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Abstract—Underwater images typically suffer from poor visibility,
color distortion, and noise due to scattering and absorption phenomena.
In this work, we propose an enhanced restoration technique based on
accurate background light estimation and refined transmission map
correction. Initially, background light is estimated using an illumination,
contrast, and color deviation prior. Then, a transmission map is
calculated and corrected through a first-order guided filtering process.
Finally, a variational framework restores the underwater image while
suppressing noise. Experiments demonstrate significant improvements
in contrast, color fidelity, and noise reduction.

KeyWords—Underwater Image Restoration, Background Light
Estimation, Transmission Map Correction, Variational Framework,
Image Enhancement.

I. INTRODUCTION

Underwater imaging plays a crucial role in exploration,
scientific research, and environmental monitoring of aquatic
ecosystems. However, images captured beneath the water
surface often exhibit low contrast, color casts, and significant
noise due to light scattering, absorption, and suspended particles.
These distortions hinder accurate visual interpretation and
downstream  processing,  necessitating robust  image
enhancement techniques.

A. Overview of Underwater Imaging

Underwater imaging is crucial for the exploration and study of
marine environments, yet capturing clear images beneath the
water surface presents significant challenges. Factors such as
light scattering, absorption, and suspended particles lead to
images that are often blurry, color-distorted, and lacking detail.
Enhancing underwater images is essential for improving
visibility and accurate interpretation, especially in fields like
marine biology, archaeology, and environmental monitoring.

Historically, early underwater exploration relied on primitive
diving tools, but the true beginning of underwater imaging came
in the late 19th century with Louis Boutan’s pioneering
underwater photography using specially designed equipment.

Recent advancements in underwater imaging technology have
greatly expanded our ability to explore and monitor aquatic
environments. However, capturing high-quality images beneath
the water surface remains inherently difficult due to light
absorption, scattering, and the presence of suspended particles.
These phenomena cause color shifts toward green and blue hues,
reduced contrast, and increased noise. Traditional enhancement
techniques often struggle to address these challenges
comprehensively. Therefore, the development of robust
restoration frameworks, capable of compensating for physical
distortions and recovering true scene colors, has become
increasingly important. This paper aims to address these issues
by proposing an enhanced underwater image restoration
technique grounded in accurate background light estimation,
transmission map refinement, and variational modeling.
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Fig. 1. History of Underwater Imaging

Throughout the 20th century, technological innovations such
as the invention of the Aqua-Lung by Jacques Cousteau,
waterproof camera housings, strobe lighting, and color film
transformed underwater imaging capabilities.

The advent of digital imaging in the 1990s further
revolutionized underwater photography, allowing instant image
review, enhanced storage, and better adaptability to various
lighting conditions. Today, underwater imaging is not only an
artistic endeavor but also a vital scientific tool for studying coral
reefs, assessing marine biodiversity, and monitoring the health
of aquatic ecosystems.

The challenges associated with underwater imaging have
driven extensive research into image restoration and
enhancement methods. Numerous approaches have been
developed to mitigate visibility degradation, color distortion, and
noise. In this context, several underwater image enhancement
algorithms have been proposed, each addressing specific aspects
of the underwater imaging problem. A review of the key related
works is presented below.

II. RELATED WORK

Underwater image enhancement has become crucial for
applications in marine engineering, robotics, and environmental
monitoring. Various algorithms have been developed to address
issues such as color distortion, low contrast, and light scattering.
However, many of these methods are often evaluated using
synthetic datasets or limited real-world images, which leaves
gaps in their performance understanding in natural underwater
environments.

Li et al. introduced the Underwater Image Enhancement
Benchmark (UIEB), which includes 950 real-world underwater
images, with 890 images having reference data for evaluation.
Their proposed Water-Net baseline model and perceptual study
provide a comprehensive resource for training Convolutional
Neural Networks (CNNs) and evaluating enhancement
algorithms.
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Berman et al. proposed a spectral profile-based approach that
accounts for varying light attenuation in different wavelengths,
making it more suited for underwater environments. Their
method, tested on 57 real-world images, significantly improves
color restoration.

