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Underwater image restoration is challenging due to the pervasive and simultaneous presence
of multiple degradations, including turbidity, uneven illumination, color distortion, and
motion blur. Existing approaches typically address individual degradation types and
therefore fail to generalize to complex real-world underwater conditions where these artifacts
coexist. To overcome this limitation, we propose a novel three-stage sequential framework for
progressive underwater image enhancement. First, Contrast Limited Adaptive Histogram
Equalization (CLAHE) is applied to mitigate uneven illumination and enhance local contrast.
The contrast-enhanced image is then processed by an adaptive color correction algorithm that
estimates the dominant color channel intensity and compensates for color casts across the red,
green, and blue channels. Finally, the refined image is passed to a data-driven
diffusion-based restoration model trained using noise parameters derived from a unique
turbidity-graded laboratory dataset. This dataset enabled the model to predict and quantify
turbidity-related noise and reconstruct an enhanced underwater image. The proposed
framework is evaluated on the Underwater Image Enhancement Benchmark (UIEB) and the
Turbid Underwater Dataset (TUDS), where quantitative and perceptual results demonstrate
consistent improvements at each stage of the pipeline. In particular, we report improved
quantitative performance in terms of Peak Signal-to-Noise Ratio (PSNR) and Structural
Similarity Index Measure (SSIM) compared with recent enhancement methods on a paired
subset of the UIEB, indicating effective structural and perceptual reconstruction.

Keywords: Diffusion models, image enhancement, underwater image quality assessment,
underwater image restoration

1. INTRODUCTION

Water covers approximately 70% of the Earth’s surface, yet vast portions remain unex-
plored. Unlike air, water significantly degrades captured images, causing turbidity, color
distortion and uneven illumination. These challenges limit the effectiveness of imaging
systems in marine research and biodiversity monitoring. Enhancing underwater image
quality is essential not only for human perception but also for autonomous underwater
vehicles [1] and remote sensing applications [2] that rely on clear visual data. Previous
studies in underwater image enhancement [3] and restoration have made significant
progress, yet several challenges remain. Improving underwater image quality can
generally be divided into two main categories:

o Image restoration: recovers the true scene by correcting degradations like noise,
scattering, and color distortion.

e Image enhancement: improves visual quality for human perception or machine
analysis without relying on physical models.

Image enhancement and restoration in underwater environments are hindered by visual
challenges such as severe turbidity and color distortions, as well as the scarcity of
large-scale real-world datasets. While recent studies have applied domain adaptation to
bridge the gap between synthetic and real underwater data, these methods still struggle
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under extreme conditions. In addition, conventional im-
age quality metrics often fail to capture human perception
or align with high-level tasks like object detection, em-
phasizing the need to better understand and address the
unique visual challenges present in underwater imagery.

1.1 Visual challenges in underwater imagery

1.1.1  Turbidity

Suspended particles in water scatter and absorb light,
resulting in turbidity. This phenomenon produces hazy,
blurred, and color-distorted images, significantly reduc-
ing visibility and hindering feature extraction. Sources
of turbidity include sediments (silt, clay), organic matter,
algae, dissolved compounds, and microscopic organisms.
High turbidity not only obscures underwater scenes but
also impacts marine ecosystems by limiting light pene-
tration, reducing photosynthesis in aquatic plants, and
affecting coral reefs and fish populations. From an imag-
ing perspective, turbidity diminishes contrast, sharpness,
and color fidelity, complicating accurate data capture and
often necessitating artificial lighting or computational
restoration methods. Fig. 1(a) illustrates the visual degra-
dation caused by turbidity, highlighting the challenges it
poses for underwater image processing.

1.1.2 Low-light conditions

Underwater environments are frequently characterized
by poor illumination due to light absorption and scat-
tering by water. As depth increases, red and yellow
wavelengths are absorbed more rapidly, leaving predom-
inantly blue-green light. Insufficient illumination results
in low-contrast images, color shifts, and increased noise,
reducing the clarity of objects and textures. These factors
pose significant challenges for both visual inspection and
automated image analysis. Fig. 1(b) demonstrates the
effects of low-light conditions on underwater imagery.

