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ABSTRACT

Image segmentation is a fundamental technique for delineating boundaries within
images, enabling detailed analysis and simplifying subsequent processing tasks. Recently,
a variational selective segmentation model for vector-valued (color) images, termed
Selective Segmentation based on Gaussian Regularization (SSGR), was introduced. In
this variational model, the standard regularization term is replaced with a Gaussian
function, yielding a speed improvement of approximately 247 times compared with the
earlier formulation, while maintaining comparable accuracy. However, the SSGR model
shows limitations when applied to hazy images. To address this, the present study
reformulates the SSGR model by incorporating Non-Local Image Dehazing as the new
fitting term, resulting in a modified approach named Selective Segmentation for Haze
Image (SSHI). Experiments were conducted on hazy images to evaluate the proposed
model. The performance of SSHI was assessed using common segmentation metrics:
Error, Accuracy (ACU), Jaccard Similarity Coefficient (JSC), and Dice Similarity
Coefficient (DSC). Efficiency was measured by recording processing time. Numerical
experiments demonstrated that the SSHI model, through the integration of Non-Local
Image Dehazing, consistently achieved the highest ACU, JSC, and DSC values, while
also yielding the lowest Error and processing time compared to existing methods. These
findings confirm that SSHI provides improved accuracy and efficiency for hazy image
segmentation. The proposed model has potential applications in domains where hazy
imaging is common, including medical imaging such as X-ray and endoscopy, remote
sensing, and environmental surveillance. Future research may extend this framework to
three-dimensional formulations for more complex imaging applications.

Contribution/Originality: This study contributes a novel extension of the SSGR model by integrating Non-

Local Image Dehazing, forming the SSHI model. The originality lies in addressing segmentation under hazy

conditions, with demonstrated improvements in accuracy and efficiency, offering practical applications in

environmental, medical, and remote sensing imaging.

1. INTRODUCTION

Image processing is the technique of analyzing and manipulating images to extract meaningful information,

thereby making them easier to interpret or utilize. It is one of the most influential technological innovations of modern

times, with applications ranging from satellite communications and mobile imaging to medical diagnostics. The

outcomes of image processing directly influence higher-level tasks such as image recognition and interpretation.
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Image processing can be broadly categorized into analogue and digital methods. Among these, digital image
processing plays a central role, particularly in boundary extraction, a critical step for further analysis that is
commonly referred to as image segmentation. Image segmentation has diverse applications, including medical image
analysis [1-5, pattern recognition, image understanding, and computer vision [6, 7.

Image segmentation divides an image into regions or objects by extracting boundaries, thereby simplifying
subsequent analysis Mohd Ghani and Jumaat [87. This process assigns labels to pixels, grouping them according to
shared characteristics such as intensity, color, or texture. Segmentation approaches are generally divided into
variational and non-variational models. Variational models are not dependent on the amount of data, less sensitive to
noise, more feature-rich, and more effective in extracting homogeneous regions compared to non-variational
approaches [97]. Within variational segmentation, global and selective segmentation techniques are the most
prominent [87. Global segmentation attempts to partition all objects in an image based on their statistical properties,
but it is sensitive to noise, contrast, and illumination. Examples of global segmentation include the models proposed
by Fang et al. [77], Gu, et al. [107, Yang, et al. (117, Igbal, et al. [127] and Zhi and Shen [137]. In contrast, selective
segmentation focuses on segmenting only user-defined target objects, making it preferable when analysis requires
isolating specific structures. Applications suitable for the incorporation of selective segmentation techniques include
research fields such as imaging [14, 157, biometric recognition [167, and processing of text [17.

