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Abstract: Image defogging is an essential technology used in traffic safety monitoring, military
surveillance, satellite and remote sensing image processing, medical image diagnostics, and other
applications. Current methods often rely on various priors, with the dark-channel prior being
the most frequently employed. However, halo and bright-field color distortion issues persist. To
further improve image quality, an adaptive image-defogging algorithm based on bright-field region
detection is proposed in this paper. Modifying the dark-channel image improves the abrupt changes
in gray value in the traditional dark-channel image. By setting the first and second lower limits
of transmittance and introducing an adaptive correction factor to adjust the transmittance of the
bright-field region, the limitations of the dark-channel prior in extensive ranges and high-brightness
areas can be significantly alleviated. In addition, a guide filter is utilized to enhance the initial
transmittance image, preserving the details of the defogged image. The results of the experiment
demonstrate that the algorithm presented in this paper effectively addresses the mentioned issues
and has shown outstanding performance in both objective evaluation and subjective visual effects.

Keywords: image defogging; dark-channel prior; bright-field region segmentation; transmission

1. Introduction

Haze, often occurring in adverse weather conditions, significantly reduces image
contrast and distorts original colors. Images captured in hazy conditions typically lack
sufficient valuable information due to their low contrast [1,2]. Vision-based intelligent
systems are primarily designed for clear weather conditions. Processing images directly
under foggy conditions can severely reduce system performance. Therefore, defogging
as a preprocessing step is crucial for enhancing scene visibility. Moreover, fog-removal
techniques can also mitigate the adverse visual effects caused by sand and dust.

Traditional image-defogging algorithms can generally be divided into two categories:
contrast-enhancement and image-restoration methods. Methods based on image enhance-
ment include histogram equalization [3], Retinex, and homomorphic filtering. Histogram
equalization comprises Global Histogram Equalization (GHE), Local Histogram Equaliza-
tion (LHE), and Adaptive Histogram Equalization (AHE) [4]. Retinex is a model based on
color constancy. It includes a single-scale retinex (SSR) algorithm, utilizing a Gaussian filter
to smooth the original image and generate the illumination component. The SSR is then
extended into multi-scale retinex (MSR) and color-restoration MSR (MSRCR) algorithms.
The MSRCR parameter setting is complex, and its self-adaptability is relatively poor [5].
Furthermore, homomorphic filtering can enhance image quality and contrast by modu-
lating the gray dynamic range in the frequency domain. It is more suitable for enhancing
haze-affected images with uneven illumination, but less effective for dense fog scenarios [6].
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In summary, these image-enhancement methods do not fully consider the nature of image
degradation in foggy weather, potentially leading to issues like halo and distortion [7].

The image-restoration method defogs by making prior assumptions about ambient
light and transmittance to approximate real values. Tan et al. [8] restored defogging images
by enhancing local contrast. Meng et al. [9] proposed an efficient image dehazing technique
with boundary constraint and context regularization (BCCR) that provides faster processing
speed for large-scale foggy images. But the effectiveness of the fog-removal process heavily
relies on manually selecting the atmospheric light intensity. Berman et al. [10] proposed
a nonlocal prior algorithm to optimize the traditional defogging model that can assess
transmittance across different environments. He et al. [11] proposed the dark-channel prior
(DCP) algorithm to estimate atmospheric light and transmittance. To reduce computational
complexity, a guided filter [12] was later introduced. However, the DCP often fails in the
sky region, leading to the misestimation of atmospheric light and transmittance, resulting
in color distortion. Numerous methods have been suggested to enhance DCP efficiency.
Zhu et al. [13] developed a linear model based on color attenuation theory, incorporating
scene depth, brightness, and saturation. Using supervised learning to obtain model pa-
rameters offers high processing speeds. Chen et al. [14] obtained the transmittance of red,
green, and blue (RGB) color channels by calculating the light-attenuation coefficients of
different wavelengths, thereby achieving defogging. Shi et al. [15] proposed an improved
defogging algorithm that adjusts and refines transmittance using enhancement, texture,
and gradient functions. But it suffers from over-enhancement at the boundary.

