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Abstract

The paper presents a novel method for automated image processing that combines pyrami-
dal generalized contour preprocessing with parallel-hierarchical segmentation, integrating
adaptive multilevel thresholding to enhance segmentation accuracy and robustness. The
proposed approach is designed to overcome the limitations of traditional methods—whose
performance declines under variations in brightness, surface texture, and noise—by enhanc-
ing image contrast and structural defect detection, thereby reducing diagnostic errors and
misclassification risks. To achieve these objectives, the implementation utilizes multilevel
adaptive thresholding, enabling step-by-step segmentation refinement and the extraction
of informative regions using three-level coding (positive, negative, and neutral elements).
In conjunction with parallel-hierarchical (PH) transformations and high-frequency filter-
ing, the method enhances image contrast, enables more accurate detection of structural
defects, and reduces the number of false positives. Experimental results demonstrate a
10-15% improvement in segmentation accuracy compared to classical methods such as
region-growing techniques. Furthermore, correlation analysis between automatic and
manual segmentation results demonstrated a high degree of consistency, with a correla-
tion coefficient of 0.95-0.99, indicating the reliability and reproducibility of the developed
approach. The proposed method is distinguished by its high processing speed, computa-
tional simplicity, and versatility of application, ranging from medical thermography for
pathological diagnostics to real-time monitoring of railway infrastructure. The practical
significance of these results lies in advancing automation, reducing decision-making errors,
and ensuring greater reliability of technical and medical control systems.

Keywords: PH-transformations; image processing; real-time image segmentation;
high-frequency filtering; diagnostic methods; rail damage; railway infrastructure
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1. Introduction

The increasing complexity and resolution of imaging technologies in rail infrastructure
monitoring necessitate advanced segmentation techniques for accurate defect detection.
Railway tracks are subject to continuous wear, and early identification of structural de-
fects is critical to ensuring safety and optimizing maintenance. Traditional segmentation
methods often struggle with the varying brightness, reflectivity, and texture of rail surfaces,
leading to misclassification and missed defects. To address these challenges, we propose a
pyramidal generalized contour preparation algorithm that enhances image segmentation
by adapting to the distribution of pixel intensities across multiple levels [1-4].

Recent comparative studies of rail defect detection methods reveal a persistent trade-
off between segmentation accuracy and computational efficiency [5,6]. Deep learning
architectures, while achieving impressive accuracy, impose computational demands that
often preclude real-time deployment in embedded inspection systems [7-9]. Classical
thresholding approaches such as Otsu’s method offer computational simplicity but assume
intensity distributions that cleanly separate foreground from background—an assump-
tion that frequently fails under spatially varying illumination and textured surfaces [10].
Region-growing methods produce spatially coherent segments but incur computational
overhead that scales unfavorably with image resolution and exhibit sensitivity to seed
point selection [11]. Clustering-based approaches like K-means accommodate multiple
intensity classes yet provide no inherent mechanism for exploiting spatial structure, often
producing fragmented results requiring extensive post-processing [12].

Multi-scale approaches such as phase congruency offer illumination-invariant feature
detection through frequency-domain analysis. However, these methods rely on compu-
tationally intensive orthogonal transformations (Fourier transforms, Log-Gabor filters),
making them less suitable for real-time embedded inspection systems where computational
simplicity is essential.

These limitations are equally pronounced in biomedical thermography, where smooth
intensity gradients and ill-defined boundaries between regions of interest present analo-
gous challenges [13,14]. Despite the underlying commonality of segmentation problems
across industrial and biomedical domains, methods developed for each context are rarely
evaluated for cross-domain applicability.

A critical examination of existing literature reveals several gaps motivating the present
work: hierarchical segmentation methods lack adaptive mechanisms responding to indi-
vidual image statistics; computational efficiency required for real-time monitoring remains
inadequately addressed; and three-level contour encoding schemes, though efficient, suffer
from information loss when intermediate intensities spanning wide dynamic ranges are
collapsed into a single category. These gaps point to the need for a segmentation framework
combining adaptive multi-level thresholding with hierarchical refinement, achieving both
computational efficiency and detection accuracy.