Several selective segmentation models have been proposed. In Badshah and Chen [187 a new selective
segmentation formulation was proposed by combining the idea of global segmentation with geometrical constraints.
Later, Nguyen, et al. [197 proposed an Interactive Image Segmentation (IIS) model using two sets of geometric
constraints, though later works [207 demonstrated that a single constraint was often more effective, albeit
computationally expensive. Spencer and Chen [217] introduced the Distance Selective Segmentation (DSS) model,
which reduces sensitivity to user input and computational burden. However, if the input data is a vector-valued (color)
image, the DSS model would turn the input image into a grayscale image and discard the color information. A vector-
valued (colored) image is typically a 24-bit image with 8 bits for red, 8 bits for green, and 8 bits for blue information.
Vector-valued images, which include more information than grayscale images, produce more effective results for
image segmentation, according to research by Mohd Ghani and Jumaat [87].

In order to obtain suitable segmentation results when segmenting vector-valued images, Mohd Ghani and
Jumaat 87 proposed a Distance Selective Segmentation 2 (DSS2) model. However, the DSS2 model has a high
computational cost since the usual regularization term used in the formulation results in the curvature term, which
must be solved. To address this issue, Jumaat, et al. [227] reformulated DSS2 by replacing the traditional curvature
regularization with a simpler Gaussian function. This led to the Selective Segmentation based on Gaussian
Regularization (SSGR) model, which was nearly 247 times faster while maintaining comparable accuracy.
Nevertheless, both DSS2 and SSGR perform poorly when applied to hazy images, where suspended particles (dust,
fog, smoke) obscure details and degrade visibility [2387. This demonstrates the significance of the image dehazing
process for real images. Haze removal, or image dehazing, aims to restore scene radiance by reducing atmospheric
interference. However, existing techniques face challenges such as halo effects, color distortions, edge degradation,
and blocking artifacts. Among various approaches, Non-Local Image Dehazing [247 has demonstrated high precision
by simultaneously recovering haze-free images and distance maps.

Building on this, this study reformulates the SSGR model by substituting its fitting term with Non-Local Image
Dehazing. The resulting model, termed Selective Segmentation for Haze Image (SSHI), is designed specifically for
extracting the boundaries of vector-valued hazy images. Unlike earlier selective segmentation methods that rely
mainly on global intensity information or simplified regularization terms, the SSHI model incorporates Non-Local
Dehazing as part of the variational fitting energy itself. This design allows the segmentation to adapt directly to haze

effects within the mathematical framework, instead of treating haze removal as a separate pre-processing step. By
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combining information from both the original hazy image and its dehazed counterpart, SSHI introduces an approach

that is not present in previous models.

2. REVIEW OF THE RELATED MODEL

In recent years, several deep learning methods have been introduced to address the challenge of segmenting
images captured under fog or haze. Researchers [257] proposed a fog-invariant feature learning strategy to make
semantic segmentation models more robust under low-visibility conditions. The authors Bi, et al. [267] later designed
a frequency-decoupling method that separates amplitude and phase information in the Fourier domain to improve
generalization to unseen fog. In a related study, the same authors, Bi, et al. [277] presented a bi-directional wavelet
guidance framework for foggy-scene segmentation. Although these methods report strong results, their complexity
and reliance on large and diverse training datasets remain major concerns.

More recently, Lee, et al. [257] explored a “fog-free training” strategy, where models are trained only on clear
images but adapted for foggy environments. While this approach reduces the need for fog-specific training data, its
performance still depends strongly on the scale of training data and network design. In addition, all of these methods
in Lee, et al. [257, Bi, et al. [267], Bi, et al. [27] and Lee, et al. [287 follow a global segmentation paradigm in which
all objects in an image are segmented. When the aim is to isolate a particular object of interest, selective segmentation
approaches provide a more reliable solution.

A new selective segmentation approach for vector-valued images, termed Distance Selective Segmentation 2
(DSS2), was introduced in Mohd Ghani and Jumaat [87]. On image z,, geometrical points m; (= 3) were assumed by
the marker set By = {wy, = (x5, ¥5) € 2,1 < k <my}. The polygon P was constructed by using a set By. Let the
function P;(x,y) be the Euclidean distance, which is the distance of each point (x,y) € 2 from its nearest points of

(xp, yp) € P constructed from the user input set By defined as the following Equation 1.