In the field of deep learning, there were many early studies [16,17] that attempted
to use deep networks to estimate the parameters of foggy degradation models. To avoid
cumulative errors in parameter estimation, end-to-end networks have also been proposed
to directly estimate fog-free images [18,19]. These above learning-based methods perform
well on synthetic datasets. However, overcoming their significant performance degradation
on real-world data remains a pressing issue. Recently, some methods have begun to
focus on the problem of defogging real images. Yang et al. [20] proposed an unpaired
defogging network named D4. It can estimate the depth information of foggy images and
generate data from scenes with different fog concentrations for defogging model training.
Nevertheless, the method is prone to artifacts in the defogging results. Li et al. [21] proposed
a semi-supervised pipeline utilizing prior-based loss functions to train networks on real
datasets. Wu et al. [22] introduced a Real Image Dehazing network using high-quality
Codebook Priors (RIDCP), which involves a phenomenological degradation pipeline that
synthesizes more realistic hazy data, leading to substantial improvements in haze removal.
However, it does not handle non-homogeneous haze well and is not yet suitable for images
with extremely dense haze. Although deep learning-based defogging algorithms have
made rapid progress, their performance somewhat depends on the dataset, which can
result in suboptimal defogging in real, complex environments. The training process is
complex and requires a lot of computing resources and time. Therefore, research on the
traditional defogging algorithm is still of great significance [23].

To achieve optimal image-defogging results, it is important to address the issues of halo
effect and bright-field distortion within the DCP algorithm. Therefore, this paper proposes an
adaptive image-defogging algorithm based on bright-field region detection. Firstly, the halo
effect in the defogged image is significantly reduced by adjusting the dark-channel image and
utilizing the relationship between RGB primary colors. Inspired by this, the transmittance
is optimized from two aspects: dark-channel pattern compensation and bright-field region
segmentation. Finally, fog removal is achieved using an atmospheric light-scattering model.

In summary, our contributions are as follows:

1. By leveraging the correlation between the lowest value among the R, G, and B color
channels of the obscured initial image and the dark-channel prior, the compensation
threshold T is established through the application of the contrast energy (CE) and
CIEDE2000 metrics. This process enhances the dark-channel image and effectively
mitigates the halo effect present in the resulting image.
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2. A novel bright-field region-segmentation algorithm is proposed that initially segments
the bright-field region based on three prior conditions to determine the baseline of the
target area. Subsequently, region growing is employed to further refine the bright-field
region.

3. Introducing an adaptive adjustment factor β to optimize the transmittance mapping
effectively addresses the potential color distortion issues that may arise in the process
of dehazing bright-field regions.

2. DCP Defogging Algorithm and Background
2.1. Atmospheric Scattering Model

In foggy scenes, image quality is degraded due to particles in the atmosphere absorbing
and scattering light. In the field of image defogging, Narasimhan et al. [24] proposed an
atmospheric scattering model to describe this process as follows:

I(x) = J(x)t(x) + A(1 − t(x)), (1)

where I(x) represents the degraded foggy image, J(x) represents the fog-free image to be
restored, A is the atmospheric light-intensity value at infinity, and t(x) is the transmittance
of the medium. If A and t(x) are known, the defogged image J(x) can be obtained.

2.2. Dark-Channel Prior Defogging

The main idea in [11] is that, in the non-sky local area of most fog-free images, there
are always some pixels that meet the condition where the value of at least one color channel
is very low and close to zero.

Jdark(x) = min
y∈Ω(x)

(
min

c∈{r,g,b}
Jc(y)

)
→ 0 , (2)

where Jdark(x) represents the dark-channel image and the value of c channel at y pixel in the
Jc fog-free image, and c ∈ {R, G, B}, Ω(x) represents the local filtering window centered on
x pixel. The atmospheric light is assumed to be known and positive.
Equations (1) and (2) can be combined to obtain the transmittance value as follows.

t(x) = 1 − ω min
y∈Ω(x)

(
min

cϵ{r,g,b}

Ic(y)
Ac

)
. (3)

To enhance the defogging effect more naturally, a constant coefficient ω (0 < ω < 1) is
typically added to Equation (3). Generally, ω = 0.95. Because the dark-channel graph is
compensated in this paper (see Section 3.1), ω is 0.85.

2.3. Guided Filter

The guiding filter [12] is derived from a local linear model. The filtering output q is
calculated by considering the guiding image I, which is expressed as the guiding filter by a
mathematical formula. The filtering output at pixel i is expressed as

qi = ∑j Wij(I)pj, (4)

where Wij is the filter kernel function, and both i and j denote pixel indices. The filter can
be assumed to be a linear model between the guided image I and the filtered output q that
can be expressed as

qi = ak Ii + bk, ∀i ∈ ωk, (5)

where ωk is the local filtering window centered on pixel k. The coefficients of linearity
(ak, bk) are constant in ωk. The output image q has a gradient correlation with the input
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image I. To reduce the disparity between the input and output images, the goal is to
identify the lowest value of the cost function:

