, it is benchmarked against traditional image processing techniques: 281 

Canny edge detection, Sobel edge detection, and morphological operations. Table 2 compares these methods under 282 

their optimal settings. With an error of 5% (crack area ratio: 1.58%), SOM outperforms Canny (8%, 1.80%) and 283 

morphological methods (23%, 1.28%), and closely matches Sobel (3%, 1.71%). Notably, SOM achieves this with 284 

minimal manual tuning, enhancing its adaptability compared to threshold-dependent methods like Canny and Sobel, 285 

which require careful parameter adjustments. 286 

Table 2: Comparison of SOM, Canny, Sobel, and Morphological methods 287 

Methods SOM  

 

Canny Sobel  Morphological 

Applied 

Parameter 

Noise reduction: <1% 

of max crack area 

 

Gradient 

threshold: 0.5 

 

Gradient 

threshold: 0.25 

 

Binary threshold: 

0.5 

 
Detected crack 

with 

thresholds 

    

After manual 

adjustments 

Not applicable 

   

Crack area 

ratio 

1.58% 1.80% 1.71% 1.28% 

Error 5% 8% 3% 23% 
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 288 

 289 

Note:  290 

• The true crack area ratio, estimated via Eq. (17) with the 5×5 grid, is 1.66%. 291 

• Relative error is calculated as: 292 

𝐸𝑟𝑟𝑜𝑟 =
|𝐸𝑠𝑡𝑖𝑚𝑎𝑡𝑒𝑑 𝑅𝑎𝑡𝑖𝑜 − 𝑇𝑟𝑢𝑒 𝑅𝑎𝑡𝑖𝑜|

𝑇𝑟𝑢𝑒 𝑅𝑎𝑡𝑖𝑜
× 100% (18) 293 

For SOM: 294 

𝐸𝑟𝑟𝑜𝑟 =
|1.58% − 1.66%|

1.66%
× 100% ≈ 5% 295 

3.2 Crack detection on brick surface 296 

Following the methodology from the concrete crack analysis, an image of a brick crack (Fig. 16) is processed to 297 

estimate the crack area ratio. A 10×10-pixel grid achieves consistent crack area ratios, ensuring precise fracture 298 

mapping with computational efficiency. The final crack ratio is approximately 3.00%, validating this resolution across 299 

tests. 300 

 301 

Fig. 16: Crack between bricks 302 

For the brick fracture image, the SOM leverages grayscale, contrast, edge detection, thin crack detection, average 303 

grayscale, relative grayscale, and hue. The SOM clusters pixels into five interpretable classes: crack, brick, concrete 304 

residue, noise, and mortar (Fig. 17). Since SOM does not inherently label classes, the crack category is identified 305 

manually via visual inspection. Future research will explore automating this step. 306 

     

(a) crack class (b) brick class (c) noise class (d) concrete residue class (e) motar class 

Fig.17: Classification of the brick crack 
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Post-processing removes regions smaller than 1% of the largest crack to eliminate noise, retaining only significant 307 

cracks (Fig. 18). This threshold, previously validated on concrete imagery, was found effective across multiple 308 

materials. This minimal intervention preserves SOM's segmentation strengths. 309 

 310 

Fig. 18: Crack detection after noise reduction 311 

The SOM’s performance is benchmarked against Canny, Sobel, and morphological methods (Table 3). With an error 312 

of 2% (crack area ratio: 2.93%), SOM outperforms Canny (15%, 3.46%) and Sobel (12%, 3.37%), and closely matches 313 

the morphological method (3%, 2.91%). Notably, SOM achieves this with minimal manual tuning, enhancing its 314 

adaptability. 315 

Table 3: Comparison of SOM, Canny, Sobel, and Morphological methods 316 

Methods SOM  

 

Canny Sobel  Morphological 

Applied 

Parameter 

Noise reduction: <1% 

of max crack area 

 

Gradient 

threshold: 0.01 

Gradient 

threshold: 0.05 

Binary threshold: 

0.25 

Detected 

crack with 

thresholds 

             

