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Abstract:

Kernel graph cut-based image segmentation techniques have proven useful in processing image data; yet, they
frequently face limits when addressing intricate image structures due to inherent constraints. The traditional
kernel graph cut technique is constrained in its capacity to manage complicated image structures due to its
inadequacy in capturing intricate image features. This research tackles these issues by presenting a novel
method that consolidates spatial and intensity data within a kernel structure. The methodology presents a
novel kernel structure that integrates spatial and intensity data, producing maps that illustrate variations in
pixel intensity and spatial correlations. These maps facilitate the creation of a thorough similarity matrix.
Utilizing the RBF kernel enhances data mapping, hence improving the effectiveness of the similarity matrix.
This aggregated approach overcomes the limitations of conventional kernel graph cut approaches. This
augmentation markedly improves the Dice coefficient and accuracy of image segmentation, especially in
contexts with intricate image structures and varied intensity distributions. The proposed methodology was
assessed utilizing photos from the Berkeley and Pascal datasets, in addition to a real and synthetic dataset that
we produced. The results demonstrate exceptional performance, attaining a 99.40% Dice similarity, exceeding
conventional energy-based approaches.
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1. Introduction

In the domain of machine vision, image segmentation is now
universally recognized as a crucial step in image prepro-
cessing [1]. Image segmentation has numerous applications
across various domains, including clinical imaging and ob-
ject recognition.[2—4]. Among the commonly used methods
for image segmentation are energy-based approaches [5-7].
These methods are generally divided into two main cate-
gories: continuous and discrete [8]. Methods for continuous
segmentation Regard image segmentation as an issue within
the continuous domain [8]. In this context, approaches such
as Active Contours and Level Sets can be presented. Active
Contour methods employ a variety of techniques, for exam-
ple, the snake model [9], balloon model [10], and geometric
active contours [11]. Generally, these methods excel in
various domains due to their energy function minimization
[7]. However, Active Contour methods may not support
topological changes [12]. Furthermore, they often struggle
with inhomogeneous image segmentation and are highly
sensitive to initializations [13]. Level Set methods are a
subset of Active Contour models, based on curve evolu-

tion [14]. In general, Level Set segmentation methods can
perform segmentation based on edge information [15] or
region-based information [16]. These methods offer more
flexibility concerning the topology of images [14]. How-
ever, they are sensitive to image intensity inhomogeneity
and noise [17]. On the other hand, to address the shortcom-
ings of these methods, a combination of edge-based and
region-based approaches can be employed. Nevertheless,
this process also requires determining fusion coefficients
[12].

Discrete segmentation techniques function within a discrete
domain. Techniques like graph cut approaches has the ca-
pacity to enhance performance and efficiency [8]. Research
conducted in this field can be categorized into three main
approaches: 1) Input Feature Approach, 2) Energy Function
Approach, and 3) Kernel Approach.

In the first approach, input features can encompass any pho-
tometric characteristics from the image, such as intensity,
differences, color, or texture [8]. For instance, in the pa-
per [18], for the classification of skin lesions, they initially
employ a graph-based segmentation method. Using this
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approach, the model’s input feature is just each pixel’s in-
tensity in the color space of HSV (Hue, Saturation, Value).
In the paper [19], the segmentation algorithm is based on
semantic image information. In this approach, information
such as color, texture, and spatial data is utilized. In the
graph cut section, an Ultra-Metric Contour Map is used to
calculate edge weights. While this method provides sat-
isfactory performance, it may not perform well in image
regions where the background and object share strong color
similarity. In the paper [20], an optimal method for depth
estimation is presented using graph cut optimization and
superpixel segmentation. In this method, a set of similar
pixels is utilized for depth estimation. Features such as po-
sition, color, and brightness are used as attributes for each
node in the graph, essentially constructing each superpixel
from this information. Additionally, by incorporating spa-
tial gradients into cost function components, the method
reduces discontinuities and spatial similarities in the results.
This approach exhibits lower complexity compared to other
methods in this field. In the paper [21], an optimal and
precise segmentation method based on graph cut techniques
is presented for 4D light field images. These images impose
a significant computational burden due to their large data
volume. This method utilizes superpixels to incorporate
information such as appearance, location, and disparities
into the energy function. In the case of 4D light field im-
ages, both spatial dimensions and angular dimensions are
considered within the superpixels. Moreover, the use of
superpixels reduces the computational load when working
with hypergraphs. Ultimately, the hypergraph created is
cut employing the graph cut method to obtain the desired
segmentation. The effectiveness of this method is somewhat
dependent on the quality of the LESP (light field superpix-
els), which can reduce the algorithm’s performance under
certain conditions. For instance, when miniature objects
have significant resemblance to the background.

