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Abstract—In this paper, a novel image enhancement method,
called the all-inclusive image enhancement (AIIE), is proposed
that can effectively enhance the degraded images for improving
the visibility of image content. These imageries were acquired
under various types of weather conditions such as haze, low-light,
underwater, and sandstorm, etc. One commonality shared by this
class of noise is that the resulted degradations on visual quality or
visibility are caused by low-frequency interference. Existing image
enhancement methods lack the ability to deal with all types of
degradations from this class, while our proposed AIIE offers a
unified treatment for them. To achieve this goal, a statistical prop-
erty is obtained from the study of the discrete cosine transform
(DCT) of 1,000 high- and 1000 low-quality images on their DCT
domains. It shows that the normalized DCT coefficients (between
0 and 1) of high-quality images has about 95% fall in the interval
[0, 0.2]; for low-quality images, almost all the coefficients are in
the same interval. This fundamental property, called the DCT
prior (DCT-P), is instrumental to the development of our AIIE
algorithm proposed in this paper. Since the proposed DCT-P
delineates the attributes of high- and low-quality images clearly,
it becomes a highly effective tool to convert low-quality images to
its enhanced version. Extensive experimental results have clearly
validated the superior performance of the AIIE conducted on
different types of deteriorated images in terms of visual quality
and efficiency as well as significant advantages on computational
complexity, which is essential for real-time applications.

Index Terms—All-inclusive image enhancement, discrete co-
sine transform (DCT), hazy image, underwater image, low-light
image.

I. INTRODUCTION

IMAGES captured under challenging weather conditions,
such as hazy, underwater, or low-lighting, often exhibit
reduced clarity and lead to poor visibility of the scene, as those
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deteriorated images demonstrated in Fig. 1. Such acquired
images with inferior visual quality can negatively impact the
users’ experience and hinder the performance of subsequent
computer vision tasks [1]. One simple solution to rectify this
issue can turn to image enhancement. Techniques like the
well-known histogram equalization, for instance, can bolster
image contrast by modifying the pixel-value distribution of
the acquired image. More advanced techniques, like retinex
model-based methods [2], [3], adeptly reveal the intricate
details and object contours of obscured scenes. As another
set of approaches, gamma correction and homomorphic filter
[4], aim to enhance image quality via either the pixel domain
or the frequency domain.

While these conventional methods can somewhat ameliorate
the quality of degraded images, the resulted image quality
improvement is often unsatisfied or inconsistent across various
‘noisy’ images degraded by different types of weather condi-
tions. For that, a plethora of image enhancement techniques
have been devised to handle haze [5]-[17], underwater [18]—
[29], and low-lighting [30]—-[44]. The strategies involved in the
above-mentioned methods predominantly fall into two cate-
gories: prior-based [5]-[9], [18]-[20], [29]-[34] and learning-
based [10]-[17], [21]-[28], [35]-[44]. While these approaches
have shown encouraging outcomes, the priors used in the
former category tend to be tailor-made for the chosen type
of degradation (say, haze only). For the latter, on the other
hand, the training datasets are often established by assem-
bling images arbitrarily chosen from various sources. Such
limitations and ad-hoc practice can easily lead to unsatisfied
performance for the images acquired in real (unpredictable)
weather conditions.

Instead of addressing one specific type of degradation
(i.e., specific task), more advanced approaches are developed
to handle more than one type of image degradations (i.e.,
multi-task). Such multi-task image enhancement techniques
can be found in neural architecture search [45] and trans-
formers [46]-[56]. However, these approaches often rely on
complex networks and synthetic datasets specifically designed
for certain types of degradation, leading to long processing
time and reduced applicability to real-world environmental
conditions. Moreover, they often struggle with addressing the
types that have fundamental conflicts on their physical levels.
For example, dehazing needs to reduce the brightness, but for
the low-light case, brightness is required to be increased.

Our motivation and contributions are derived from the
observation that both specific-task and multi-task image en-
hancement techniques exhibit significant limitations and in-
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Fig. 1. Examples of low-visibility images and the histogram distributions of their normalized DCT data, between O and 1. In each example provided, the
first column displays the test images, while the subsequent three columns represent the histogram distributions of DCT data for the R, G, and B channels of

these images, respectively.

ternal contradictions (in multi-task cases) in handling various
scenarios. Most importantly, none of these approaches are able
to provide a unified framework or model to effectively manage
images degraded by low-frequency corruption, despite the
advancements and success accomplished by deep learning and
machine intelligence. To provide a fundamental and innovative
approach, an all-encompassing image enhancement algorithm
based on discrete cosine transform (DCT) [57], called the
all inclusive image enhancement (AlIE), is proposed in this
paper. The core idea of our AIIE is to exploit our discovered
DCT prior (DCT-P), together with the gray world assumption
on the DCT of the degraded image. The heart of AIIE lies
in the design of mask imposed on the DCT domain, adap-
tively suppressing low-frequency information while highlight-
ing high-frequency information. Note that the suppressed low-
frequency information can effectively remove the interference

from the background (i.e., original image content), while the
highlighted high-frequency information is able to appropriately
enhance the contours and details of the original image content.
Such scheme lights up the possibility of recovering those
images corrupted by low-frequency interference through such
unified treatment.

The main contributions of this paper are summarized as
follows:

e To the best of our knowledge, we propose the first
image frequency prior, i.e., DCT-P, for those degraded
images exhibiting low-frequency corruption, such as hazy
images, underwater images, and low-light images. The
proposed DCT-P is based on the statistics explored on the
DCT of high- and low-quality images, showing that about
95% of the normalized DCT coefficient values (between
0 and 1) for a high-quality (i.e., uncorrupted) image lie in
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the interval of [0, 0.2]; for a low-quality (i.e., corrupted)
image, almost all its coefficient values are in this interval.
Consequently, this foundational insight enables DCT-P to
effectively generalize across a broad spectrum of low-
frequency corruption scenarios.

e By leveraging the proposed DCT-P and gray world
assumption, a simple but effective image enhancement
method, i.e., AIIE is developed. The AIIE grasps the com-
monality shared by hazy, underwater, and low-lighting,
and then employs a mask consisting of two unknown pa-
rameters to revise the frequency domain data of degraded
images. Unlike currently available related techniques, the
proposed algorithm does not require any training process
but uses these two priors to gradually determine the
unknown parameters, which makes it more robust and
efficient.

e Extensive experiments on images and datasets with low-
frequency corruption reveal that our proposed AIIE deliv-
ers superior performance in visual quality and efficiency
compared to leading multi-task approaches. Furthermore,
AlIE’s results show a considerable advantage over most
state-of-the-art methods tailored to individual degradation
types.