After manual 

adjustments 

Not applicable 

   

Crack area 

ratio 

2.93% 3.46% 3.37% 2.91% 

Error 2% 15% 12% 3% 

Notes: 317 

• True crack ratio: 3.00% (grid-based estimation). 318 
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• 𝐸𝑟𝑟𝑜𝑟 =
|𝐸𝑠𝑡𝑖𝑚𝑎𝑡𝑒𝑑 𝑅𝑎𝑡𝑖𝑜−𝑇𝑟𝑢𝑒 𝑅𝑎𝑡𝑖𝑜|

𝑇𝑟𝑢𝑒 𝑅𝑎𝑡𝑖𝑜
× 100% 319 

3.3 Shadow crack detection 320 

Using the grid-based estimation method from the concrete and brick crack analyses, the shadowed crack (Fig. 19) 321 

occupies approximately 3.50% of the image. A 10×10-pixel grid ensures precise fracture mapping with computational 322 

efficiency. 323 

 324 

Fig. 19: Shadow crack 325 

For classification, the Self-Organizing Map (SOM) uses grayscale, contrast, edge detection, thin crack detection, 326 

average grayscale, relative grayscale, and hue to categorize pixels into five classes: crack, shadowed concrete, noise, 327 

light edges, and lit concrete (Fig. 20). Due to SOM’s unsupervised nature, the crack class is identified post hoc via 328 

visual inspection. 329 

     

(a) crack class (b) shadowed 

concrete class 

(c) shadow noise 

class 

(d) light concrete 

noise class 

(e) lit concrete class 

Fig. 20: Classification of the shadow crack 330 

Post-processing removes regions smaller than 1% of the largest crack to eliminate noise, retaining only significant 331 

cracks (Fig. 21). This threshold was consistently applied across all examples to ensure reproducibility and preserve 332 

small but meaningful crack patterns. 333 
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 334 

Fig. 21: Crack detection after noise deduction 335 

The SOM’s performance is compared with Canny, Sobel, and morphological methods (Table 4). With an error of 4% 336 

(crack area ratio: 3.36%), SOM closely matches the true ratio (3.50%), outperforming Canny (6%, 3.29%) and 337 

matching morphological methods (4%, 3.37%). 338 

Table 4: Comparison of SOM, Canny, Sobel, and Morphological methods 339 

Methods SOM  

 

Canny Sobel  Morphological 

Applied 

Parameter 

Noise reduction: <1% 

of max crack area 

Gradient 

threshold: 0.21 

Gradient 

threshold: 0.03 

Binary threshold: 

0.22 

Detected 

crack with 

thresholds 

    

After manual 

adjustments 

Not applicable 

   

Crack area 

ratio 

3.36% 3.29% 3.57% 3.37% 

Error 4% 6% 2% 4% 

Notes: 340 

• True crack ratio: 3.50% (grid-based estimation). 341 

• 𝐸𝑟𝑟𝑜𝑟 =
|𝐸𝑠𝑡𝑖𝑚𝑎𝑡𝑒𝑑 𝑅𝑎𝑡𝑖𝑜−𝑇𝑟𝑢𝑒 𝑅𝑎𝑡𝑖𝑜|

𝑇𝑟𝑢𝑒 𝑅𝑎𝑡𝑖𝑜
× 100%                                               342 
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• Shadowed areas are excluded from the crack area calculation to avoid lighting artifacts. 343 

3.4 Feature Ablation Analysis for SOM Interpretability 344 

To assess the contribution of each input feature to segmentation quality—and to interpret SOM’s internal decision 345 

cues—we conducted a series of ablation experiments across three representative crack types: concrete, brick, and 346 

shadow. In each experiment, one feature was excluded from the SOM input vector while all other parameters remained 347 

constant. The resulting segmentation maps were quantitatively evaluated by comparing crack pixel areas against the 348 

full-featured SOM output. 349 

To ensure fair comparison, crack areas were computed after removing noise artifacts smaller than 1% of total 350 

segmentation—mirroring practical post-processing conditions. Relative error was defined as the absolute percentage 351 

deviation from the full-featured SOM result. For transparency, raw (unfiltered) crack areas are included in Appendix 352 

