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Abstract- The improvement of underwater images is
essential for the valid visual observation, examination,
and analyzing them in underwater scenes. Nevertheless,
underwater image quality is usually degraded due to
light attenuation, scattering, turbidity and noise,
leading to visibility degradation, color distortion, and
structural detail loss. Histogram equalization (HE) and
contrast-limited adaptive histogram equalization
(CLAHE) are classical ways to enhance the contrast, but
suffer from limited success when dealing with the
diversity and high variability of underwater scenes. To
solve these problems, the study presents a novel deep
learning framework of combining CNNs, attention
mechanism, and feature fusion for effective underwater
image restoration. The model can be trained in both
paired and unpaired training, and with data
augmentation, normalization and other water quality
parameters such as depth, salinity, and turbidity.
Experimental results on benchmark data sets (EUVP,
UIEB, and U45) demonstrate that the proposed method
outperforms existing classical and state-of-the-art
methods with a peak signal-to-noise ratio (PSNR) of 32.8
dB, a structural similarity index (SSIM) of 0.92, and the
lowest CIEDE2000 value of 11.5. The proposed work
provides a scalable platform for underwater
exploration, marine biology, environmental monitoring
and robotic.

Keywords: Underwater Image Enhancement, Deep
Learning, Convolutional Neural Networks (CNNs),
Attention Mechanism, Feature Fusion, Marine Imaging.

[. INTRODUCTION

Underwater imaging is an important enabling
technology for many applications such as marine
science, underwater exploration, habitat monitoring,
and underwater industrial inspection. Underwater
imagery, however, presents different challenges as
light attenuation, scattering and color distortion cause
such images to often suffer from an exceedingly poor
quality. These effects render the images low in
contrast, with limited visibility, and high noise levels,
leading to unviable analysis and observation [2].
Contrasting  methods, like image  histogram
equalization and contrast-limited adaptive histogram
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equalization (CLAHE), work by redistributing pixel
intensities to improve image quality. Although these
techniques are effective in an idealistic environment,
they fail to generalize the characteristics of different
underwater environments and do not generalize well
to the inherent variability and complexity of
underwater collected images, producing limited
enhancement effected [3][2]. Ortho-photomosaic
underwater imaging is increasingly required, which
drives the development of more advanced methods.
The emergence of deep learning, particularly with
CNNs and transformers, has shown great promise for
addressing the challenges of underwater imaging. For
example, lightweight counterparts, such as Zero-UAE
[7], adopt adaptive enhancement at a comparatively
low computational cost, and learnable full-frequency
transformer dual Gan (LFT-DGAN) work in the
frequency-domain decomposition space to achieve a
better performance [8]. These techniques restore
color, increase contrast, and retain structural details,
greatly improving underwater imagery. The drive for
this research comes from the demand for high-quality
underwater images that support vital applications,
such as marine biodiversity research, underwater
navigation, and autonomous robotic systems.
Compared to traditional methods, modern deep
learning approaches are removing the restriction of
these tools (e.g., a mouse, a keyboard, and a screen)
to process images and provide users with the
opportunity to operate the system in real-time or
autonomously [6][7].

A. Challenges in Underwater Visual Processing

The wunique physical properties of an aquatic
environment present challenges to any visual
processing beneath the surface [10]. The most
fundamental problem is light attenuation, light
intensity drops off quickly with increasing depth; as
one measures the irradiance at deeper depths the
amount of light available will drop significantly.
Longer wavelengths, such as red, are absorbed
quicker, causing photos taken underwater to consist
primarily of blue and green tints. This attenuation
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contributes to considerable color distortion [2][9] as
well as loss of the overall quality of visual
information. Another significant challenge is
scattering, which occurs because of suspended
particles in the water. Scattering causes light to scatter
in all directions that produces hazy visuals and
reduces the contrast and sharpness of the image. This
issue is aggravated in turbid or sediment-laden
waters, as visibility is restricted to an even greater
extent, causing challenges in object detection and
analysis [3][5]. Noise removal is a long-standing
problem in underwater imaging. Then, there is the
same noise of particle matter, versatile water way
streams and unstable lighting situations. This
becomes significantly more complex in low-light
conditions or when the usage of artificial lighting is
present, leading to non-uniform lighting and shadows
that can destroy the image quality [4][7].
Furthermore, the variation of underwater conditions
salinity, turbidity, depth, and temperature makes the
development of robust image enhancement
approaches challenging. These under-lying factors
provide inconsistencies that make it difficult to
develop solutions apt for different underwater
scenarios [3][8]. Effective recovery from these
obstacles necessitates advanced techniques (e.g.,
deep learning-based methods) to enhance image
quality for reliable underwater visual examination of
vital tasks [5][9].