The remainder of this paper is organized as follows. Fol-
lowing introduction, Section II provides a succinct review of
existing relevant works. Section III describes our discovery of
the DCT-P and explains why it is a reliable foundation and
its derived ‘thesis’ can be exploited for handling a class of
noise that exhibits low-frequency interference to the otherwise
high-quality (i.e., clear) image. The model of the proposed
AIIE based on DCT-P is developed and presented in Section
IV. Section V conducts extensive performance evaluations of
our AIIE and existing state-of-the-art approaches. Finally, the
conclusions are drawn in Section VI.

II. RELATED WORK

In this section, a brief overview of the research related to
specific-task (involving one degradation type) and multi-task
(involving multiple degradation types) image enhancement
techniques is provided.

A. Specific-Task Image Enhancement

1) Image Dehazing: Early image dehazing techniques [5]-
[9] utilized hand-crafted priors to estimate imaging parameters,
which were then integrated into the atmospheric scattering
model (ASM) for haze removal. The dark channel prior (DCP)
[5] was used to estimate the transmission and atmospheric
light, which exhibited remarkable effectiveness. Berman et al.
[6] introduced a haze-line prior based on recurring color pat-
terns in images. Ju et al. [7] added a light absorption coefficient
to the ASM, streamlining dehazing and exposure adjustment,
while Agrawal and Jalal [8] used superpixel segmentation to
enhance haze removal.

Contrasting to the prior-based approaches, the learning-
based techniques [10]-[17] employ deep learning to discern
the priors obtained from the hazy and haze-free image pairs.
Ren et al. [10] presented a multi-scale CNN dehazing

network. Jin et al. [11] combined structure representation
with uncertainty feedback for fog removal. EPDN [12], a
GAN-based approach, treated dehazing as an image translation
problem. RefineDNet [13] combined prior and learning-based
techniques, while Zhang et al. [14] provided an attention-based
solution by utilizing the Meta-Former framework.

2) Underwater Image Enhancement: Hazy and underwater
images tend to share similar visual appearance. Thus, some
underwater enhancement algorithms are, in fact, drawn from
the dehazing priors or techniques [18]-[20]. For instance, in-
spired by the DCP for dehazing, Liang et al. [18] modified the
DCP for enhancing underwater images. To improve visibility,
methods like [19] segment the input image into foreground
and background. Ancuti et al. [20] used a white balancing
approach to attenuate the red channel for enhancing image
naturalness.

With the rise of machine learning, numerous learning-based
underwater image enhancement techniques have been intro-
duced [21]-[27]. For instance, a CNN-driven enhancement
architecture is presented in [21]. Recognizing that images
acquired from the same scene tend to exhibit similar degra-
dations, Qi et al. [22] developed a co-enhancement network
using a Siamese encoder-decoder setup. The Retinex-based
LAB-MSR [23] was introduced to combat underwater visual
distortions, integrating bilateral and trilateral filters to preserve
image features. Li et al. [24] offered a lightweight Ucolor
network, leveraging features from various color spaces. Ad-
ditionally, a CNN-centric approach was outlined in [27] to
enhance the applicability of machine learning for real world
datasets.

3) Low-light Image Enhancement: A range of meth-
ods [30]-[34] have been developed to counter the challenges
posed by low-light conditions. The LIME method [30] is
notable, applying a structure prior to a basic illumination
map. Liu et al. [31] proposed a detail-preserving technique for
under-exposed images using optimal multi-exposure fusion.
Zhang et al. [32] introduced a perception-driven fusion for
enhancing under-exposed videos. Techniques based on the
Retinex theory have been used to address low illumination
issues [33]. A strategy [34] that combined local and global
exposedness data was introduced to refine image enhancement
quality.

As with the prior techniques, deep learning has been ex-
tensively applied to low-light image enhancement [35]-[40].
For example, Lore et al. [35] developed the Low-Light Net
(LLNet), which is a deep auto-encoder approach for enhancing
visibility and reducing noise. Ren et al. [36] presented a hybrid
network, using an encoder-decoder structure, to enhance the
visual quality of dim images. A GAN-based system for low-
light enhancement, trained through unpaired mappings, was
introduced in [37]. Addressing dataset limitations, Peng et
al. [38] devised a sliding window approach to generate dy-
namic training pairs from static videos, leveraging dynamic
temporal data to improve low-light images.

B. Multi-Task Image Enhancement

Recently, efforts [45]-[56] have been endeavored on the
consideration of designing a universal model for handling
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multiple types of degradations. Such so-called multi-task
image enhancement raises the bar of challenges. Notably,
existing works like [46]-[48] propose various models such
as DualCNN, a residual dense network, and a multi-stage
model to cater for different degraded scenarios. However, these
require unique datasets for each degradation type to arrive
at the training weights that prevent a truly singular network
solution for diverse degradation tasks. Li et al. [45] proposed a
unified image restoration model, though each encoder must be
tailor-made for each degradation type individually. To address
these limitations, Valanarasu et al. [49] introduced a single
encoder-decoder transformer network for multi-task image en-
hancement, incorporating a learning module for differentiating
weather conditions. Despite its innovation, it struggles with
images that have a mixture of degradations.

To explore a viable multi-task restoration strategy, a Blind
Image Decomposition Network (BIDeN) [50] featuring one
multi-scaled encoder and multiple decoders for each task
was proposed. Yet, the necessity to train multiple decoders
inevitably adds computational complexity to the model due
to the high training cost. Chen et al. [51] pioneered a pre-
training approach for multi-task enhancement but encountered
challenges in learning shared features due to the model’s
complexity and specificity requirement. Wang et al. [52] devel-
oped a context-aware network aiming at multi-task restoration
by leveraging a structure-to-texture enhancement principle.
However, it risks semantic distortions in scenes with complex
backgrounds [58].