Zhou et al. developed a method combining Comprehensive
Imaging Formation Model (CIFM) with unsupervised
techniques, incorporating Channel Intensity Prior (CIP) and
Adaptive Dark Pixels (ADP) for backscatter elimination. Their
method outperformed several state-of-the-art techniques,
especially in diverse underwater conditions.

Ancuti et al. introduced Color Channel Compensation (3C),
which compensates for color channel distortions due to
underwater haze or artificial illumination. Their technique
consistently enhances the performance of conventional
restoration methods.

Liu et al. introduced the Rank-One Prior (ROP) framework,
which models degraded underwater images as a combination of
clear images and environmental effects, achieving real-time
scene recovery with improved efficiency and accuracy.

Zhuang et al. proposed a Bayesian Retinex algorithm using
multi-order gradient priors to improve color correction and
suppress noise. Their method has shown superior performance
compared to other enhancement techniques.

These studies highlight significant advancements in
underwater image restoration. However, challenges related to
varying water types, lighting conditions, and noise persist,
driving ongoing research in this area.

I11. EXISTING SYSTEM

Underwater image enhancement has been extensively
researched due to its importance in marine engineering,
underwater robotics, and environmental monitoring. The
existing enhancement methods can be broadly categorized into
traditional enhancement techniques, deep learning-based
methods, and hybrid models.

Traditional Enhancement Techniques: Early underwater
image enhancement techniques focused on basic pixel
manipulation methods, such as histogram equalization, contrast
stretching, and color correction. These approaches aim to
improve image visibility by adjusting pixel intensities. However,
they are limited when dealing with the complex degradation
effects in underwater environments, such as severe scattering,
light absorption, and noise. Methods like Dark Channel Prior
(DCP) have been adapted for underwater images, but they still
struggle to accurately estimate key components like transmission
maps and background light. As a result, these methods often fail
to handle the extreme variability in underwater lighting
conditions.

Deep Learning-Based Approaches: With the advent of deep
learning, several convolutional neural network (CNN)based
models have been proposed to automatically enhance
underwater images by learning complex features. While these
methods can produce impressive results, they typically require
large datasets for training. Unfortunately, high-quality
underwater datasets are limited, and many available datasets are
synthetic or contain only a small number of real-world images.
Furthermore, deep learning methods often struggle with
generalization to diverse underwater environments, as they are
usually trained on specific types of water bodies or lighting
conditions.

Hybrid Models: Hybrid models combine traditional image
enhancement techniques with deep learning models to harness
the strengths of both approaches. For example, some methods
use pre-processing steps based on traditional techniques like
guided filtering or DCP to estimate transmission maps and

background light. This is followed by a neural network to refine
the image restoration. While these models can reduce the
computational load of fully deep learning-based methods, they
still face challenges in handling the complex nature of
underwater image degradation, especially in real-time
applications.

Challenges and Limitations: Despite the progress in
underwater image enhancement, several challenges remain: 1.
Limited Datasets: Most methods are evaluated using small or
synthetic datasets, which limits their ability to generalize across
diverse underwater environments. 2. Handling Scattering and
Noise: Light scattering and noise remain significant issues that
degrade the quality of underwater images. Many existing
methods are ineffective at dealing with these problems in real-
world scenarios. 3. Generalization: Deep learning methods often
perform well on datasets they were trained on but fail to
generalize to different water types, lighting conditions, or real-
world underwater environments.

These challenges highlight the need for more robust
enhancement techniques that can handle varying underwater
conditions effectively and generalize well across different
environments.