1.1.3 Motion blur

Motion blur occurs due to camera movement, water
currents, or the motion of subjects such as fish and sus-
pended particles. Even minor displacements during
exposure can produce smearing, reducing sharpness and
obscuring features. Motion blur complicates tasks such
as object detection, segmentation, and quantitative mea-
surement of underwater structures or organisms. The
impact of motion blur is exemplified in Fig. 1(c).

Low light conditions occur
when there is insufficient
natural or artificial light
underwater.

Motion blur happens when
water movement or the
motion of the camera causes|
images to appear smeared.

urbidity is the cloudiness or
haziness of water caused by
suspended particles.

(@ (b) (c)

Figure 1 — Representative examples of common underwater image
degradations: (a) turbidity causing haziness and reduced visibility, (b)
low-light conditions resulting in dark and low-contrast images, and (c)
motion blur due to camera or water movement, reducing clarity and
sharpness.

2. LITERATURE REVIEW

2.1 Physics-based and model-driven methods

Physics-based underwater image restoration methods
rely on modeling the underwater image formation pro-
cess. The Underwater Image Formation Model (UIFM)
[4] describes wavelength-dependent attenuation and
backscattering effects. Techniques such as Dark Chan-
nel Prior (DCP) [5] and Red Channel Prior (RCP) [6]
estimate transmission maps to compensate for color dis-
tortion and haze. Depth-dependent methods, including
color attenuation models [7] and polarization-based ap-
proaches [8], attempt to separate direct and scattered
light components.

Although these approaches provide physically inter-
pretable solutions, their performance depends heavily on
accurate estimation of water properties and scene depth,
limiting robustness in highly turbid or spatially varying
underwater environments.

2.2 CNN-based methods

Convolutional Neural Networks (CNNs) learn nonlinear
mappings between degraded and enhanced images with-
out explicitly modeling the physical formation process.
Architectures such as VGG-based networks [9], ResNet-
based models [10], and encoder-decoder structures have
been widely adopted for underwater enhancement.

These models are typically trained using paired datasets
and optimized using combinations of pixel-wise loss,
perceptual loss, and structural similarity constraints [11].
CNN-based methods improve contrast, color balance,
and detail restoration, but may struggle with severe
scattering and complex degradation patterns.

2.3 GAN-based methods

Generative Adversarial Networks (GANSs) enhance un-
derwater images by introducing adversarial training to
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encourage photorealistic outputs [12, 13]. The generator
learns to restore degraded images while the discriminator
enforces realism, improving texture details and visual
plausibility.

GAN-based approaches have demonstrated strong per-
formance in perceptual quality, particularly in challeng-
ing underwater scenarios. However, adversarial instabil-
ity and training complexity may affect consistency and
structural preservation.

2.4 Transformer and state-space-based meth-
ods

Recent approaches incorporate attention mechanisms
and state-space models [14] to capture long-range depen-
dencies and global contextual information. Transformer-
based and visual state-space models, such as Water-
Mamba [15], improve feature representation and global
color correction through enhanced contextual modeling.

These models address limitations of local receptive fields
in CNN architectures and show promising results in
complex underwater scenes.

2.5 Diffusion-based methods

Diffusion models have recently emerged as powerful
generative frameworks for image restoration. By model-
ing a gradual denoising process, diffusion-based meth-
ods iteratively refine degraded images, improving struc-
tural fidelity and realism. Recent work applies diffusion
models specifically to underwater image enhancement,
demonstrating improved detail preservation and noise
suppression.

Unlike GAN-based approaches, diffusion models offer
stable training and explicit noise modeling, making them
well-suited for severe turbidity correction and fine-detail
restoration.

2.6 Novelty of the proposed method

Diffusion-based underwater image enhancement meth-
ods typically employ standard diffusion formulations in
which noise is sampled from predefined stochastic sched-
ules during training and inference. These approaches
rely on generic noise distributions without explicitly
incorporating degradation statistics derived from real
underwater environments.