III. PROPOSED DCT PRIOR (DCT-P)

Images of higher visual quality typically exhibit a broader
and more evenly distributed histogram. This led us to ponder
whether the DCT data of low-quality images due to noise
interference would exhibit a similar or a different histogram
distribution. To answer this question, the normalized histogram
distributions of DCT data for four low-quality images, includ-
ing two hazy images, one underwater image, and one low-
light image, are presented in Fig. 1. Note that, in our work
we employ 2D DCT (Type II) to process the entire image,
rather than exploiting 8 x 8 DCT for each 8 x 8 block non-
overlappingly segmented from the image.

Since the DCT coefficients exhibit a near-symmetric Lapla-
cian distribution centered at 0, we truncated negative coeffi-
cients to 0 and used Matlab’s ‘imhist’ function for normaliza-
tion and histogram calculation. The figure clearly illustrates
that the DCT data distributions of degraded images differ sig-
nificantly from their clear counterparts. When the degradation
gets severer, the histograms tend to cluster around the origin
(i.e., zero value) more. The insets presented in Fig. 1 show
a clear trend that while clear images normally have a small
fraction of DCT data value > 0.2, the degraded images, on
the other hand, predominantly have DCT data < 0.2.

Motivated by the observations obtained from Fig. 1, Fig. 2
further displays the histograms and cumulative probability
against DCT data value for various types of high-quality and
low-quality images, respectively. A fundamental insight can
be drawn as follows. For the low-quality images, regardless of

TABLE 1
THE AVERAGE VALUES OF P(¥¢ < (.2) ACROSS DIFFERENT TYPES OF
DATASETS.
Datasets | I-HAZE | UIEB | LOL
Color Channels | R G B|R G B|R G B

Ground Truth  0.953 0.947 0.951]0.953 0.952 0.946|0.948 0.956 0.954
Degraded Scenario|0.994 0.989 0.987]0.993 0.995 0.989]0.994 0.993 0.995

their degradation source, almost all DCT data values are < 0.2.
In contrast, clear and high-quality images exhibit a small but
unneglectable proportion of DCT data values > 0.2. In these
cases, the cumulative probabilities are roughly 0.95 for high-
quality and 1 for low-quality, respectively. Based on these
observations, we introduce a fundamental frequency-domain
prior, termed the DCT prior (DCT-P):

{ P(¥°¢ <0.2) ~0.95, for high quality images;

P(U°<0.2) =~ 1, for low quality images.
where ¢ € {R,G,B} is the color index, V¢ stands for the
normalized DCT data of color channel of images.

To validate the accuracy of DCT-P, we conducted tests on
1,000 high-quality images and 1,000 low-quality images. It is
important to note that these images were selectively sourced
from Google.com' using specific tags, such as ‘clear natural
scenery’, ‘real bad weather scenery’, and ‘underwater images’.
The outcomes, summarized in Fig. 3, clearly show that the
probabilities P(¥¢ < 0.2) for high-quality and low-quality
images cluster around 0.95 and 1, respectively. In Table I, we
further explored the average values of P(¥¢ < 0.2) across
diverse types of datasets, including haze dataset -HAZE [59],
underwater dataset UIEB [60], and low-light dataset LOL [61].
These results are aligned with those presented in Fig. 3 well,
thereby significantly bolstering the credibility of our DCT-P
as a highly reliable guide for conducting image enhancement
for those low-quality images with degradation. Further tests
affirming the impact of DCT-P on image enhancement are
detailed in Section V-A.

)

IV. PROPOSED METHOD: AIIE

Based on the proposed DCT-P discussed in the previous
section, a simple yet effective all-inclusive image enhancement
(AIIE) technique is developed for improving the visibility
of various commonly seen low-quality images that they all
contribute low-frequency interferences. The proposed AIIE
consists of two modules—i.e., DCT enhancement modeling
module and scene enhancement module.

A. DCT Enhancement Modeling Module

Images captured under challenging weather conditions, such
as hazy, underwater, or low-light, often exhibit reduced con-
trast of the scene and yield poor visibility. In general, the
attached background light component mainly affects the low-
frequency parts of an image while the vague details are

These selected images and the corresponding URL list are available
at https://drive.google.com/drive/folders/1wgSoVwx70YLQJzHL6BGazu_4_
dEhU_xw?usp=drive_link.
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Fig. 2. The histogram distributions of DCT data and the corresponding cumulative probabilities curves of (a) high-quality and (b) low-quality images. In each
example, the upper row details the histogram distributions of DCT data for the test image positioned on the left, followed by the lower row which outlines

the cumulative probability curves aligned with the histograms above.

reflected in the weakened high-frequency parts. This means
one can enhance such degraded scenes by revising the corre-
sponding frequency domain data. According to this fact, AIIE
uses a similar process as the classic homomorphic filtering
technique [4] which converts the input image to frequency-
domain via Fourier transform, processes the data in frequency-
domain by a specific filter or mask, and converts the processed
data back to spatial-domain using inverse Fourier transform.
In AIIE, the Fourier transform is replaced by DCT and the
image enhancement model can be written as

Re = F1 (]—"(IC) : MC), )

where R° is the enhanced image, /¢ is the degraded image,
M¢ is a mask used to regulate DCT data, F(-) and F~1(-)
are the DCT operator and inverse DCT operator, respectively.

In our AIIE, the key to achieve high-quality enhancement
is to generate a proper mask M €. Recall in [4], the essence
of image enhancement is to suppress its low-frequency in-
formation while highlighting the high-frequency information.
Meanwhile, it was found that the data closer to the upper
left corner in the 2D DCT data domain has a stronger low-
frequency attribute [62]. Using this strategy, a flexible mask
M¢€ consisting of two parameters to adjust DCT data is
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(Note that h and w here are all fixed to be 400 for comparison).

and B¢

devised:

1

M(z,y) = a*
L e (R

1-—

3)

+b)

where (x,y) refers to pixel coordinates, h and w stand for the
height and width of the degraded image, b is a bias constant
used to prevent a too low value of the mask at low-frequency,
and o and (¢ are introduced to control the amplitude and
shape of the mask M€, respectively.

Fig. 4 shows the 2D distribution of M in terms of (x, y) with
different combinations of «v and §3. It is clear that a smaller «
leads to a lower amplitude. For example, when « = 1,8 =1,
the maximum amplitude is 0.5; when o = 10,5 = 1, the
maximum amplitude is 5. Meanwhile, a larger (5 slightly lifts
up the amplitude and leads to a smaller difference between the
amplitudes at low and high frequencies. Furthermore, the value
of M increases with = and y, ensuring that low-frequency data
are suppressed and high-frequency ones are highlighted.

