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ABSTRACT: The ill-posed character of haze or fog makes it difficult to remove from a single image. While most existing
methods rely on a transmission map refined through depth estimation and assume a constant scattering coefficient,
this assumption limits their effectiveness. In this paper, we propose an enhanced transmission map that incorporates
spatially varying scattering information inherent in hazy images. To improve linearity, the model utilizes the ratio of
the difference between intensity and saturation to their sum. Our approach also addresses critical issues such as edge
preservation and color fidelity. In terms of qualitative as well as quantitative analysis, experimental outcomes show that
the suggested framework is more effective than the currently used haze removal techniques.

KEYWORDS: Dehazing; ambient light; transmissivity; color diminution and depth refurbishment

1 Introduction
Image restoration has been a significant problem in the fields of vehicle conjunction monitoring on the

road [1], airborne photography [2], army applications [3], and related purposes [4]. Imaging in adverse con-
ditions has a major impact on the restoration process and has become a challenge for various applications [5].
Unfavorable atmospheric conditions create an environment where varying density particles, such as haze and
smog, are present [6]. The ambient light is typically scattered differently by these dissolved particles, which
causes images taken by the camera to be distorted at that moment [7]. Low brightness and poor contrast
are issues with these photos, which have a big impact on various activities of image processing applications
like segmenting images [8], identifying targets [9], tracing objects of desire, etc. [10,11]. Furthermore, since
these foreign particles generate a varying scattering environment inside a single image, degraded photos have
different haze densities [12]. Therefore, recovering a perfect image from a murky one is a challenging task.
Defogging the distorted images for use in computer vision applications requires an effective haze removal
algorithm that considers the variation of scattering.

The atmospheric scattering model described in the literature serves as the foundation for existing single-
image dehazing methods. This method produces better restoration results by estimating depth, transmission,
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and ambient light. The formation of an unclear image is explained by the atmospheric scattering model in
the following way:

I f (x) = Rd (x) tr (x) + A(1 − tr (x)) (1)

where If (x) is the intensity of input at position x, Rd(x) is the glow of the reinstated image, tr(x) is the
transmission map, and A is atmospheric light. Additionally, transmissivity is determined as:

tr (x) = e−β d(x) (2)