In the second approach, the paper [22] introduces a novel
method for motion compensation based on event-based mo-
tion segmentation. This method utilizes graph cut to achieve
results with global consistency and local coherence. The
designed energy function is a combination of the Potts func-
tion and the minimum descriptor length (MDL) principle.
This energy function can accurately identify optimal data
minima and deliver a segmentation with minimized frag-
ments, ensuring both temporal and spatial smoothness. Nev-
ertheless, the intricacy of this approach has grown more
complex [23]. The Paper [24], Improved cervical cancer
cell image segmentation holistically. It first uses an Input
Feature Approach to preprocess input images for segmen-
tation using adaptive anisotropic filters and morphological
transformations. Second, it uses the Neutrosophic C-Means
Clustering Technique (NCMCT) to measure indeterminacy
across intensity classes and integrate energy functions into
segmentation. It uses a Gaussian Distribution-based Kernel
function to reduce ambiguity and improve neighborhood
smoothing. A thorough approach to improving the cervical
cancer cell image segmentation method improves accuracy
and reliability.

In the paper [25], a Hessian filter is applied to CTCA (Com-
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puted Tomography Coronary Angiogram) images before
graph-based lumen segmentation. We determine the ves-
sel directions in each voxel after extracting feature vectors.
The segmentation phase uses this directional information
and gives the energy function an anisotropic component.
This component improves lumen segmentation over classi-
cal methods. However, this method may miss small vessel
lesions [26]. At [27] authors’ work introduces significant
algorithmic enhancements by incorporating rank constraints
and penalty terms in their graph partitioning optimization al-
gorithm. By leveraging the Laplacian matrix’s eigenvalues,
they achieve more precise segmentation results, enhancing
the algorithm’s effectiveness.

In the third approach, for example, in the paper [28], a
RBF (Radial Basis Function) kernel is employed to improve
data separation. By obtaining energy components in both
spatial and spectral domains. utilizing the a—f-swap algo-
rithm [29], segmentation is performed. Unlike algorithms
based on Markov Random Fields and other spectral-spatial
techniques, this technique performs well in terms of the
accuracy of classification and region uniformity. According
to the paper, further research and measurements are needed
in the areas of spatial similarity and class separation. The
article [30] improved cervical cancer cell image segmen-
tation holistically. It first uses an Input Feature Approach
to preprocess input images for segmentation using adap-
tive anisotropic filters and morphological transformations.
Second, it uses the Neutrosophic C-Means Clustering Tech-
nique (NCMCT) to measure indeterminacy across intensity
classes and integrate energy functions into segmentation.
It uses a Gaussian Distribution-based Kernel function to
reduce ambiguity and improve neighborhood smoothing.
A thorough approach to improving the cervical cancer cell
image segmentation method improves accuracy and reli-
ability. In the paper [31], two kernels segment Positron
Emission Tomography and Computed Tomography images.
This technique enhances graphs through a two-step process.
The optimization of the energy function commences with
the RBF kernel. In the subsequent step, sigmoid, hyperbola,
and polynomial kernels are employed to identify the optimal
labels, and the outcomes are evaluated against one another.
Optimal outcomes are derived from RBF and polynomial
kernels. According to [32], due to the implementation of
the method on fused images, the relationships between the
images’ asymmetric properties are disregarded. This action
leads to a reduction in the method’s performance.