E(ak, bk) = ∑i∈ωk

(
(ak Ii + bk − pi)

2 + ϵa2
k

)
, (6)

where ϵ is the regularization parameter used to prevent ak from becoming too large. The
linear relationship can be fitted using the least-squares method, and the optimal solution of
(ak, bk) is obtained as follows:

ak =

1
|ω|∑i∈ωk

Ii pi − µk pk

σ2
k + ϵ

, (7)

bk = pk − akµk, (8)

where µk and σ2
k represent the mean and variance of the guide image I in the local window

ωk, respectively, and |ω| is the number of pixels in ωk. pk = 1
|ω|∑i∈ωk

pi is the average value
within ωk.

3. Proposed Algorithm

It is easy to cause a halo effect when using the DCP method. An adaptive image-
defogging algorithm based on bright-field region detection (ADBD) is proposed in this paper.
Because the dark-channel value of an image is related to the scene’s depth information, this
paper compensates the dark-channel map by using the relationship between the minimum
RGB three-channel value and the initial dark-channel value of the original foggy image to
mitigate the impact of depth-of-field changes. However, for foggy images with large bright-
field areas, merely optimizing the dark-channel map cannot resolve the issue of noticeable
color bias. Therefore, this paper proposes a new segmentation algorithm for bright-field
regions based on information entropy and the thresholds of gray and brightness. The region-
growth algorithm is then used for the detailed segmentation of the bright-field region. Finally,
an adaptive correction factor is introduced to determine the lower limit of the secondary
transmittance, and a nonlinear balance operation is applied to map the transmittance, thereby
enhancing the overall brightness of the defogged image. The process flow is illustrated in
Figure 1. Each part of the proposed algorithm is discussed in detail below.
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3.1. Improved Dark-Channel Image

Based on the concept of the dark-channel prior, the process of calculating the dark
channel involves two main steps. The first step is to identify the minimum value (referred
to as MC) among the RGB channels. The second step involves selecting a filter window
centered around each pixel to determine the minimum value within that window as the
dark-channel value for the pixel at the center.

As depicted in Figure 2, the filtering process of the local filter kernel is illustrated
in regions where the depth of field exhibits little variation and where the depth of field
changes abruptly. The red box represents the neighborhood window selected by the central
pixel, and the red solid rectangle represents the central pixel of the local window. The A
side has a smaller dark-channel value, while the B side has a larger dark-channel value. If
all the pixels in the entire window fall within the smooth region of the actual dark-channel
value (either in area A or B), the dark-channel value will show a smaller change after
the minimum filtering process. If the filtering window is positioned in the C region, the
two regions will be adjacent to each other, leading to the formation of a boundary edge
band. When the window contains pixels in an area with a small dark-channel value, the
dark-channel value of the central pixel of the window is reduced by the surrounding pixels.
This causes the dark-channel value of the filtered pixel to be lower than its true value, and
the same region value will represent the transmittance of various depths in the scene. As a
result, the connection between different depths of field in the image will not be smooth,
resulting in a halo effect at the edges. The larger the filtering radius, the more pronounced
the multiple depth-of-field information in the window area, and the stronger the halo effect.
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This paper introduces a new concept aimed at enhancing the process of acquiring
dark-channel images. We propose using the absolute value of the difference between the
original dark-channel image and the MC as a criterion to determine if compensations
are needed for the original dark-channel image. If the difference is greater than a certain
threshold T, it is determined that the neighborhood window pixel has a different depth of
field from the central pixel. In this case, the MC is used to replace the dark primary color
pixel by pixel. Otherwise, the initial dark-channel image is retained.

The improved dark-channel image acquisition steps are as follows:
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4. According to the dark-channel prior theory, the size of Ω(x) is 15 × 15 pixels, and the
initial dark-channel image Idark is obtained:

Idark = min
y∈Ω(x)

(
min

c∈{r,g,b}
Ic(y)

)
(9)

5. Obtain the MC:
Imin = min

c∈{r,g,b}
Ic (10)

6. Calculate the absolute value of the difference between the two:

k =
∣∣∣Imin − Idark

∣∣∣ (11)

7. Screening: When the difference k is greater than T, it is considered that the central
pixel and its neighborhood are in different depth-of-field ranges. The MC is used to
replace and correct pixels of image Idark, reducing the impact of changes in the depth
of field at the edges.

