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ABSTRACT:

One of the biggest issues with cameras in underwater systems is image degradation caused by the environment. It leads
to severe changes of colour fidelity and to structural contrast, feature visibility, and optical clarity. If marine monitoring
and autonomous underwater vehicles are to be successful, image restoration should be the first thing on the agenda as it
can indicate possible huge losses of information and damages of high-level computer vision tracking activities. Old-
fashioned physical restoration techniques are usually computationally complex or rely very much on external depth
sensors and large learning-based training datasets. This is why in this work an Underwater Image Restoration System
Using Colour Distance and an Image Formation Model is introduced to attempt a hybrid underwater image restoration
method which takes degraded raw images as input and retrieves the original scene radiance through wavelength-
dependent physical restoration methods. Various stages of digital image processing techniques like pre-channel
compensation, Grey World white balancing, unsharp masking, and local CLAHE in the Lab colour space are performed
to achieve pixel-level colour correction and multi-scale weight map features. Satellite-type optical underwater images go
through preprocessing steps like channel scaling, intensity adjustment, and noise reduction first, and then optimized
luminance maps and fused restored maps are produced. System's performance has been checked by using such metrics
as Peak Signal-to-Noise Ratio (PSNR), Structural Similarity Index (SSIM), and Underwater Colour Image Quality
Evaluation (UCIQE). Experimental tests have been conducted on the famous UIEB dataset and very efficient
restoration, and clarity enhancement results have been attained compared with traditional methods using contrast maps,
colour-balanced outputs, and visual analysis reports that are helping subsea systems to make the right decisions at the
right time.

KEYWORDS: Underwater Image Restoration, Colour Distance, Image Formation Model, Light Attenuation, CIELAB
Colour Space Contrast Enhancement.

INTRODUCTION

Underwater image degradations are the most common and detrimental optical disasters in subsea imaging. They cause
severe losses to colour fidelity, edge contrast, structural clarity, high-frequency details, and the entire marine visibility
environment. Generally, underwater image degradations are caused by the mechanisms below: light absorption by water
molecules; forward and backward light scattering; suspended particulate matter (marine snow); uneven ambient lighting;
depth-dependent light attenuation; deficiencies of organic matter in turbid coastal regions. Timely and accurate
underwater image restoration is a must to encourage timely automated vision actions. The effectiveness of prompt
processing responses at the very first time can help in minimizing the extent of information loss of features, as well as in
economic and operational navigation damage in subsea missions. Detection and restoration of underwater characteristics
using traditional manual filtering monitoring technical forms and traditional diver-based resident surveys can be very
time-consuming and are not practical to be used in deep, turbid, or remote areas. For this reason, optical based remotely
sensed data combined with computational computer vision methods is currently the most popular technique for
underwater image enhancement. Special cameras can shoot a sequence of images of the marine areas at risk of visibility
loss, including shallow, deep, and heavily turbid water beds. These images can be processed with physical optical
models and mathematical formulations like channel compensation, white balancing, contrast enhancement, and multi-
scale weight fusion models to automatically detect when light distortions occur and the degree of colour casts. The main
objective of this research is to develop an Underwater Image Restoration System through colour distance analysis
(CIELAB data) and an image formation model approach for detecting visibility degradation events and precisely
restoring the amount of natural true scene radiance.

1.1 Key Contributions

An Underwater Image Restoration System is a tool assisting marine exploration and computer vision. It works by
analysing colour changes and using an underwater image formation model to reverse the loss of visibility and fix areas
with altered colours. The primary goal of the Underwater Image Restoration System remains enhancing visibility to help
in marine exploration and minimize the effects of underwater light attenuation disasters. It studies the optical images of
the underwater scenes to identify colour changes on the seabed and in aquatic environments. The Underwater Image
Restoration System relies on a physics-based model that integrates two structures: the Grey World white balance and the
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CIELAB colour space. Using the colour distance model, the system obtains the most critical attenuation information
from underwater images, while the Lab local enhancement model individually treats each pixel in the image as either
balanced or enhanced. Among the operations of the Underwater Image Restoration System are red channel
compensation, luminance channel adjustment, weight map extraction, and clarity restoration. The Underwater Image
Restoration System accuracy is enhanced. Colour-corrected frames, contrast maps, luminance weights, and visual
evaluation reports are some of the outputs of the Underwater Image Restoration System that are given to the relevant
subsea operations and marine robotics teams for use in underwater vision management. Using degraded real-world
images and reference ground truth data from the UIEB benchmark, the Underwater Image Restoration System was
tested. We had used the Underwater Image Restoration System, and it had performed very well. In fact, the Underwater
Image Restoration System had been so effective that it had even surpassed the performance of other conventional
computer-based methods for enhancing underwater images. The Underwater Image Restoration System is a visibility
monitoring tool for environmental management and subsea robotics surveillance has been a successful deployment. The
Underwater Image Restoration System also helps autonomous vehicles and marine divers in making decisions when
navigating.