The parallel-hierarchical segmentation method, combined with PH transformations
and high-frequency filtering, enhances contrast and enables finer differentiation between
normal wear patterns and critical rail damage. The same pyramidal generalized contour
preprocessing and high-frequency filtering techniques used in rail defect detection can
be applied to segment medical images more effectively, improving the identification of
critical areas in thermographic scans. In both fields, the integration of these advanced
segmentation techniques enhances automation, reduces false positives, and ensures greater
accuracy in defects localization and classification [2—4].

The proposed pyramidal generalized contour preprocessing method addresses these
limitations by introducing criterion-based threshold optimization that maximizes discrim-
inative distribution of representations at each segmentation level while systematically
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refining results through successive exclusion of classified regions. This iterative approach
counteracts information loss inherent in coarse quantization and adapts threshold selection
to the evolving statistical properties of unclassified pixels.

This paper describes fast, reliable and universal segmentation techniques applicable
to both railway infrastructure monitoring and biomedical thermography.

To carry out this work, the following tasks were performed:

e Section 2 develops an improved pyramidal contour preprocessing method for
grayscale rail images and defines the threshold-based encoding procedure. This ap-
proach improves segmentation accuracy, enabling more reliable detection of structural
defects in automated rail inspection systems.

e  Section 3 evaluates the pyramidal generalized contour preprocessing algorithm
through multilevel segmentation of thermal and rail images. Results were validated
against other segmentation methods, showing high correlation and confirming its
effectiveness for automated defect detection.

e  The results obtained and conclusions presented are discussed in Section 4.

2. Materials and Methods

For efficient representation of grayscale images, the generalized contour preprocessing
method transforms multi-gradation intensity images into bi-level contour-based repre-
sentations. This approach preserves image information and maintains normalization
and centering conditions, such as equalized mean intensities and intensity ranges, which
improves the accuracy of mutual correlation functions [3,4,15].

The method detects intensity variations between image samples, generating two-
level detection signals that form contour representations. In rail surface defect detection,
this enables differentiation between normal and compromised areas, even under varying
lighting and environmental conditions [2,4,15,16].

We enhance this method with a pyramidal procedure that encodes each pixel into
three categories using a two-bit scheme:

e  Negative representations (4;; = —1): darkest intensity levels
e  Dositive representations (a;; = 1): brightest intensity levels
e  Zero representations (4;; = 0): intermediate values

The preprocessing threshold is selected to evenly distribute these representations
across the image field. While this three-level encoding is computationally efficient, it can
be coarse—many gray levels may be grouped as zero, causing loss of detail. To address
this limitation, our multi-level pyramidal procedure iteratively:

1. Excludes pixels classified as negative representations;

2. Recalculates the threshold for remaining pixels;

3.  Reapplies contour preprocessing. This refinement continues for several levels, pro-
gressively improving segmentation accuracy [15].

Finally, network-based image comparison benefits from prior spatially connected
preprocessing, where boundary processing and reference image masking are crucial for
robust analysis [15-17].

The experimental evaluation of the proposed segmentation method was conducted
using a private dataset comprising 2000 high-resolution images. The biomedical compo-
nent of the database consists of thermal scans captured in the laboratory of functional
thermodiagnostics at the “Avangard” sanatorium in Nemyriv. For industrial applications,
the dataset includes high-resolution images of rail surfaces specifically selected to test
the detection of cracks, corrosion, and structural deformations. The imaging conditions
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were purposefully varied to address real-world challenges, including fluctuating lighting,
surface reflectivity, and complex textures that often lead to misclassification in traditional
systems. All images were processed in PCX or BMP graphic formats, allowing the algo-
rithm to decode pixel intensity values into a matrix A = [a; ;] for direct preprocessing.
To enhance model robustness and prevent overfitting, image augmentation techniques
were applied, and the total data was partitioned into a 75/25 ratio for training and testing
phases, respectively [16-19].