C. Objectives of the Study

This study aims to take a step forward in overcoming
the major challenges in underwater visual processing
using advanced deep learning techniques. The
underwater environment is complicated due to the
characteristics of light attenuation, scattering, noise
and environment condition variability, which cause
the degradation of image quality and influences
subsequent image analysis. The objective of this
research is to address these issues and introduce new
methods for improving underwater visuals. The
purpose of this paper is to improve underwater images
color cast, low contrast and noise etc. It aims to create
deep-learning models using CNNs, attention
mechanism, and transformers immune to various
underwater conditions, including urbidity, depth, and
lighting. Lightweight designs are emphasized to
achieve resource efficiency and real-time operation in
AUVs and ROVs. In the end, the framework is meant
to enable practical applications in marine biology,
underwater robotics, and environmental monitoring
by delivering high-quality visual data.
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II. RELATED WORK

A. Traditional Methods in Underwater Image
Enhancement

Enhancement methods would be primarily geared
towards contrast improvement and removing such
influences of light attenuation and scattering. These
methods often rely on geometry, histogram
manipulation, and processes in the spatial or
transform domain. Histogram Equalization (HE) is
the most classic and most frequently used method.
This improves the contrast in an image by stretching
the range of intensity values. Different variants were
proposed to mitigate the high enhancements and
keep the details in others image regions, like
Contrast-Limited Adaptive Histogram Equalization
(CLAHE) [4]. However, those methods usually do
not consider the characteristics of the underwater
environments such as the nonuniform illuminations
or the color mismatches. Physics-based approaches
such as Underwater Dark Channel Prior (UDCP)
restore the image by estimating the medium
transmission. These approaches make use of optical
models to compensate the loss of hue and contrast
caused by several light attenuation and scattering
mechanisms. While they work well on orderly
environments, physical model-based approaches also
largely depend on accurate parameter estimation
which could be hard to obtain in actual dynamic
underwater environments [8]. Transform domain
techniques (wavelet transform, Fourier transform)
usually focus on damping low-frequency noise and
highlighting high-frequency parts related to edges
and textures. These approaches improve the visual
importance of undersea images; however, they are
computationally costly and could cause artifacts
from complicated scenes [7]. Traditional IFM
methods, owing to their inherent simplicity and low
computational requirements, are not sufficient to
handle the diversity and complexity of the underwater
environment. In recent years, deep learning-based
methods have attracted more attention as they can
achieve better performance and adaptability [6].

B. Advances in Deep Learning for Visual Processing
Deep learning, for example, is arguably the biggest
difference in modern visual processing when
compared to its predecessors, as it provides
significantly better algorithms in typical visual
domains, something that has already been proved to
be difficult or impossible to achieve for underwater
imaging. Combining the large training sets
characteristic of deep learning with the high data
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volume typical of biomedical imaging is a potent
source of analysis, leading to image improvement
and denoising, as well as automated detection [3],[4].
Convolutional Neural Networks (CNNs): CNNs are
strong models for underwater image enhancement
due to their ability to learn hierarchical features.
CNNs are used in inverted algorithms such as UIE-
Net and Zero-UAE for eliminating mottled colors,
noises, as well as improper exposure. They provide
adaptive solutions at low computational cost, making
them attractive for real-time applications [4].
Transformers and GANs: Transformers have self-
attention mechanisms, which excel at capturing
global dependencies. Individual underwater images
often face challenges in scattering and low contrast.
This advantage can significantly enhance the
underwater image processing for the emerging fields
of exploration, environmental monitoring and
robotics and address specific issues like noise and
variability [9].

[II. PROPOSED METHODOLOGY

A. Data Collection and Preprocessing

The proposed methodology commences with the
acquisition and preparation of data required for
training adequate deep learning model for
underwater image enhancement. Well, these steps are
nothing else but collecting raw data, augmenting it,
normalizing it, so that you can build a dataset which
you can use for learning and analysis.