Idark’
(i, j) =

{
Imin(i, j), k > T
Idark(i, j), k < T

(12)

8. Introduce tolerance T0: T0 = 5. In the dark-channel image obtained in the first step,
if the gray value of a pixel falls within the tolerance range of |k − T| < T0, that pixel
and the pixels to its left and right are adjusted by the central pixel’s MC.

Idark′(i, j + 1)
Idark′(i, j − 1)

}
= Imin(i, j), |k − T| < T0 (13)

3.2. Determination of Threshold

The size of the threshold T significantly impacts the performance of the algorithm. An
appropriate threshold T should ensure that the defogged image remains undistorted and
free of halo effects. This requires the transmittance to retain sufficient and accurate depth-
of-field information. When T = 0, there is a difference between the initial dark-channel
value and the minimum value of the three RGB color channels. All pixels are replaced by
the MC to calculate the transmittance image. Although this can avoid the halo effect, it
can easily lead to image supersaturation and an overall dimness in brightness. Detailed
information may be lost depending on the color of the original foggy image, as a result of
changes in the depth of field, or due to other factors.

Therefore, this paper conducts a statistical analysis of numerous foggy images prone
to producing halo effects and determines that the maximum value of the difference k is 150.
The difference is calculated for T = 0 and the transmittance image obtained using the initial
dark channel (15 × 15). A binarization operation is then performed to identify areas prone
to halo effects or bright fields. Subsequently, T is incremented in steps of 1 within the range
of 0 to 150. For each T value, the color difference between the fog-free image recovered in
the difference region is calculated using the CIEDE2000 [25] standard. Simultaneously, it is
considered that compensating the dark-channel value of certain pixel points significantly
impacts the color of the recovered image. Therefore, the evaluation function contrast energy
(CE) [26], which characterizes the color, is adopted as the evaluation index of the defogged
image to further clarify the optimal value of T. The normalized mean values of CE and
CIEDE2000 for multiple images are depicted in Figure 3.
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Figure 3. The mean values of CE and CEIEDE2000 at different T values.

As shown in Figure 3, the transmittance image is more accurate in the difference
region when T ranges from 0 to 50, showing a more gradual change and higher precision
in the transmittance mapping. When T exceeds 50, the CIEDE2000 indicator shows a
dramatic increase, indicating that edge information in the transmittance map becomes
incomplete, leading to color shifts in the recovered colors at the image edges. According
to Section 3.1, the dark-channel prior theory applies to image pixel neighborhoods rather
than individual pixels. Therefore, the T value should take a larger value while preserving
enough depth-of-field information to prevent the overcompensation of dark primary colors.

To validate the reasonableness of T ∈ [35, 45], the foggy images prone to the halo effect
were defogged. Figures 4 and 5 show the restored image and the transmittance image at
T = 0, T = 40, T = 100, and T = 150. When T is set between 35 and 45, the transmittance
is estimated more accurately, with detailed information remaining largely consistent with
that of T = 0. The color is realistic and natural, effectively improving the halo phenomenon.
However, there is still an issue with the smoothness of the color transitions in some regions.
In addition, if a foggy image contains large bright-field areas, simply compensating the
dark-channel image is insufficient. It is also necessary to segment the bright-field areas and
optimize the transmittance (see Sections 3.3 and 3.4).
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3.3. Bright-Field Region Segmentation

The bright-field region-segmentation method proposed in this paper satisfies three
prior conditions based on the bright-field areas, such as the sky and white objects in the
foggy image. The target region is segmented based on three conditions. There is a uniform
distribution of gray level in the pixels within the image. The dark-channel value of the
pixels in this region tends to be 1, and the gray values and brightness of the pixels in the
target area are relatively high.

In contrast to previous studies, the experiment in this paper focuses on utilizing the Y
channel of the YCbCr color space of the foggy image to preserve additional image details.
Firstly, the foggy image is transformed into the YCbCr color space. To extract the edge contour
gradient information of the whole image, the Sobel operator is used to calculate the gradient
value of the Y component in the x and y directions, and then the edge gradient values are
normalized. The horizontal (x) direction filtering kernel of the Sobel operator M is

M =

−1 0 1
−2 0 2
−1 0 1

, (14)

in the y direction (Equation (14)). Convolve the operator filter kernel with the Y component,
where Gx and Gy represent the horizontal- and vertical-edge gradients, respectively. The

edge gradients are calculated as G =

√(
Gx

2 + Gy
2
)

. Image entropy (IE) [27] is used to

segment the bright-field regions. The entropy value reflects the amount of information in
the image. Here, we define IE as Ei. The smaller the entropy value, the less information
in the image and the more uniform the distribution of gray level. The definition of IE is
as follows:

Ei = −∑
v

pvlog2(pv), (15)

where v is the gray level and pv is the probability associated with v. Secondly, according to
the gradient image, the information entropy of 15 × 15 pixels in the local window is calcu-
lated. Due to the minimal changes in the gradient within the bright-field region, Ei tends to
zero; then, obtain the dark-channel image of the foggy image (Ω(x) = 15 × 15 pixels) and
set the brightness threshold T1. If the dark-channel value is greater than T1, it may indicate
the bright-field region. Here, T1 = min(α, 0.75) because the overall brightness of some
foggy images is dark, and after normalization, the dark-channel value of the bright-field
areas such as the sky is close to 0.5. Therefore, a correction factor α was introduced after
multiple experiments on foggy images containing clear field areas. Ultimately, α was
determined to be the maximum value in the normalized dark-channel image minus 0.1.
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Finally, the sky serves as a typical representation of the bright-field region. In foggy images
including sky, the proportion of the sky region is generally greater than 5% [28]. The
grayscale histogram reflects the frequency of occurrence of a certain grayscale in the image,
with the target region accounting for a relatively large proportion (mostly concentrated in
the higher gray levels). Therefore, the grayscale threshold T2 is defined as

T2 = rmax − 30, (16)

where rmax represents the grayscale with the highest probability in foggy images.
The region that satisfies the above conditions is defined as the initial bright-field region.

Subsequently, the bright-field area is refined.
Firstly, skeletonize the field region and identify the feature points (endpoints and

turning points). Then, these feature points are used as growth factors for region expansion
to realize the growth of the region. Check if the recently separated target area includes all
the feature points, and repeat the process until all the points are within the target region.
Finally, apply a morphological opening operation to the image to eliminate incorrectly
identified connected regions in the non-bright-field area. Figure 6 illustrates the overall
segmentation process of the bright-field region.
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3.4. Transmission-Adaptive Optimization

In this paper, the top 0.1% of the brightest pixels from the initial dark-channel image
are selected, and their mean value in the original image is considered as the atmospheric
light value. Incorporating Idark′ and A into Equation (3) allows for the calculation of
coarse transmittance. This section introduces a primarily adaptive optimization method
for transmittance.

In the enhanced dark-channel image, although the depth of field at the edge is more
precise, a “pseudo edge” may appear near the threshold. In image defogging, guide
filtering is generally employed to refine the transmittance image. The grayscale image of
the fog serves as the reference image, while the coarse transmittance image is used as the
input image. This technique improves the image’s quality while preserving the integrity of
its edge details.
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In bright areas, such as the sky, it does not meet the prior condition of the dark channel.
That is, the values of the three RGB color channels are not close to zero and are greater than
zero after the minimum filtering in the pixel neighborhood. Thus,

tbright(x) =
1 − min

y∈Ω(x)

(
min

cϵ{r,g,b}
Ic(y)

Ac

)
1 − min

y∈Ω(x)

(
min

cϵ{r,g,b}
Jc(y)

Ac

) > 1 − min
y∈Ω(x)

(
min

cϵ{r,g,b}

Ic(y)
Ac

)
. (17)

The actual transmittance in the bright-field region is higher than that predicted by the

dark-channel prior theory in this area. Additionally, the smaller 1− min
y∈Ω(x)

(
min

cϵ{r,g,b}

(
Jc(y)

Ac

))
is, the larger tbright(x) becomes. Therefore, when restoring the defogged image in the
segmented bright-field region, it is necessary to use a higher transmittance value. This value
is referred to as the second lower limit of transmittance t0

′, and it is crucial for achieving
defogging in the bright-field region. In some foggy images, the bright-field region exhibits a
higher average brightness, leading to a significant deviation when calculating transmittance
using the dark-channel prior. It is typically lower. If the lower bound value is fixed, the
color shift will still occur in some bright-field regions. In other words, the transmittance of
the highlighted region is not adequately compensated, and the fixed lower limit value does
not effect it.