Substituting Eq. (3) into Eq. (2), the complete DCT image

enhancement model can be expressed as

RC=F N F53) =F '(F°- M°)

1 )
1+ (,fifj, +b)

where F(I°) in Eq. (2) is written as F'° for short. Thanks to
the introduced variables o and 3¢, the defined model is more
malleable than the classic homomorphic filter employing fixed
parameters.

When the values of a“ and 3¢ are appropriately set, high-
quality enhancement results can be achieved from degraded
images affected by low-frequency corruption, e.g., haze, un-
derwater, and low-light. It is important to note that the devised
mask lacks the capability to counteract high-frequency noise
corruption. Consequently, the ensuing image enhancement
method is not equipped to handle images degraded by rain
or snow that exhibit high-frequency corruption.

=F Y| F¢.a¢|1-

B. Scene Enhancement Module

1) Determining relation between o and [: Gray world
assumption (GWA), which assumes that the average albedos of
three color channels of an image tend to be the same constant
and are achromatic (gray), has been successfully used for color
cast correction and haze removal [7]. In this work, GWA is
adopted to bridge the relation between ¢ and 5¢. In specific,
we first give the direct current (DC) coefficient of F'“ and F(i 3
according to [57]:

h w
1
Fe(1,1) = I(x,y
(1,1) ngy; (z,9)
h w (5)
1
[ C
a,,@(lal) = %ZZR (:L'7y)
h-w r=1y=1
Combining Eq. (5) and Eq. (4) yields
e (1,1) = Fe(1,1) - a°- [ 1 !
aplh ) = 1) -
1480 (25 +0)
(6)

Assuming that the enhanced result R is devoid of color cast,
i.e., R satisfies the prerequisites of using GWA, the average
albedo of R° can be approximated as

h  w
Y S Ry -
z=1y=1

according to [7]. Substituting Eq. (6) into Eq. (7), the relation
between o and (¢ is finally determined by

B¢ = @(a”)
_ G¢-Vh-w ®)
(Fc(l’l).ac_Gc.m) . (h%u+b)’

where ®(-) is an abbreviation of Eq. (8).
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2) Enhancement using DCT-P: Combining Egs. (2), (3),
and (8), the DCT data after processing can be expressed as a
function of a“:

Fgp(@,y) =¥(a”)
1
= C(xay)'ac' 1- ’
14 ®(ac) - (72 +b)
€))
where F'© = F(I¢) is the DCT data of the input image, b
is the pre-set bias, and ¢ is the only unknown parameter.
To obtain a suitable value for o, a DCT-P based global
optimization strategy (GOS) is designed. Mathematically, the
GOS is expressed as

c _

: (10)

« arg min

oc

{‘P(\Ilc(ac) <0.2) —9‘}7

where W¢ is the normalized W¢ and 6 is set to be 0.95 accord-
ing to DCT-P. The designed GOS is a 1-D search problem and
can be solved via the golden section method (GS). Once o,
was computed via GS, the value of 3¢ and the enhanced results
can be directly generated via Eq. (8) and Eq. (4), respectively.
The success of designing the above paradigm lies on: 1) The
preset mask consisting of two parameters that control the
amplitude and shape, i.e., Eq. (3), strictly follows the rule
of suppressing the low-frequency component and highlighting
the high-frequency component; 2) The relationship between «
and [ is derived by GWA’s interference on DC coefficient,
which reduces the uncertainty of calculating mask; 3) By
imposing the proposed prior (DCT-P) on the DCT data after
processing, the solution space of image enhancement, i.e., the
only unknown parameter « is further shrunk and can be solved
via the golden section method. The rational design of mask
and using two useful priors to gradually approach the actual
solution of mask can assure a high-quality image enhancement.

Fig. 5 illustrates the impact of different bias values on
the enhancement results and their corresponding masks across
various degraded image types. As observed from the figure,
a reduced bias yields a more pronounced mask, leading to
an intensified suppression of low frequency and a significant
amplification of high frequency. This translates to a heightened
enhancement effect, giving images richer and more vibrant
colors. Nevertheless, this method can lead to noticeable halo
effects and over-enhancement in the processed images. Con-
versely, a higher bias produces a gentler mask, mitigating these
unwanted effects but at the expense of the enhancement’s
vividness. Achieving the ideal balance between enhancing
image quality and avoiding such drawbacks proves challenging
by directly setting b to a specific value.

3) Iterative enhancement to exclude adverse effects: To
tackle the issue previously highlighted, we devised an iterative
approach grounded on dynamic bias. The central concept is
to incrementally enhance the input image multiple times to
achieve optimal results. However, with each iteration, the
enhancement is deliberately kept subtle to prevent the halo
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Fig. 5. Performance evaluation across various degraded image types using
different biases. For each scenario, the top row showcases the enhanced
results, while the bottom row displays the corresponding masks for each bias.
(The yellow box is to highlight the insignificant under-enhancement effect
while the red box is to illustrate the over-enhancement or over-saturation

problem).

00

effect and over-enhancement. Formally, it is described as
Ry =F Y (F(R;) - M)
1
LB (R

1— (11)

+b)
bn+1 :bn/lov

where b, RS, and M are the bias, enhanced image, and the
corresponding regulation mask of the n'” iteration, constant
w is employed to maintain a subtle degree of vagueness in
the enhanced results. It is important to note that even on clear
days, the atmosphere is not entirely devoid of particles [5], and
it is challenging to ensure uniformly abundant lighting for all
objects. Thus, preserving a slight vagueness can be beneficial
in enhancing the visual realism of the output. In this work, we
fix the value of w to 0.90 for all results reported. The unknown
parameters (85 and «f) in MS can be calculated via Egs. (8)
and (10).

The working mechanism behind Eq. (11) can be interpreted
as follows: During the initial phase, a larger bias, b, is chosen.
This not only curbs the halo effect and over-enhancement
but also slightly improves the input image’s quality. For the
subsequent iteration, the result from the preceding step serves
as the new input. Given this improved image (from bias
b,), applying the same bias again yields minimal change.
Therefore, to witness a discernible enhancement, a reduced
bias (i.e., bp4+1 = b, /10) is employed. Simultaneously, since
the enhancement is subtle, even this smaller b does not
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Fig. 6. Illustration of enhancement results achieved by AIIE over different iteration counts. Images framed in red denote the final enhanced outputs, indicating

the completion of the iterative process.

induce a halo effect and noise. The process iterates until the
image stabilizes. For clearer understanding, the step-by-step
procedure of the proposed AIIE is detailed in Algorithm 1.