Py(x,y) = \/(x —x) +-w)" O
Then, the proposed DSS2 model is defined as the following Equation 2.
DSS2(B, di, d}) = pLength(B) + f,, i = 2ala 24 (20 (x,y) — df) d2
F fyesiaetpy i1 2% (20 y) = d) A0+ f, oo OPa(x, )0,
where d! and d} are unknown constants that represent the average value of Z,! inside and outside the unknown
curve, respectively. The non-negative parameters of 8, u, /13 and /12 are weights for the distance function, regularizing

term and fitting term, respectively. Here, N is the number of channels. For color image, N = 3. Then, by introducing

the level set function ¢(x,y), Equation 2 can be written as the following Equation 3.

min DSS2'S(¢, di, db),
$.dy.d;

. X 1 . . N2
DSS2 (@, di, db) = [, S(OIVlAR + [, T, 45 (1 - H@®)) (o' - di)'da  (3)
1 . . )
+ [, =TI A H () (20" — di) da + [, 6H($)P4d2,
where the Heaviside function, H and the Dirac delta function, § were introduced. The functions

@ (x,v), Py (x,y)and zy'(x,y) are replaced with ¢, Py and z,' respectively for simplicity and |Vep| = \[pZ + b3

They fixed the function and minimized Equation 3 to obtain d} and d as defined as the following Equation 4 and 5,

respectively.
; 'H(¢)dxd -
di(¢) = BEELE (average(zyong = 0) (4
; {(1-H(¢))dxd :
i () = 2L (average(zoJong < 0) (3
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To solve Equation 3, the Euler-Lagrange (EL) equation for ¢ is derived. Then, by fixing a constant di and di,
the EL equation with respect to ¢ is given by the following Equation 6.

= 8(¢) [udiv (T5) = L B A (20" — ) + 3 Biy A (2 — df) = 0Py |in 0

(6)
M@ = onadQ,
vl om

Where 7 is the exterior normal at the boundary of 9{2 and % is the normal derivative of ¢ at the boundary. The
finite differences scheme was used to solve this EL equation problem. Here, the curvature term, div(Ve¢/|V¢][) that
is derived from the total variation term, |V¢|is highly nonlinear and results in high computational complexity.
Consequently, the DSS2 model's segmentation procedure is slow.

To overcome the problem, researchers in Jumaat, et al. [227 introduced a new selective segmentation approach
for a vector-valued image called Selective Segmentation Based on Gaussian Regularization (SSGR). The proposed

model is then defined as the following Equation 7.
min SSGR(¢", di, db) = [~ 2L,(1— H(®™) (z) — db)’dm +
on,dy,dy :

1 . N2 7
Jy= 3Ny H(p™) (2 — di)’dD + [, 6H(¢™)P, dB )
s.t ™l =™« G(x,y)
Gaussian function, G(x,y) is used and defined as G(x,y) = e~ (" +yH/2)  The symbol * is a convolution
operator of the current solution ¢ with the Gaussian function, G (x, y) and n indicates the number of iterations. Notice
that in Equation 7, the total variation term, |V¢| is removed and it is substituted with a Gaussian function as a

-

regularizer to smooth the segmentation contour. Euler Euler-Lagrange equation is derived to solve Equation 7 as

stated in the following Equation 8.

—8(™ [2 2y (2 - d8)* = (z - di)’ = 0Ps)] =0 ()

To solve Euler’s Lagrange Equation 8, the gradient descent flow of Equation 8 is applied, and it is defined as

follows.

2= o™ [ (7 - ) = (zh— b))’ — 0P| (9)

Notice that the curvature term is not involved in Equation 9 of the SSGR model, which results in less
computational complexity compared to the original DSS2 model. However, the SSGR model performs less effectively
when segmenting images with haze. Therefore, modifications to the SSGR model are necessary to improve its
segmentation accuracy. The following section demonstrates the methodology to modify the SSGR model by

employing image dehazing techniques.