The proposed method differs in two key aspects:

e Structured three-stage framework: The method is

Input Image

Output Image

T:f:zlj, (a) CLAHE ‘ (b) AcC (c) DIFFUSION Restored,
Denoised

Figure 2 — Processing pipeline illustrating our proposed model to
enhance both turbid and hazy images through three distinct steps:
(a) Contrasting Limited Adaptive Histogram Equalization (CLAHE),
(b) Adaptive Color Correction (ACC) and, finally, while utilizing a (c)
diffusion restoration method to obtain an image that has been both
restored and denoised.

embedded within a sequential three-stage architec-
ture, where initial preprocessing and intermediate
enhancement progressively refine the input prior to
diffusion-based reconstruction. The contribution of
each stage is summarized in Table 1, and the processing
pipeline is illustrated in Fig. 2.

e Dataset-aware diffusion modeling: Instead of rely-
ing solely on randomly sampled noise schedules, the
diffusion stage leverages noise-related parameters ex-
tracted from a dataset containing images with graded
turbidity levels. This enables the refinement process
to reflect realistic underwater degradation patterns.

3. PROPOSED METHODOLOGY

Table 1 - Explanation of enhancement and restoration techniques in
the proposed framework

Technique Main Purpose = Works Type
On
CLAHE  Enhances local Local Local en-
contrast and pixel hancement
corrects uneven neighbor- (nonlinear
illumination in hoods histogram-
small regions based)
Adaptive Equalizes Whole Global en-
Color global bright- image hancement
Bal- ness and color (global (linear and
ancing distribution adjust- adaptive
(ACB) across RGB ment) over time)
channels
Diffusion Restores com- Entire Deep gen-
Model plex degrada- image erative
tions such as (learned  restoration
turbidity, blur, model)
color distortion,
and noise
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Figure 3 — Comparison of the luminance channel (L-channel) image
and its corresponding histogram: (a) before and (b) after CLAHE
enhancement.

3.1 Contrast-Limited Adaptive Histogram Equal-
ization (CLAHE)

In the first step of our restoration framework, we imple-
ment Contrast-Limited Adaptive Histogram Equaliza-
tion (CLAHE) [16]. Unlike global histogram equalization,
which operates on the entire image and often washes
out local details, CLAHE divides the image into non-
overlapping blocks or contextual regions. Within each
region, the histogram of pixel intensities is computed
and equalized independently.

Formally, let an image be divided into M X N blocks. For
each block, the histogram H(i) is clipped at a maximum
value Hp, and the Comulative Density Function (CDF)
is computed as:

CDF(i) = Z Hetippea (), (1)
j=0

where Hipped(j) is the clipped histogram count for inten-
sity level j. Each pixel intensity is then mapped according
to its local normalized CDF, and bilinear interpolation is
applied between neighboring blocks to prevent abrupt
transitions.

By enhancing local contrast while limiting noise ampli-
fication, CLAHE brightens dark regions and preserves
structural details. This makes it particularly suitable as
the first stage in our multi-step framework, providing
a strong foundation for subsequent adaptive color cor-
rection and diffusion-based restoration. Fig. 3 shows a
comparison of the luminance channel and its histogram
before and after CLAHE enhancement.

3.2 Adaptive Color Correction (ACC)

The second step in our framework addresses severe color
degradation caused by wavelength-dependent absorp-
tion and scattering in underwater environments. An
Adaptive Color Correction (ACC) technique [17] is ap-

Original Image

Color Corrected Image

Figure 4 — Three underwater scenes were subjected to adaptive color
correction. The technique in (a) restores the absent warm tones and
lessens the severe greenish hue. The algorithm in (b) adjusts for the
bluish bias brought on by light absorption in deeper water. In (c),
it maintains the coral’s original texture while balancing the greenish,
yellowish tint. In every instance, the ACC method automatically
detects the predominant color bias and generates an output that is more
visually balanced and natural

plied after contrast enhancement to restore natural color
appearance.

The approach first classifies underwater images into four
categories, bluish, greenish, yellowish, and color-balanced,
based on the dominant color in the estimated background
region as shown in Fig. 4. The background region is
identified using a Quadtree-based search, which recur-
sively partitions the image into subregions and selects
the area with the highest brightness and lowest intensity
variance as an approximation of the scene’s illumination.

For greenish images, histogram normalization balances
the gray-level distributions of the three channels. Let I.(x)
denote the normalized pixel value (in [0, 1]) of channel
c € {r,g b} at position x. The gray value distribution
is normalized according to its cumulative histogram to
ensure uniformity among channels.