A. 353 

Tables 5a–5c summarize the filtered ablation results. These error-based comparisons offer a coarse but interpretable 354 

measure of each feature’s structural contribution, which is further visualized in the radar plots of Figures 22a–22c. 355 

Table 5a: Feature Ablation on SOM-Based Concrete Crack Segmentation (Filtered) 356 

Feature 

Ablation 

Without 

Grayscale 
Without Contrast Without Edge Without Thin 

Without Avg 

(3×3) 

Image 

     

Crack 

area 
1.59% 1.89% 1.33% 1.59% 1.59% 

Error 4% 14% 20% 4% 4% 

Feature 

Ablation 

Without Avg 

(5×5) 
Without 𝜌𝑖𝑗  Without 𝛾𝑖𝑗 Without Hue With All 
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Image 

     

Crack 

area 
1.58% 1.57% 1.59% 1.57% 1.58% 

Error 5% 5% 4% 5% 5% 

Notes: 357 

• True crack ratio: 1.66% (grid-based estimation). 358 

• 𝐸𝑟𝑟𝑜𝑟 =
|𝐸𝑠𝑡𝑖𝑚𝑎𝑡𝑒𝑑 𝑅𝑎𝑡𝑖𝑜−𝑇𝑟𝑢𝑒 𝑅𝑎𝑡𝑖𝑜|

𝑇𝑟𝑢𝑒 𝑅𝑎𝑡𝑖𝑜
× 100%                                               359 

Table 5b. Feature Ablation on SOM-Based Brick Crack Segmentation (Filtered) 360 

Feature 

Ablation 
Without Grayscale Without Contrast Without Edge Without Thin 

Without Avg 

(3×3) 

Image 

     

Crack 

area 
2.93% 10.48% 2.48% 2.94% 2.93% 

Error 2% 249% 17% 2% 2% 

Feature 

Ablation 
Without Avg (5×5) Without 𝜌𝑖𝑗  Without 𝛾𝑖𝑗 Without Hue With All 

Image 
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Crack 

area 
2.93 2.96% 2.92% 2.25% 2.93% 

Error 2% 1% 3% 25% 2% 

Notes: 361 

• True crack ratio: 3.00% (grid-based estimation). 362 

• 𝐸𝑟𝑟𝑜𝑟 =
|𝐸𝑠𝑡𝑖𝑚𝑎𝑡𝑒𝑑 𝑅𝑎𝑡𝑖𝑜−𝑇𝑟𝑢𝑒 𝑅𝑎𝑡𝑖𝑜|

𝑇𝑟𝑢𝑒 𝑅𝑎𝑡𝑖𝑜
× 100%               363 

Table 5c. Feature Ablation on SOM-Based Shadow Crack Segmentation (Filtered) 364 

Feature 

Ablation 

Without 

Grayscale 
Without Contrast Without Edge Without Thin 

Without Avg 

(3×3) 

Image 

     

Crack 

area 
3.37% 5.52% 3.32% 3.38% 3.36% 

Error 4% 58% 5% 3% 4% 

Feature 

Ablation 

Without Avg 

(5×5) 
Without 𝜌𝑖𝑗  Without 𝛾𝑖𝑗 Without Hue With All 

Image 

     

Crack 

area 
3.37% 3.37% 3.39% 3.37% 3.36% 
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Error 4% 4% 3% 4% 4% 

Notes: 365 

• True crack ratio: 3.50% (grid-based estimation). 366 

• 𝐸𝑟𝑟𝑜𝑟 =
|𝐸𝑠𝑡𝑖𝑚𝑎𝑡𝑒𝑑 𝑅𝑎𝑡𝑖𝑜−𝑇𝑟𝑢𝑒 𝑅𝑎𝑡𝑖𝑜|

𝑇𝑟𝑢𝑒 𝑅𝑎𝑡𝑖𝑜
× 100%               367 

Across the three materials, the ablation results highlight distinct dependencies: 368 