3. METHODOLOGY

In this section, we present the development of a new modified model. Since the SSGR model was not designed to
segment vector-valued images affected by haze, the main objective of this research is to effectively address this
limitation. To achieve this, we introduce a new model, termed Selective Segmentation for Haze Image (SSHI), which
integrates concepts from the SSGR model with the Non-Local Image Dehazing method proposed by Berman and
Avidan [247. According to Berman and Avidan [247, the dehaze image is computed using Equation 10:

—i hi—[1-Z]L
zg=—{° n } (10)

Where h{) is the input hazy image, { is the transmission medium, L is the air light in images and Z} is the output
of Non-Local Image dehazing, which is the dehaze image. We incorporate the new fitting term Z produced by the

Non-Local Image Dehazing model into the SSGR model. Thus, the proposed model (SSHI) is formulated as follows.
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min SSHI = sz ~d}) dQ+

¢".di.d;

%jﬂi(l—H(w))(hg—d dQ+ jZH d;)de
jz(l H(¢4"))(7 - ;) dQ+j OP, -H (¢" Q2

st ¢”+1 =¢4"*G(x,y)

Notice that in Equation 11, the first two terms represent the fitting term that incorporates information from the
original hazy image, hé, weighted by the parameter ;. The third and fourth terms correspond to the fitting term
that utilizes information from the dehazed image, Z'é, weighted by the parameter @,. In most cases, &, > a4 ensuring
that the SSHI model is capable of correctly identifying the object boundary. The final term is the distance term,
which ensures that the targeted object is segmented successfully. At each iteration #, the segmentation curve ¢,
representing the image boundary, is convolved with a Gaussian function G(x,y) = e~ (@*+¥")/2) 5 smooth the
evolving curve. To solve Equation 11, the gradient descent flow of the Euler-Lagrange equation for the SSHI model

is defined as the following Equation 12.

a¢ - 5(¢ {%i ~dy) -(r ) ) |+

o(")| S (2 -4) ) ~(@-al) | [+5(#" )R]

(12)

Here, a¢/at = (¢“+l — ¢” )/é‘t denoted as the evolution of ¢ with respect to time t. In other words, the solution

for the SSHI model is obtained by solving its associated Equation 12.

3.1. Algorithm for the Proposed Model

The implementation of the new model, namely, Selective Segmentation for Haze Image (SSHI), is summarized
according to the following algorithm. All the parameters and algorithms will be configured and displayed here:

Algorithm SSHI: Algorithm to implement the SSHI Model

1. Set the tolerance, tol = 0.00001 and the maximum iterations, maxit = 100 as the stopping criteria. Set the

parameter value of 8 and define the marker set By.
Initialize ¢0,n =0.
Determine the average intensity region by computing ¢ and d} in Equation 11.
To obtain ¢)"+1, solve equation 12.
To regularize ¢, convolve ¢™*! with the Gaussian function G(x,y) = e~ (*+¥)/Dgych that Pt = " x
G(x,y).

A

r+l

6. If maximum iterations, maxit = 100 or ‘

In the numerical experiment, all images were resized to 128 x 128. The area parameter 8 was employed to
restrict segmentation to specific objects and was adjusted for each case according to the targeted item. A large value
of 8 should be used when the object is close to an adjacent boundary, whereas a smaller value of 8 is preferable when
the object is clearly separated. However, if 6 is set too high, the final output may degenerate into a polygon.
Satisfactory segmentation results can be achieved by selecting an appropriate value of 8 together with marker points.

For the SSHI model, the parameter 6 was set in the range 8 = [350,3600]. In most cases, a, > a;, which ensures

289
© 2025 Conscientia Beam. All Rights Reserved.



Review of Computer Engineering Research, 2025, 12(4): 285-298

that the SSHI model is capable of correctly identifying object boundaries. The recommended range for @; and a,was
[1,5]. The method was implemented in MATLAB.