IV. PROPOSED SYSTEM

The proposed method enhances underwater images through a
multi-step pipeline that addresses several key challenges such as
haze, noise, and color degradation. The system follows a
structured approach, as outlined below:

1) Background Light Estimation: The first step in the
restoration process involves estimating the background
light of the underwater scene. Using a robust evaluation
formula that combines “intensity”, “contrast”, and “color
deviation”, we identify the brightest pixels in the dark
channel to approximate the scene’s illumination. This
estimation helps in compensating for light scattering,
which often leads to hazy and color-distorted images. The
estimated background light improves overall image
contrast, allowing for clearer scene restoration.

2) Transmission Map Estimation and Correction: The
next step involves the calculation of the “initial
transmission map”. This map models the attenuation of
light as it travels through water, capturing the extent of
light scattering. The “Dark Channel Prior (DCP)” is used
to generate an initial transmission map, which indicates
areas with heavy haze and varying visibility. This map is
then refined using “first-order guided filtering” to improve
depth perception and detail in the image, ensuring that
regions with minimal haze maintain the natural scene
contrast. The result is a more accurate transmission map,
reflecting the true visibility across different parts of the
underwater image.

3) Variational Framework Restoration: After refining the
transmission map, we use a “variational framework”for
image restoration. This approach jointly estimates the
clean scene and noise in the image by optimizing an
energy functional. The goal is to minimize the difference
between the observed image and the estimated scene while
accounting for noise. The restoration process is formulated
as:

i
{K, N} = agmin | K+ A= N-H[ 4 N0 Y V@B 6K - He
KN —
where K represents the restored clean image, N is the
noise, and H is the observed image. The optimization
balances the clarity of the restored scene, the noise
minimization, and the smoothness of image gradients.
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Regularization terms ensure the preservation of sharp
details while reducing haze.

4) Extension Techniques: To further enhance the restoration
quality, we introduce additional extension techniques such
as “Bidimensional Empirical Mode Decomposition
(BEMD)” and “Contrast Limited Adaptive Histogram
Equalization (CLAHE)”. BEMD is used to decompose the
image into intrinsic modes that capture different scales of
features, helping to refine fine details. CLAHE, on the
other hand, is applied to enhance the contrast in localized
regions of the image, improving the overall visual appeal
without introducing artifacts. These methods contribute to
a higher **Peak Signal-to-Noise Ratio (PSNR)**, making
the enhanced underwater images more visually accurate
and clearer.

A. Underwater Imaging Model

The degraded underwater image H(x) is modeled as:

H.(x) = K.(x)t.(xr) + A(1 — t.(x)) + N.(x)

where K (x) is the clean image, #.(x) is the transmission map, 4.
represents the background light, and N.(x) is the noise term
introduced in underwater environments.
B. Variational Restoration Framework

The restoration problem is formulated as:

4
NP+ Y V@K 1+ 6]~ Ha P

m=1

LI

{I. N} = wgmin [ Kt A(L-t)tN-H]

where y, A, and B are regularization weights, H. is the
colorcorrected input image, and V, represents first-order
gradient operators.

This framework iteratively minimizes the discrepancy
between the observed image and the restored scene, optimizing
both the clean image and noise components simultaneously.
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Fig. 2. Flowchart for Underwater Image Restoration Process

V. SOFTWARE REQUIREMENTS

The proposed restoration pipeline is implemented entirely in
MATLAB. To run the code, the following software environment
is required:

« MATLAB Version: R2020a or later.

. Image Processing Toolbox: Functions such as imread,

imfilter, medfilt2, and guided filtering routines.

. Optimization Toolbox: Used for solving the variational
energy minimization via ADMM.

. Statistics and Machine Learning Toolbox: Provides support
for custom filtering refinement and any datadriven
parameter tuning.

. No external dependencies: All BEMD and CLAHE
operations are implemented using MATLAB’s native
functions.

- Supported Formats: JPEG, PNG, and TIFF input/output via
imread/imwrite.

VI. RESULTS

To evaluate the performance of the proposed underwater
image enhancement method, we conducted experiments on
standard benchmark datasets used for underwater image
restoration. The results demonstrate significant improvements in
both quantitative and qualitative metrics compared to stateof-
the-art techniques.