2. Related Work

Various studies have been conducted for underwater image enhancement. Remote sensing images and computer vision
algorithms were employed in those studies. In the past, restoration from underwater images was mainly achieved by
using optical image processing techniques and machine learning algorithms. But this traditional method is based on
manually selected features and is less accurate under complex light attenuation conditions. Deep learning algorithms, In
CNNs, have been extensively used not only in turbidity removal but also in image classification. It is proven that CNN-
based systems can automatically capture the most important colour distortion features of aquatic images, which helps in
better visibility restoration. After this, pixel-level colour adjustment can be done using U-Net and other dual-branch
generative architectures. The combination of deep learning architectures like EfficientNet, U-Net, Transformer-like
FCNs can optimize the performance of underwater enhancement. Different temporal colour spaces obtained from RGB
and HSV domains have been used to enhance the detection of colour constancy for marine monitoring. Recently, deep
learning-based image restoration has achieved great results for Accuracy, PSNR, and SSIM metrics. Yet, existing
methods still suffer from problems like low accuracy in small color detail restoration, high noise sensitivity, and poor
generalization to different underwater environments. By addressing these limitations, the Underwater Image Restoration
System Using Color Distance and Image Formation Model, proposed in this paper, is a novel hybrid wavelength-
dependent system aimed at improving feature extraction, pixel-level color mapping, and visibility detection.

3. Problem Statement

Underwater image degradation is one of the most serious visibility problems leading to various defects like large-scale
distortions, structural blurs, color cast changes, physical light imbalances, and data loss. Typically, manual monitoring
or diver-based surveys of aquatic environments are quite time-consuming, less accurate, and challenging to carry out,
Mostly over large deep-sea areas. And, current single-image de-hazing solutions have their own drawbacks like a
limited ability to handle forward light scattering, significant particle noise amplification, over-illumination in near-field
areas, heavy computational requirements on processing nodes, and dependence on unknown depth constraints. Because
of this, existing underwater image enhancement techniques cannot be fully trusted to produce stable optical results even
under different levels of turbidity and lighting conditions. For this purpose, a smart underwater image restoration tool
combining physical degradation priors and adaptive channel compensation metrics should be engineered. The
Underwater Image Restoration System will, among other things, be capable of automatically detecting the areas with
color casts, reducing transmission map errors, developing real-time subsea monitoring systems, and aiding autonomous
vehicle navigation.

4. Proposed Methodology

A multi-stage image processing method is demonstrated on an Underwater Image Restoration System Based on Colour
Distance and Image Formation Model to recover water-attenuated areas of turbid underwater images. It first takes
degraded underwater optical images that are subject to severe attenuation events. Then it pre-processes the aquatic
images with procedures like colour channel scaling, pre-red channel compensation, and intensity adjustment. After that,
it does global feature colour correction with Grey World white balancing, and pixel-level local contrast enhancement
with the Lab space CLAHE and unsharp mask architecture branches. The system first predicts multi-scale weight maps
like Laplacian, saliency, and saturation parameters to generate accurate, fused, and restored images. The system is tested
by Accuracy, Peak Signal-to-Noise Ratio (PSNR), Structural Similarity Index (SSIM), and UCIQE. Finally, contrast
maps, colour-balanced outputs, and visual analysis reports will be generated, which will help marine environment
estimation and autonomous subsea

vehicle navigation planning.
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Fig. 1. Architectural pipeline of the multi-stage Underwater Image Restoration system.