Fig. 6 displays the enhanced outcomes alongside their
corresponding masks generated using AIIE across various
iterations. Remarkably, even when employing a notably small
value for b, the enhanced images exhibit no discernible halo
effect and over-enhancement issue. This consistent clarity can
be attributed to the methodical approach of the enhancement:
by progressively refining masks without any sudden transi-
tions, the adverse effects are effectively suppressed.

V. EXPERIMENTS

In this section, a series of experiments were implemented to
assess AIIE. First, the effectiveness of DCP-P was evaluated
as it is critical to the image enhancement performance. Then
the proposed AIIE and traditional image enhancement were
tested on different kinds of challenging low-quality images
to demonstrate its general applicability. Qualitative and quan-
titative comparisons were made between AIIE and state-of-
the-art technologies, including specific-task image restoration
(including image dehazing, underwater image enhancement,
and low-light image enhancement methods) and multi-task
image enhancement techniques, to exhibit the superiority of

Algorithm 1: Proposed AIIE

Input: Degraded image I
1 Initialization:
2 Iteration times n = 0;
3 Enhanced image Ry = I;
4 Bias by = 0.1 and Parameter w = 0.9;

s while n == 0 or =il < 1072 do
6 Calculate «f and S¢S from R,, via Egs. (8) and
(10);

7 Obtain R,,;1 and b, 41 via Eq. (11);
8 n=n+1;
9 end

Result: Enhanced image R,

AlIE. To ensure fairness and comparability of results, the
parameters used in benchmark methods [4], [15], [16], [25],
[43], [63]-[66] that require parameter setting were optimized
according to the corresponding references, while the remaining
methods [11], [17], [24], [26], [27], [40]-[42], [53]-[56] all
directly use publicly available trained deep models to test.
All experiments were consistently conducted in a standardized
environment (an NVIDIA GTX3080Ti GPU and an Intel Core
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Fig. 7. Image enhancement results using AIIE on different types of degraded images by setting P(\TlC

19-12900H CPU).

A. Evaluation of DCT-P

The effectiveness of DCT-P is the premise to acquiring
high-quality recovered results. In Eq. (1), the probability
P(¥¢ < 0.2) is set to be 0.95 according to the statistics.
The accuracy of this value is critical to the performance of
AlIE. Three different types of synthesized degraded images
collected from datasets [60], [61], [67] together with their
ground truth references were tested by the proposed AIIE
with different values of P(W¢ < 0.2). During the experiment,
peak signal-to-noise ratio (PSNR) and structural similarity
index measure (SSIM) [68] were calculated to evaluate the
recovered images in quantitative way. Generally, higher PSNR
and SSIM represent better fidelity and structure preservation
of the recovered results, respectively. The test results are
illustrated in Fig. 7. It is observed from the figure that the
images are over-enhanced when P(¥°¢ < 0.2) < 0.95, whereas
the enhanced results are prone to low-contrast and blur when
P(¥¢ < 0.2) > 0.95. In comparison, P(¥¢ < 0.2) = 0.95
gives the best results with vivid colors and authentic contrast
for all the samples. Moreover, the quantitative results of
PSNR and SSIM are consistent with the above qualitative
observation, which validates the correctness of DCT-P.

B. Comparison with Traditional Image Enhancement Methods

In this subsection, different categories of degraded im-
ages, including low-light images, hazy images, underwater
images, sandstorm images, and other types of images with
low-frequency corruption, were selected from real-world to
make a qualitative comparison between AIIE and traditional
image enhancement methods. The low-quality images and
the enhanced results using Adaptive Histogram Equalization

< 0.2) to different values (0.91 to 0.99).

(AHE) [63], Single Scale Retinex (SSR) [64], Homomorphic
Filtering (HF) [4], Gamma Correction (GC) [65], Unsuper-
vised Colour Correction (UCC) [66], and the proposed AIIE
are illustrated in Fig. 8.

Fig. 8 showcases the performance of various enhancement
methods. While AHE in Fig. 8(b) somewhat improves image
visibility, it struggles with scenes affected by color cast, like
underwater or sandstorm settings. Fig. 8(c) illustrates that SSR
enhances color and contrast, but can not handle over-exposure
images well. HF, depicted in Fig. 8(d), addresses contrast for
most scenes but can darken results and distort colors. Fig. 8(e)
reveals that GC performs well on low-light scenes, yet strug-
gles with other types of low-quality images. UCC, shown in
Fig. 8(f), preserves details in underwater and over-exposure
scenes while has limitations in other harsh conditions. In con-
trast, AIIE in Fig. 8(g) consistently delivers visually pleasing
results with true colors, sharp details, and high contrast across
different scenarios. It is worth mentioning that although AIIE
and HF adopt a similar strategy, HF relies on a high-pass filter
with two manually adjustable parameters for frequency data
manipulation. In contrast, AIIE’s parameters are adaptively
determined through the application of the DCT probability
prior (DCT-P) and the gray world assumption to its mask. This
distinction makes AIIE a more stable and practical solution
compared to HE. We also compared AIIE quantitatively with
traditional methods on synthesized images, yielding consistent
results. Given the evident superiority of AIIE in the visual
comparison, we have omitted the quantitative data for brevity.

C. Comparison with State-of-The-Art Dehazing Methods

1) Qualitative Comparison: To evaluate the dehazing pro-
ficiency of AIIE, five real-world images and five synthesized
images from well-known datasets [67], [69] with different haze
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Fig. 8. Qualitative comparison between the proposed AIIE and traditional image enhancement techniques on challenging real-world images.

concentrations were picked and tested. Fig. 9 showcases the
dehazing performance comparison between AIIE and leading
dehazing approaches such as FR (ACCV 2022) [11], SLP
(TIP 2023) [15], SGID-PFF (TIP 2022) [16], and PSD (CVPR
2021) [17].