• Concrete cracks were most sensitive to edge removal (20% error), followed by contrast (14%), confirming 369 

the importance of sharp geometric transitions for fine surface discontinuities. 370 

• Brick cracks relied heavily on contrast (249% error), with hue (25%) and edge (17%) also playing key roles—371 

reflecting the difficulty of distinguishing cracks in high-texture masonry. 372 

• Shadow cracks showed strong reliance on contrast (58%), consistent with the need for luminance variation 373 

when spatial geometry is obscured. 374 

These patterns confirm that feature influence is material-dependent. While contrast, edge, and hue emerge as key 375 

drivers, other features provide complementary benefits—e.g., thinness enhances detection of hairline cracks, and local 376 

averaging mitigates noise from uneven backgrounds. Although the benchmark datasets do not include ultra-fine cracks, 377 

retaining the full feature set ensures adaptability across diverse SHM contexts. 378 

To complement the ablation tables, radar plots were generated to visualize each feature’s contribution under the SOM 379 

clustering mechanism. These charts capture SOM’s unsupervised internal response to feature removal—providing a 380 

training-free perspective on interpretability beyond scalar metrics. 381 

 382 

Fig 22a: Normalized crack area retention under feature ablation for concrete cracks 383 
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 384 

Fig 22b: Normalized crack area retention under feature ablation for brick cracks 385 

 386 

Fig 22c: Normalized crack area retention under feature ablation for shadow cracks 387 

Figures 22a–22c confirm that: 388 

• [Concrete] Geometry-delineating edge features dominate segmentation stability. 389 

• [Brick] Texture suppression via contrast is crucial to prevent false positives. 390 

• [Shadow] Luminance cues carried by contrast drive crack visibility when shape is weak. 391 

Notably, hue consistently shows the highest normalized activation across all crack classes, indicating that color-based 392 

discontinuities form a universal visual signature of surface damage—even in near-grayscale conditions. 393 

These observations also reinforce SOM’s interpretable design: its clustering relies on both activating features (hue, 394 

edge) and suppressive signals (contrast, grayscale), balancing sharp cues with spatial context. The absence of any 395 

single dominant feature underscores the value of a multi-feature ensemble, particularly in training-free, domain-396 

adaptive SHM systems. 397 

3.5 Discussion 398 

The SOM-based approach excels in real-world scenarios, such as textured brick surfaces and shadowed concrete, 399 

where traditional edge detectors and CNNs often struggle due to noise, lighting variations, or complex surface patterns. 400 

Tests on textured brick and shadowed concrete achieved errors as low as 2%–4% (Tables 3–4), compared to CNN 401 
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errors up to 10% in similar conditions [45]. For instance, rule-based classifiers leveraging crack geometry or semi-402 

supervised learning with minimal labeled samples will be explored. The experimental results highlight fundamental 403 

differences among Sobel, Canny, morphological operations, and the proposed SOM-based approach for crack 404 

detection across concrete, brick, and shadowed surfaces. While Sobel and Canny effectively detect edges, they often 405 

misclassify shadows, stains, or surface textures as cracks, and require extensive manual threshold tuning. 406 

Morphological methods, although capable of reducing noise, are highly sensitive to parameter settings and often 407 

struggle to generalize across different materials and environmental conditions. 408 

In contrast, the SOM-based method dynamically adapts to each image’s visual structure through unsupervised 409 

clustering of pixel-level features—such as grayscale gradients, contrast, and hue—eliminating the need for predefined 410 

thresholds, feature engineering, or labeled training data. This adaptability minimizes human intervention: only a 411 

lightweight post-clustering step is required to identify the “crack” class. In practice, this step involves visually 412 

inspecting a few output classes and selecting the correct one using a GUI-supported labeling tool, typically taking less 413 

than 5 minutes per image—negligible compared to the hundreds of hours required for manual pixel-wise annotation 414 

in supervised learning workflows. 415 

Compared to deep learning methods, the SOM framework offers a lightweight, training-free, and interpretable 416 

alternative. CNN-based segmentation models such as U-Net and Mask R-CNN have demonstrated high F1-scores 417 