( START )

Data Collection and Preprocesssing
* Acquire Paired/Unpaired Underwater Image
Datasets
= Apply Data Augmentation (rotation, filpping,
color litter)
« Normalize Pixel Values (0-1 scale or 2-score)
« Record Water Quality Metadata (turbidity,
salinity, depth)
¥

Model Architecture Dessign
* Input Layer (Image + Metadata)
« Feature Extraction via CNNs
= Apply Attention Mechanism (Self atten!: for glai feauria)

* Feature Fusion Module (Skip Connecstions for multi-
scale integration sy

« Output Layer (Reconstructensted Image
v

Loss Function Definition
- Pixel-wise Loss (L, Loss)
= Perceptual Loss (VGG-basd)
« Apply Learning Rate Sched(Cosine Annealing)
= Use Regualization (Weight Decay, Dropout)

¥

Model Evaluation
* Quantitative Metrics (PSNR, SSIM, CIEDE2000
* Qualitative Assessment (Visual Clarity)
« Compare with Baselines and SOTA Methods
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Figure 1: Flowchart of the Proposed Deep Learning-
Based Methodology for Underwater Image
Enhancement
The overview of the proposed pipeline for deep
learning-based underwater image enhancement is
displayed in Figure 4.1. The first step is the data pre-
processing, which involves data collection,
augmentation and metadata fusion. The model uses
CNNs with attention mechanisms and feature fusion
for better image restoration. Training is supervised
by important loss functions, including L2, perceptual
and SSIM. Optimization methods such as Adam
optimiser, cosine learning rate scheduling, and
regularisation are applied. The last model is tested
with PSNR, SSIM and CIEDE2000 comparing model

capacity and clearness.
a). Data Collection
A typical underwater image datasets either come from
publicly available repositories or synthetically
generated from realworld subsea environments.
These datasets usually have paired (i.e. low-quality
underwater and corresponding enhanced ground-truth
images) or unpaired datasets. For paired data, the
transformation function T maps low-quality input
images X to enhanced output images :
Y=TX)+e¢€
where € represents noise introduced by
environmental variability.
b). Data Augmentation
To improve model generalization, augmentation
techniques such as random cropping, flipping,
rotation, and color jittering are applied.
Mathematically, for an image X, the augmented
image X, can be expressed as:
X, =AX,0)
where A is the augmentation function, and 6
represents augmentation parameters (e.g., angle,
scale).
¢). Data Normalization
Normalization ensures that pixel intensity values are
scaled to a consistent range, often between 0 and 1 or
standardized using the dataset mean y and standard
deviation :

This step accelerates model convergence during
training.

d). Water Quality Metrics and Metadata

To account for variability in underwater conditions,
water quality metrics (e.g., turbidity and salinity) and
metadata (e.g., depth, temperature) are recorded and
used as auxiliary inputs:
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zZ=f(w,M)

where W, represents water quality parameters, M
denotes metadata, and Z serves as additional input
features for the model.

These preprocessing steps ensure the dataset is
comprehensive, balanced, and well-suited for training
the proposed deep learning model for underwater
image enhancement.

B. Model Architecture
Underwater image enhancement is a challenging task
because of the underwater image formation process
affected by light attenuation, scattering, noise, and
variabilities in environmental conditions. The model
uses a combination of CNNs, attention mechanisms,
and feature fusion techniques to obtain high-quality
image restoration and enhancement.
a). Input Layer
The input to the model consists of underwater images
X of size HX W X C, where H and W represent the
height and width of the image, and C is the number of
channels (e.g., RGB). Additionally, auxiliary
metadata Z (e.g., water quality parameters) may be
concatenated to the input.
Input = [X,Z]

b). Feature Extraction Module
The feature extraction module uses multiple
convolutional layers to learn low- and high-level
features from the input image. A set of convolutional
filters F; is applied to the input image :

Fi(X) =o(W;*X + b;)
where W; and b; are the weights and biases of the i-th
convolutional layer, * denotes the convolution
operation, and o is the activation function (e.g.,
ReLU).
¢). Attention Mechanism
To address local and global dependencies, an
attention mechanism is integrated. The self-attention
mechanism computes the relationships between
image regions:

. QKT
Attention (Q, K, V) = Softmax < - )V
k
where @, K, and V are query, key, and value matrices
derived from the feature map, and d; is the scaling
factor.
d). Feature Fusion Module
The feature fusion module combines features
extracted at different scales. Using a skip connection,
the fused feature map Fy is computed as:
Ff =Flout+Fhigh

where Fj,,, and Fy, are features from shallow and

deep layers, respectively.
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e). Output Layer
The output layer reconstructs the enhanced image Y
using transposed convolutional layers:

Y =o(W, « F; + b,)
where W, and b, are the weights and biases of the
output layer.
f). Loss Function
The model is trained using a composite loss function
that includes pixel-wise loss, perceptual loss, and
structural similarity loss:

L= Al‘Cpixel + AZLperceptual + A3£SSIM

where A4,4,, and A; are weights for each loss
component.
This architecture effectively addresses underwater
image challenges by leveraging deep learning's
ability to learn complex features, enhance image
quality, and maintain computational efficiency.

C. Dataset Description

The dataset of this study spans multiple types of
underwater environments, ranging from different
turbidity, depth, and lighting conditions. It leverages
paired images (low-quality and ground-truth
enhanced) for supervised training and unpaired
images for unsupervised or semi-unsupervised
learning. Image resolutions vary from 512x512 to
1024x1024, providing rich details for deep learning.
The information for the EUVP, U45, and a custom
dataset from cameras mounted on ROVs were
extracted from public repositories. In order to
enhance the generability, some preprocessings such
as normalization, rotation, flipping, and cropping
were used as a robust pipeline for underwater image
enhancement.

IV. EXPERIMENTAL RESULTS

A. Quantitative Analysis

Quantitative results with PSNR, SSIM and
CIEDE2000 are displayed to compare the proposed
model with the other methods. Such metrics are used
to measure the visibility, structural similarity and
color fidelity of improved underwater images. The
results are compared with previous methods and
state-of-the-art models.

Table 1: Quantitative Performance Comparison

Method PSNR | SSIM CIEDE2000
(dB) (Lower is Better)

Histogram 17.8 0.65 23.4
Equalization

CLAHE 19.5 0.71 20.8
UDCP 21.7 0.75 18.5
Wavelet Transform 22.3 0.78 17.2
UIE-Net 27.5 0.85 14.3
Proposed Model 32.8 0.92 11.5
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Quantitative Performance Comparison
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Figure 2: Quantitative Performance Comparison

The experimental results in Figure 2 validate the
potency of the proposed model in terms of various
objective measures. In terms of PSNR, it has a
maximum value of 32.8 dB, which is larger than that
of both the conventional methods and the state of-the-
art deep learning methods. The model is able to
achieve a SSIM score of 0.92, which is significantly
higher than the existing state of art methods, e.g. UIE-
Net with a score of 0.85. Furthermore, the model has
the lowest CIEDE2000 score 11.5, demonstrating that
our model can recover true natural color information
with accurate color fidelity compared with ground-
truth images. These findings demonstrate the better
performance of the proposed approach against
conventional and state-of-art methods in several
aspects of underwater image enhancement, including
denoising, structural repairing, and color correcting,
and hence validate its state-of-the-art property.

Table 2: Performance Across Turbidity Levels

Turbidity PSNR SSIM CIEDE20
Level (dB) 00
Clear Water 342 0.94 10.8
Medium 31.8 0.91 12.2
Turbidity
High Turbidity 29.5 0.87 14
Performance Across Turbidity Levels
35 . PSNR [dB)

- 5SIM
= CIEDEZ000

Values

Clear Water Medium Turbidity
Turbidity Levels

High Turbidity

Figure 3: Performance Across Turbidity Levels
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Performance of the proposed model in figure 3
indicates a good across all turbidity levels, with
moderately lower scores under highly turbid
conditions. However, it performs better than
traditional methods at maintaining image quality in
difficult environments.