For bluish images, the red channel suffers the most atten-
uation. Compensation is applied using the green channel
as a reference, following the gray-world assumption. The
corrected red channel I, (x) is computed as:

L) = L) +a(l-L) - L@, (2

where I, and E denote the mean pixel values of the red
and green channels within the background region, and
a is a tunable parameter set to 1. After red-channel
compensation, gain adjustment is applied to all three
channels to expand their dynamic range:

Ié(x) =K. (Ic(x) - Ic,m'm) ’ (3)

where 055
K. = F/ D, = Ic,max - Ic,m'm/ (4)

c

and I min, I max are the minimum and maximum pixel
values of channel ¢ after compensation. Here, K. is the
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gain factor that scales the channel to use the full 0-255
intensity range, ensuring enhanced contrast and color
distribution.

For yellowish images, the red channel serves as a refer-
ence to compensate the green and blue channels:

I () = L(x) + a (I, - I;) (1 - L) (),
I, (x) = 1) + B (I, = Tp) (1 = L) (),

where a and f are tunable parameters set to 1.

Images where the mean values of all three channels
in the background region are approximately equal are
considered color-balanced and are passed directly to the
next enhancement stage without additional correction.

Forward Diffusion (t =1-T)

z = Jogz 1 +vV1—ae

Reverse Diffusion (t =T — 1)

21 = po(ze,t) +op 2

Reverse Diffusion
The U-Net predicts the noise
component and tries to
accurately predict the noise
parameters.

Forward Diffusion
Add Gaussian noise step by-
step based on B-schedule

This adaptive strategy effectively compensates for wavelength-

dependent attenuation and restores natural color across
diverse underwater scenes. Fig. 5 illustrates the frame-
work and the sequential enhancement process.

CLAHE ->ACC
(sequential)
X

OUTPUT

®

Figure 5 —Illustration of the Adaptive Color Correction (ACC) frame-
work. (a) Input underwater image. (b) CLAHE enhances local contrast.
(c) ACC classifies images into greenish, bluish, or yellowish categories
and performs color compensation. (d) Sequential CLAHE + ACC en-
hancement produces the restored image with improved color balance
and visual clarity.

3.3 Diffusion models

The final stage of the proposed framework employs
a data-driven diffusion model to restore underwater

(@) (b) (c) (d)
(e) (f) (@ (h)

Figure 6 — From (a) to (h), images from the dataset demonstrate
progressively increasing turbidity, mimicking the forward diffusion
noise addition process. The dataset [18] was generated in a controlled
laboratory setup using sand suspended in water to replicate realistic
turbid conditions encountered in natural aquatic environments.

Figure 7 — Flowchart of the proposed diffusion framework. In the
forward process (@ — b), Gaussian noise is progressively added ac-
cording to the p-schedule, x; = arx;1 + V1 —a;e. In the reverse
process (b — c), the network estimates the mean (y;) and variance (af)
to iteratively denoise the image using x;_1 = pg(x, t) + 042.

images using a learned variance schedule [19]. The
model consists of two processes: a forward degradation
process that models turbidity-induced corruption, and
a reverse process that learns to recover the clean image
from noisy observations.

3.3.1 Noise parameter estimation from real

underwater data
Let the sequence of images captured under progressively

increasing turbidity levels (see Fig. 6) be denoted as

X0, X1,X2, ..., XT,

where x; € RFX"WXC represents the underwater image at
turbidity level ¢, H, W, and C denote the image height,
width, and number of channels, respectively, and xg
corresponds to the clear reference image.

3.3.1.1 Step-wise noise extraction:

The incremental degradation between consecutive tur-

bidity levels is modeled as

Xt+1 = Xp + 1, (6)

where n; denotes the turbidity-induced noise between
levels t and t + 1.

The empirical noise is computed pixel-wise as
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n; = Xp11 — Xy, (7)

with subtraction applied across all spatial locations and
channels.

3.3.1.2 Statistical estimation:
For each diffusion step ¢, the mean and variance of the

extracted noise are estimated over al N = HX W x C
pixels:

-2 §N ; (8)
=N LM
t N t ,ut ’

i=1

where nii) denotes the i-th pixel value of the flattened
noise tensor ny, |i; represents the empirical mean, and atz
represents the empirical variance of the turbidity-induced
degradation at timestep ¢.