where β and d(x) are the scattering coefficient and scene depth, respectively. Therefore, two parameters, β and
d(x), are the only ones used in the calculation of the transmission map [5,9]. Over the previous two decades,
numerous researchers [13–17], have presented their works on the calculation of depth d(x). It explains how
the haze changes linearly in the image itself. The bottom and top sides of a 2-D projection of a 3-D scene
determine the image’s objects, both close and far away, respectively [18–21]. Similarly, the top side of any hazy
image will always have more fog than the bottom since fog density is always higher for distant things. For
precise transmission map calculations, a rectilinear depth model may be helpful because the amount of fog
grows linearly with depth [22]. In the previous decade, numerous scholars created a linear model by bearing
these factors in mind, as is explained in the succeeding paragraph. Nayar et al. [13] have given a method in
which, by comparing two images taken under various atmospheric situations, it was possible to determine
the scene depth. Additionally, to acquire the scene depth required by the transmission function, Oakley
et al. [23] explained the technique for minimizing this degradation in conditions where the scene geometry is
known. Afterward, Narasimhan et al. [24] offered a technique to locate the sky zone manually in an image to
determine the scene depth. The aforementioned techniques, meanwhile, are frequently ineffective in actual
practice. For dehazing an image, He et al. [25] developed the dark channel prior method. Due to its simplicity
and efficacy compared to the prior methods, this method attracted a lot of attention. Further, in order to
recover the densely hazy images, Zhu et al. [15] have given a technique that is based on color attenuation,
w.r.t. the difference between saturation and intensity value, the prior color attenuation characterizes the fog
changes. Real-time defogging for surveillance applications is made possible by using color channel prior
knowledge, which enables the rapid computation of the transmission map for a piece of pixel in the unique
image. Raikwar et al. [16] introduced an enhanced linear depth system that integrates a hue factor into the
depth calculation formula, which is dependent on the variation between saturation and the combination of
hue and intensity. Assuming homogeneous scattering in the local area, it has been discovered that the depth
maps created up to this point compute the transmissivity with constant values of the scattering coefficient.
For calculating the transmission map, the scattering coefficient plays a role that is nearly as important as that
of the depth map, as variations in the scattering medium lead to changes in haze thickness. Therefore, it is not
appropriate to take the value of β as constant over the entire image. Selecting various values of β, such as β >
1, β = 1, and β < 1, will generally allow us to see how β affects the restored image, and that effect can be easily
observed in Fig. 1. Fig. 1a shows two hazy input images of different locations, though the restored images are
shown in Fig. 1b using β > 1. Through Fig. 1b, it is clear that the fog in the background has been removed,
causing the foreground to appear darker or disturbed (as indicated by the red line in the figure). Contrarily,
for β < 1, the fog has a minimal defogging effect in the background and is primarily removed from the
foreground of photographs, as highlighted by the red line in Fig. 1d. Consequently, as can be seen in Fig. 1c,
β = 1 produced uniform defogging in the backgrounds and foregrounds. As far as we know, the variable
scattering concept has not yet been taken into account by any de-fogging algorithms. To significantly improve
defogging techniques, it is necessary to develop a scattering model that incorporates changeable values of β.
With this information in mind, this article presents a model created using the linear regression technique,
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which accounts for variations in β based on the fog density in the image. An improved transmission map that
serves the intended restoration objective is obtained using the proposed approach. In contrast, the depth map
is calculated using the color attenuation prior method from [15,16], the atmospheric light is approximated
employing the technique from [25], and the computation of Rd(x) is performed using (1). The rest of the
article is structured as follows: Section 2 discusses the color attenuation prior-based restoration approach.
In Section 3 suggested technique is described for calculating β. The experimental evaluation is discussed
in Section 4, and lastly, Section 5 provides the concluding remarks.

Figure 1: (Continued)
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Figure 1: Analysis of impact raised due to variation of β; (a) Foggy input picture, (b–d) recovered pictures with β < 1,
β = 1, and β > 1 correspondingly

2 Color Attenuation-Based Recovery Technique
The algorithm for the restoration of a foggy image is created using the atmospheric scattering model

that is given in Eqs. (1) and (2). According to (1), the image restitution process involves four key factors: scene
depth, transmissivity, atmospheric light, and picture radiance retrieval. In the next subsections, these four
elements are briefly discussed.

2.1 Estimation of Scene Depth
Removing fog from a single image remains a significant challenge in computer vision due to the limited

structural information available about the scene. A notable advancement in this area is the Color Attenuation
Prior (CAP) proposed by Zhu et al. [15], which leverages the Hue, Saturation, and Value (HSV) color space for
depth estimation. This method is based on the observation that haze concentration generally increases with
scene depth, leading to the assumption that scene depth d(x) is positively correlated with haze concentration
c(x), which, in turn, is related to the difference between pixel value and saturation: d(x)∝ c(x)∝ v(x) − s(x).

Building on this assumption, Zhu et al. [15] proposed a linear depth estimation model defined as: d (x) =
θ0 + θ1v(x) + θ2s (x)where d(x) represents scene depth, v(x) is brightness, s(x) is saturation, and (θ0, θ1 , θ2)
are linear coefficients learned from a training dataset comprising hundreds of diverse images across various
scenes and locations.

To improve the linearity and accuracy of this model, Raikwar and Shashikala [16] extended it by
incorporating the hue component. Their results showed that as scene depth or fog concentration increases,
the difference between saturation and the sum of brightness and hue also increases, leading to a more robust
linear depth model.

In this paper, we adopt both depth estimation approaches [15,16] to compute the scene depth, which is
then used to generate the transmission map (transmissivity) essential for haze removal.