Grayscale values characterize luminance. This study attempts to use the mean
grayscale value of the segmented sky region as a factor to adjust the lower limit of trans-
mittance in the sky region. β is defined as follows:

β = 0.2 + 0.2 ∗ Ids
255

, (18)

t0
’ = max(β, 0.35), (19)

where Ids is the average value of the gray level in the bright-field region (Section 3.3).
Considering the scarcity of real foggy sky datasets, this paper uses the SOTS outdoor

synthetic dataset containing sky regions. Equation (19) and a fixed lower limit of 0.35 were
applied separately for defogging, and the results were compared with real clear images.
The original clear image had IE and natural image quality estimation (NIQE) metrics
of 7.40 and 2.94, respectively. Using Equation (19), the obtained metrics were 7.25 and
3.02, closely matching the original values. This strongly proves the effectiveness of the
β setting, indicating that the restored image retains more detail without noticeable color
bias. According to experience, for non-bright-field regions, it is also necessary to set the
lower limit of transmittance, which is called the first lower limit of transmittance t0, and it
is set at 0.1. A nonlinear balance is used to map the transmittance, effectively preserving
the information of the original image while compressing the dynamic range. This process
enhances the contrast and quality of the image.

After determining the atmospheric light and transmittance, the defogged image is
restored using the atmospheric scattering model. If the bright-field region identified in
Section 3.3 exceeds 5% of the total image, the second lower limit of transmittance is applied.
Otherwise, the first lower limit is used. The final defogged image is represented as follows:

J(x) =
I(x)− A

max(t(x), t)
+ A, (20)

where t is the unified representation of the first and second lower-transmittance bounds.

4. Experiment and Discussion

This section compares the proposed method with several other typical algorithms,
using subjective and objective evaluation metrics to analyze and assess the outcomes of
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defogging. In addition to the PSD algorithm, all the tests and experiments in this paper
were performed on a computer configured with Inter(R) Core (TM) I7-12700 2.10 GHz CPU
in the Matlab R2018b environment.

4.1. Dataset

The RESIDE [29] dataset includes synthetic and real-world images with ambiguity and
provides evaluation criteria for various dehazing algorithms. Specifically, the real-world
image dataset used in this article was partly manually collected from the internet, including
from the HSTS dataset in RESIDE, and partly captured using a Sony DSC-WX700 camera.
The synthetic dataset used SOTS, which replicates the same process as the training data to
synthesize blurred images.

4.2. Image Quality Evaluation Method

The evaluation of the haze-removal algorithm was performed both subjectively and
objectively. The subjective evaluation included analysis of the degree of haze removal, detail
retention, edge sharpness, the naturalness of color restoration, and the presence of color
bias, artefacts, and halos. For the objective evaluation, structural similarity (SSIM), peak
signal-to-noise ratio (PSNR), natural image quality estimation (NIQE) [30], and saturated
pixel ratio (σ) [31] quantitative metrics were used to measure haze-removal performance.
These aspects collectively determined the overall quality of the defogging results.

4.3. Result Analysis
4.3.1. Comparison with DCP Algorithm

To verify the algorithm’s effectiveness in reducing halo effects and color distortion,
the defogged image was compared to the DCP algorithm using a guided filter.

In Figure 7c, the DCP algorithm produces distinct halos where the depth of field
changes abruptly, especially in bright areas like the sky and road, causing significant
color distortion. In contrast, the ADBD algorithm (Figure 7e) improves color accuracy in
these areas by segmenting regions, adaptively optimizing transmittance, and performing
nonlinear balancing operations. Transmittance images from both algorithms are shown in
Figure 7b,d. The ADBD algorithm yields more accurate transmittance images, resulting in
a more natural scene, as seen in the flower basket, sky, and clear edges of the Tian’an City
Gate. This adaptive process preserves edge information and better aligns the colors of the
defogged image with what humans perceive.
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4.3.2. Comparison with Other Methods

Using DCP [12], CAP [13], DEFADE [32], ICAP [33], OTM-AAL [34], RADE [35],
IDE [36], PSD [37], CEEF [38], and the methods proposed in this paper, defogging com-
parisons were conducted. Figure 8 displays the comparison results of the nine dehazing
algorithms using the RESIDE and HSTS datasets.
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Figure 8. Comparison of images obtained by different algorithms: (a) original foggy images;
(b) DCP with GF; (c) CAP; (d) DEFADE; (e) ICAP; (f) OTM-AAL; (g) RADE; (h) IDE; (i) PSD;
(j) CEEF; (k) proposed method.