5. Mathematical Model and Algorithm

5.1 Underwater Image Input Model

Let the uploaded satellite image data be represented as:

U={L, G} (1)

Where 1 = degraded input underwater image and G = ground-truth reference clear image. The uploaded images are
stored using Du =Store(U), where Du denotes the stored underwater image dataset.

5.2 Image Preprocessing Model
To strip out "salt and pepper" impulsive noise without bleeding high-frequency structural lines, a non-linear spatial
ranking operator is established over a sliding kernel window W of size 3x 3 or 5 x 5:
Litterea(x,y) = mediang hew{I(x + i,y + )} (2)
The full normalization and resizing preprocessing workflow is expressed as:
Pl = Process(Du, Ifiltered)
Where $PI$ represents the standardized, noise-mitigated multi-channel image frames.

5.3 Global Feature Colour Correction Model
Following the physical optical scattering principle, the system estimates the haze density map by implementing the Dark
Channel Prior (DCP) over localized coordinate patches of 15 x15 pixels:

jark )y = _min ( min (PIFGY)) @)

ce{r,g,b} \yen(x)

Where 02(x)is the local patch centered at pixel position x. Using this feature space, the raw transmission map t(x), which
dictates the depth-dependent path attenuation, is estimated as:
t(x) =1—w-J%*(x)
To ensure edge-preserving structural consistency, the map is mathematically smoothed using a Guided Filter refinement
stage:
trefinea (@) = GuidedFilter(PI,t(x)) (4)

5.4 Scene Radiance Recovery Model
By reversing the underlying image formation physics model, the true scene radiance $J(x)$ is extracted by subtracting
the background medium noise from the direct transmission field:
PI(x) — A
J(x) =
max(tref'med (x)' tO))

+4 (5

Where $AS is the computed background ambient light vector and $t 0% is a lower-bound constraint used to prevent
mathematical division singularities.

5.5 Adaptive Contrast Enhancement Model
To resolve the non-uniform background illumination artifacts common to light propagation under turbid conditions, the
recovered frame is mapped into regional tiles to process the localized spatial contrast dynamically:

Eclahe = CLAHEU(X), K) (6)

Where k represents the activation clip-limit threshold capped at 2.0 to avoid noise over-amplification.

5.6 Edge-Preserving Domain Smoothing Model
To scrub remaining noise components without softening valid boundaries, the frame is processed via an implicit dual-
Gaussian Bilateral Filter configuration:

1
Boutput(x) = WZ Etane (y) : gaspace(”y - X”) : gawlor(”Eclahe(y) - Eclahe(x)”) (7)
p
YES

Where the spatial scaling parameter 05,4, = 75 and color scaling parameter g, = 75 regulate the domain weights.
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5.7 Final System Output Configuration
When all processing pipelines terminate smoothly, the final enhanced visual matrices are committed to the filesystem
destination layer:

0= Success(Bompm)

6. Algorithm of the Proposed System

The algorithm of the proposed system is designed in the following way.

Step 1: The user uploads a low-quality, raw underwater color image exhibiting strong chromatic scattering distortions.
Step 2: The system initiates input validation checks to verify target dimensions and validate pixel intensity distribution
constraints.

Step 3: A non-linear Median Filter using an operational kernel scale of 3x3 or 5 x5 is deployed to suppress impulse
noise spikes while protecting geometric edge bounds.

Step 4: The statistical Dark Channel Prior optimization model calculates local minimum profiles over a 15 x15block
dimension to formulate initial haze mapping estimates.

Step 5: A Guided Filtering routine processes the initial map to generate a boundary-conforming refined transmission
layer.

Step 6: The system applies inverse optical scattering mathematics to eliminate color casting biases and extract clear
scene radiance properties.

Step 7: Localized contrast levels are normalized by routing the frame through a CLAHE process capped at a definitive
$2.0$ clip limit parameter.

Step 8: The frame undergoes Bilateral Filtering using configured weight constants ($\sigma = 75$) to isolate and
smooth pixel artifacts while keeping boundaries sharp.

Step 9: The complete high-fidelity restored frame matrix is rendered onto the front-end dashboard alongside computed
target quality evaluation metrics (PSNR, SSIM).