Table 3: Performance Across Lighting Conditions

Lighting Condition | PSNR SSIM CIEDE
(dB) 2000
Natural Light 32.5 0.92 11.6
Artificial Light 31.2 0.89 12.5
Low-Light 30.1 0.86 13.8

Performance Across Lighting Conditions

W= PSNR (dB)
- SSIM
mmm CIEDE2000

Natural Light Artificial Light Low-Light
Lighting Conditions

Figure 4: Performance Across Lighting Conditions
The results in figure 4 show that under various
lighting conditions, our model performs well.
Leaving aside the under unnatural lighting, it obtains
a high PSNR (32.5 dB), a high SSIM (0.92) and a low
CIEDE2000 (11.6). Performance slightly drops in the
artificial and low-light conditions but the model
maintains the structure and color fidelity, thus
achieving strong generalization ability for underwater
image enhancement.

Table 5 highlights the model’s effectiveness in
preserving object details compared to existing
methods. The proposed approach achieves the highest
edge sharpness (0.91) and texture similarity (0.88),
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surpassing UIE-Net and UDCP. These results
confirm its superior ability to maintain fine details
and structural integrity, ensuring clearer, more
reliable underwater visuals for analysis and practical

applications.
Table 5: Additional Factors: Object Detail
Preservation
Metric Proposed UIE- UDCP
Model Net
Edge Sharpness (ES) 0.91 0.86 0.78
Texture Similarity (TS) 0.88 0.81 0.75

Performance Across Depth Levels
35

30 .\’\

20 —e— PSNR (dB)
—e— 55IM
15 —&— CIEDEZ2000 (Lower is Better)

R S

Metrics

<10m 10-30 m

Depth Levels

>30m

Figure 5: Performance Across Depth Levels

For comparison in Figure 5 the proposed method
better retains edges and textures with sharper edges
and more detail than the baselines. The proposed
model also shows invariance to various factors such
as turbidity, lighting and depth while achieving good
scores in PSNR, SSIM, and CIEDE2000. This is a
one-size-fits-all product, always producing the best
results in clarity, structure, and color accuracy for
more environments than any other filter.

B. Comparison with Existing Methods

The experimental results in Table 7 demonstrate that
the proposed method outperforms the traditional
underwater image processing methods as well as the
state-of-the-art deep learning methods. They
compare metrics such as PSNR, SSIM, CIEDE2000,
and also task performance such as the edge sharpness
or texture preservation.

Table 7: Comparison of Proposed Model with Existing Methods

Method PSNR SSIM | CIEDE200 Edge Texture High Low Deep
(dB) 0 (Lower | Sharpne Similarity Turbidity Light Water
is Better) ss (ES) (TS) (PSNR) (SSIM) | (CIEDE20
00)
Histogram 17.8 0.65 23.4 0.72 0.68 21 0.62 25.6
Equalization
CLAHE 19.5 0.71 20.8 0.79 0.73 225 0.67 223
UDCP 21.7 0.75 18.5 0.84 0.77 23.1 0.76 19.4
Wavelet 223 0.78 17.2 0.86 0.8 25 0.79 18.6
Transform
UIE-Net 27.5 0.85 14.3 0.86 0.81 26.3 0.81 16.2
Proposed Model 32.8 0.92 11.5 0.91 0.88 29.5 0.86 13.5
- PSNR (dB)
SSIM
30r CIEDE2000 (Lower is Better)
Edge Sharpness (ES)
25} Texture Similarity (TS)
High Turbidity (PSNR)
Low-Light (SSIM)
w 201 Deep-Water (CIEDE2000)
E 151
10
5 -
of ¢ T T i T
e N 2 P
&\’@&\ 4 d s ":“"ké@ ¢<"§- o’a\Ob
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Figure 6: Performance Comparison Across Methods
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Comparison in figure 6 across methods demonstrates
the effectiveness of our model. It also achieves the
maximal PSNR (32.8 dB) and SSIM (0.92),
indicating best noise-reduction performance and best
structural preservation. The model also captures the
lowest CIEDE2000 results (11.5), which guarantees
better color restoration. Besides, it has high edge
sharpness (0.91) and texture similarity (0.88), which
are better than UIE-Net and traditional methods. It
holds the best clarity, color precision and detail
showcasing features under the extremes such as high
turbid, little light and depth water, verifying its strong
universality for a variety of underwater purposes.