In [33], The authors propose the “Energy Function Method-
ology” for natural image segmentation. They propose an
innovative “adaptive fusion affinity graph” to minimize seg-
mentation energy in noisy data. The “Kernel Approach” is
enhanced by an advanced kernel density estimation tech-
nique, which refines image region similarity assessments.
This technique enhances the efficiency and precision of im-
age segmentation.

The Kernel Graph Cut algorithm utilizes solely pixel in-
tensity values as input for the kernel. This method, while
effective, may produce suboptimal results when the image
subject exhibits significant shadows, and it is incapable of
delivering accurate segmentation based solely on image in-
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tensity. To address this challenge, a spatial factor is added
to the RBF kernel [8]. With this approach, in addition to
pixel intensity, the spatial location of pixels also affects the
image segmentation. This allows the Kernel Graph Cut
algorithm to perform better in segmenting images that have
side effects and contain spatially coherent structures. In
the following sections, the Kernel Graph Cut method will
be discussed in section 2. In section 3, the spatial Kernel
Graph Cut algorithm will be explored. The experimental
findings will be presented in the fourth section, and the
paper’s conclusion will be given in section 5.

2. Graph cut method with RBF kernel

Kernel graph cut approaches improve conventional graph-
based segmentation by utilizing kernel functions to project
image features into a higher-dimensional space, facilitating
the separation of intricate structures. This method represents
an image as a weighted network, with nodes representing
pixels and edges indicating similarity based on feature cor-
relations [34]. The segmentation issue is addressed by max-
flow/min-cut algorithms, with edge weights representing
pipe capacities in a flow network [35]. The application of a
kernel function, such as the Radial Basis Function (RBF)
kernel, enhances the segmentation process by facilitating
better differentiation across regions, particularly when pixel
intensity is inadequate. This technique is very effective
for managing intricate textures, lighting discrepancies, and
irregular object edges [8].

In general, an image represents a spatial domain that is
defined by an array Q. The image for each pixel p is de-
fined as [, = I(p) € .#. .7 is a subset of real numbers and
can represent any image feature, such as intensity, color, or
texture. The function A will determine the label / for each
pixel. .Z is the set of all labels, denoted as A(p) € .Z and
R, is defined as the set of pixels for each segment, denoted
as Ry = {p € Q|A(p) ={}. The number of elements in L is
represented by N, which will be the quantity of the image
segments.

F(A)=2(A)+aR(A) 1)

The Kernel Graph Cut method, according to equation (1),
uses a function with two terms to describe and compute
image features and boundaries [8]. One is data term, which
assesses the adherence of each image segment to a statistical
model, and the other is an element of regularization that
produces smoother boundaries.

Z is a segmentation function, & is the data term, & is
the regularization term, and « is a constant coefficient gov-
erning segmentation smoothness. The data term in image
segmentation is a maximum a posteriori (MAP) probability
[36] problem. To achieve this, the likelihood of image data
conditioned on each region, denoted as P(I,|R;), is utilized.
In terms of the MAP formulation, equation (2) can be used
for defining the data term.

7)) =Y, Y —logP(,|R)) )

€2 pER,

The piecewise constant segmentation model is a specific
instance of the Gaussian distribution. due to the subsequent
techniques being computationally straightforward. Let the
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model parameter of the region be piecewise constant [8].
The data term is defined as equation (3).

M=Y Y (w-1,) 3)

€2 pER,

The data has been delineated employing a kernel within a
graph cut methodology to enhance its separation. Mercer’s
theory focuses on the implicit mapping of data. According
to Mercer’s theory, any function that is symmetric and semi-
definite positive can represent inner products of data in a
space in higher dimensions [37]. This operation greatly de-
creases computing complexity [8, 38]. The transformation
function ¢ in the kernel performs the mapping of data to a
higher-dimensional space which is formulated according to
equation (4).

K(x,y)=0x)"-9(y) 4)

where x and y are input parameters. The RBF kernel [8], rep-
resented as K (x,y) = exp(—||x — y||*/206?), is a commonly
utilized kernel function that quantifies the similarity or dis-
tance between two data points, x and y, using Euclidean
distance. The free parameter ¢ in this kernel regulates how
each data point’s influence is perceived. While mapping the
data with the RBF kernel [8] to a higher-dimensional space,
the data term is defined as demonstrated in equation (5)
[39].

