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Introduction

o Underwater images

e In underwater scenarios, light propagation is disturbed due to its
properties which leads to issues such as reduced contrast, increased
noise, and saturation distortion.

e In addition, depending on the type of water, captured images have an
effect.

@ Underwater image processing

e These distortions are corrected using computer vision techniques to
enable clearer and more accurate visual data for various applications.
o Example: Filters used in social media platform.
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Problem Statement

@ Choosing Best Algorithm for a given image
e Different image processing algorithms deals with various issues such as
haze, attenuation, and absorption.
e There is no universal algorithm for all kinds of distorted images.
e So, an automatic approach to choose best algorithm for a given
distorted image - is not only to get quality output, but also easy to
implement.

@ Quality and performance metrics

o Various metrics are available for quality evaluation of an image.
o However, there is no balanced approach to maintain quality and
performance.
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Approach

@ To apply various underwater image processing algorithms on standard
database(UIEB and EUVP datasets).

o Evaluate obtained results using quality criteria.

@ Propose a supervised model that can chose suitable algorithm for a
given distorted image.
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@ Step 1:
o Experimented various processing algorithms with 6 image enhancement
processing techniques.
@ Step 2:
o Evaluated image quality using 6 quality criteria.
@ Step 3:
o Created dataset based on empirical approach.
@ Step 4:

o Implementation of Neural Network: Proposed a supervised method to
automate the selection process for underwater images.
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What is the purpose of using Image processing algorithms?

@ Images processed using algorithms have improved quality and visual
clarity, making them more suitable for analysis and interpretation.
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Approach
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Step 1: Selected Algorithms

In this work a total of six underwater image processing algorithms were

considered.
Algorithm Problem Statement Drawbacks
Auto-red Restore missing color channels by | Over-enhances some por-
channel (Gal- | modifying Dark Channel Prior to Red | tions of the image and
dran et al., | Channel Prior to estimate depth and | adds noise.
2014) [1] color of the water.
Fusion To improve scene contrast caused by | Difficulty in dealing with
(Prachi et al., | the attenuation of light. very deep scenes.
2018)[2]
Backscatter To improve low contrast and color dis- | Suffers from haze and
(Zhang Hao | tortion caused by light attenuation. color contrast issues.
et al., 2016)
[3]
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Step 1: Selected Algorithms

Algorithm Problem Statement Drawbacks
Local color mapping | To handle over-enhancement by im- | Depends on reference im-
and color transformation | proving local regions of the image. age.
(LCMCT) (Protasiuk et
al., 2019)[4]
Hazelines (Berman et al., | Recovery of contrast loss due to wave- | Takes long time to pro-
2017) [5] length attenuation in underwater en- | cess an image (average of
vironments 9 seconds per image).
AUTOMSRCR (Petro et | Handle nonlinear illumination con- | Suffers from  graying
al., 2014)[6] ditions using Upper Control Points | problems.
(UCP) and Lower Control Points
(LCP).

Nihitha M. Underwater Image Processing 30/04/2025



Approach
000000 @000000000000

Processed Image & Results

ORIGINAL AUTORED HAZELINES FUSION
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Processed Image & Results

ORIGINAL Backscatter LCMCT AUTOMSRCR
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Step 2: Requirement for quality evaluation

@ Metrics used in our work evaluates image quality based on noise,
contrast, sharpness and similarity.

@ The evaluation results provides information about performance of the
applied algorithm on the processed images.
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Step 2: Example Test Cases

@ Performance of algorithm changes according to input image i.e., one
processing algorithm doesn't produce good quality all the time.

P

- (‘i
w\i“-&-‘\
B ‘i";; = ‘
Figure: UIEB Image_2 Figure: UIEB Image_357

@ Let us consider these 2 test images for comparison of underwater
image processing algorithms using evaluation metrics.
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Step 2: Quality Evaluation

Table: Quality Assessment Metrics for Underwater Image Processing

Metric ‘ Description ‘ Range
No Reference Metrics (no reference image used)
uiQm [7] Evaluates chromaticity, saturation, and contrast 0to 10
BRISQUE [8] | Trained metric to measure image quality 0 to 100
NIQE [9] | Measures Mahalanobis distance of images 0 to 100
Reference Metrics (reference image used)
NORM [10] | Quality comparison using Euclidean formula Oto1l
PSNR 1 Compares output image quality with input image | 0 to 100
SSIM [11] Measures image similarity -l1tol