The proposed hierarchical segmentation method evaluates specific image
features—primarily pixel brightness and its deviation from the global mean—to clas-
sify structural anomalies. The process begins with the input image matrix A = a; ;, where
a; ; represents the discrete grayscale intensity of the pixel at coordinates (i, j).

To normalize the image data and center it around the mean intensity, we first calculate

the average intensity Agy,: ,

Aavg = Nzi,j @i j M
where N is the total number of pixels in the image. Subsequently, the difference ar-
ray R = {r;;} is computed to determine the deviation of each pixel from this average:
1’1',]' = ai,]- — Atwg~

The segmentation relies on an adaptive threshold J to categorize these deviations into
three distinct contour representations: positive (brightest), negative (darkest), and zero
(intermediate). The optimal threshold is determined by evaluating the distribution of pixels
across these categories. The optimization criterion is defined as finding the value ¢ that
maximizes the product of these distributions: N¢(0) x N¢(—1) x N¢(1) = Max [18].

In this equation, the parameters are defined as follows:

e Ni(1) (Positive Distribution): The count of pixels where the difference r; ; > 6. These
correspond to high-intensity anomalies such as surface reflectivity or deformations.

e Ni(—1) (Negative Distribution): The count of pixels where the difference r;; < —d.
These correspond to low-intensity anomalies such as cracks or corrosion.

e  N;(0) (Zero Distribution): The count of pixels where |rl-,j| < 4. These represent the
structurally intact or background surfaces.

Once the optimal threshold J is identified, the final contour representation for the k-th
segmentation level is generated using the following logic:

If Ri,j >, aij = 1;
lf Ri,j < =94, ai]' = -1, (2)
Zf Ri,j S |5‘, ai,]‘ = 0,‘

To compute the contour-based representations, the preprocessing threshold is selected
based on condition (2), which ensures an even distribution of contour representations
across the image field. Image masking enhances the sensitivity of pyramidal generalized
contour preprocessing in forming contour representations [19,20].

The method detects intensity variations between grayscale samples, generating two-
level detection signals that form the basis of contour representations. We extend this by
introducing a pyramidal procedure: each pixel is encoded as negative (darkest), positive
(brightest), or zero (intermediate) using a straightforward two-bit scheme. The preprocess-
ing threshold is selected to evenly distribute these representations across the image, with
optional masking to further enhance sensitivity.

During the experiment, similar threshold optimization procedures were performed for
all noisy images. The results of the optimal threshold selections are presented in Figure 1.
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The chart indicates that the value of the optimal preparation threshold decreases slightly as
the noise level increases; this effect is more pronounced for uniform noise distributions.
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Figure 1. Optimal preparation threshold for different noise distribution.

Although the initial three-level encoding is efficient, it is relatively coarse, as many
gray levels are collapsed into zero, leading to a loss of detail. To address this, our multi-
level pyramidal procedure iteratively excludes pixels marked as negative, recalculates the
threshold for the remaining pixels, and reapplies contour preprocessing. This refinement
continues for several levels, progressively improving the accuracy and informativeness of
the final binarized image representation [20].

To mitigate this effect, we propose a multi-level contour preprocessing procedure.
This approach involves excluding pixels encoded with negative representations from the
transformed image after the first contour preprocessing step. Then, in the second step, a
new threshold is selected according to expression (1), but only for the remaining pixels
classified as zero or positive representations in the first step. The generalized contour
preprocessing operation is then applied again in a manner similar to the first step, using
the newly computed threshold. As a result, the process iteratively refines the formation of
positive, negative, and zero-contour representations, improving the accuracy of the final
binarized image representation [7,21].

