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Abstract—Underwater images captured by remotely operated
vehicles (ROVs) often suffer from distortions such as noise,
blurring, color degradation, and reduced contrast. These distor-
tions signi�cantly impact image processing techniques essential
for tasks like object detection and environmental monitoring.
The wide range of available algorithms makes it challenging to
select the most suitable one for each speci�c distorted image,
necessitating human judgment to ensure an appropriate choice.
This dif�culty is further intensi�ed by the need to enhance image
quality while operating within tight computational constraints.
This article introduces an approach to automatically identify
the optimal image-processing algorithm customized to the type
of distortion. The approach evaluates the quality of distorted
images using both reference and no-reference quality metrics.
A supervised classi�cation model built with standard neural
networks is employed to automate the algorithm selection process.
This approach minimizes the need for human intervention in
selecting high-quality output.

I. I NTRODUCTION

Underwater images suffer from distortion due to light prop-
erties such as refraction, absorption, and scattering [1]. While
advances in camera technology have boosted image quality
over time, challenges like contrast degradation and noise
remain. At greater depths, red light gets absorbed, leading
to color distortion and a hazy effect [2].These challenges
highlight the critical need for advanced image processing
techniques to restore underwater image quality.

In recent years, numerous algorithms [3] have been devel-
oped in the �eld of image processing to improve image quality.
These algorithms aim to address distortions in underwater
images caused by light properties. Despite their potential,
these techniques are limited by performance challenges, inad-
equate contrast restoration, and the risk of producing unnatural
outcomes, which are in�uenced by the type of distortion
and the algorithm applied [4]. Moreover, these distortions
can signi�cantly affect the performance of image-processing
techniques, which are critical for downstream tasks such as
object detection and segmentation.

Problem Statement: Each algorithm focuses on speci�c
distortions, their effectiveness is often restricted to certain
scenarios. Given the wide range of available image processing
algorithms, selecting the most suitable one for a distorted
image is a challenging task without human intervention. This
selection process is further complicated by the need to balance
image quality enhancement with real-time processing and

limited computational resources. Therefore, there is a need
to develop a solution that can produce a better quality output
for all scenarios without human involvement.

Contribution: In this article, the above problem is ad-
dressed by proposing an empirical methodology to identify the
most suitable algorithm for a given distorted input image and
automating this process. Each distorted underwater image is
enhanced using six methods [5]–[10], and the restored images
from these algorithms are evaluated with six quality criteria.
The evaluated metric values undergo an empirical approach to
rank algorithms for the automation process.

The rest of the article is organized as follows. Section II
discusses the algorithms used for underwater enhancement
and recent work. In Section III a detailed explanation is
provided to choose the suitable algorithm and automate the
selection process using neural networks. Section IV presents
an explanation for the algorithm ambiguity through quality
metrics comparison & model performance. Lastly, Section V
concludes our work and outlines direction to future research.

II. BACKGROUND AND RELATED WORK

Image processing algorithms are designed to modify the
values of pixels or enhance the quality of images based on
image properties. In underwater environments, light attenua-
tion varies with depth, leading to the formation of haze. To
address this, [11] introduced the Dark Channel Prior (DCP)
method to restore haze-free images. Following this approach,
[5] modi�ed DCP method [11] to restore missing colors. The
proposed modi�cation aides in visually improved image, but
few portions are over-enhanced and with added noise, while
[8] developed a technique to produce single-dehazed images
by calculating two attenuation ratios. However, the computa-
tional cost is high compared to other methods. Due to light
attenuation in water which leads to poor color contrast, [6]
developed Contrast Limited Adaptive Histogram Equalization
(CLAHE) to enhance the visibility of distant objects, while
it struggles in deeper scenes. In addition, suspended under-
water particles exhibit backscattering, which leads to image
distortion, in [7] individual components of the input image
are corrected for better visibility of objects. However, resulted
images can suffer from haze and contrast issues. Similarly,
[10] and [12] color restoration method is proposed by applying
lower and upper clipping points to tackle distortions due to



non linear illumination. The proposed method improved visual
quality but does not fully avoid the graying problem (the
average of RGB channels should be maintained the same).
Sometimes, global enhancement methods often lead to over-
enhancement. In the paper, [9] this problem is mitigated using
local color correction techniques. This method uses a set of
pixels with known underwater colors and performs a global
transformation using the reference image to get an enhanced
image. However, this method may produce unnatural results
depending on the reference image provided.

In [13], the authors tested underwater image restoration
algorithms on 15 standard images using nine metrics. Despite
having a longer runtime, the Fusion algorithm [14] performed
better than the Automatic Red-Channel Restoration approach
[5]. On this note, an optimization was carried out that im-
proved the ef�ciency of the fusion algorithm (processing time)
by 37% and increased the video processing speed by 47.4%.
These enhancements made the Fusion algorithm suitable for
real-time applications.