2.2 Calculation of Transmissivity
The scattering coefficient β and scene depth are needed for the calculation of the transmission map

using (2). In this process, the scene depth d(x) is initially established by utilizing either [15] or [16]. The
transmissivity is then refined using a median filter to keep the current edges. As a result, the raw depth map
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can be described as:

dr (x) = med
y∈Ωr(x)

[d (y)] (3)

where dr(x) is a raw depth map with size r, and Ω(x) is a filter of r × r zone centring on x. Yet, certain blocking
artifacts may still be present as a result of the mask-based processing, and these can be eliminated with an
image-guided filter, yielding d0(x). Furthermore, the magnitude of β is crucial for scene approximation. The
approaches [15,16] assume that atmospheric scattering is homogeneous throughout the scene, resulting in a
constant value of β. Consequently, the redefined term for the transmissivity could be expressed as follows:

tr (x) = exp (−β × d0 (x)) (4)

2.3 Approximation of Ambient Light & Image Brightness Restoration
The color attenuation-supported picture defogging method arranges the projected depth map in

decreasing order of brightness value to determine atmospheric light A. Bright regions, which are often found
in remote locations on the map, are chosen by selecting the upper 0.1% of pixels as targeted ambient bright
areas. The brightness of these pixels is compared in the foggy image, and the pixel with the highest brightness
is chosen as the ambient light A. This method gives a rapid and precise estimation of ambient light. After
calculating the transmission map tr(x) and the atmospheric light A, the restored image Rd(x) can be obtained
using the following relationship:

Rd (x) =
I f (x) − A

max (tr (x) , 0.1)
+ A (5)

where 0.1 serves as a cut-off point to keep the denominator from becoming small enough.

2.4 Issues
In general, the transmission map plays an important role in determining the efficacy of the fog removal

algorithm. According to Eq. (2), two factors (i) scene depth (d(x)) and (ii) scattering coefficient (β) are used
to calculate the transmission map. According to (2), the transmission map is calculated using two factors: (i)
scene depth (d(x)) and (ii) scattering coefficient (β). According to past research, the majority of researchers
only attempted to improve scene depth to calculate the transmission map, while they regarded the scattering
coefficient’s value as unity under the presumption that the atmospheric disturbances are uniform throughout
the whole area of the foggy image. The following conclusions are drawn from this study:

(i) Since the atmosphere’s particles vary in size and orientation, when light from the entire atmosphere
passes through them, it is scattered in all directions. As a consequence, whenever the image is
taken, it exhibits non-homogeneous disruption. This theory addresses the question of how scattering
coefficients, previously assumed to be uniform, can remain constant even when the disturbance is
not homogeneous.

(ii) The fog is not distributed equally across the entire picture. If the scattering coefficient were treated
as a constant in this situation, it might differently affect the recovery of colors in the foreground and
background, as illustrated in Fig. 1.

The observations cited above demonstrate that the transmission map’s functionality and the defogging
algorithm’s effectiveness may both suffer from a constant value of scattering coefficient. The variable
scattering coefficient may be able to aid with the aforementioned issues as well as improve the overall



2312 Comput Model Eng Sci. 2025;144(2)

effectiveness of the defogging method. This motivates the development of a variable scattering coefficient
design for fog removal methods. This article’s main contribution can be summed up as follows:

1. When computing scene depth using methods from [15,16], the HSV color space components are
adjusted to establish a relationship in which brightness and hue increase, while saturation decreases
with perceived depth. Furthermore, analysis of the HSV matrices shows that the ratio of the difference
to the sum of saturation and intensity values varies linearly across the image. This observation is used
to develop an algorithm that dynamically adjusts the scattering coefficient for image defogging.

2. The issue of color fidelity is addressed by incorporating a spatially variable scattering coefficient, β(x),
into existing defogging techniques. However, preserving image edges remains a challenge. To mitigate
edge degradation, we evaluated several filters reported in the literature and found that median filtering
is most suitable, as it enhances visibility while effectively preserving edge details.