Drar(Ip, 1) = 19 (1) — ¢ ()|
= (0(Lp) =) - (9(1p) —9 (1))
=0(1p)"9(1,) — () 9(1y) )
—0(,) o (u) + o (1) ()
=K(I,1p) + K (1, 1) — 2K (I, 1)

=2—=2K(Ip, 1),k € {li}1<1<Nypq

In order to smooth the boundaries, the regularization term
is used. The following term is defined for boundary pixels
p and its 4 horizontal and vertical neighbors g as shown in
equation (6) [8]. The const component is a constant value
used to control the smoothing.

R(A) = — ) (6)
The optimization process is performed in two steps at each
iteration. In the first step, the goal is to optimize the energy
function according to the factors of each region. In other
words, the factor specific to each region is the statistical
parameter L;. In the subsequent stage, kernel graph cut
methods are employed with the energy graph to implement
a minimum cut, yielding the image segmentation.

min(const, | (p)

3. Aggregated kernel graph cut algorithm

K-means clustering is a key unsupervised learning approach
in data analysis, esteemed for its simplicity and computing
effectiveness [40]. The algorithm’s main objective is to
categorize input data points into various classes according
to their intrinsic distances from one another, a concept ini-
tially presented by MacQueen [41]. K-means clustering
was chosen as the preliminary phase of our approach for
categorizing data points based on intrinsic distances, owing
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to its simplicity and computational efficiency, prior to im-
plementing kernel graph cuts for enhanced segmentation.
In this study, an aggregated kernel leveraging pixel intensity
and spatial information is employed to enhance the accuracy
of the segmentation process. This approach demonstrates
exceptional efficacy, especially in scenarios where images
encompass objects with diverse intensities and intricate spa-
tial layouts. The methodology revolves around two pivotal
components: the utilization of the Radial Basis Function
(RBF) kernel [8], and the incorporation of the graph cut
algorithm.

Dm(R) =Y, Y (w—1,) @)

€% pER,

These constituents operate synergistically, establishing a ro-
bust segmentation framework that effectively exploits both
pixel intensity and spatial interconnections among pixels.
In order to construct an aggregated RBF kernel, an intensity-
based difference map %y, is generated by computing the
differences between pixel values and the reference value for
each region, as described by equation (7) [39].
ij ij
Dsp(A) = ¥, Y min(liy, — i, |, Ljg, = J,)) ~ ®)

€% pER,

Then, a spatial-based difference map s, is constructed
by calculating the minimum of the absolute differences be-
tween pixel coordinates and the coordinates of the central
reference point, as described by equation (8), and it is nor-
malized. This map captures the spatial proximity of each
pixel to its center.

where 7 and j represent spatial positions in the image. A full
similarity matrix is generated by integrating the intensity-
based difference map with the spatial proximity map, yield-
ing more thorough information regarding the differences in
the image. The data corresponds based on the RBF kernel
in order to more effectively separate the data in the graph
cut method. This method provides a strong framework for
precise image segmentation that can be applied to various
types of images and conditions. Equation (9) represents the
aggregated data mapping based on both intensity and spatial
proximity using the RBF kernel.

DRBF(-@Inta-@Spt) = H‘P(-@Im) + (P(-@Spt)Hz
= (9(Z1m) + 0 (Zsp))" - ((Diwt) + 9(Tspr))

= 0(Dint)" 0(Dint) + 0(Dsp)" (Dt
+ ¢(91nt)T¢(@Spt) + ¢(-@Spt)T¢(-@Spt)

= K(-@[ntv -@lnt) + K(-@Spta -@Spt) + ZK(-@DZH @Spt)

=2+ ZK(.@Inta @Spt)

(€))
The data term mapped with the RBF kernel incorporates
not only intensity information but also spatial information
into the image segmentation process. This allows the algo-
rithm to consider the proximity of pixels to specified central
points, potentially leading to more cohesive and meaningful
segmentations. The integration of spatial information can
be particularly useful when dealing with images containing
spatially coherent structures, where spatial relationships be-
tween pixels are crucial for precise segmentation.