Zhang et al. [15] proposed a method for image enhance-
ment that combined color correction and Bi-interval contrast
enhancement. Their approach included a comparison of var-
ious computer vision techniques for quality evaluation. This
method faced challenges in effectively improving images with
concentrated noise. Similarly, Xing et al. [16] addressed image
color cast using adaptive full-scale retinex and achieved better
visual clarity compared to eight other correction methods.
However, their technique struggled with handling bluish and
greenish images. Although existing approaches have shown
improvements in factors such as color cast, visibility, haze,
and running time, no single algorithm has proven effective for
all types of distorted images. Moreover, no prior work has
proposed a uni�ed approach that integrates multiple classical
methods to address various light distortions, followed by
automated algorithm selection.

III. A PPROACH

This section describes the image database used in this work
and also clearly outlines the approach involved in automating
algorithm selection. The proposed approach for developing the
selection algorithm consists of 4 steps:

� Step 1: Implement underwater image processing algo-
rithms: In this step, the image database is subjected to
six underwater image processing algorithms in MATLAB
software (refer Fig: 1 for processed images).

� Step 2: Quality metrics calculation: Obtained images
in Step 1 are subjected to quality evaluation using six
quality metrics (reference and non-reference) to analyze
the image quality of the applied processing algorithms.

� Step 3: Algorithm comparison and classi�cation: Quality
metrics is normalized (0 to 1), ranked (1 to 6), and
summed to determine the performance of each algorithm.

� Step 4: Dataset creation and training of the neural net-
work model: The most suitable algorithm for the image
database was tabulated and used for the training model.

The �ow chart presented in Fig: 2 provides an overview of
the proposed approach.

a) Step 1: Implement underwater image processing
algorithms: The �rst step involves implementation of under-
water image processing algorithms as described in Section: II
utilizing MATLAB 2024a version.

A portion of the image database was collected using the
Chasing Dory device in the Faculty of Science laboratory at
the University of Split, Croatia. The images were captured at
the geographical coordinates (43.5160724, 16.4146847). This
compact and portable underwater drone designed to capture
underwater images is equipped with a low light camera (f/1.6)
capable of capturing images at depths of up to 15 meters and
with a 45-degree inclination.

A total of 4173 images from the UIEB [17] and EUVP [18]
and Chasing Dory devices were used to construct the database.
This included 890 images from the UIEB, 3195 low-quality
images from the EUVP unpaired set, 70 images captured using
the Chasing Dory device, and additional images extracted from
scienti�c papers. The database was carefully organized to help
identify the most suitable algorithm for each input image.

b) Step 2: Quality metrics calculation: The second
step in the data set creation process involved evaluating the
performance of underwater image processing algorithms. In
this study, six qualitative metrics were selected, comprising
three reference-based measures and three nonreference-based
measures. These metrics were the Underwater Image Quality
Measure (UIQM) [19], Blind/Referenceless Image Spatial
Quality Evaluator (BRISQUE) [20], Natural Image Quality
Evaluator (NIQE) [21], Euclidean Distance (NORM) [22],
Peak Signal-to-Noise Ratio (PSNR), and Structural Similarity
Index Measure (SSIM) [23]. Table I presents the evaluation
results for these metrics, applied in various underwater image
processing techniques illustrated in Fig: 3c. This comprehen-
sive assessment provides valuable information on the effective-
ness of different algorithms in the management of underwater
imaging challenges.

c) Step 3: Algorithm comparison and ranking: As
outlined in Step 2, various criteria were employed to evaluate
the processed images. The evaluated values varied according
to the applied algorithm. These values were then normalized,
ranked, and tabulated, with the highest scoring algorithm
identi�ed according to the ranking process in Algorithm 1.

The Algorithm 1 compared the performance of six al-
gorithms in six metrics and determined the algorithm that
performed the best according to the scoring system. It started
by iterating through each of the six quality metrics. For each
metric, the values corresponding to the six algorithms were
compared to identify the algorithm with the highest value.
The algorithm with the highest value was assigned the highest
score of 6. The remaining algorithms were assigned scores
in descending order based on their respective values for that
metric. After all metrics were evaluated, the Algorithm 1
began to calculate a total score for each algorithm. This
was done by adding the scores on all six metrics. Finally,
the algorithm identi�ed the best performing algorithm as the



(a) Original (b) ARC [5] (c) Fusion [6] (d) Hazelines [7]

(e) Original (f) ARC [5] (g) Fusion [6] (h) Hazelines [7]

(i) Backscatter [8] (j) LCMCT [9] (k) AUTOMSRCR [10]

(l) Backscatter [8] (m) LCMCT [9] (n) AUTOMSRCR [10]

Fig. 1: Visual comparison of processing algorithms

one with the highest total score. The result was a systematic
evaluation and ranking of the algorithms, with the top ranking
algorithm determined based on its overall performance across
the metrics. The performance of various image processing
algorithms was evaluated using the quality metrics in Fig 3c.