3.3.1.3 Beta schedule construction:

The diffusion variance schedule is constructed directly

from the estimated noise statistics:

Br=o07, teil,2,...,T} (10)

where ¢ denotes the variance parameter at timestep t.
The corresponding signal retention coefficient is defined

as

Ay = 1 _ﬁt- (11)

This results in a data-driven diffusion process in which
the noise magnitude at each timestep reflects physically
observed underwater scattering patterns rather than
synthetic stochastic perturbations.

3.3.1.4 Noise prediction objective:
During training, the reverse process learns to predict the

empirically observed noise:

ﬁt = e@(xt/ t)/ (12)

where €¢(-) denotes the neural network parameterized
by 0, and fi; is the predicted noise at timestep ¢.

The model is optimized using the mean squared error
objective:

L= By, [l = nel}], (13)

where [E; ,, denotes expectation over sampled timesteps
and degraded images, and || - ||§ represents the squared
{> norm.

3.3.2 Forward diffusion for synthetic dataset
generation

Using the estimated noise parameters, forward diffusion
generates a synthetic dataset with progressively increas-
ing turbidity. Multiple noisy versions are created from
each clean image, exposing the reverse diffusion model
to diverse noise patterns. This generated dataset en-
ables effective learning of real-world underwater noise
distributions (Fig. 7a-b).

3.3.3 Reverse diffusion for image denoising

The reverse diffusion model reconstructs the clean image
xo from a noisy image x;. At each timestep, the model
predicts the denoised mean pg(x;, t) and variance Ué(t),
iteratively removing noise according to:

Xi-1 = Ho(x, t) +oe(t)z, z~ N(O,I). (14)

This process recovers structural details while maintain-
ing natural textures. A U-Net architecture with skip
connections is used for the reverse model to preserve the
fine details of the input image (Fig. 7b—c).

4. IMPLEMENTATION DETAILS

The proposed diffusion model is trained using the noise
prediction objective described in Section 3.3. To improve
computational efficiency, the precomputed coefficients &;
and f; are used during both sampling and optimization.

During training, input images are resized to 256 x 256
and normalized to the range [—1, 1]. Random horizontal
flipping is applied for data augmentation.

The model is optimized using the Adam optimizer with
an initial learning rate of 1 x 1074, batch size of 16, and
20 training epochs. The experiments are conducted in a
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GPU-accelerated computing environment.

The forward diffusion process follows the data-driven
variance schedule §; derived from laboratory turbidity
statistics. At each timestep, spatially correlated tur-
bidity noise is generated by sampling from a uniform
distribution in [-1, 1] and applying Gaussian smoothing
with standard deviation ¢ = 10. The generated noise
is subsequently normalized to match the empirically
estimated variance f;, ensuring consistency with the
observed degradation distribution.

5. RESULTS

The proposed framework was implemented and tested
on two different datasets exhibiting varying levels of
turbidity and degradation. In the next section, we will
discuss the quantitative and qualitative results obtained
and the evaluation metrics used. Figures 8 and 9 represent
the sequential results for each respective dataset.

5.1 Underwater Image Enhancement Bench-
mark Dataset (UIEBD)

The Underwater Image Enhancement Benchmark Dataset
(UIEBD) [20] contains underwater images with varying
degrees of color degradation, including greenish, yellow-
ish, and bluish haze. Fig. 8 illustrates the progressive
outputs of our enhancement pipeline. For images with a
dominant greenish hue, such as (a) and (d), the combined
use of Contrast Limited Adaptive Histogram Equaliza-
tion (CLAHE) and Adaptive Color Correction (ACC)
effectively mitigated the green illumination bias. In more
turbid cases, represented by (b) and (c), CLAHE substan-
tially improved local contrast and revealed hidden scene
details. The final stage, integrating CLAHE, ACC, and the
diffusion-based restoration model, consistently produced
the most visually-balanced and perceptually-enhanced
results across all images.

5.2 TUDS dataset

To assess performance under highly turbid conditions,
the proposed method was evaluated on the TUDS dataset
[18], which contains real-time underwater imagery with
moving fish, introducing challenges such as motion blur
and low-light conditions. For images like Fig. 9(d),
the pipeline effectively corrected color casts, while the
diffusion-based restoration model further enhanced vi-
sual quality by suppressing noise and restoring fine
details. These improvements demonstrate the method’s
robustness in complex underwater environments and its
potential for practical applications in underwater imag-
ing and analysis.