@ For Example, Figure:1 (UIEB Image_2) on Fusion [2] has acquired an SSIM score of
0.8632.
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Step 3: Score Calculation

@ Why score calculation is needed?
o Considering a single algorithm for a given image may not produce good
results all the time.
e A scoring system which aids in choosing best algorithm based on given
input image.
o What happens?
o The single metric considers a few measures of an image such as - noise,
sharpness, saturation levels
o Considering variety of metrics to rank algorithms will provide better
reasoning.
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Step 3: Score Calculation

Table: Scores for Different Algorithms

IMG | METRIC | AUTO_RED | FUSION | BACKSCATTER | HAZELINES | LCM_CT | AUTO_MSRCR
2 uliQMm 1 2 4 3 6 5
357 ulQM 2 4 3 6 1 5
2 BRISQUE 2 4 5 3 1 6
357 | BRISQUE 3 6 5 4 1 2
2 NIQE 3 1 4 5 6 2
357 NIQE 3 4 6 5 1 2
2 NORM 1 6 3 4 5 2
357 NORM 6 4 5 3 1 2
2 PSNR 6 5 3 2 4 1
357 PSNR 6 4 5 5 3 1
2 SSIM 6 5 3 2 4 1
357 SSIM 6 5 4 4 2 1
2 sum 19 23 22 19 17
357 sum 26 27 28 27 9 13

Table:2 clearly shows that LCMCT performs better than other algorithms
on Figure:1. Same time it has secured bad score on Figure:2.
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Step 4: Neural Networks

@ What is the need of Neural Networks

o Neural networks can analyze, interpret, and classify visual data to
extract meaningful features from plenty of images.

e They can achieve good levels of understanding especially in image
based tasks.

@ What happens?

o Model learns image features and its corresponding labels.
e This learned information helps in generalizing and makes accurate
predictions on previously unseen images.
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Step 4: Dataset

o EfficientNet(B7) was used for model training.

@ The training dataset is class-imbalanced, which can lead to
overfitting, where the model memorizes patterns instead of learning to
generalize.
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Nihitha M. Underwater Image Processing 30/04/2025 22/31



Approach
0000000000000 00000e

Step 4: Results after Improvements

o Efficient architecture finetuned on various parameters and carried out
for training process
o Training & Validation accuracies were improved from 36.14% &
32.63% to 44.27% & 38.27% .
e Similarly, Training & Validation loss were also improved from 1.0648 &
1.1359 to 0.9125 & 1.0882.
o Therefore, Overfitting was addressed but it is not fully avoided.
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Conclusion

@ Implemented various Image processing algorithms on Standard
Database to create a database to automate the selection process.

@ Using white-balanced images as input has significantly enhanced the
training accuracy.

e Training and validation accuracy were 44.27% and 38.27%,
respectively, with losses of 0.9125 and 1.0882.

@ Our training results show that neural networks can be applied to
automate the selection of algorithms and obtained testing accuracy of
30.83% and test loss of 1.2656.

@ An in-person presentation on Evaluation of Underwater Image
Processing Algorithms was given at the University of Split on July 9,
2024.
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Future Work

@ Further investigation into underwater image enhancement techniques
remains a promising direction.

@ The model will be further optimized and applicable in domains where
image distortion has become an important concern.

@ Further research will be carried out to incorporate more sophisticated
neural networks to tackle performance issues.
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Resources

@ SEA-EU Project ROV Operate is a collaboration between University
of Split and University of Brest (Lab-STICC).

@ University of Split has designed a ROV (Remotely Operated
Underwater Vehicle) for marine infrastructure inspection. A new
version is being developed by the University of Split to provide
sufficient computing resources to support demanding applications like
image processing.

@ A portion of the dataset was collected using the Chasing Dory
device, which is available at the University of Split. It is a portable
device equipped with a camera and can capture images up to 15
meters with 45 degrees of inclination. It has a 4800 mAh battery and
weighs 1.3 kg.

e Underwater Image Enhancement Benchmark (UIEB) and EUVP
(Enhancing Underwater Visual Perception) were standard underwater
datasets used for our research work.
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