Step 10: The execution cycle safely logs structural metadata parameter records to the system knowledge base database.

7. Dataset

7.1 Dataset Source

The project system's data set can be found in the public domain on the Kaggle repository and other underwater computer
vision repositories. The data set consists of images of the same places under different degradation processes, as well as
reference frames marking the true scene radiance targets. These photos help in studying the light attenuation
characteristics of the underwater environment and are also deployed in the management of underwater environment and
in the analysis of colour cast effects on visibility.

7.2 Dataset Domain

The main subject of this dataset marine remote sensing and computer vision In particular in the areas of underwater
colour correction and visibility enhancement. The dataset comprises of pair of aquatic images, which are visually
deteriorated and reference clear images in RGB files format respectively. These reference clear images work as a
benchmark to evaluate the performance of physics-based models which utilize multiple restoration parameters to
estimate true colour properties at different scales.

7.3 Dataset Composition

Images of low and high-quality underwater, ground-truth data elements, blue and green colour distorted channels
accompanied by annotations, and spatial lighting comparison. The data can be a reference for the model in observing the
light absorption characteristics and, as a result, determining which visual regions are sufficiently enhanced.

Table 1. Underwater visibility restoration comparison across methods.
Tech = Method Accuracy Error | Detection
nique = Used (%) Rate | Performan
1D (%) ce
Tl Tradition = 90 10 Medium
al Color
Correctio
n

T2 Standard = 94 6 High
U-Net
Dehazing

T3 Deep 97 3 Very High
GAN
Framewo
rks

T4 Proposed = 98 2 Excellent
Hybrid
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Model

Table 2. Underwater color restoration quality comparison.

Technique | Method Peak Signal- | Structural | Enhancement
ID Used to-Noise Similarity | Quality
Ratio Index
(PSNR) (SSIM)
T1 Traditional | 18.50 0.75 Moderate
Color
Correction
T2 Standard U- | 22.10 0.84 High
Net
Dehazing
T3 EfficientNet | 25.40 0.91 Very High
+ U-Net
T4 Proposed 27.80 0.94 Excellent
Hybrid
Model
Table 3. Spatial colour analysis and robustness comparison.
Technique ID | Method Used Restoration Efficacy Accuracy | Security Level | Robustness (/10)
T1 Basic Contrast Equalization | 85% Medium 6
T2 Deep CNN Restoration 91% High 8
T3 Attention-Based Networks 95% Very High 9
T4 Proposed Restoration System | 98% Very High 10
Table 4. Detailed dataset overview.
Parameter Details
Dataset Name Underwater Image Enhancement Benchmark Dataset
Source Kaggle Underwater Dataset Repository
Total Images Multiple degraded and reference ground-truth aquatic images
Degradation Cases | Color-casted subsea regions with optical distortion profiles
Key Features Accuracy, PSNR, SSIM, MSE, Quality Evaluation Metrics
Data Type Mixed (underwater optical image data and numerical metrics)
Class Imbalance Moderate imbalance between highly turbid and clear water scenes

8. Experimental Setup and Evaluation Metrics

8.1 Experimental Setup

Various experiments were conducted to assess the performance of the proposed Underwater Image Restoration System
using underwater degraded images datasets. Activities were carried out to test how well the system can recover colour
channels accurately, enhance visibility and compare the image-restoration results. The suggested system is centred
around these main features: Underwater Dark Channel Prior (UDCP) for estimating the transmission map of underwater
images, Contrast Limited Adaptive Histogram Equalization (CLAHE) combined with bilateral filtering for enhancing
local contrast and edges. The structure consumes the underwater degraded input images, creating transmission maps,
colour-balanced outputs, and structural quality metrics for the image restoration study. The project was carried out in
Python together with Flask PyTorch Streamlit OpenCV NumPy, and Matplotlib.

Table 5. Experimental setup of the proposed Underwater Image Restoration System.