As a result, at an arbitrary k-th step, the preprocessing operation uses zero and
positive representations, excluding the pixels classified as negative representations in the
(k — 1) step. Clearly, the pyramidal generalized contour preprocessing operation can also
be conducted by excluding bright areas of the image, which are represented by positive
representations, and then further excluding specific image regions at each new step based
on the distribution of positive representations [22]. This step-by-step refinement process
ensures that only the most relevant features remain in the final segmented image, providing
railway monitoring systems with accurate and actionable defect detection data.

https:/ /doi.org/10.3390/math14050802


https://doi.org/10.3390/math14050802

Mathematics 2026, 14, 802 6 of 16

Mathematically, the threshold selection for k steps of pyramidal generalized contour
preprocessing can be represented by the following criterion system:

N x NFY x NI = Max

N x NGV 5 NY = Max

(0)
Ny

where N, t(,? ), N t(kfl), N t(kl )—the distribution of zero, negative, and positive representations at
the k-th step of pyramidal generalized contour preprocessing (where (k=1,2, ..., 1), nis
the number of segmentation levels, while ¢ is the number of levels in the grayscale scale).
The criterion system of the form (2) allows, by calculating the threshold for each level
t of the grayscale scale, to represent the analyzed image with the corresponding contour
representations at k segmentation levels [5,22,23].

To implement the parallel-hierarchical (PH) transformation in each branch of the
network, the criterion system of the form (3) is applied as the G transformation.

3. Modeling Results of Pyramidal Generalized Contour
Preprocessing Algorithm

Using the criterion system of the form (3), the pyramidal generalized contour prepro-
cessing algorithm can be described as follows. At the first segmentation level (k = 1), by
iterating through all grayscale levels t, we determine the value of t at which the threshold
N, t(lo )% N t(l_l) x N, 1,‘(11 ) = Max is established. At an arbitrary k-th level, by similarly iterating
through all grayscale levels t, we determine the value of f that meets the threshold condi-
tions N, f,? Jx N t(k_l) x N, t(kl ) = Max. Thus, at each segmentation level, a specific threshold is
computed using the criterion system (1). This ensures the adaptability of the pyramidal
generalized contour preprocessing algorithm, meaning that for each newly formed image,
a specific threshold is calculated based on the grayscale distribution [5,22-24].

As follows from the description of the PH-segmentation algorithm, its implementation
requires the following operations:

e  Determining pixel brightness and computing their average values and differences.

” o

e  Performing comparison operations (“greater than,” “less than,” “equal to”) for bright-
ness differences relative to a fixed threshold value.

e Applying a masking (shifting) operation in cases where the image is processed by
scanning it with a reference mask.

e  Summing operations to compute the number of positive, negative, and zero representations.

e  Finding the maximum product of these values.

These operations confirm that the proposed method avoids computationally intensive
procedures, such as orthogonal transformations, making it a promising approach for
real-time multimedia image processing and subsequent classification [22]. The proposed
network segmentation method is particularly significant for analyzing a class of grayscale
images characterized by the presence of spatially connected regions distributed within a
specific grayscale range. This class includes a large group of biomedical images, particularly
thermal images.

Experimental studies of PH-segmentation demonstrate correct threshold calculation
during pyramidal preprocessing of thermal images. By applying the criterion expression
of type (1) to evaluate the distribution of contour elements, the contour representation
of thermal images can be described with sufficient accuracy [5,23]. Figure 2 presents the
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results of multilevel segmentation of thermal images based on pyramidal generalized
contour preprocessing.

Figure 2. A fragment of the used database of segmented test thermal images: (a)—initial ther-
mal image after noise suppression, where the primary temperature distribution becomes visible;
(b)—intermediate segmentation result showing major contour regions and separating dark, bright,
and transitional areas; (c)—final multilevel segmentation output obtained after applying the pyra-
midal generalized contour preprocessing method, highlighting structural boundaries and defect-
related regions.

At the first segmentation level, which corresponds to segmentation based on contour
preprocessing (Figure 3a—c), contour elements are extracted, forming dark, bright, and
intermediate regions in the thermal image according to their brightness level [5].

Figure 3. Multilevel segmentation results at the first (a—c) and second (d-f) levels: (a)—initial
segmentation result showing the distribution of the main contour regions; (b)—segmentation of dark,
bright, and transitional temperature areas after contour refinement; (c)—final first-level segmentation
highlighting the contours of major structural elements; (d)—second-level segmentation obtained after
removing the darkest areas of the thermal image; (e)—refined structural segmentation emphasizing
the contours of the remaining bright regions; (f)—final second-level segmentation result used for
further high-level analysis.
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At the second level, multilevel segmentation is performed by removing the darkest
areas of the thermal image (Figure 3d—f), which correspond to negative elements. This
removal of the darkest areas allows for further analysis of the brighter regions.