The defogged image produced by the RADE algorithm exhibits significant halo ar-
tifacts in regions with sharp changes in depth of field. The leaves in the image show
significant color distortion, and the overall tone is grayish white. The results obtained by
the DCP algorithm have halos. For example, the transition between the policewoman and
the sky background is not natural enough. There is still a slight fog present where the
leaves meet the red wall, and the CEEF algorithm experiences a similar issue. The defogged
images obtained by the CAP, DEFADE, ICAP, OTM-AAL, and ADBD algorithms show no
apparent halo phenomenon. In contrast, OTM-AAL, IDE, and the algorithm presented
in this paper have higher color fidelity and brightness. The IDE and PSD algorithms can
enhance the brightness of defogged images and preserve details more completely; how-
ever, some areas may become overexposed, resulting in color distortion and an unnatural
defogging effect. For the overall effect, the color accuracy in CAP is improved, but some
areas show a loss of detail. The brightness of DEFADE is dim and it has the problem of
over-enhancement. For example, the details at the junction of the lake and the building are
lost and appear almost black. In contrast, the images restored by the proposed algorithm
appear more natural. For fogged images with sky and other bright areas, the results of
ADBD are comparable to DCP in nearby regions and outperform OTM-AAL in distant
regions. For example, the sky regions in images 1, 5, and 6 do not exhibit significant
color distortion; in image 4, there is less residual haze in the deep forest area, and detail
information is appropriately enhanced. These results demonstrate the algorithm’s strengths
in color restoration and detail preservation. Furthermore, for the eight images presented
in Figure 8, several methods are evaluated using four evaluation indicators: SSIM, PSNR,
NIQE, and σ, as shown in Tables 1 and 2.



Photonics 2024, 11, 718 13 of 16

Table 1. Quantitative comparison of defogging images obtained by ten comparison methods.

Foggy
Image DCP CAP DEFADE ICAP OTM-AAL

ssim psnr NI
QE ssim psnr NI

QE ssim psnr NI
QE ssim psnr NI

QE ssim psnr NI
QE

1 0.79 12.01 3.19 0.81 11.86 3.00 0.91 17.35 3.10 0.84 13.49 3.03 0.88 15.00 2.66
2 0.95 20.07 3.64 0.85 15.53 3.29 0.78 15.77 3.72 0.90 17.79 3.73 0.89 16.21 3.12
3 0.77 10.97 3.68 0.88 14.62 3.85 0.66 9.25 3.74 0.87 16.17 4.05 0.85 16.28 3.80
4 0.93 17.76 2.62 0.72 12.59 2.81 0.77 12.93 2.55 0.83 12.70 3.52 0.85 13.66 2.47
5 0.75 10.92 2.59 0.82 12.49 2.71 0.83 12.59 2.74 0.88 14.23 2.97 0.90 16.37 2.76
6 0.75 10.08 3.36 0.84 12.05 3.49 0.81 11.24 3.60 0.88 13.42 3.56 0.91 15.93 3.39
7 0.71 13.57 3.19 0.82 19.47 3.38 0.83 11.86 3.35 0.91 16.15 3.95 0.93 20.23 3.95
8 0.64 8.55 5.07 0.81 12.16 5.38 0.87 11.78 5.02 0.87 13.74 5.01 0.93 17.61 5.08

Foggy
Image RADE IDE PSD CEEF Proposed Method

ssim psnr NI
QE ssim psnr NI

QE ssim psnr NI
QE ssim psnr NI

QE ssim psnr NI
QE

1 0.57 12.49 4.50 0.81 16.19 3.25 0.74 16.31 4.70 0.66 10.61 3.89 0.88 16.43 2.65
2 0.56 14.50 5.06 0.81 15.10 3.63 0.70 14.28 5.08 0.77 14.00 3.66 0.95 18.81 2.95
3 0.67 13.59 3.12 0.71 14.35 3.45 0.84 16.35 3.94 0.71 10.22 3.74 0.89 16.58 3.54
4 0.59 14.34 2.97 0.72 16.64 2.41 0.70 14.79 2.63 0.72 12.80 2.57 0.93 16.90 2.45
5 0.68 14.56 2.87 0.83 16.02 2.55 0.81 18.69 3.12 0.71 10.63 2.53 0.88 15.82 2.59
6 0.66 13.22 2.89 0.82 13.97 3.10 0.83 18.25 3.04 0.70 9.95 3.15 0.90 13.98 2.92
7 0.80 12.65 3.20 0.89 15.94 4.06 0.86 20.19 3.68 0.76 11.22 4.13 0.88 18.74 3.24
8 0.80 15.39 4.87 0.86 14.03 4.88 0.89 18.72 4.03 0.73 11.19 4.22 0.92 16.89 4.13

Table 2. The σ of defogging images obtained by ten comparison methods.