Two methodologies were employed to evaluate the segmentation performance of the proposed model. The first
was a qualitative approach, which assessed segmentation performance through visual observation. The second was a
quantitative approach, which measured performance using the Jaccard Similarity Coefticient (JSC), Dice Similarity
Coefficient (DSC), Accuracy (ACC), and Error. The values of JSC, DSC, ACC, and Error range between 0 and 1. For
JSC, DSC, and ACC, values closer to 1 indicate higher segmentation accuracy, whereas for Error, values closer to 0
reflect better segmentation results. All values obtained for the proposed SSHI model were compared against those of
existing models, namely DSS2 and SSGR. To evaluate processing efficiency, the tic and toc functions in MATLAB
were used. The #ic command initiates a stopwatch timer, while the foc command terminates it, records the elapsed
time, and displays the result in seconds. This procedure was repeated three times to ensure consistency, and the

average values of JSC, DSC, ACC, Error, and processing time were calculated.

4. RESULTS AND DISCUSSION

In this section, the overall results of the study are presented. The segmentation performance of the proposed
model is compared with that of the existing DSS2 and SSGR models to highlight the differences and effectiveness of
the new approach. A total of 16 real vector-valued test images were used in the experiments to segment the specified
objects. The dataset and benchmark from Pham [297; Jizhizi, et al. [307; Qiao, et al. [317; Li, et al. [327] and Chen,
etal. [337 served as the source of test images. These images were particularly challenging to segment due to intensity
inhomogeneity and irregular boundaries. For the qualitative analysis, visual observation was employed to evaluate
the segmentation accuracy of the models across all 16 test images. For the quantitative analysis, accuracy, error, JSC,
and DSC values were calculated for each model on test images 1 through 16. The segmentation experiments were

carried out using the DSS2, SSGR, and SSHI models, and the results are summarized in Table 1.

Table 1. The test images and the segmentation results of the DSS2, SSGR, and SSHI models.
Test Image DSS2 SSGR SSHI

© 2025 Conscientia Beam. All Rights Reserved.
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4 4(b)

9 9(a)
Kk
’98
10 10(a) 10(b) 10(c)
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16 16(a) 16(b) 16(c)

The first column of Table 1 presents the test images along with their initial segmentation contours, while the
second, third, and fourth columns display the final segmentation results obtained from the DSS2, SSGR, and SSHI
models, respectively. From visual observation, all models effectively segmented the specific object of interest, even
when the color images were hazy. However, closer inspection showed that for test images 1, 4, and 5, the results
produced by DSS2 and SSGR were undersegmented, with some regions of the images not captured accurately,
whereas the results generated by the proposed SSHI model were improved. Another notable case is test image 9,

where the SSHI model successfully segmented the detailed boundaries of the bird’s feathers, outperforming both the
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DSS2 and SSGR models. To further evaluate the effectiveness of the three models quantitatively, the average values
of JSC, DSC, ACC, and Error for each model are reported in Table 2 and Figure 1.

Table 2. Average JSC, DSC, ACC, and Error values for the DSS2, SSGR, and SSHI models in segmenting vector-valued images with haze.

DSS2 SSGR SSHI
JSC 0.7121 0.6996 0.7636
DSC 0.8034 0.8064 0.8583
ACC 0.9543 0.9535 0.9616
Error 0.0458 0.0465 0.0384

Average JSC, DSC, ACC, and error values for the DSS2, SSGR, and

SSHI models
1.2
™ n o
< ™ —
LN N ©O
) a S a
1 00 o o o
< < Iry)
© o 8
) 2 Q o
— 0 © ®Q x
~ > N o o
0.8 ™~ )
o =}

o] n
wn (e}
< <
S o
=} o
I .
ACC Error

DSC

M DSS2 mSSGR MW SSHI

0.6

0.4

0.2

0
JSC

Figure 1. Bar Chart of JSC, DSC, ACC, and Error values for the DSS2, SSGR, and SSHI models in segmenting vector-valued images with haze.

Table 2 reports the numerical values of the four quantitative segmentation metrics namely JSC, DSC, ACC, and
Error for the DSS2, SSGR, and the proposed SSHI models. Figure 1 visualizes these same results in the form of a bar
chart, offering a clearer comparison across the models and enabling easier interpretation of performance differences.
Together, the tabulated and graphical results highlight the consistent improvement of the SSHI model across all
metrics, particularly in handling hazy, vector-valued images.