This procedure corresponds to recursive contour preprocessing. According to the
criterion expression of type (1), preprocessing is performed for all pixels of the thermal
image except those that have been removed [24].

The distribution graphs of contour elements for these thermal images are pre-
sented in Figure 4a—c. The graphs of the criterion function for contour element distri-
bution at the first and second segmentation levels for the test thermal images are shown
in Figure 5a—c. Step 1 corresponds to the first level, and step 2 corresponds to the second
level of segmentation.
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Figure 4. Graphs of the distribution of contour preparations for thermal images presented
in Figure 2a—c for the first step of multilevel segmentation: (a)—criterion function peaks at low
thresholds (~8-12); counts of “+” and “—" decrease as the threshold grows, while “0” (neutral)
monotonically increases; the yellow max(-) curve drops steadily after the early peak, indicating that
fine contour elements vanish first as the threshold rises; (b)—peak occurs at low—mid thresholds
(~15-25); “+” shows rises to a modest local maximum then decays toward zero at higher thresholds;
“—" stays relatively stable; “0” increases with threshold; max(-) shows a pronounced single peak, con-
sistent with background vs. object contrast; (c¢)—criterion maximum lies at mid thresholds (~25-35);
“+” and “—" curves are both ap-appreciable and cross around the mid-range, reflecting multiple
contour levels; “0” grows through the mid-range and flattens/slightly dips near high thresholds;
max(-) declines after ~40 as structures merge.
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Figure 5. Graphs of the criterion function for the distribution of contour preparations at the first

Normalized mask distribution
function

and second segmentation levels: (a)—step 1: single, early peak at low thresholds (~8-12) followed
by a rapid monotonic decay; long tail fades by ~40-45; step 2: peak shifts left to ~6-9, becomes
narrower and lower in amplitude; the tail vanishes by ~20; (b)—step 1: broad maximum/plateau
across ~20-35 with high amplitude, reflecting strong object-background contrast; step 2: sharp,
earlier peak at ~10-15 with a fast decay to near zero by ~35-40; (c)—step 1: maximum at mid
thresholds (~25-35); decline toward zero by ~45-50—consistent with multiple contour levels along
ridges/isotherms; step 2: peak shifts left to ~20-30 with reduced amplitude and a nearly linear falloff
toward high thresholds.

As shown in Figure 3d—f, at the second segmentation level, brighter areas are encoded
as negative elements. Further segmentation follows the same approach as in the first level,
encoding the remaining regions accordingly [6,8,9].

As can be seen from the graphs of the criterion function for the distribution of contour
preparations of type (1) (Figure 4a—c) for the studied thermal images, the coordinates of
their maxima shift to the left and become more narrowly directed. This is explained by the
removal of certain areas of the thermal images at higher segmentation levels [8].

From the appearance of the graphs (Figure 5a—c), it follows that the criterion func-
tions for the distribution of contour preparations for the studied thermal images do not
correlate with each other. This, firstly, enables the correct differentiation of thermal images,
and secondly, provides favorable results for recognition in the diagnosis of pathological
processes [6,9,25].

The pyramidal generalized contour preprocessing approach, as formalized in Section 2,
provides an effective framework for rail surface image analysis. By converting multi-
gradation intensity images into structured contour-based representations, this method
enhances defect visibility while maintaining consistent detection performance across vary-
ing lighting conditions and imaging systems [24-27].

When applied to rail inspection, the three-level encoding scheme offers practical
advantages for defect classification. Negative representations effectively capture deep
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cracks and areas of significant material loss, which typically appear as the darkest regions
in rail surface images. Conversely, positive representations identify worn or deformed areas
that manifest as brighter intensity levels. The intermediate zero representations correspond
to structurally intact rail surfaces, enabling clear differentiation between compromised and
healthy track sections.