3 Suggested Approach to Estimating Atmospheric Scattering and Updated Transmissivity
As discussed in previous sections, the transmission map can be enhanced by developing it with a variable

scattering coefficient β(x) for better recovery of the hazy pictures. Consequently, this section introduces a
pattern-based linear model for calculating the scattering coefficients of the input foggy image. In any given
hazy image, the fog density generally increases from the bottom to the top. Fog is primarily caused by foreign
particles, such as moisture, dust, smog, and murk, suspended in the air. The scattering of these particles is
affected by their properties, such as dimension, dispersion, or positioning, which are never entirely uniform.
The varying particle sizes result in a variable-density scattering medium in the atmosphere, complicating the
prediction of a variable scattering coefficient model. Moreover, several linear models have been developed
in the literature [15,16,25] for determining depth, considering that fog density varies linearly with depth. In
a similar way, and taking the same factors into account, the scattering map can also be produced.

In general, three separate information planes, like HSV or RGB, are used to model color images. The
scattering map is created using information from any foggy image’s HSV model. Several studies have been
conducted on various foggy images to explore the potential of finding a relationship between scattering and
the values of HSV planes. In essence, the tests are based on random procedures carried out on the HSV values
of chosen images that are blurry. Experimental analysis statistics reveal that the ratio between the difference
and the sum of saturation and brightness values is directly linked to the distribution of the scattering medium.

β (x) ∝ v (x) − s (x)
v (x) + s (x)

(6)

A linear model for the variable scattering coefficient is suggested, as presented in (7), based on an
approximation of (6), which indicates the concentration of scattering particles.

β (x) = c1 + c2η (x) + c3 χ (x) + ε (x) (7)

where η (x) = v(x)
v(x)+s(x) and χ (x) = s(x)

v(x)+s(x) are the normalization factors for the brightness and saturation
of a hazy picture. Here, c1, c2, and c3 are the unidentified linear constants, and ε(x) represents an arbitrary
error in the scattering model, characterized as an arbitrary picture with zero mean and variance σ2 (i.e.,
ε(x)∼N(0, σ2)).

To reduce the square of error, the optimal values of linear coefficients are computed as follows:

(ε (x))2 = (β (x) − c1 − c2η (x) − c3 χ (x))2 ≅ 0 (8)
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The mathematical method of calculating linear coefficients, known as regression analysis, is predicated
on the idea that the sum of the squared errors from the n samples has to be kept to a minimum. For
conducting the regression examination, the linear method (7) can be rewritten in its globalized system as:

βi (x) = c1 + c2ηi (x) + c3 χi (x) + εi (x) (9)

Likewise, stochastic errors might be globalized as follows:

εi (x) = βi (x) − c1 − c2ηi (x) − c3 χi (x) (10)

Afterward, squares of errors are calculated and combined, which is given as:

E = ε1
2 (x) + ε2

2 (x) + ε3
2 (x) + . . . + εn

2 (x) (11)

or

E =
n
∑
i=1
(εi (x))2 =

n
∑
i=1
[ βi (x) − (c1 + c2ηi (x) + c3 χi (x))]2 (12)

Differentiate (12) partially about c1, c2, and c3, and equate it to zero to reduce the value of error E.

∂E
∂c1
= 0 = −2 [β1 (x) − (c1 + c2η1 (x) + c3 χ1 (x))] − 2 [β2 (x) − (c1 + c2η2 (x) + c3 χ2 (x))]

− . . . − 2 [βn (x) − (c1 + c2ηn (x) + c3 χn (x))] (13)
∂E
∂c2
= 0 = −2η1 (x) [β1 (x) − (c1 + c2η1 (x) + c3 χ1 (x))] − 2η2 (x) [β2 (x) − (c1 + c2η2 (x) + c3 χ2 (x))]

− . . . − 2ηn (x) [βn (x) − (c1 + c2ηn (x) + c3 χn (x))] (14)
∂E
∂c3
= 0 = −2χ1 (x) [β1 (x) − (c1 + c2η1 (x) + c3 χ1 (x))] − 2χ2 (x) [β2 (x) − (c1 + c2η2 (x) + c3 χ2 (x))]

− . . . − 2χn (x) [βn (x) − (c1 + c2ηn (x) + c3 χn (x))] (15)