CLAHE + ACC + Diffusion
Models

Raw Image CLAHE CLAHE + ACC

Figure 8 — Comparison of underwater image enhancement results on
UIEBD [20]. From left to right: Raw image, CLAHE enhancement,
CLAHE + Adaptive Color Correction (ACC), and the proposed sequen-
tial CLAHE + ACC + Diffusion model framework. Rows (a)—(d) show
different underwater scenes and the improvement in contrast, color
balance, and visual clarity achieved by the proposed method.

CLAHE + ACC + Diffusion

CLAHE + ACC Models

Figure 9 — Underwater image enhancement results on TUDS [18].
Columns represent the stages: Raw image, CLAHE, CLAHE + Adap-
tive Color Correction (ACC), and the full pipeline with CLAHE +
ACC + Diffusion-based restoration model. Rows (a-d) depict images
with varying turbidity and color casts, demonstrating improved color
contrast and detail recovery at each enhancement stage. The final
stage produces the most visually-balanced and perceptually-enhanced
results.
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6. EVALUATION METRICS

For underwater image restoration, objective evaluation
remains challenging due to the absence of correspond-
ing ground truth references in most real-world datasets.
However, the paired subset of the UIEB dataset pro-
vides reference images, enabling full-reference evalua-
tion.Therefore, PSNR and SSIM are computed on the
UIEBD paired subset, while no-reference and perceptual
metrics are used for unpaired datasets such as TUDS.

This study further employs perceptual and statistical
quality measures, including Entropy (H(X)), the Natural-
ness Image Quality Evaluator (NIQE), Fréchet Inception
Distance (FID), and Kernel Inception Distance (KID), to
quantitatively assess restoration performance.

6.1 Metric definitions

(a) Peak Signal-to-Noise Ratio (PSNR): PSNR measures
pixel-level fidelity between restored and reference images

and is defined as:
2
MAX ), (15)

PSNR =10 IOglo (m

where MAX is the maximum possible pixel value and
MSE is the mean squared error between restored and
reference images. Higher PSNR indicates better recon-
struction quality.

(b) Structural Similarity Index Measure (SSIM): SSIM
evaluates structural similarity between restored and ref-
erence images by comparing luminance, contrast, and
structure:

Quxpy + C1)(20yy, + C2)
(13 + 4 + C)(o? + 0 + Co)’

SSIM(x, y) = (16)
where 1, 0, and 0,, denote mean, variance, and co-
variance terms. Higher SSIM values indicate greater
structural similarity.

(c) Entropy (H(X)): Entropy [21] quantifies the amount
of information retained in an image and is defined as:

H(X) = — 2 P(i)log, P(i), (17)

where P(i) denotes the normalized histogram of pixel
intensities. Higher entropy values indicate richer im-
age details and enhanced sharpness obtained through
progressive restoration.

(d) Naturalness Image Quality Evaluator (NIQE): NIQE
[22] assesses perceptual image quality by quantifying the
deviation of natural scene statistics from those of the test
image:

NIQE = \[(f - p)TE1(f — ), (18)

where f is the feature vector, u is the mean, and L is
the covariance matrix of natural image features. Lower
NIQE values indicate a closer resemblance to natural
scene statistics.

(e) Fréchet Inception Distance (FID): FID measures the
similarity between feature distributions of restored and
reference natural images:

FID = ||y, = pgll} + Tr(Z, + Zg - 2(%,Z)'%),  (19)

where (u,, X;) and (ug, L) represent the mean and co-
variance of features extracted from real and generated
image sets, respectively. Lower FID scores indicate a
closer alignment with natural image distributions.

(f) Kernel Inception Distance (KID): KID measures dis-
tributional similarity using polynomial kernel statistics:

KID = E[k(f,, )] + E[k(fy, £2)] - 2E[k(f. f)],  (20)

where k(-, -) denotes the kernel function, and expectations
are computed over feature pairs from real (f;) and gener-
ated (f;) images. Lower values correspond to improved
perceptual quality.

6.2 Comparison with existing methods

We compare the proposed method against representative
recent approaches, including both diffusion-based and
non-diffusion frameworks. It should be noted that prior
work such as Osmosis [23] reports quantitative evalu-
ation on synthetic underwater images generated from
the NYU-v2 RGBD dataset, whereas our evaluation is
conducted on the UIEB paired subset. Therefore, direct
numerical comparison should be interpreted with caution
due to differences in dataset characteristics, degradation
modeling, and evaluation protocols.