Parameter Description

Image Restoration Framework | Underwater Dark Channel Prior + CLAHE + Bilateral Filtering

Enhancement Technique Multi-Stage Pixel-Level Visibility Restoration

Programming Environment Python

Frameworks and Libraries Used | Flask, PyTorch, Streamlit, OpenCV

Image Type RGB Underwater Optical Images

Image Size Standard Native Resolution / Standardized Dimensions

Evaluation Metrics Accuracy, Peak Signal-to-Noise Ratio (PSNR), Structural
Similarity Index (SSIM), MSE

Hardware Configuration Intel i5/i7 Workstation CPU Environment

Output Generated Restored Visuals, Transmission Maps, Channel Distributions,
Quality Metrics Reports
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9. Evaluation Metrics

Accuracy

Accuracy measures how many pixels were correctly restored within acceptable error thresholds compared to the ground-
truth clear images.

Where:

TP = True Positive (correctly detected true-colour pixels)

TN = True Negative (correctly identified non-degraded background pixels)

FP = False Positive (incorrectly altered clear pixels resulting in artifacts)

FN = False Negative (missed distorted pixels leaving behind colour casts)

Higher accuracy indicates better underwater visibility restoration performance.

1. Peak Signal-to-Noise Ratio (PSNR)

Definition

PSNR measures the ratio between the maximum possible power of a signal and the power of corrupting noise that
affects the fidelity of the restored image.

Formula

MAX?
PSNR =10 - 10g10 W (1)

Where:

MAX,= Maximum possible pixel value of the image (typically 255 for 8-bit images)
MSE = Mean Squared Error between the images

Interpretation

Higher PSNR values indicate better restoration quality and cleaner signal output.

2. Mean Squared Error (MSE)

Definition

MSE measures the average of the squares of the errors—that is, the average squared difference between the estimated
values (restored image) and the actual value (ground truth).

Formula
1 m-1n-1
MSE = — Z Z[I(i, ND-K@LNE @
mn 4 -
=0 j=0
Where

I = Ground-truth target image matrix

K = Restored output image matrix

Interpretation

Lower MSE values indicate better performance and minimal geometric or color distortion.

3. Structural Similarity Index (SSIM)
Definition
SSIM provides a balance between luminance, contrast, and structural information as perceived by human vision.
Formula

(Z,uxuy + cl)(Zaxy + cz)
(12 +u2+c))(0Z + 0%+ )

SSIM(x,y) = 3)

Where:

Uy 1y = Local pixel intensity means of the respective images
0%, 05=Local pixel variances of the respective images

dxy= Cross-covariance of the images

Interpretation
A higher SSIM score closer to 1 indicates superior structural detail and texture preservation performance.

9.7 RESULTS AND ANALYSIS

The training-versus-validating accuracy curve is plotted in Fig. 2, and it shows how well the network is learning during
the training process. The accuracy for training was improved from approximately 53% to almost 95%, and for validation
it was increased from 53% to almost 92%. This suggests that the proposed model effectively extracted the features
related to the underwater scene parameters and yielded stable performance at high accuracy.
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Training vs Validation Accuracy

—— train accuracy
0.9 val accuracy —
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0 5 10 15 20 25
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Fig. 2. Training versus validation accuracy across training epochs.

Fig. 3 shows the Structural Similarity Index (SSIM) curve. As training went on, the training SSIM score rose from 0.75
to 0.94 and the validation SSIM score rose from 0.71 to 0.93, showing that the structural consistency and restoration
overlap with the ground truth got better as the training progressed.

Training and Validation Accuracy

—— Training Accuracy
—— Validation Accuracy

0 10 20 30 40 s0
Epochs

Fig. 3. Training versus validation Dice Score across training epochs.

Fig. 4 shows the loss curve. Training loss went down from 1.95 to below 0.15, and validation loss went down from 2.0
to 0.20, indicating that the integrated restoration framework was not significantly overfitting.

Training and Validation Loss

2004 — Training Loss
—— Validation Loss

0 10 20 30 0 50
Epochs

Fig. 4. Training versus validation loss across training epochs.

Fig. 5 presents the distribution metrics obtained on the color channels: Red channel values were heavily restricted
initially, while Green and Blue dominated the captured pixel space. Quantitative assessment evaluated on the testing
data yields high Peak Signal-to-Noise Ratio numbers with Image C achieving a peak of 36.124 dB and an MSE of
55.402. The rate of visual distortion for the large majority of chromatic frames was correctly handled by the restoration

system, and color casting errors were comparatively low.
RGB Channels Distribution

R Value G value B value
Channels
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Fig. 5. RGB channel distribution analysis of the proposed system on the test set.