In Figs. 9(b) and (h), while FR uncovers details obscured
by haze, it tends to exhibit over-enhancement (HZP1) and
struggles with dense haze scenarios (HZP2). SLP, depicted in
Figs. 9(c) and (i), produces generally clear results but some-
times fails to retrieve information from dark areas (HZP3).
The SGID-PFF method, shown in Figs. 9(d) and (j), de-
livers visually appealing images in certain cases but can
overcompensate, resulting in lost objects and inaccurate colors
(HZP4). PSD, demonstrated in Figs. 9(e) and (k), largely
reveals the details for mist images, but its performance tends
to be limited for scenes with heavy haze (HZPS). Contrasting
these, AIIE’s results in Figs. 9(f) and (1) effectively eliminate
haze and maintain image fidelity. The enhanced images also

retain detailed scene geometry, thanks to the amplified high-
frequency information.

2) Quantitative Comparison: The dehazing capability of
AIIE was quantitatively evaluated against other leading de-
hazing methods using four standard metrics: reference metrics
PSNR, SSIM, Learned Perceptual Image Patch Similarity
(LPIPS) [70], and the non-reference metric Fog Aware Density
Evaluator (FADE) [71]. This assessment was conducted on
three datasets: I-HAZE [59], O-HAZE [69], and D-HAZE
[72]. In addition to quality metrics, we also considered running
time (RT) to gauge the efficiency of the dehazing methods.
Table II presents the average scores for PSNR, SSIM, LPIPS,
FADE, and RT of the various methods. It is important to
note that the average PSNR, SSIM, LPIPS, and FADE were
computed from the results of AIIE and its competitors across
the datasets, while the RT was gauged using the initial 32
images from the D-HAZE dataset. The table reveals that AIIE
consistently outperforms or competes closely with top-tier
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Fig. 9. Qualitative comparison between the proposed AIIE and state-of-the-art dehazing techniques on (a-f) real-world and (g-m) synthetic hazy images.

methods, achieving the second-best FADE scores and leading
in RT. For PSNR, SSIM, and LPIPS, AIIE consistently ranks
among the top three across the datasets.

D. Comparison with State-of-The-Art Underwater Image En-
hancement Methods

1) Qualitative Comparison: To investigate the capability of
AlIE to recover underwater images, ten challenging underwa-
ter images were selected from both real-world and synthesized

datasets [60], [73], [74] to conduct a qualitative comparison
between the proposed method and state-of-the-art underwater
image enhancement methods, including Ucolor (TIP 2021)
[24], ICSP (TCSVT 2023) [25], U-shape (TIP 2023) [26], and
SU (AAAI 2021) [27]. The comparative results are showcased
in Fig. 10.

In Figs.10(b) and (h), Ucolor efficiently combats the scat-
tering effects in raw underwater images. However, it struggles
in scenes with pronounced color casts, evident in (UZP1).
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Figs.10(c) and (i) showcase U-shape’s prowess in unveiling
details from mist-obscured underwater scenes, but some of
these images appear dim, missing certain details as seen
in (UZP2 and UZP3). ICSP, depicted in Figs.10(d) and (j),
produces images with acceptable contrast; however, these
results may exhibit over-exposure (UZP4) and have color
discrepancies. The results from SU, presented in Figs.10(e)
and (k), counteract the contrast issues caused by uneven color
casts, but sometimes compromise clarity and realism (UZP5
and UZP6). Contrasting these, AIIE, as seen in Figs.10(f) and
(1), excels in both detail retrieval and contrast enhancement.
The incorporation of GWA in AIIE ensures consistent and

natural color representation.

2) Quantitative Comparison: Table III presents the eval-
uation scores across four metrics: PSNR, SSIM, LPIPS, RT,
and the non-reference metric Underwater Image Quality Mea-
sures (UIQM) [75]. These metrics are applied across various
underwater datasets, including UGAN [73], UIEB [60], and
UWCNN [21]. The RT scores are based on the average pro-
cessing time for the initial 32 images from the UGAN dataset.
Notably, AIIE boasts the top UIQM score and is runner-up
in RT scores. This underlines AIIE’s superior performance
in terms of image fidelity and processing speed compared to
other leading underwater image enhancement methods. While
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Fig. 11. Qualitative comparison between the proposed AIIE and the state-of-the-art low-light image enhancement techniques on challenging (a-f) real-world

and (g-m) synthetic low-light images.

AIIE ranks second or third in PSNR, SSIM, and LPIPS, its
enhanced outputs remain on par with other algorithms. The
inherent light compensation in AIIE can brighten underwater
scenes, leading to disparities between enhanced results and the
original image. However, this often results in clearer outputs
than the originals, as seen in Fig. 10, making it a beneficial
feature rather than a limitation.

E. Comparison with State-of-The-Art Low-Light Image En-
hancement Methods

1) Qualitative Comparison: A qualitative assessment pitted
AlIE against leading low-light image enhancement methods,

including UNIE (ECCV 2022) [41], RUAS (TPAMI 2022)
[42], PnPRetinex (TIP 2022) [43], and LTC (CVPR 2021)
[40]. Ten low-light images, sourced from both real-world
scenarios and dataset [44], served as test subjects, with results
displayed in Fig. 11.

In Figs.11(b) and (h), while UNIE compensates for dark
regions and highlights details, certain textured regions (LZP1
and LZP2) appear to lose necessary information. Figs.11(c)
and (i) show PnPRetinex’s ability to revive scene details and
reconstruct illumination, but some regions appear blurred,
compromising visibility (LZP3). RUAS, seen in Figs.11(d)
and (j), adeptly reconstructs image brightness, yet the re-
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TABLE II
QUANTITATIVE COMPARISON BETWEEN AIIE AND DEHAZING METHODS
ON DIFFERENT DATASETS. (DATA HIGHLIGHTED IN BOLD REPRESENTS
THE BEST PERFORMANCE, WHILE DATA IN BLUE SIGNIFIES THE
SECOND-BEST.)

TABLE IV
QUANTITATIVE COMPARISON BETWEEN AIIE AND LOW-LIGHT IMAGE
ENHANCEMENT METHODS. (DATA HIGHLIGHTED IN BOLD REPRESENTS
THE BEST PERFORMANCE, WHILE DATA IN BLUE SIGNIFIES THE
SECOND-BEST.)