Figure 6 illustrates a defected rail head processed using this approach. The systematic
application of pyramidal contour preprocessing enables railway monitoring systems to
achieve reliable automated defect detection, reducing manual inspection efforts while
ensuring infrastructure safety.

e B

Figure 6. Defected rail head.

To compute the binarized representations, the preprocessing threshold ¢ is selected by

)

inherently promotes a balanced distribution of contour representations across the three

maximizing the product Nt(o) X Nt(fl) X Nt(l as defined in criterion (3). This maximization
categories. The mathematical basis for this property stems from the arithmetic-geometric
mean (AM-GM) inequality: for a fixed total number of pixels N, the product of three
non-negative quantities is maximized when the quantities are equal. For example, given
300 pixels, a balanced distribution (100 x 100 x 100 = 1,000,000) yields a significantly
higher product than a skewed distribution (200 x 50 x 50 = 500,000) or an extreme case
(280 x 10 x 10 = 28,000). Thus, the optimization criterion naturally avoids degenerate
segmentations where one category dominates. When a masked region of interest is defined
(e.g., the rail head surface), the threshold is computed using only pixels within that mask;
otherwise, all pixels in the rail track image are included in the optimization.

When applying the image masking operation, it becomes possible to enhance the
sensitivity of the proposed method to the formation of contour representations, particularly
for detecting micro-cracks and surface wear. However, this three-level representation may
lead to information loss, as a wide range of grayscale gradations falls into the zero-contour
category, encoding both minor defects and normal surfaces similarly. By applying the
suggested approach to Figure 6, we can identify defected parts of the rail head [11,27].

To mitigate this issue, we introduce a multi-level contour representation procedure
Figure 7a,b presents the results of multilevel segmentation of thermal images based on
pyramidal generalized contour preprocessing. This approach involves an initial exclusion
of pixels identified as negative representations during the first contour preprocessing
step. Subsequently, in the second step, a refined threshold is computed for pixels initially
classified as zero or positive representations.
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https://doi.org/10.3390/math14050802

Mathematics 2026, 14, 802

11 of 16

(b)

Figure 7. Multilevel segmentation results of defected rail head: first-level segmentation result

obtained after excluding negative contour representations, showing the primary distribution of
contour elements and highlighting major structural irregularities of the rail head (a); second-level
segmentation result generated after applying the refined threshold, providing a more detailed contour
representation that enhances the visibility of critical defects and separates them from minor surface
imperfections (b).

The generalized contour preprocessing operation is then reapplied, generating a new
set of positive, negative, and zero-contour representations. This iterative refinement process
enhances the ability to distinguish between minor rail surface imperfections and critical
defects, thereby improving defect detection accuracy [11,28,29].

To obtain a comparative evaluation of the segmentation results, we utilized a database
fragment of 10 thermal images. The effectiveness of PH-segmentation was assessed us-
ing the standard normalized correlation function based on the Schwarz-Bunyakovsky
inequality. Manual expert segmentation served as the ground truth benchmark [11,30].

For comparative analysis of the obtained results, other segmentation methods were
used, which are most like the given automatic image segmentation method. These include
segmentation using the region-growing method, Otsu’s Method (Global Thresholding)
and K-Means Clustering. These methods were selected as standard baselines representing
different segmentation paradigms. All methods, including PH-segmentation, were applied
to the same thermal image database (fragment shown in Figure 2) [13,14,31].

Table 1 presents the correlation comparison results of the segmented regions obtained
using manual and automatic segmentation methods for a database fragment (10 thermal
images). Each cell in Table 1 contains the correlation coefficient of the segmented regions ob-
tained by manual and PH-segmentation. The comparison of manual and PH-segmentation
results demonstrates the full adequacy of these segmentation methods for thermal images.
The correlation coefficient was determined in the range of 0.95-0.99.
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Table 1. Correlation coefficients comparing PH-segmentation against manual expert segmentation.