(>0.9) on curated datasets with over 10⁵ labeled training samples  [41]. However, these models require significant 418 

GPU resources for both training and inference, and their performance often degrades under real-world conditions such 419 

as shadow interference, heterogeneous surfaces, and fine crack patterns [44], [45]. 420 

Our SOM-based method achieves comparable accuracy (≤5% error) without any labeled data or model retraining. It 421 

operates efficiently on standard CPUs with minimal memory usage (~100 MB), enabling practical deployment on 422 

embedded systems. A 512×512 image can be processed in under 1 minute, while high-resolution images (e.g., 423 

3024×4032 JPEGs) can be analyzed within ~10 minutes without retraining, demonstrating strong scalability for large-424 

format field imagery. 425 

While CNN inference can be accelerated to ~5 seconds per image on GPUs, this speed is achievable only after 426 

extensive training involving 10⁶+ FLOPs. In contrast, our SOM clustering requires approximately 10⁴ FLOPs per 427 

image and operates in a fully training-free manner, making it ideal for deployment on UAVs, edge devices, and other 428 

compute-constrained platforms. 429 

While SOM performs well across diverse materials, occasional misclassifications may still occur in visually 430 

ambiguous regions—such as mortar joints, surface stains, or deep shadows—where pixel features resemble true cracks. 431 

SOM’s current application focuses on simpler crack patterns to ensure fair benchmarking against Canny and Sobel, 432 

which are sensitive to complex morphologies. However, the multi-dimensional feature integration (e.g., edge gradient, 433 

thin crack structure) equips the SOM framework to handle branched, networked, or hairline cracks as well. Preliminary 434 

tests on more complex cracks have shown promising adaptability, and future work will expand validation across these 435 

more challenging scenarios. 436 
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By combining zero-training operation, adaptability to real-world artifacts, low hardware demand, and alignment with 437 

SHM practices emphasizing visual interpretability, the proposed SOM framework provides a robust foundation for 438 

scalable, autonomous crack detection in dynamic field environments. 439 

To summarize the trade-offs among traditional, deep learning-based, and SOM-based approaches, Table 6 provides a 440 

comparative summary across key criteria: 441 

Table 6: Comparative summary of crack detection methods for SHM deployment 442 

Method Data Requirement Training Accuracy Explainable Field Deployable 

SOM (ours) None ✕ <5% error ✓ ✓ 

CNN (e.g., U-Net) 105+ samples ✓ ~4% error [41] ✕ ✕ 

Sobel None ✕ ~3–5% error ✓ ✓ 

Note：CNN accuracy assumes curated datasets with >10⁵ labeled samples and GPU resources, whereas SOM operates 443 

on standard CPUs under real-world imagery. 444 

To illustrate SOM’s adaptability to non-linear and networked crack morphologies, Figure 23 shows preliminary 445 

clustering results on a complex fracture scenario. Despite the presence of intersecting and overlapping crack features, 446 

the SOM framework robustly distinguishes crack paths without requiring model retraining or parameter tuning. 447 

 448 

Fig. 23: Complex crack detection by SOM 449 

The complex crack pattern was derived from real-world imagery with intersecting and overlapping features, 450 

demonstrating SOM’s robustness.  451 

3.6 CNN Supervision with SOM-Derived Labels: A Study of Generalization and Interpretability 452 

To evaluate the structural consistency and labeling reliability of the proposed SOM-based segmentation framework, 453 

we designed a series of experiments in which SOM-generated crack masks were directly employed as pseudo-labels 454 
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to supervise a lightweight U-Net CNN. These experiments were not intended to demonstrate the superiority of CNNs 455 

over unsupervised methods, but rather to assess whether SOM-derived masks can serve as stable, transferable 456 

supervisory targets. If a CNN trained on such weak labels can replicate the segmentation quality of SOM, it would 457 

further validate the utility of SOM as a self-contained, training-free pseudo-labeling engine for SHM tasks in noisy, 458 

real-world environments. 459 

Four training regimes were tested by varying both the quality of SOM-generated labels and the semantic diversity of 460 

training images: 461 

• Experiment 1: Clean SOM masks (with 1% noise removal) for all three crack types: concrete, brick, and 462 

shadow 463 

• Experiment 2: Raw (unfiltered) SOM segmentations for the same three crack types 464 