The metric results of Table I were normalized to a range
of 0 to 1 for better comparability, and the normalized values
are presented in Table II.The algorithms are compared for
each metric in Table II, with scores assigned from 1 to 6 in
descending order. Finally, the best algorithm, determined by
the highest total score, is shown in Table III.

Special case:However, in Table III, LCMCT and AU-
TOMSRCR achieved the same score. Upon closer comparison,
LCMCT outperformed AUTOMSRCR in all metrics. There-
fore, LCMCT was identi�ed as the most suitable algorithm

for the image in Fig 3c.

d) Step 4: Dataset creation and training of the neural
network model: The data obtained from the highest scoring
algorithm were used to train the supervised neural network to
select the neural network-based algorithm. This data included
details about the highest scoring algorithm for each distorted
image. For training the model, the weights of the Ef�cientNet-
B7 [24] model were used. It was implemented on an edge
computing platform to enable faster and more ef�cient train-
ing. A GPU with 47.5 GB of memory was used to train the
model on the PIAF server. Model training was carried out by
splitting the dataset into 70% for training, 15% for validation,
and 15% for testing, with an input size of 224.



Fig. 2: Flow Chart for Dataset Creation

(a) ChasingDory image (b) EUVP image

(c) UIEB image (d) UIEB image

Fig. 3: Images

TABLE I: Metric Evaluation on Fig: 3c

Metrics ARC Fusion Backscatter Hazelines LCMCT AUTOMSRCR
UIQM 3.0126 2.507 3.612 1.2541 3.1521 4.3588

BRISQUE 33.9199 32.5863 30.2011 40.3075 41.4549 18.3941
NIQE 3.4569 3.4208 3.2906 3.1713 3.2811 3.3536

NORM 0.0658 3.2811 0.0866 0.1185 0.0849 0.0644
PSNR 15.4011 19.1916 10.8636 12.1905 11.7087 9.8171
SSIM 0.4897 0.8632 0.2459 0.3911 0.6226 -0.061



TABLE II: Normalized Metric Evaluation of Fig: 3c

Metrics ARC Fusion Backscatter Hazelines LCMCT AUTOMSRCR
UIQM 0.30126 0.2507 0.3612 0.12541 0.31521 0.43588

BRISQUE 0.680801 0.674137 0.697989 0.596925 0.585451 0.816059
NIQE 0.965431 0.965792 0.967094 0.968287 0.967189 0.966464

NORM 0.9342 0.967189 0.999134 0.998815 0.999151 0.999356
PSNR 0.154011 0.191916 0.108636 0.121905 0.117087 0.098171
SSIM 0.74485 0.9316 0.62295 0.69555 0.8113 0.4695

TABLE III: Obtained Scores on Fig: 3c

Metric ARC Fusion Backscatter Hazelines LCMCT AUTOMSRCR
UIQM 3 2 5 1 4 6

BRISQUE 3 4 5 2 2 6
NIQE 2 3 5 6 6 4

NORM 5 2 3 2 4 6
PSNR 5 6 2 3 3 1
SSIM 4 6 2 4 5 1
Total 22 23 22 18 24 24

Algorithm 1 Pseudocode to Compare and Score Metrics

for metric= 1 to 6 do
Compare metric values of all 6 algorithms.
for algo= 1 to 6 do

if algo hasmax(metric) then
scorealgo  6

else
Assign scores based on value to scorealgo in de-
scending order

end if
end for

end for
for algo= 1 to 6 do

Compute the summation of metric scores for each algo-
rithm:

sum scorealgo  
6X

metric=1

metric scorealgo;metric

end for
Identify the algorithm with the maximum summation score:

best algorithm arg max
algo

sum scorealgo

IV. EVALUATION

This section compares the average processing time of the
algorithms and illustrates algorithm ambiguity with an exam-
ple. It also addresses the training imbalance observed in the
neural network, following the empirical approach, and outlines
the strategies used to mitigate it.

A. Time comparison

During real-time processing, excessive time consumption
can lead to higher costs. Fig 4 compares six selected algo-
rithms in terms of mean, minimum, and maximum values.
Among all enhancement algorithms, Hazelines takes an aver-
age of ' 12 seconds, a maximum of' 90 seconds, and a

Fig. 4: Time consumption

minimum of ' 2:5 seconds to process image. During video
processing, one second has 30 frames, then Hazelines takes
a minimum of 68 seconds to process one second of the
video. However, other algorithms consume less time compared
to hazelines, while ARC is signi�cantly faster. A detailed
comparison graph with different scales is provided in Fig 5.
In all of the �gures, due to their high resolution, the �rst
and last images (from the UIEB and Chasing Dory device
databases) take signi�cantly more time to process compared
to the remaining images (from the EUVP database).