Thermal Image Number of Manual Segmentation

1 2 3 4 5 6 7 8 9 10
1 0.95 0.52 0.55 0.58 0.54 0.56 0.53 0.55 0.52 0.59
= 2 0.56 0.98 0.54 0.56 0.58 0.52 0.57 0.56 0.54 0.58
E c 3 0.55 0.57 0.95 0.56 0.58 0.57 0.58 0.57 0.57 0.58
g % 4 0.58 0.59 0.56 0.98 0.55 0.58 0.56 0.56 0.58 0.57
§o E 5 0.57 0.58 0.55 0.58 0.97 0.57 0.59 0.58 0.59 0.58
é gn 6 0.58 0.55 0.59 0.55 0.55 0.96 0.58 0.59 0.57 0.57
s E 7 0.56 0.56 0.57 0.55 0.56 0.57 0.96 0.57 0.55 0.56
g a 8 0.55 0.55 0.55 0.57 0.58 0.56 0.57 0.95 0.56 0.58
= 9 0.58 0.57 0.58 0.58 0.57 0.55 0.56 0.57 0.95 0.56
10 0.59 0.57 0.56 0.56 0.55 0.56 0.55 0.58 0.58 0.99
Table 2 presents the correlation comparison results of the segmented regions obtained
using the manual segmentation method and the region-growing segmentation method for
the same fragment of the database (10 thermal images). Each cell contains the correlation
coefficient of the segmented regions obtained by the manual segmentation method and the
region-growing segmentation method.
Table 2. Correlation comparison results of segmented regions obtained by the manual segmentation
method and the region-growing segmentation method.
Thermal Image Number of Manual Segmentation
1 2 3 4 5 6 7 8 9 10
1 0.90 0.54 0.51 0.53 0.56 0.54 0.51 0.52 0.54 0.51
- .§ 2 0.53 0.93 0.54 0.52 0.55 0.55 0.54 0.53 0.53 0.57
E -‘E 3 0.55 0.53 0.96 0.54 0.54 0.55 0.53 0.54 0.51 0.53
g :éo 4 0.55 0.54 0.55 0.92 0.53 0.53 0.54 0.53 0.50 0.52
§o ?o 5 0.50 0.53 0.54 0.54 0.94 0.51 0.52 0.52 0.50 0.53
g § 6 0.53 0.51 0.56 0.53 0.54 0.92 0.54 0.53 0.52 0.51
'T‘Ec gn 7 0.52 0.52 0.52 0.54 0.55 0.51 0.93 0.54 0.52 0.50
E ,§ 8 0.54 0.55 0.53 0.53 0.55 0.52 0.54 0.92 0.51 0.52
= 'é” 9 0.55 0.56 0.54 0.55 0.56 0.53 0.53 0.52 0.93 0.53
10 0.54 0.57 0.55 0.52 0.54 0.53 0.52 0.54 0.50 0.95

The comparison of manual segmentation and the region-growing segmentation
method, like the first case, demonstrates the favorable adequacy of these segmentation
methods for thermal images. The correlation coefficient was determined in the range
of 0.9-0.97.

Table 3 presents the correlation comparison for Otsu’s Method. As a global tech-
nique, it struggles with local intensity variations, resulting in lower diagonal correlation
values 0.76-0.82 and notably lower cross-correlation consistency, confirming its limited
suitability for high-precision defect detection [32].
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Table 3. Correlation comparison results of segmented regions obtained by the manual segmentation
method and the Otsu’s segmentation method.