Methods (Platform) | Datasets | PSNR? | SSIM7 | LPIPS]. | FADE{ | RT{(s)

Methods (Platform) | Datasets | PSNRT | SSIM? | LPIPS| | CEIQ? | RT,(s)

R LHAZE | 1591 | 0.560 | 0.221 | 0.368 PrPRetinex SYD | 13.99 | 0.605 | 0.123 | 2.909
Pytorch(GpU)y | O-HAZE| 18.37 | 0.660 | 0266 | 0.280 | 0.152 Matlabpyy | LOL | 1238 | 0477 | 0.156 | 2705 | 5.166
Y D-HAZE| 11.77 | 0.565 | 0.506 | 0.582 GLAD | 17.28 | 0.798 | 0.083 | 3.010
SLp LHAZE | 14.95 | 0.690 | 0.120 | 0.503 RUAS SYD | 14.12 | 0.531 | 0.186 | 2.994
Matlab(cpuy | OHAZE| 1619 | 0622 | 0209 | 0336 | 0213 Pytorch(GpUy | LOL | 1216 | 0501 | 055 | 2745 | 0.101
D-HAZE| 14.49 | 0.757 | 0.091 | 0.406 Y GLAD | 1335 | 0.637 | 0.181 | 3.283
SGID.pEr | FHAZE | 1567 | 0.706 | 0.174 | 0936 LTC SYD | 20.74 | 0.873 | 0.134 | 3295
Pytorch(GpU)y | OHAZE| 1644 [ 0596 | 0245 | 0.804 | 0.083 Pytorch(GPU) | LOL | 1734 0749 | 0169 | 2677 | 0073
Y D-HAZE| 10.14 | 0.640 | 0.151 | 0.888 Y GLAD | 1640 | 0.721 | 0.115 | 3.076
PSD LHAZE | 13.54 | 0.583 | 0.116 | 0.991 UNIE SYD | 12.60 | 0.544 | 0.293 | 2.831
Pytorch(GPU) | O-HAZE| 1144 10350 | 0.199 | 0481 | 0390 Pytorch(GPU) | LOL | 2376 | 0.856 | 0.118 | 3.187 | 0.148
Y D-HAZE| 10.53 | 0.625 | 0.162 | 0.859 Y GLAD | 14.83 | 0.607 | 0.194 | 2.985
ALE LHAZE | 16.13 | 0.710 | 0.151 | 0.507 ALE SYD | 17.38 | 0.663 | 0.132 | 3.407
Matlabpy) | O-HAZE| 17.11 | 0637 | 0.192 | 0295 | 0.077 Matlabpy) | LOL | 1895 | 0767 | 0.163 | 3534 | 0.061
D-HAZE| 1491 | 0.647 | 0.154 | 0.469 GLAD | 18.05 | 0.730 | 0.136 | 3.561
TABLE III

QUANTITATIVE COMPARISON BETWEEN AIIE AND UNDERWATER IMAGE
ENHANCEMENT METHODS. (DATA HIGHLIGHTED IN BOLD REPRESENTS
THE BEST PERFORMANCE, WHILE DATA IN BLUE SIGNIFIES THE
SECOND-BEST.)

Methods (Platform) | Datasets | PSNRT | SSIM7 | LPIPSJ | UIQM? | RT(s)

su UGAN | 1576 | 0.736 | 0.117 | 0.638
TensorFlow(GPU) | UIEB | 1625 | 0671 | 0228 | 0468 | 0.103
UWCNN | 13.88 | 0.530 | 0.293 | 0.170
U-shane UGAN | 19.94 | 0.783 | 0.115 | 0.593
b tmh(gPU) UIEB | 21.87 | 0.822 | 0.098 | 0.634 | 0.024
Y UWCNN| 1223 | 0592 | 0226 | 0574
Ueol UGAN | 18.94 | 0.573 | 0.138 | 0.649
Tensoﬂfl‘;v‘SEGPU) UIEB | 21.38 | 0.816 | 0.077 | 0.770 |29.470
UWCNN | 19.69 | 0.672 | 0.103 | 0.358
[CSP UGAN | 11.61 | 0.467 | 0327 | 0918
Matlah(CPU) UIEB | 10.55 | 0.522 | 0398 | 0.979 | 0.083
UWCNN| 939 | 0476 | 0311 | 0.559
ALE UGAN | 1697 | 0.631 | 0.125 | 1.072
Matlab(CPU) UIEB | 21.55 | 0778 | 0.119 | 1.040 | 0.073
UWCNN| 18.99 | 0.613 | 0.151 | 1.208

sulting images have blurred textures (LZP4). LTC, displayed
in Figs.11(e) and (k), enhances global exposure, but details
appear blurred (LZP5 and LZP6). In contrast, AIIE, as shown
in Figs.11(f) and (1), effectively compensates for lighting,
avoiding pitfalls like unrealistic textures or pronounced noise.

2) Quantitative Comparison: In a more in-depth evaluation
of AIIE’s performance on low-light images, we conducted a
quantitative analysis against leading methods, using metrics
such as PSNR, SSIM, LPIPS, RT, and the no-reference metric
contrast-enhanced image quality (CEIQ) [76]. Results from the
SYD [44], LOL [61], and GLAD [77] datasets are summarized
in Table IV. It is noteworthy that the RT value was determined
using the first 32 images from SYD. The table indicates AIIE’s
superior performance, achieving the top CEIQ and the best RT
across all datasets. In terms of PSNR, SSIM, and LPIPS, AIIE
consistently ranks within the top three for all datasets.

E. Comparison with State-of-The-Art Multi-Task Image En-
hancement Methods

1) Qualitative Comparison: Fig. 12 showcases the visual
comparison of AIIE against leading multi-task image enhance-
ment techniques, including AirNet (CVPR 2022) [53], AOSR
(ICTAI 2023) [54], TSK (CVPR 2022) [55], and DA-CLIP
(ICLR 2024) [56]. Four categories of degraded imageslow-
light, sandstorm, haze, and underwater conditionswere chosen
from both real-world sources and specific datasets, including
LOL, O-HAZE, and UIEB. Notably, the sandstorm dataset (O-
SS) was synthesized from O-HAZE using Adobe Photoshop.
In Figs. 12(b) and (h), AirNet marginally improves image
quality but struggles with scenes featuring dense haze or low
lighting (MZP1 and MZP2). The AOSR approach, depicted
in Figs. 12(c) and (i), delivers aesthetically pleasing results in
certain scenarios, yet tends to darken the background bright-
ness in underwater images (MZP3). TSK, effective in refining
underwater and hazy images, shows limitations for low-light
conditions as demonstrated in Figs. 12(d) and (j) (MZP4).
DA-CLIP, shown in Figs. 12(e) and (k), excels in enhancing
low-light images but falls short in addressing sandstorm and
haze (MZP5 and MZP6). Observations from Figs. 12(f) and
(1) reveal that AIIE successfully mitigates adverse effects in
hazy, underwater, low-light, and sandstorm images, surpassing
the performance of other multi-task solutions.