A. Quantitative Evaluation

We compared the proposed method to two baseline
approaches: histogram equalization and a Dark Channel Prior
(DCP)-based method. For performance assessment, we
employed widely used metrics such as Peak Signal-to-Noise
Ratio (PSNR), Mean Squared Error (MSE), and the correlation
coefficient. Table I summarizes these results.

TABLE 1

QUANTITATIVE COMPARISON (HIGHER PSNR/CORR., LOWER MSE ARE

BETTER).
Method PSNR (dB) | MSE | Corr. Coef.
Histogram Eq. 22.12 0.053 0.876
DCP-Based 24.35 0.038 0.907
Proposed 26.76 0.029 0.945

B. Qualitative Evaluation

Figures 3 and 4 show the raw underwater image and the
corresponding restoration output from our method. Note the
enhanced contrast, crisper edges, and truer colors in the restored
version.

Fig. 3. Raw underwater image.
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Fig. 4. Restored image by the proposed method.

C. Extension Techniques: BEMD and CLAHE

Applying BEMD decomposes the image into intrinsic mode
functions (IMFs), isolating noise from detail. Subsequent
CLAHE boosts local contrast in underexposed regions. Together,
these steps improved PSNR by an additional 1.5 dB.

D. Real-World Performance

Tests on images from murky coastal and deep-sea
environments confirm robustness across diverse conditions,
consistently enhancing visibility and detail.

E. Computational Efficiency

On a 512x512 image, our MATLAB implementation takes
approximately 4-6 s on a typical desktop (8§ GB RAM), making
it feasible for near real-time use with minor optimization.

F. Summary of Results

Overall, the proposed pipeline—background light estimation,
transmission map refinement, variational restoration, and
BEMD/CLAHE extensions—delivers clear, high-fidelity
underwater images, outperforming conventional baselines both
quantitatively and qualitatively.

a) Additional Evaluation: UIQM, AMFD, and Feature
Matching: To further validate our approach, we computed two
perceptual quality metrics: Underwater Image Quality Measure
(UIQM) and Average Measure of Feature Distortion (AMFD) on
the UIEB dataset. The proposed method achieved an average
UIQM of 3.45 (versus 2.18 for DCP-based) and an AMFD of
0.78 (versus 0.54), confirming superior contrast, colorfulness,
and naturalness. Furthermore, in a SURF feature matching test,
enhanced images produced on average 65 reliable matches
compared to just 48 in the raw inputs—a 35

VII. CONCLUSION

In this paper, we have presented a comprehensive underwater
image enhancement framework that combines accurate
background light estimation, transmission map refinement, and
a variational restoration model to effectively mitigate haze and
noise. By further integrating Bidimensional Empirical Mode
Decomposition (BEMD), the method decomposes underwater
images into intrinsic mode functions (IMFs), enabling targeted
noise suppression while preserving essential scene details. The
use of unsharp masking for image sharpening refines edge
definition, resulting in crisper and more visually appealing
outputs.

Quantitative evaluation using Peak Signal-to-Noise Ratio
(PSNR), Mean Squared Error (MSE), and correlation coefficient
metrics confirms the superior performance of our approach over
baseline methods, with average PSNR gains exceeding 1.5 dB.
Qualitative results demonstrate marked improvements in
contrast, color fidelity, and feature visibility across a variety of
challenging underwater scenes.

The entire pipeline is implemented in MATLAB, leveraging
built-in toolboxes for efficient matrix operations and
optimization. This implementation facilitates rapid prototyping
and ensures robustness, making the technique suitable for a wide
range of applications, from marine biology and archaeology to
underwater robotics and environmental monitoring.

Future work will explore the integration of deep learningbased
priors for adaptive parameter tuning, as well as GPUaccelerated
implementations for real-time processing. Additionally,
extending the framework to multispectral and polarization
imaging holds promise for further enhancing restoration quality
under extreme underwater conditions.
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