Ghasemipour & Niazi

While smoothing the boundaries using the Regularization
term, the optimization process with the intensity and spatial
RBF kernel is performed in two stages at each iteration. In
the first stage, the goal is to optimize the energy function
according to the factors of each region, which are the sta-
tistical parameters ;. The second stage involves applying
a minimum cut utilizing graph-cut algorithms and taking
into account the energy graph’s structure according to in-
tensity and spatial data to produce the final segmentation.
Algorithm 1 represents the aggregated kernel graph-cut al-
gorithm.

4. Experimental results

One dataset composed of Berkeley [42] and Pascal [43]
photos, a synthetic dataset, and a real-world dataset with
objects that had intricate textures, shadows, and different
hues were all utilized to assess the effectiveness of the sug-
gested algorithm. In this work, 400 by 400 pixel images
with 90 sets of the Berkeley and Pascal datasets, 80 sets
of synthetic images, and 50 sets of real-color photos were
all used to get experimental results. Six energy-based algo-
rithms were used to compare the efficiency of the suggested
approach, namely RBF [8], Customized RBF [44], AMOE
(Appearance Model and Orientation Energy) [45], Bias
Level Set [46], Krawtchouk [47], and L2S (Legendre Level
Set) [48]. Using a set of six separate evaluation indicators,

Algorithm 1. Aggregated kernel graph-cut.

input: given image (/)

output: segmented image

procedure image segmentation

extract primary centers using K-means algorithm
repeat
define intensity data term (Zp,,;) using equation (7)
define spatial data term (%) using equation (8)
compute combined data term (D)
apply aggregated RBF kernel as per equation (9)
compute regularization term using equation (6)

compute graph energy function using equation (1)

construct image graph based on graph energy function

apply min-cut algorithm to segment the image
recalculate cluster centers based on segmentation
until cluster centers remain unchanged

return segmented image

end procedure
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the suggested algorithm’s performance was assessed which
includes the Dice coefficient (DSC) [49], Jaccard index [50],
Accuracy [51], PSNR (Peak Signal-to-Noise Ratio) [52],
MSSD (Maximum Symmetric Surface Distance) [53] and
Total Time (sec) are used. It is crucial to remember that the
evaluations were carried out using the MATLAB 2020a pro-
gram along with a CPU running at 4.20 GHz and 16 GB of
RAM. On the website https://github.com/mehrnazniazi, you
can discover the implementation of the suggested method.

4.1 Results on the Berkeley and Pascal dataset

To comprehensively evaluate the proposed algorithm, a lab-
oratory study was conducted using two datasets, Pascal and
Berkeley. In general, 90 JPEG images with dimensions
of 400 by 400 pixels were randomly selected from these
datasets. The Pascal and Berkeley datasets contain diverse
and complex images with different classes and complexities.
These datasets have been chosen as a valuable source for
evaluating the algorithm’s capabilities in the field of image
segmentation. In figure 1 presents samples from the Pascal
and Berkeley datasets. The first row presents images ob-
tained from the Berkeley data set, whereas the following
row displays images from the Pascal data set.

For quantitative evaluation, Table 1 represents the compari-
son of the results between the algorithms used on the Pascal
and Berkeley datasets. A review of the table shows that the
Dice metric in the proposed algorithm is 0.94% higher than
the value in the RBF method. Similarly, the difference in
the Jaccard metric is 1.76%, and in the Accuracy metric,

Figure 1. Pascal and Berkeley dataset samples.
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it’s 3.72%. The observed differences highlight a notable
enhancement of the proposed algorithm compared to the
RBF method in these metrics. Additionally, regarding the
PSNR metric, the proposed algorithm shows an advantage
of 3.32 units. The MSSD metric shows a difference of 0.01
units, indicating that the proposed method surpassed the
RBF method in terms of outcomes. The proposed method
ranks second in terms of execution speed.