Thermal Image Number of Manual Segmentation

1 2 3 4 5 6 7 8 9 10
1 0.79 0.52 0.49 0.55 0.51 0.48 0.52 0.50 0.49 0.53
s 2 0.51 0.81 0.53 0.52 0.54 0.50 0.53 0.51 0.52 0.55
E g 3 0.49 0.54 0.76 0.51 0.53 0.52 0.54 0.50 0.51 0.53
g :é 4 0.55 0.51 0.50 0.78 0.52 0.49 0.50 0.54 0.52 0.51
;o E 5 0.52 0.55 0.54 0.53 0.80 0.54 0.55 0.53 0.54 0.56
g ?,JJD 6 0.48 0.51 0.52 0.50 0.53 0.82 0.54 0.52 0.53 0.55
:Té ‘g 7 0.53 0.54 0.55 0.51 0.56 0.55 0.81 0.54 0.55 0.57
E C 8 0.50 0.52 0.51 0.54 0.52 0.51 0.53 0.76 0.51 0.54
= 9 0.51 0.53 0.52 0.53 0.54 0.52 0.55 0.50 0.80 0.56
10 0.55 0.56 0.54 0.52 0.57 0.56 0.58 0.55 0.57 0.82
Table 4 displays the results for K-Means Clustering (with K = 3). This iterative method
demonstrates improved performance over global thresholding by grouping pixels based on
feature similarity. The diagonal correlation values increase to the 0.88-0.93 range, indicating
a stronger agreement with expert segmentation [10].
Table 4. Correlation comparison results of segmented regions obtained by the manual segmentation
method and the K-means segmentation method.
Thermal Image Number of Manual Segmentation
1 2 3 4 5 6 7 8 9 10
1 0.91 0.55 0.54 0.58 0.56 0.53 0.55 0.52 0.54 0.58
= - 2 0.54 0.90 0.56 0.55 0.57 0.54 0.56 0.53 0.55 0.59
E 2 3 0.53 0.57 0.92 0.54 0.56 0.55 0.57 0.54 0.55 0.57
g ‘g 4 0.61 0.54 0.53 0.89 0.55 0.52 0.54 0.58 0.56 0.55
;D ED 5 0.55 0.58 0.57 0.56 0.93 0.57 0.59 0.56 0.58 0.60
g § 6 0.52 0.53 0.54 0.51 0.56 0.88 0.55 0.53 0.54 0.56
:T: g 7 0.56 0.57 0.58 0.55 0.59 0.56 091 0.57 0.58 0.60
g j 8 0.51 0.54 0.53 0.58 0.55 0.52 0.56 0.88 0.53 0.55
= 9 0.53 0.56 0.55 0.57 0.58 0.54 0.57 0.52 0.92 0.58
10 0.57 0.60 0.58 0.56 0.61 0.57 0.60 0.56 0.59 0.93

The generalized results of the comparative analysis—correlation comparison of seg-
mented regions obtained by manual segmentation and PH-segmentation, comparison of
segmented regions obtained by manual segmentation and the region-growing segmenta-
tion method, as well as correlation comparison of segmented regions obtained by manual
segmentation against Otsu’s global thresholding method, and K-Means clustering for a
database containing 500 thermal images—are presented in Table 5 [10,11,24,32].
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Table 5. Comparative analysis results of various segmentation methods.

Correlation Coefficient of

Examined Segmentation Method Segmented Regions False Positive Rate
PH-segmentation 0.95-0.99 <5%
Segmentation using the region-growing method 0.90-0.97 7-10%
K-Means Clustering 0.88-0.93 10%

Otsu’s method 0.76-0.82 >20%

References

The proposed method achieves correlation coefficients of 0.95-0.99, outperforming
region-growing (0.90-0.97), K-Means (0.88-0.93) and Otsu’s method (0.76-0.82). Crucially,
it maintains this accuracy while requiring significantly lower computational complexity
than region-growing and K-Means, making it suitable for real-time embedded systems [32].

4. Conclusions

PH-segmentation is comparable in quality to established methods and offers a key
advantage: a simplified multi-level segmentation process using connectivity histograms
and adaptive thresholding. This ensures efficient automatic segmentation of biomedical
images into distinct regions.

By the third segmentation level, all pixels corresponding to negative representations
are excluded, allowing for progressive refinement. The number of segmentation levels
depends on image complexity and grayscale distribution and can be set manually or
during training.

A similar approach enhances rail surface defect detection by accurately isolating cracks,
corrosion, and deformations in high-resolution images. Multi-step segmentation filters
out irrelevant regions, ensuring precise defect localization, while the PH transformation
method refines contrast and highlights micro-cracks.

Experimental results confirm that integrating multi-step segmentation and PH
transformations improves both biomedical diagnostics and rail defect detection, re-
ducing false positives and enhancing automated analysis for safer and more efficient
infrastructure monitoring.
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