• Experiment 3: Clean SOM mask for concrete only; brick and shadow images were labeled as crack-free 465 

backgrounds 466 

• Experiment 4: Same as Experiment 3, but using raw SOM mask for the concrete crack 467 

Table 7 presents a visual and qualitative summary of CNN performance across the four configurations. Among them, 468 

Experiment 3—featuring a minimal yet semantically clear supervision setup—achieved the most accurate and noise-469 

free segmentation for concrete cracks, while avoiding false detections in the brick and shadow domains. In contrast, 470 

Experiments 1 and 2 exhibited over-segmentation, misclassification of background textures, and degraded boundary 471 

clarity due to noisy or overly diverse training labels. 472 

These results demonstrate that CNNs can internalize crack-relevant representations even under sparse supervision—473 

provided the labels are of high semantic quality. Conversely, the results also expose CNNs’ fragility when applied to 474 

surface domains not encountered during training, highlighting SOM’s robustness across unseen material types. 475 

Table 7: CNN Performance Under Four SOM-Guided Supervision Regimes 476 

Experiment Clean SOM (All Types) Raw SOM (All Types) 
Clean SOM (Concrete 

Only)  

Raw SOM (Concrete 

Only) 

Training 

Labels 

Clean SOM: Concrete, 

Brick, Shadow 

Raw SOM: Concrete, 

Brick, Shadow 

Clean SOM: Concrete; 

Birck/Shadow as 

Background 

Raw SOM: Concrete; 

Birck/Shadow as 

Background 

Label Output Label Output Label Output Label Output 

Concret 

Crack 
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Brick Crack 

        

Shadow 

Crack 
        

Time 42s 42s 30s 36s 

CNN Output 

Summary 

Concrete: Crack 

detected but noisy 

Brick: Texture 

misclassified as cracks 

Shadow: Crack not 

detected 

Concrete: 

Discontinuous cracks 

Brick: Partial crack + 

brick misclassified 

Shadow: Crack and 

shadow merged 

Concrete: Clear crack 

with minimal noise 

Brick/Shadow: No 

crack detected 

Concrete: Crack 

detected but noisy 

Brick/Shadow: No 

crack detected 

Qualitative 

Observations 

Misinterpretation of 

shadow–background 

contrast; over-

segmentation on brick 

Label noise led to 

boundary instability; 

false positives 

Best segmentation 

among all; strong 

boundary formation 

with no generalization 

artifacts 

Raw label noise 

impaired segmentation 

quality vs. Exp. 3 

To further evaluate the structural fidelity of SOM outputs, we compared the best-performing CNN (Experiment 3) to 477 

its original SOM pseudo-labels for each crack type. This comparison is detailed in Tables 8a and 8b. While CNN 478 

showed promising performance for supervised domains (e.g., concrete), it failed to generalize to unseen materials like 479 

brick and shadow. SOM, in contrast, preserved crack-relevant structures across all domains, underscoring its value as 480 

a training-free segmentation method with strong domain generalization. 481 

Table 8a: Visual Comparison Between SOM and CNN Outputs 482 

Crack Type Input SOM Output  CNN Output  

Concrete Crack 
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Brick Crack 

  

 

Shadow Crack 

   

Table 8b. Structural and Practical Trade-offs Between SOM (Unsupervised) and CNN (Supervised via SOM) 483 

Criteria SOM (Unsupervised) CNN (Clean Concrete Only) 

Inference Time 

(3 images) 
25s (5s+8s+12s) 30s total 

Training 

Requirement 
None Requires pseudo-labels (SOM supervision) 

Material 

Transferability 

✓ Robust across unseen textures (e.g., 

brick, shadow) 