Eqs. (13)–(15) are simplified as:
n
∑
i=1

βi (x) = nc1 + c2

n
∑
i=1

ηi (x) − c3

n
∑
i=1

χi (x) (16)

n
∑
i=1

βi (x) × ηi (x) = c1

n
∑
i=1

ηi (x) + c2

n
∑
i=1

ηi
2 (x) − c3

n
∑
i=1

χi (x) × ηi (x) (17)

n
∑
i=1

βi (x) × χi (x) = c1

n
∑
i=1

χi (x) + c2

n
∑
i=1

ηi (x) × χi (x) − c3

n
∑
i=1

χi
2 (x) (18)

To determine the optimal values for scattering coefficients c1, c2, and c3, above mentioned
equation could be used. However, solving these equations requires the values of the variables
∑n

i=1 βi (x) , ∑n
i=1 ηi (x) and ∑n

i=1 χi (x). Hence, these variables could be derived using a dataset which have
hazy pictures along with ground truth pictures. This dataset can be generated using 500 clear pictures taken
from the Google Images dataset. After that, hazy pictures are developed using the model given in (1), which
produces the i-th hazy picture, If (x) for each recovered picture Rd(x). Once If (x) is obtained for each picture,
the hue, saturation, and brightness components are extracted. Subsequently, the necessary matrices for
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these three variables are computed. The hazy picture developing model (1) is utilized to create the i-th hazy
picture, If (x), for each lucid picture Rd(x). Afterward, obtaining If (x) for each picture, the hue, saturation,
and brightness components are separated. Subsequently, the necessary matrices for the three variables are
computed. The three matrices previously mentioned are used to create the sample space for fitting the curve
of (12) using the least squares regression approach, as explained in (16)–(18). This allows for the determination
of the values of the linear coefficients. Algorithm 1 can be utilized to compute the required values of variables
c1, c2, and c3 as delineated below:

Algorithm 1: Computation of coefficients.
Input: Ji(x): n samples of non foggy images
Initialization: sum← 0; sumη ← 0; sumχ ← 0;

for i = 1 to n do
generate random matrix βi(x);
Compute hazy image using Eq. (1);
Convert hazy image in to hi(x), si(x), and vi(x);

generate

ηi (x) =
vi (x)

vi (x) + si (x)

χi (x) =
si (x)

vi (x) + si (x)
;

end generate;
compute: sum← sum + βi(x); sumη ← sumη + ηi(x); sumχ ← sumχ + χi(x);

end for;
put the values of sum; sumη; sumχ in Eqs. (16)–(18);
solve the Eqs. (16)–(18) to determine c1, c2, and c3;
Output: the estimated parameters c1, c2, and c3

The linear coefficient values obtained using Algorithm 1 are c1 = 0.8612, c2 = 0.8059, and c3 = −0.65525.
To generate a transmission map, the scattering map is modeled using both the estimated linear coefficients
and (7). As a result, the redeveloped form of the transmission map could be expressed as follows:

tr (x) = exp (−β (x) × d0 (x)) (19)

tr (x) = exp (− (c1 × d0 (x) + c2η (x) × d0 (x) + c3 χ (x) × d0 (x) + ε (x) × d0 (x))) (20)

Additionally, the outcomes of current approaches have improved with the help of (20), and the efficiency
of the suggested model is evaluated in the following section.

4 Experimental Results and Analysis
To compare the performance of the suggested technique with existing methods, both qualitative

and quantitative analyses were conducted in MATLAB 19 on a 64-bit Core i7 Processor with 6 GB
RAM [4,15,16,25]. The test images were selected from available datasets, including Frida2 [26] and the
Waterloo IVC Dehazed Image Database [27]. The dataset included real-world foggy photos captured at
various times of the day, morning, afternoon, and night.
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4.1 Qualitative Analysis
The quality evaluation was conducted by simulating two existing methods [15,16] using the proposed

transmission model and a specified value of β on several sets of images, as illustrated in Fig. 2. The figure
consists of 7 rows and 5 columns of various images. For qualitative evaluation purposes, the arrangement
of the figures is as follows: column 1 contains the original foggy images; column 2 shows the results of
method [15] with a constant β; column 3 shows the results of method [15] with the proposed β(x); column 4
shows the results of method [16] with a constant β; and column 5 shows the results of method [16] with the
proposed β(x).