2) Quantitative Comparison: Table V ranks the perfor-
mance of various multi-task image enhancement methods
across four distinct dataset types, with metrics scores reported
for each. The RT scores reflect the average processing time
for the first 32 images from the O-SS dataset. As shown,
AlIE secures the top position on O-HAZE, UNIE, and O-
SS datasets, and places as the runner-up on the LOL dataset,
outperforming in both reference and non-reference metrics,
notably in efficiency compared to the other methods. Given
that DA-CLIP was trained on the LOL dataset, it is expected
that AIIE may not outscore DA-CLIP in this context. However,
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Different Weather Conditions
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Fig. 12. Qualitative comparison between the proposed AIIE and state-of-the-art multi-task image enhancement techniques on (a-f) real-world and (h-m)

synthetic degraded images.

AlIIE demonstrates superior generalization in handling real-
world images, as evident in Fig.12. More importantly, the
processing time of our AIIE (0.066s) is significantly shorter
than that of DA-CLIP (8.615s), which ensures the real-time
performance of AIIE.

Overall, regardless of whether the images are hazy, un-
derwater, sandstorm, or taken in low-light conditions, our
proposed AIIE consistently delivers satisfactory enhancement

results in a timely manner. The effectiveness of AIIE is
attributed to its ability to operate without a training process
and without the need to discern the specific degradation of
the image. Instead, it effectively taps into the frequency do-
main characteristics, suppressing low-frequency details while
accentuating high-frequency elements. As such, AIIE emerges
as a robust solution for enhancing degraded images with low-
frequency corruption.
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TABLE V
QUANTITATIVE COMPARISON BETWEEN AIIE AND MULTI-TASK IMAGE
ENHANCEMENT METHODS ON DIFFERENT DATASETS. (DATA
HIGHLIGHTED IN BOLD REPRESENTS THE BEST PERFORMANCE, WHILE
DATA IN BLUE SIGNIFIES THE SECOND-BEST.)

Dataset | Metric | AirNet | AoSRNet | TSK | DA-CLIP | AIIE
PSNR1 15.46 15.03 16.96 15.74 17.11

O-HAZE SSIM?t 0.412 0.600 0.629 0.579 0.637
LPIPS| | 0.248 0.196 0.203 0.367 0.192

FADE| | 0.840 0.917 0.339 0.804 0.295

PSNR?T 15.41 15.32 15.61 17.33 21.55

UIEB SSIM?T | 0.6710 0.764 0.710 0.698 0.778
LPIPS] | 0.157 0.126 0.162 0.277 0.119

UIQMT | 0.396 0.768 0.501 0.441 1.040

PSNRT 7.44 12.81 8.03 29.21 18.95

LOL SSIM?T | 0.131 0.527 0.230 0.846 0.767
LPIPS] | 0.394 0.168 0.391 0.083 0.163

CEIQT | 1.733 2.779 1.937 3.243 3.534

PSNRT | 12.56 16.31 14.89 14.31 18.67

0-SS SSIM?T | 0.527 0.627 0.542 0.658 0.762
LPIPS| | 0.192 0.171 0.236 0.239 0.125

NIQE| | 7.621 6.621 7.760 7.493 5919

RT|(s) | 0411 0.134 0.116 8.615 0.066

G. Limitation

Note that the proposed AIIE method is developed to deal
with degraded images exhibiting low-frequency corruption (as
highlighted in the papers title), thus, as expected, AIIE may not
be able to completely remove the noise on the images contain-
ing high-frequency corruption. To clarify this, a comparison
between the multi-task image enhancement techniques and our
AlIE is further illustrated in Figs. 13. As shown, both the
multi-task image enhancement techniques and our proposed
AIIE are unable to completely remove the raindrops in such a
heavy rain situation. Nonetheless, this is still highly welcome
and useful, since it improves the visibility of the scene (e.g.,
see the red-framed region). Note that AIIE have delivered the
best clarity compared to those of other approaches. This is
due to the fact that the light/misty raindrops, sharing the same
low-frequency corruption properties as haze or fog, have been
effectively reduced.

VI. CONCLUSION

According to our extensive studies, several commonly en-
countered types of weather-affected image degradations, such
as haze, fog, low light, underwater, sandstorm, and so on, all
exhibit low-frequency interference or corruption. This funda-
mental discovery motivated us to develop a single solution
to tackle all types of degradations resulted from this class of
noise. A high majority of existing image enhancement tech-
niques can only handle one specific type of degradation (i.e.,
specific-task), and only few address two or more types (i.e.,
multi-task), to our best knowledge. In contrast, our proposed
all-inclusive image enhancement (AIIE) is able to handle all
types of degradations from this class! The commonality of this
‘low-frequency corruption’ motivates us to consider a DCT-
domain approach. First, a fundamental statistical property is
explored in the normalized DCT coefficient data field that
leads to our DCT prior (DCT-P). The key success of our

——
S

AlIE

'DA-CLIP

Fig. 13. An example illustration of a rain image to showcase the limitation
of the proposed AIIE.

proposed AIIE lies in the development of image enhancement
mask involving two adaptive parameters and their values are
iteratively determined based on the DCT-P and the gray-world
assumption.

Extensive experimental results have clearly shown the su-
perior image enhancement performance achieved by our AIIE
against most state-of-the-art methods in both specific-task or
multi-task scenarios. Besides the efficiency, our AIIE is also
advantageous on efficacy, from the viewpoints of compu-
tational complexity and algorithmic complexity. Indeed, the
computation time of AIIE is significantly faster than that of
state-of-the-arts, mainly due to our AIIE is a signal processing
approach without involving computational-intensive machine
learning approach and related dataset issues. All these are
critical for those image-based applications, such as unmanned
auto-driving vehicles, drones, and so on, in which real-time
performance is often required.
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