In terms of the JSC, SSHI achieved a score of 0.7636, representing a 7.2% improvement over DSS2 (0.7121) and
a 9.1% improvement over SSGR (0.6996). For the Dice Similarity Coefficient (DSC), SSHI obtained 0.8583,
outperforming DSS2 (0.8034) by 6.8% and SSGR (0.8064) by 6.4%, demonstrating its stronger capability in boundary
delineation. The ACC values further confirm this trend. SSHI recorded 0.9616, which is 0.8% higher than DSS2
(0.9543) and 0.9% higher than SSGR (0.9535). Although the margin is smaller, such improvements are notable since
ACC reflects global pixel-level correctness across the entire image. The most substantial gain is observed in the error
rate, where SSHI achieved the lowest value at 0.0384. This represents a 16.2% reduction compared to DSS2 (0.04:58)
and a 17.4% reduction compared to SSGR (0.0465), highlighting SSHI’s ability to minimize false assignments under
challenging hazy conditions. To verify the reliability of the improvements achieved by the SSHI model, statistical

testing was applied to the results obtained from the 16 test images. The Wilcoxon signed-rank test was chosen
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because it is a non-parametric approach that does not require the data to follow a normal distribution, and it is suitable
for comparing paired values. The comparison was made between the proposed SSHI model and the two baseline
methods, DSS2 and SSGR. In the testing, the expectation was that SSHI would produce larger values of JSC, DSC,
and ACC, while for Error, the opposite was expected.

The outcomes of the Wilcoxon test supported the advantage of SSHI. For the JSC measure, SSHI obtained
significantly higher results than DSS2 (test statistic = 118.0, p = 0.0038) and also than SSGR (test statistic = 136.0,
p = 1.53 x 107%). This indicates that SSHI provided better boundary separation when haze was present. In terms of
DSC, the SSHI scores were likewise greater than those of DSS2 (test statistic = 133.0, p = 7.63 X 107°) and SSGR
(test statistic = 120.0, p = 8.27 x 107*), which suggests improved overlap with the expected segmentation.

For the ACC measure, SSHI again performed better, giving significantly higher values compared to DSS2 (test
statistic = 126.5, p = 6.56 X 107*) and SSGR (test statistic = 136.0, p = 1.53 X 107°). Although the difference was not
as large as for JSC and DSC, the improvement was still statistically reliable. On the other hand, for the Error metric,
SSHI obtained clearly smaller values. The differences were significant when compared with DSS2 (test statistic = 9.0,
p = 5.04 x 107*) and with SSGR (test statistic = 0.0, p = 8.27 X 107*). This result confirms that SSHI reduced the
number of incorrectly classified pixels more effectively than the baseline models.

The p-values (p< 0.01) indicate that the improvements of SSHI compared with DSS2 and SSGR are statistically
significant. This suggests that the better results are not only caused by random variation but are attributable to the
advantage of the SSHI model itself. Overall, the Wilcoxon test results demonstrate that SSHI provides stable and
clear improvements over DSS2 and SSGR across all tested measures. These results also show that incorporating
Non-Local Dehazing into the selective segmentation method offers a valuable and reliable gain in accuracy and error
reduction when working with hazy vector-valued images. Such improvements are particularly important for real-
world applications where visual clarity is compromised, including remote sensing, medical imaging, and
environmental monitoring. Next, the efficiency of the proposed model is evaluated. Table 3 and Figure 2 present the

average processing time for the DSS2, SSGR, and SSHI models in segmenting vector-valued images with haze.

Table 3. Average processing time (in seconds) for the DSS2, SSGR, and SSHI models in segmenting vector-valued images with haze.