✕ Overfitting to trained material; fails to 

generalize 

Robustness to 

Artifacts 

✓ Stable under texture, lighting, and 

shadow variation 

✕ Sensitive to non-crack textures; prone to 

false positives 

Labeling 

Interpretability 

✓ Directly interpretable clustering 

results 

✕ Learned representation; difficult to 

interpret or trace decision boundaries 

Deployment 

Readiness 

✓ Lightweight, training-free, suitable 

for low-resource, real-time SHM 

applications 

✕ Requires training, less robust to unseen 

conditions 

Interpretability-Driven Lessons from CNN-SOM Supervision Experiments: 484 

1. High-quality pseudo-labels trump noisy abundance. 485 
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CNNs trained on fewer but semantically cleaner SOM labels outperformed models trained on noisy or overly 486 

diverse data, confirming that quality outweighs quantity in supervision. 487 

2. SOM labels enable transferable learning across unseen domains. 488 

Unlike CNNs, which struggled to generalize to untrained textures (e.g., bricks, shadows), SOM preserved 489 

semantic segmentation robustness across all materials without supervision. 490 

3. Training-free SOMs outperform supervised CNNs in robustness and deployability. 491 

SOM offered faster inference (25s vs. 30s), zero retraining cost, and structural generalizability—making it 492 

highly suitable for real-time SHM scenarios in low-resource settings. 493 

 494 

 495 

 496 

 497 

  498 
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4 Conclusion 499 

This study presents a lightweight, training-free framework for vision-based structural health monitoring (SHM) using 500 

Self-Organizing Maps (SOM). Unlike traditional approaches such as Canny, Sobel, and morphological operators—501 

which rely on handcrafted thresholds and often fail under noise or texture interference—SOM clusters pixel-level 502 

features including grayscale, edge gradients, contrast, hue, and thin-crack indicators to segment damage regions 503 

without requiring any labeled data or parameter tuning. This unsupervised design consistently delivers robust 504 

segmentation across concrete, brick, and shadowed surfaces under real-world field conditions. 505 

Compared to rule-based filters, SOM eliminates heuristic dependency while offering strong resilience in low-contrast 506 

and cluttered scenes. Its low computational cost (typically under 30 seconds per image on standard hardware) and 507 

compact memory footprint (<100 MB) make it well-suited for deployment on edge platforms such as UAVs and 508 

mobile SHM devices. Feature ablation experiments revealed material-specific dependencies—e.g., edge features 509 

produced 20% error on concrete, while contrast caused 249% error on brick. Radar-based visualizations further 510 

confirmed hue as a dominant contributor, offering insight into SOM’s internal encoding dynamics. 511 

CNNs trained on SOM-derived pseudo-labels achieved performance comparable to fully supervised models, 512 

validating the structural fidelity of SOM outputs. However, these CNNs failed to generalize across unseen domains, 513 

underscoring SOM’s unique ability to serve as a label-free, transferable segmentation engine across diverse materials 514 

and environmental conditions—especially where data-driven models struggle to extrapolate. 515 

Despite these advantages, limitations remain. The framework’s reliance on well-crafted pixel features may reduce 516 

segmentation accuracy under extreme noise or in visually ambiguous textures—such as shadows, stains, or mortar 517 

lines that resemble true cracks. Future work will address these constraints through adaptive feature weighting, spatial 518 

encoding, and hybrid SOM–deep learning architectures. Extensions to UAV-based imaging—including compensation 519 

for motion blur and correction of camera drift—as well as integration into IoT-linked inspection pipelines will further 520 

enhance scalability and field automation. While SOM parameters were fixed in this study for consistency, dynamic 521 

tuning strategies will also be explored to enable adaptive clustering under ultra-low-contrast or in-flight conditions. 522 