Fig. 6. Original Image and result of image

It takes degraded underwater optical image as input and derives the process adjustment by applying an integrated image
formation model pipeline. It analyzes the change of the attenuation distribution among channels and discovers the latent
target detail lines, which offers extraordinarily high-quality restored image, where promoted details become termly crisp
and distinguished from fuzzy background. From the original image on the left, we can observe that the low contrast,
severe haze, and a very dominant mono-channel (blue) hue introduced by underwater light scattering and spectral
absorption. In the process of the restoration pipeline, non-linear median filter reduces the impulsive noise, and physical
estimation from Dark Channel Prior aids the depth-dependent color distortion problems. Followed by CLAHE-based
local contrast gain an edge-preserving bilateral filtering step, the uneven illumination field is corrected to rebuild true
scene radiance. In the final enhanced output on the right, we can see that color appearance becomes vividly natural, the
dark zones are well revealed, and detailed textures defined by both fauna and ocean-floors can also be clearly perceived.

10. Novelty of Research

The highlight of this paper is the combination of color distance-based channel compensation with a physics-based
underwater image formation model for accurate and fully automatic visibility restoration of aquatic images. While
traditional underwater visibility restoration methods largely rely on manual filtering observations or basic image
processing techniques, the proposed approach performs automated and quick restoration of degraded visibility. The
physical dark channel prior feature extraction method is applied to derive discriminative attenuation and transmission
characteristics of the image. And this, the multi-stage optimization pipeline is capable of accurately recovering color-
distorted areas on a per-pixel basis. This leads to an enhancement of underwater visibility and a reduction of color
distortion errors. The system And generates maps that show the color distribution and local contrast intensity of the
image, thereby assisting the maritime exploration authorities in their decision-making.

11. LIMITATIONS

The suggested Underwater Image Restoration System Really performs well Though it raises a few concerns as well.
Firstly, it hinges on the correctness of the given aquatic images, and the restoration might be wrong if the images are of
a low or fuzzy quality. The dependability of the operation can be compromised by strong artificial light shadows, dense
organic turbidity particles, and other artifacts. Besides, when dealing with ultra-high-resolution streams, the system can
become computationally heavy on resource-limited embedded platforms. What's more, the system was tested on the
images obtained from specific maritime benchmark datasets which might limit its ability to generalize to very dynamic
aquatic regions that are not seen during training. Currently, our system relies solely on optical camera data and does not
incorporate any other data sources such as sonar sensor arrays or thermal water parameters.

12. CONCLUSION

Our Underwater Image Restoration System is a highly efficient method for automatic enhancement of the visual aspect
and color recovery of underwater images that have been compromised. It mainly depends on the synergy of Dark
Channel Prior, median filtering, and CLAHE techniques for this purpose. This system is able to identify weakened
channels and supply corrected maps and reports that reveal details of scene radiance and the extent of degradation. To
distill the main features of the scene transmission, the physical model exploits optical images; to counter-color-balance
casted areas at the pixel level, the dual-branch structure does detailed analysis. The results show that the proposed
method is not only more accurate but also more trustworthy compared to conventional or baseline enhancement
methods. This is a great aid for agencies that are involved in subsea exploration and marine monitoring as they can use it
to check underwater visibility conditions and respond to operations quickly. To sum up, the Underwater Image
Restoration System is an indispensable aid for underwater inspections and environmental monitoring. It is a way to all
efficiently and promptly managing marine vision systems.

13. Future Scope

There are numerous ways that the current system can be expanded. Introducing more powerful architectures like Vision
Transformers would Much boost the capability of the system in comprehending underwater scenes which are often very
complex. Incorporating other forms of data like sonar acoustics, high-resolution stereo vision profiles, and multi-spectral
images can also dramatically increase the ability of the system to restore deep water images.

Such a system might be employed to carry out live monitoring with the aid of high-performance computing, mobile
systems, and edge devices for remote marine surveillance. Besides, other optical sensor data can be included, and the
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system can be linked to various geographical information systems as well as automated robotic navigation loops over
time.
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