Additionally, to illustrate the performance of the proposed method more clearly, row 5 presents a
zoomed-in version of row 4. All of the visuals in Fig. 2 demonstrate that the proposed scattering model
provides superior visibility compared to the result obtained from the existing techniques. In other words,
the performance of the existing methods improves when the proposed transmission map is used in place of
their original one.

4.2 Quantitative Analysis
This analysis includes several performance metrics that are described in [27,28] and are calculated

to support the defogged image’s quality. This assessment offers a solid foundation for measuring how
well algorithms can restore deteriorated edges and improve contrast, structure-preserving, and visibility.
Further, simulations have been conducted utilizing the proposed and existing single image defogging
techniques [4,15,16,25] to conduct the qualitative analysis, and Figs. 3–8 illustrate the acquired outcomes. On
the images in Figs. 3–8, a quantitative evaluation has been done using the following performance measuring
parameters, and the acquired outcomes are shown in Table 1.

Blind Assessment: To evaluate the capacity of an algorithm used for the assessment of retaining and
enhancing edges, two parameters, e, and r are used.

Greater values of these parameters indicate that the suggested method can improve the level of visibility
and preserve edges. Table 1 makes it abundantly clear that the suggested model has improved the values of
these two descriptors.

Image Visibility Measure (IVM): The visible edge segmentation-based assessment parameter was sug-
gested by Yu et al. [29]. According to Yu et al., an image that has been defogged will have better visibility with
a larger value for this attribute. The proposed model’s ability to improve the IVM is justified by Table 1.

Contrast Gain (CG) and Visual Contrast Measure (VCM): The performance of the various defogging
methods is also evaluated using these two attributes. For this, Tripathi et al. [3] and Jobson et al. [30]
suggested CG and VCM to list the level of visibility in recovered images. Both of these parameters need
to be larger for clear pictures than the unclear ones. Table 1 shows that utilizing the suggested model, the
derived values of CG and VCM are significantly greater for each of the six test images. Furthermore, the
suggested method is more efficient for non-reference-based analysis, whereas reference-based analysis also
allows for quantitative analysis of the recovered image. Peak Signal to Noise Ratio (PSNR) and Structure
Similarity Index Measure (SSIM) are reference-based parameters measured on test images (with the original
scene) from the RESIDE [31] dataset, which is ordinarily used as a test image in numerous current
dehazing approaches.
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Figure 2: Evaluation of suggested and standing methods on actual creation pictures. (a) foggy input pictures; (b)
Outcomes of [15] and (d) Outcomes of [16], with persistent β; (c) Outcomes of [15] and (e) Outcomes of [16] using the
suggested scattering model with variable β
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(a) (b) (c)

(d) (e) (f)

Figure 3: Zoomed fogy picture with less background (a) Foggy input picture. (b–e) Recovered pictures [4,15,16,25],
and (f) Recommended tactic

(a) (b) (c)

(d) (e) (f)

Figure 4: Visual comparison of fogy morning picture of policeman discharging duty (a) Foggy input picture. (b–e)
Recovered pictures [4,15,16,25], and (f) Recommended tactic
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(a) (b) (c)

(d) (e) (f)

Figure 5: Visual comparison of challenge fogy picture of railway tracks (a) Foggy input picture. (b–e) Recovered
pictures [4,15,16,25], and (f) Recommended tactic

(a) (b) (c)

(d) (e) (f)

Figure 6: Fogy image of airport with deep background (a) Foggy input picture. (b–e) Recovered pictures [4,15,16,25],
and (f) Recommended tactic
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(a) (b) (c)

(d) (e) (f)

Figure 7: Synthetic objective testing picture (a) Foggy input picture. (b–e) Recovered pictures [4,15,16,25], and (f)
Recommended tactic

(a) (b) (c)

(d) (e) (f)

Figure 8: Synthetic testing images with multiple colors (a) Foggy input picture. (b–e) Recovered pictures [4,15,16,25],
and (f) Recommended tactic