B. Algorithm ambiguity

Each algorithm is designed to eliminate speci�c distortion in
an image. A technique that excels at correcting color distortion
may struggle with images affected by other types of distortion.
From Table IV, in the case of Fig 3c, LCMCT outperforms
the algorithms with a score of 26, but also performs worse
on Fig 3d. LCMCT scores 9 in Fig 3d, which means that
LCMCT may not perform well in all cases. So, according
to image distortion, the results of the techniques are varied.
Automating this process with processed information can help
�nd a suitable algorithm with improved image quality.

C. Dataset Imbalance

During training, it was observed that the model experienced
an over�tting, probably due to an imbalance in the data set.
In the dataset, the Fusion and Auto-Red Channel methods



(a) ARC (b) FUSION (c) BACKSCATTER

(d) HAZELINES (e) LCMCT (f) AUTOMSRCR

Fig. 5: Time comparision of algorithms

TABLE IV: Scores for Different Algorithms

IMG METRIC ARC FUSION BACKSCATTER HAZELINES LCMCT AUTOMSRCR
Fig. 3c UIQM 1 2 4 3 6 5
Fig. 3c BRISQUE 2 4 5 3 1 6
Fig. 3c NIQE 3 1 4 5 6 2
Fig. 3c NORM 1 6 3 4 5 2
Fig. 3c PSNR 6 5 3 2 4 1
Fig. 3c SSIM 6 5 3 2 4 1
Fig. 3c SUM 19 23 22 19 26 17
Fig. 3d UIQM 2 4 3 6 1 5
Fig. 3d BRISQUE 3 6 5 4 1 2
Fig. 3d NIQE 3 4 6 5 1 2
Fig. 3d NORM 6 4 5 3 1 2
Fig. 3d PSNR 6 4 5 5 3 1
Fig. 3d SSIM 6 5 4 4 2 1
Fig. 3d SUM 26 27 28 27 9 13

Fig. 6: Number of images per class

outperformed other algorithms in Fig 6. They were selected
as the most suitable algorithms more than 1,000 times, while
AutoMSRCR, Hazelines, and Backscatter were selected less
than 200 times and LCMCT 777 times. This imbalance in the
data set led to over�tting of the model.

1) Training Strategy:

1) Training a model with distorted images can make feature
extraction challenging. Therefore, instead of using raw
distorted images, white-balanced images were used for
training to enhance the clarity of the features.

2) The transfer learning technique was used on the Ef-
�cientNet model to improve performance and reduce
training time in the algorithm selection process.

3) To address over�tting, K-fold cross-validation was im-
plemented, ensuring more robust and accurate classi�-
cation.

The evaluation demonstrated that the use of white-balanced
input images with the k-fold cross-validation technique sig-
ni�cantly improved the accuracy of the training. Training and
validation accuracies increased from 36.14% and 32.63% to
44.27% and 38.27%, respectively, while training and validation
losses decreased from 1.0648 and 1.1359 to 0.9125 and
1.0882, respectively. These results validate the effectiveness
of using white-balanced images and the cross-validation tech-
nique for training neural networks. Furthermore, the proposed



approach successfully automates the selection of underwater
image processing algorithms, achieving a test accuracy of
30.83% and a test loss of 1.2656. The model predictions on
unknown images were inaccurate due to insuf�cient training
data, which did not capture all possible variations. These
inaccuracies can be mitigated by employing advanced machine
learning techniques to enhance model performance. Addition-
ally, using robust methods to address dataset imbalances and
expanding the database will help reduce errors and improve
accuracy.

V. CONCLUSION

This study addresses the challenge of underwater image
distortion by proposing an innovative method to automatically
select the most suitable image processing algorithm. Using
a neural network-based supervised classi�cation model, the
approach evaluates image quality metrics to identify and
recommend algorithms tailored to the speci�c type and degree
of distortion. This development is particularly impactful for
applications such as underwater object detection and envi-
ronmental monitoring, especially in resource-limited contexts
such as those involving remotely operated vehicles (ROVs).
To enhance robustness and adaptability, the model is trained
on diverse datasets, including EUVP and UIEB, ensuring
applicability across a wide range of aquatic environments and
re�ecting real-world scenarios. The study demonstrates how
to balance improved image quality with the real-time process-
ing demands crucial for underwater operations. The �ndings
underscore the effectiveness of neural networks in automating
algorithm selection, reducing manual effort, and enhancing the
overall ef�ciency of image processing tasks. Future research
will investigate the integration of advanced neural network
architectures deep learning techniques to further enhance the
model's performance. This work establishes a solid foundation
for advancements in underwater image processing, marking a
signi�cant step toward fully automated solutions for managing
image distortions in aquatic settings.
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