Figure 2 displays samples of results from Pascal and Berke-
ley images. As observed, the proposed algorithm in the
third column has provided better results compared to other
algorithms and has effectively segmented the images. The
suggested approach has improved background and fore-
ground separation in complicated images by simultaneously
leveraging brightness and spatial information. The RBF and
Customized algorithms in the fourth and fifth columns, in
images with more complex backgrounds containing texture
and shadows, failed to segment the background effectively.
The reason for this segmentation weakness is that these al-
gorithms solely rely on brightness intensity as a feature and,
therefore, couldn’t perform well in complex images and re-
gions with shadows. The Bias Level Set, L2S, Krawtchouk,
and AMOE algorithms in columns six to nine also failed to
effectively segment the foreground despite correctly identi-
fying the background.

4.2 Results on the synthetic dataset

To comprehensively evaluate the proposed algorithm, a lab-
oratory study was conducted using a synthetic dataset. In
general, this dataset consists of 70 JPEG images with di-
mensions of 400 by 400 pixels. The synthetic dataset was
selected to include complex images with different textures
and backgrounds. Figure 3 displays some examples from
the synthetic dataset.

Table 2 compares the quantitative performance outcomes
of the methods on the simulated dataset. The findings indi-
cate that the proposed algorithm’s Dice coefficient is 3.51%
higher than the AMOE method’s value. Additionally, there
is a 6.32% difference in the Jaccard index and an 11.28%
difference in Accuracy. These differences indicate a signifi-
cant improvement of the proposed algorithm over AMOE
and RBF in these metrics. Moreover, there is a 3.95-unit
improvement in the PSNR metric in favor of the proposed
algorithm. In the case of the MSSD metric, there is a dif-

Table 1. Comparing energy-based techniques using various criterion on a collection of Pascal and Berkeley datasets.

Algorithms Evaluation metrics
DSC | Jaccard | accuracy | PSNR | MSSD | Total time(sec)

suggested approach | 99.00 | 98.06 90.23 68.57 0.01 2.36
RBF 98.06 | 96.30 86.51 65.25 0.02 1.15
customized 97.47 | 95.21 82.03 63.80 0.03 4.34
bias level set 97.66 | 95.56 77.34 65.21 0.03 5.44
L2S 72.07 | 58.99 59.65 62.33 0.08 10.24
Krawtchouk 62.86 | 49.20 49.57 61.29 0.11 23.46
AMOE 90.54 | 84.19 51.66 59.48 0.14 4.70
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Figure 2. Rows comprise of original image, ground truth, suggested method, RBF method, customized RBF method, bias level set, L2S, Krawtchouk,
and AMOE. Includes several assessments of Pascal and Berkeley images.

Figure 3. Synthetic dataset samples.

ference of 0.051 units, demonstrating that the suggested
algorithm outperformed the AMOE approach in terms of
results.

Figure 4 displays several samples of results from the syn-
thetic images. As can be seen, the suggested method in the
third column outperformed other algorithms in terms of out-
comes. The RBF and Customized algorithms in the fourth
and fifth columns couldn’t separate the complex background

from other parts of the image effectively. In columns six
to nine, the Bias Level Set, L2S, Krawtchouk, and AMOE
algorithms, despite detecting the background, couldn’t seg-
ment the foreground accurately. The suggested algorithm’s
simultaneous utilization of intensity and location data ac-
counts for its advantage. This approach utilizes a more
comprehensive difference map for segmentation, resulting
in better adjustment of the energy-based image graph and,
consequently, improved performance of the graph cut algo-
rithm.

4.3 Results on real dataset

Experimentation on the real dataset is also shown, along
with evaluation results for the suggested approach. The real
image dataset consists of 60 JPEG images with dimensions
of 400 by 400 pixels. The real datasets have been chosen to
include complex images with texture and shadows. Figure 5
displays some examples from the real image datasets.

In Table 3, a quantitative analysis of algorithm performance
on the real dataset is presented. The outcomes show that the
AMOE method’s Dice coefficient is 1.46% lower than that
of the suggested method. Additionally, there is a difference
of 2.69% in the Jaccard index and 9.93% in the Accuracy

Table 2. Comparing energy-based techniques using various criterion on the synthetic dataset.