On the UIEB paired subset, Water-Net [20] and the Fusion-
based method [24] achieve PSNR values of 19.11 dB and
18.75 dB, with SSIM scores of 0.79 and 0.81, respectively.
WaterMamba [15] attained 24.72 dB PSNR and 0.93 SSIM,
while Diffusion-UIE [25] achieves 25.44 dB PSNR and 0.94
SSIM. The partial fine-tuning variant of Diffusion-UIE
further improves the PSNR to 26.88 dB, although the
SSIM decreases to 0.78. The proposed hybrid framework
(CLAHE + ACC + Diffusion) achieves 26.12 dB PSNR
and 0.91 SSIM, demonstrating a favorable balance be-
tween reconstruction fidelity and structural preservation.
Quantitative results evaluated using PSNR and SSIM are
summarized in Table 2.

It can be noted that although PSNR and SSIM are widely-
adopted metrics, they do not fully reflect perceptual qual-
ity in underwater imaging scenarios. The complex effects
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of scattering, absorption, and color shift are not entirely
captured by pixel-wise similarity measures. Therefore,
the numerical improvements should be interpreted in
conjunction with qualitative visual analysis to provide
a more comprehensive assessment of restoration perfor-
mance.

Table 2 — Quantitative comparison with representative underwater
image enhancement methods on the UIEBD paired subset. Bold values
denote the highest PSNR and SSIM obtained across these methods.

Methods PSNR1T SSIM1T
Water-Net [20] 19.11 0.79
Fusion-based [24] 18.75 0.81
WaterMamba [15] 24.72 0.93
Diffusion-UIE [25] 25.44 0.94
Diffusion-UIE (Fine-tuning) [25] 26.88 0.78
Proposed 26.12 0.91
(CLAHE+ACC+Diffusion)

6.3 No-reference evaluation

Table 3 — Performance metrics for underwater image restoration on
UIEBD and TUDS datasets across sequential enhancement stages

Dataset CLAHE CLAHE+ACC Diffusion
Entropy (H(X))

UIEBD 6.9 7.5 7.8
TUDS 6.5 6.9 7.1
NIQE

UIEBD 3.1 2.6 2.0
TUDS 35 3.0 2.8
FID

UIEBD 18.2 12.3 94
TUDS 224 16.1 14.7
KID (x1073)

UIEBD 10.8 8.2 6.1
TUDS 12.5 9.6 8.3

The evaluation results in Table 3 present the perfor-
mance of the proposed three-stage restoration frame-
work across the UIEBD and TUDS datasets. For Entropy
(H(X)), which measures the amount of visual information,
the diffusion-based restoration yields the highest scores
(7.8 for UIEBD and 7.1 for TUDS), indicating superior
texture and detail preservation relative to CLAHE or
CLAHE+ACC..

Furthermore, both FID and KID metrics demonstrate
significant improvements through the enhancement se-
quence. The FID values decrease progressively from 18.2
to 9.4 for UIEBD and from 22.4 to 14.7 for TUDS, while
the KID metric shows consistent reductions, indicating
that the diffusion model effectively aligns the restored
image features with those of real-world natural scenes.

Overall, the results validate that each enhancement stage

contributes positively to visual quality. The diffusion-
based restoration consistently outperforms preceding
stages, achieving the best balance between perceptual
realism, color fidelity, and statistical similarity to natural
image distributions.

7. CONCLUSION

The proposed three-stage underwater image restoration
framework, consisting of Contrast Limited Adaptive His-
togram Equalization (CLAHE), Adaptive Color Correc-
tion (ACC), and diffusion-based enhancement, showed
clear improvements in both perceptual and statistical im-
age quality. The step-by-step structure made it possible
to compare the results after each stage, helping to under-
stand how each process contributed to the final image
quality. Experiments on the UIEBD and TUDS datasets
confirmed the effectiveness of this approach. Overall,
combining traditional contrast and color correction meth-
ods with a diffusion-based model proved to be a simple,
reliable, and interpretable solution for underwater image
restoration.

A. APPENDIX EXAMPLE

This is an example of the appendix sections. You can also
change the contents of the following sections using the
settings on the template.
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