DSS2 SSGR SSHI
Average time 7.8587 1.8007 1.6373

Average processing time (s) for the DSS2,
SSGR, and SSHI models

9
7.8587
8
7
6
5
4
3
5 1.8007 1.6373
0
DSS2 SSGR SSHI

Figure 2. Bar chart of average processing time for the DSS2, SSGR, and SSHI models in
segmenting vector-valued images with haze.
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Table 3 and Figure 2 provide a comparative analysis of the average processing time required by the DSS2, SSGR,
and SSHI models when segmenting vector-valued images with haze. While Table 38 reports the exact numerical
values, Figure 2 offers a bar chart representation, which facilitates a clearer comparison of computational efficiency
among the models. The results demonstrate that the proposed SSHI model achieved the lowest average processing
time of 1.6373 s, slightly outperforming SSGR (1.8007 s) and substantially surpassing DSS2 (7.8587 s). This
represents a 9.1% improvement over SSGR and a 79.2% reduction in processing time compared to DSS2.

To support these findings, the Wilcoxon signed-rank test was performed with the hypothesis that SSHI requires
less time than the baselines. The results showed that SSHI was significantly faster than DSS2. The test produced a
statistic of 0.0 with a p-value of 1.58 X 107%, confirming that the large reduction in computation time is statistically
meaningful. In contrast, when comparing SSHI with SSGR, the difference in time was not statistically significant
(test statistic = 42.0, p = 0.0964). This indicates that although SSHI's average execution time was slightly lower than
that of SSGR, the variation across test images was not consistent enough to reach significance.

These findings highlight the computational efficiency of the SSHI model. The marginal gain over SSGR
underscores SSHI's refinement of the Gaussian-based regularization concept, while the dramatic reduction compared
to DSS2 emphasizes the advantages of replacing curvature-dependent formulations with a more efficient structure.
The lower processing time, coupled with improved segmentation accuracy (as demonstrated in Table 2 and Figure
1), confirms that SSHI provides an optimal balance between effectiveness and efficiency. Such improvements are
particularly valuable in real-world applications, where fast and reliable segmentation of hazy images is required, for
example, in real-time surveillance, remote sensing, environmental monitoring, and medical imaging systems, where
delays in computation can compromise usability. The limitation of the SSHI model can be observed in the parameter
selection approach. In this model, the parameters 6, @;, and a, were chosen by trial and error to achieve good

segmentation results, which are difficult and time-consuming.

5. CONCLUSION

This study introduced a new variational selective segmentation model, termed Selective Segmentation for Haze
Image (SSHI), designed to address the limitations of existing models when applied to hazy, vector-valued images. By
incorporating the Non-Local Image Dehazing technique into the formulation of the SSGR model, SSHI integrates
haze removal directly into the segmentation process. Quantitative evaluations on 16 real hazy images, using JSC,
DSC, ACC, and Error as performance metrics, demonstrated consistent improvements with SSHI compared to DSS2
and SSGR. The SSHI model achieved higher JSC, DSC, and ACC values, while maintaining the lowest Error rate.
Importantly, the Error reduction reached over 16% relative to DSS2 and more than 17% relative to SSGR, indicating
enhanced reliability in boundary extraction under challenging imaging conditions. In addition, efficiency analysis
revealed that SSHI reduced computational time by approximately 79% compared to DSS2 and achieved a 9%
improvement over SSGR. These findings confirm that the integration of image dehazing into the segmentation
framework yields both accuracy and efficiency gains. Despite these contributions, the model has certain limitations.
Parameter selection was carried out through trial-and-error, a process that is time-consuming. Future work should
therefore focus on developing systematic or adaptive parameter estimation strategies such as grid search and Bayesian
optimization. Moreover, extending SSHI into three-dimensional formulations and testing its applicability are
important directions for further research.

The SSHI model has potential beyond natural images, with relevance to domains such as medical imaging, remote
sensing, and environmental monitoring. In these areas, image quality is often degraded by noise or atmospheric
effects, and the integration of dehazing within the segmentation process allows clearer boundary extraction. This

makes SSHI a practical option in situations where pre-processing or large training datasets are not available.
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