Algorithms Evaluation metrics
DSC | Jaccard | accuracy | PSNR | MSSD | Total time(sec)
suggested approach | 99.40 | 98.82 96.17 69.87 | 0.009 2.97
RBF 9427 | 89.94 84.89 60.55 0.07 2.12
customized 9277 | 87.36 80.25 59.37 0.09 1.44
bias level set 7492 | 69.25 79.79 57.15 0.27 1.58
L2S 73.30 | 60.08 60.12 59.88 0.08 89
Krawtchouk 69.35 | 55.24 55.27 59.06 0.09 192.75
AMOE 95.89 | 92.50 78.65 65.92 0.06 6.01
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Figure 4. Rows comprise of original image, ground truth, suggested method, RBF method, customized RBF method, bias level set, L2S, Krawtchouk,

and AMOE. Includes several assessments of synthetic images.

Figure 5. Real dataset samples.

metric. several variations show that the suggested algorithm
has significantly improved over the second-best approach
in several criteria. Moreover, in terms of PSNR, there is
an enhancement of 3.30 units in the proposed algorithm. A
difference of 0.02 units in the MSSD metric indicates that
the suggested algorithm outperformed the AMOE approach
in terms of results.

Figure 6 displays several samples of results on the real

images. As observed, the proposed algorithm in the third
column provides better image segmentation compared to
other algorithms due to its simultaneous use of brightness
and spatial maps. The RBF and Customized algorithms in
the fourth and fifth columns fail to effectively separate com-
plex backgrounds from foreground objects as they solely
rely on image brightness. In the sixth to ninth columns,
the Bias Level Set, L2S, Krawtchouk, and AMOE algo-
rithms, despite their ability to detect background, struggle
to accurately segment the foreground.

5. Conclusion

The Kernel Graph Cut algorithm represents a significant
approach within the realm of energy-based image segmen-
tation techniques. It fundamentally relies on edge detection
and the separation of objects in images, achieved through
the analysis of connected graphs. However, drawbacks
such as sensitivity to illumination variations, difficulties in
detecting objects with different intensities, and complex
spatial arrangements limit its applicability to complex and
diverse images. This research proposes a novel method
for segmenting images that effectively uses both spatial
and intensity data. This approach leverages the benefits

Table 3. Comparing energy-based techniques using various criterion on the real dataset.

Algorithms Evaluation metrics
DSC | Jaccard | accuracy | PSNR | MSSD | Total time (sec)
suggested approach | 99.17 | 98.38 93.27 69.51 0.01 23
RBF 9239 | 87.89 83.34 63.27 0.11 1.56
customized 91.75 | 86.50 77.51 61.19 0.12 3.53
bias level set 87.04 | 78.87 43.65 59.04 0.20 4.79
L2S 70.46 | 60.59 61.25 64.00 0.06 93.95
Krawtchouk 66.80 | 54.39 54.51 62.16 0.08 197.35
AMOE 97.71 | 95.69 67.61 66.21 0.03 5.77
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Figure 6. Rows comprise of original image, ground truth, suggested method, RBF method, customized RBF method, bias level set, L2S, Krawtchouk,
and AMOE. Includes several assessments of real images.

of kernel space, focusing on the objective function that
incorporates the statistical deviation of intensity and spatial
data for each region in the segmented image, as well as
a regularization term to ensure smooth boundaries. The
experimental results indicate that this method, utilizing an
enhanced similarity matrix through the RBF kernel, has
markedly improved the image segmentation process.

One of this approach’s most significant benefits is its higher
accuracy in detecting objects with different intensities
and complex spatial arrangements. With an improvement
of approximately 94% in the final results, this approach
not only overcomes the limitations of the Kernel Graph
Cut algorithm but also demonstrates its potential strength
in solving image segmentation problems with diverse
complexities and various challenges in image data. In
future efforts, additional improvements can be implemented
in this methodology by fine-tuning the application of
intensity and spatial characteristics within each area, while
considering the uniformity of regions. This may entail
creating more advanced approaches for dynamic feature
weighting and selection, allowing the algorithm to adjust
to the unique traits of various image areas and possibly
enhancing segmentation precision and reliability.
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