Foggy
Image DCP CAP DEFADE ICAP OTM-

AAL RADE IDE PSD CEEF Ours

1 0.03 0.00 0.00 0.00 0.00 0.15 0.01 0.10 0.77 0.03
2 0.00 0.00 1.63 0.06 0.01 0.04 0.00 0.34 0.03 0.00
3 0.06 0.00 2.62 0.00 0.00 0.08 0.02 0.02 0.55 0.00
4 0.00 0.00 0.94 0.02 0.01 0.11 0.01 0.99 1.14 0.00
5 0.01 0.02 0.01 0.00 0.00 0.23 0.23 0.02 3.26 0.00
6 0.03 0.00 0.00 0.00 0.00 0.01 0.00 0.00 0.16 0.00
7 1.43 4.84 4.68 0.41 0.09 0.01 1.17 0.69 4.24 0.68
8 1.91 0.23 0.00 0.00 0.00 0.00 0.08 0.00 1.42 0.00

The SSIM values obtained using the algorithm in this article are the highest in the
second, third, and fourth images, at 0.95, 0.89, and 0.93, respectively. Simultaneously, the
restored images also have a high PSNR and strong robustness. In contrast, the overall effect
of the defogged images is more natural and the color restoration is more realistic, resulting
in the best NIQE value and a lower σ score.

To verify the applicability of the algorithm proposed in this paper, an experimental
analysis was conducted on the complete SOTS dataset. The algorithm was compared with
six other more effective defogging algorithms: DCP, CAP, DEFADE, OTM-AAL, IDE, and
PSD. The average SSIM and PSNR results for the SOTS indoor and outdoor datasets are
shown in Table 3.

The higher SSIM and PSNR values in the outdoor dataset are due to the improved
dark channel, compensating for the inaccurate depth estimation in the dark-channel prior.
Figure 9 shows only a few challenging defogging results (including large areas of sky and
white objects) from the SOTS dataset. The algorithm presented in this paper has demon-
strated outstanding performance in subjective vision, outperforming other algorithms in
terms of overall effect and detail preservation. Specifically, the algorithm proposed in this
paper is more thorough at dehazing. The results of the PSD algorithm vary significantly
across different scenarios, with severe color distortion observed in the first and second
indoor images. For the third and fourth images in Figure 9, DCP, CAP, DEFADE, and
OTM-AAL are excessively enhanced, leading to various degrees of loss of detailed infor-
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mation in the scene. Slight halos are present with both the PSD and IDE algorithms. In
contrast, ADBD achieves a natural transition between the foreground and background with
higher color fidelity, aligning more lines with human visual perception, resulting in better
defogging quality.

Table 3. Average SSIM and PSNR values with SOTS dataset (compared to clear images).

Method Outdoor Indoor

ssim psnr ssim psnr

DCP 0.76 11.48 0.72 10.51
CAP 0.74 11.57 0.75 11.25

DEFADE 0.80 12.24 0.77 12.82
OTM-AAL 0.90 15.95 0.89 15.75

IDE 0.85 16.32 0.84 15.23
PSD 0.77 17.20 0.79 17.03

Proposed method 0.88 16.29 0.86 14.96
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To further verify the effectiveness of the algorithm introduced in this study, the
OTM-AAL algorithm with the best performance in Table 3 was selected, and the average
processing time was calculated. The experimental subjects comprised the images shown
in Figures 8 and 9, totaling 12 images. The sizes were 550 × 468, 440 × 440, 553 × 334,
1024 × 768, 550 × 549, 550 × 413, 900 × 558, 599 × 600, 620 × 460, 620 × 460, 550 × 413,
and 550 × 665. The average processing time for OTM-AAL was found to be 42.3480 s,
whereas the proposed algorithm recorded a significantly shorter time of 1.8486 s. This
notable difference indicates that the proposed algorithm outperforms OTM-AAL in terms
of speed and can deliver a superior subjective defogging outcome.

5. Conclusions

In this paper, an adaptive image-defogging algorithm based on bright-field region
detection is proposed. The algorithm optimizes transmittance mapping from two aspects:
improving dark-channel images and detecting bright-field regions. Compared to existing
mainstream algorithms, the ADBD algorithm exhibits excellent SSIM and PSNR indices in
both synthetic datasets and real images, and it performs best in the NIQE and σ indices.
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Furthermore, it achieves visually superior results compared to other algorithms. However,
the algorithm involves many manually set parameters, and different parameter settings
can affect the defogging effect. Future research will focus on two elements:

• Developing defogging algorithms with lower time complexity and higher robustness
while maintaining image resolution;

• How traditional algorithms and neural networks can learn from each other to propose
new defogging models for the better realization of the defogging task.
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