In conclusion, this work redefines SOM not as a legacy clustering algorithm, but as a next-generation, field-deployable 523 

intelligence engine for infrastructure diagnostics—offering a rare blend of interpretability, adaptability, and zero 524 

training cost. It lays a foundation for robust, explainable, and scalable SHM systems capable of operating under real-525 

world constraints. Looking ahead, we envision fully autonomous crack segmentation workflows that integrate 526 

interpretable AI, statistical clustering dynamics, and real-time visual reasoning—paving the way for resilient, low-527 

footprint diagnostic intelligence throughout the built environment. 528 

 529 
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Appendix A: Raw Feature Ablation Results for SOM-Based Crack Segmentation 700 

This appendix presents raw segmentation results under systematic feature ablation for each image type. Each row 701 

represents the SOM output when a specific descriptor is removed from the input vector. 702 

Table A1: Concrete: SOM Ablation Results by Feature Removal 703 

Without Grayscale Without Contrast Without Edge Without Thin Without Avg (3×3) 

     

Without Avg (5×5) Without 𝜌𝑖𝑗  Without 𝛾𝑖𝑗 Without Hue With All Features 

     

Table A2: Brick: SOM Ablation Results by Feature Removal 704 

Without Grayscale Without Contrast Without Edge Without Thin Without Avg (3×3) 

     

Without Avg (5×5) Without 𝜌𝑖𝑗  Without 𝛾𝑖𝑗 Without Hue With All Features 
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Table A3: Shadow: SOM Ablation Results by Feature Removal 705 

Without Grayscale Without Contrast Without Edge Without Thin Without Avg (3×3) 

     

Without Avg (5×5) Without 𝜌𝑖𝑗  Without 𝛾𝑖𝑗 Without Hue With All Features 

     

  706 
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Appendix B: Image Dimensions, SOM Settings, and Feature Composition 707 

1. Image Dataset and Dimensions 708 

Three representative crack images—capturing concrete, brick, and shadowed surfaces—were used consistently across 709 

all experiments to ensure a unified basis for method comparison. These images were employed in: 710 

• SOM-based unsupervised crack segmentation, including class-wise clustering and post-processing 711 

• Baseline method comparison, including Canny, Sobel, and morphological operations 712 

• Feature ablation experiments to assess the impact of individual visual descriptors 713 

• CNN evaluation, using SOM outputs as pseudo labels 714 

• Grid-based crack area estimation, used to approximate ground-truth ratios for accuracy evaluation 715 

The grid-derived crack area ratios served as reference baselines to evaluate the segmentation accuracy of all methods, 716 

as reported in Tables 2–4 of the main manuscript. 717 

Table B1: Crack Image Dataset with Resolutions and Experimental Usage 718 

Material Original Resolution (pixels) Used In 

Concrete 796 × 481 
SOM, Canny, Sobel, Morphological, 

Ablation, CNN, Crack Ratio Estimation 

Brick 800 × 600 
SOM, Canny, Sobel, Morphological, 

Ablation, CNN, Crack Ratio Estimation 

Shadow 276 × 434 
SOM, Canny, Sobel, Morphological, 

Ablation, CNN, Crack Ratio Estimation 

2. SOM Training Configuration 719 

All SOM networks were initialized using MATLAB’s selforgmap function and trained using the default train 720 

routine, which internally applies trainr — a random-order incremental update algorithm. Unless otherwise 721 

specified, all parameters remained at default values. 722 

To accommodate varying material and visual complexity, the SOM output map size was adapted for each dataset: 723 

Table B2: SOM Map Size and Output Classes per Dataset 724 

Image Type SOM Map Size Output Classes 

Concrete 1 × 3 Concrete, Crack, Noise 
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Brick 1 × 5 Crack, Brick, Noise, Concrete Residue, Motar 

Shadow 1 × 5 Crack, Shadowed Concrete, Shadow Noise, Light Concrete Noise, 

Lit Concrete 

The following parameters were consistent across all SOM models: 725 

Table B3: Common Training Parameters for All SOM Models 726 

Parameter Value / Description 

Training function trainr (random-order incremental update) 

Topology function hextop 

Distance function linkdist 

Initial neighborhood size 3 

Training epochs 200 

Learning rate Linearly decayed from 0.9 to 0.02 

 727 