Table 1: Performance measures of suggested and standing methods

Constraints Methods Figures

3 4 5 6 7 8
e [25] 7.059 16.246 14.348 16.466 15.860 12.402

[4] 14.600 31.386 26.532 25.366 17.037 21.600
[15] 4.737 21.064 6.917 12.654 9.216 17.596
[16] 2.41 16.751 9.0001 12.770 11.183 12.718

(Continued)
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Table 1 (continued)

Constraints Methods Figures

3 4 5 6 7 8
Suggested 34.8771 40.023 25.207 28.075 34.679 31.679

r [25] 1.084 0.948 2.582 2.006 2.834 0.954
[4] 1.576 3.934 2.418 1.813 3.459 2.902
[15] 1.031 0.995 1.680 1.742 2.066 1.161
[16] 1.078 0.917 2.161 1.998 2.540 1.210

Suggested 1.801 4.653 3.029 2.224 6.429 4.029
IVM [25] 4.387 7.000 3.911 5.244 4.685 5.114

[4] 5.950 7.397 9.191 8.391 5.228 6.728
[15] 3.875 8.924 2.252 4.286 3.334 6.385
[16] 3.3630 9.312 2.888 4.678 3.897 5.653

Suggested 9.1486 9.0212 9.699 8.968 8.798 9.557
CG [25] 0.095 0.292 0.188 0.239 0.194 0.074

[4] 0.190 0.280 0.472 0.217 0.224 0.347
[15] 0.068 0.729 0.082 0.172 0.113 0.112
[16] 0.047 0.103 0.195 0.308 0.222 0.141

Suggested 0.307 0.443 0.795 0.497 0.612 0.688
VCM [25] 32.456 21.200 35.768 61.000 54.462 23.846

[4] 37.017 40.384 59.333 30.961 57.665 71.800
[15] 28.245 18.500 51.730 55.800 36.842 22.500
[16] 27.017 54.166 59.807 56.801 42.791 24.615

Suggested 34.736 47.307 76.333 31.923 76.659 86.401

Simulations have been performed on both proposed and existing algorithms [4,15,16,25], In Table 2, we
used the SOTS (Synthetic Objective Testing Set) subset of the RESIDE dataset for quantitative evaluation, as
it provides clean ground truth images suitable for benchmarking dehazing algorithms. Due to computational
and resource limitations, we focused on RESIDE-SOTS in this article.

Table 2: Reference-based quantitative assessment for picture datasets [31]

Constraints Standing methods Suggested

[25] [4] [15] [16]
PSNR 8.58 9.08 12.71 13.98 19.79
SSIM 0.65 0.78 0.81 0.69 0.88

Table 2 reveals that the average values of PSNR and SSIM for the dataset [31] are appreciably good for
the proposed model. Last but not least, average values for each non-reference-based parameter are calculated
and presented as a bar chart as depicted in Fig. 9. It is evident from Fig. 9 that the proposed haze removal
approach demonstrates superior performance in all aspects compared to other current methods [4,15,16,25].
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Figure 9: Assessment of all the performance constraints for existing [4,15,16,25] and recommended tactics

5 Conclusion
Removing fog from a single image presents a significant challenge for most consumer and computer

vision applications. The effectiveness of the fog removal process depends on the accuracy of estimating
the transmission map, which in turn relies on precise scene depth assessment and a constant scattering
coefficient, β. Furthermore, the current technique only aims to increase scene depth while maintaining
a constant β. However, the haze removal method might perform more effectively with a transmission
map based on variable scattering. As a result, an updated transmission map model that accounts for
fluctuations in scattering information in foggy images is proposed. For effective image restoration, this
updated transmission map is generated using the proposed scattering model combined with scene depth
from existing approaches. Experimental findings show that the suggested model outperforms current fog
removal methods in both qualitative and quantitative analyses. Moreover, the results suggest that the revised
transmission map addresses established issues such as edge preservation and chromatic constancy.

A significant limitation of the proposed work is the increased computational complexity required to
compute β(x), which scales with n ×m compared to using a constant β. Additionally, it raises hardware
complexity when implemented in hardware. However, these limitations are acceptable given the substantial
improvement in image restoration quality.
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