8. CONCLUSION

8.1 Summary of Findings

In this study, a novel solution on underwater image
enhancement based on deep learning was proposed to
address the crucial challenges related to light
attenuation, scattering, noise and environmental
variability. However, as an advanced model with
CNNs, attention mechanism, and feature fusion
technology, the proposed method offers improved
image quality. Using PSNR, SSIM and CIEDE2000
standard metrics for evaluation, ITDD yielded
noticeable improvements over when compared to
Histogram Equalization as well as applying state-of-
the-advanced deep learning models like UIE-Net.
Quantitative results show that the proposed approach
achieves a PSNR of 32.8 dB, SSIM of 0.92, and
CIEDE2000 of 11.5 which outperforms the existing
schemes in clarity, structural accuracy, and color
Qualitative further
corroborated its efficacy in maintaining edge
sharpness, texture similarity, and overall appearance
realism, despite intense challenges including high
turbidity, low light, and depth of the water.

The model can be utilized in various fields, including,

restoration. examination

but not limited to marine biology for target species
identification and habitat monitoring, underwater
robotics for navigation and mapping, and
oceanographic research for seabed analysis and
environmental research. These results highlight the
promise of deep learning to enhance underwater
exploration and investigation. The proposed method
provides a powerful and scalable solution for
enhancing underwater visuals and can be beneficial
for both scientific and operational purposes.

8.2 Future Directions
Though the proposed model shows great performance
on underwater image enhancement, there are still a

1JIRT 184390

few research directions available to and may enhance
its capability and generalization capability. Real-time
processing is required for these systems to be portable
on low-resource platforms like AUVs or ROVs.
Improving its adaptability to extreme cases, such as
turbid soundings, deep-sea surroundings and low
lighting conditions, would expand its practical
applications. Sonar or lidar variations data fusion in
multimodal data can further enrich underwater
content analysis and increase the accuracy of
reconstruction. Participating in such unsupervised or
semi-supervised learning techniques would alleviate
the reliance on paired data and improve the
generalization in the data-scarce scenario. The casting
framework could be expanded to the 3D
reconstructions and point clouds, which may be
useful for underwater mapping and archaeological
research tasks. Lastly, domain-specific fine-tuning
for tasks like coral reef monitoring or object
identification would make it even more useful in
particular settings. Together, these pathways will
strengthen the model’s contribution to numerous
scientific and operational applications

REFERENCES

[1] Hiitten, N., Alves Gomes, M., Holken, F.,
Andricevic, K., Meyes, R., & Meisen, T. "Deep
Learning for Automated Visual Inspection in
Manufacturing and Maintenance: A Survey of
Open-Access  Papers,”  Applied System
Innovation, vol. 7, no. 1, pp. 11, Jan. 2024,

[2] Liu, T., Zhu, K., Wang, X., Song, W., & Wang,
H. "Lightweight underwater image adaptive
enhancement based on zero-reference parameter
estimation network," Frontiers in Marine
Science, vol. 11, Apr. 2024. .

[3] Zheng, S., Wang, R., Zheng, S., Wang, L., & Liu,
Z. "A learnable full-frequency transformer dual
generative adversarial network for underwater
image enhancement," Frontiers in Marine
Science, vol. 11, May 2024.

[4] Ge, L., Singh, P., & Sadhu, A. "Advanced deep
learning framework for underwater object
detection with multibeam forward-looking
sonar," Structural Health Monitoring, 2024.

[5] He, X.,Li,J., & Jia, T. "Learning hybrid dynamic
transformers for underwater image super-
resolution," Frontiers in Marine Science, vol. 11,
Apr. 2024. DOI: 10.3389/fmars.2024.1389553

[6] Chen, W., Lei, Y., Luo, S., Zhou, Z., Li, M., &
Pun, C. (2023). UWFormer: Underwater Image

INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 1287



© September 2025 | IJIRT | Volume 12 Issue 4 | ISSN: 2349-6002

Enhancement via a Semi-Supervised Multi-Scale
Transformer. arXiv preprint arXiv:2310.20210.

[7] Peng, W., Zhou, C., Hu, R., Cao, J., & Liu, Y.
(2023). RAUNE-Net: A Residual and Attention-
Driven Underwater Image Enhancement
Method. arXiv preprint arXiv:2311.00246.

[8] Lin, W., Lin, Y., Chen, J., & Hua, K. (2024).
PixMamba: Leveraging State Space Models in a
Dual-Level Architecture for Underwater Image
Enhancement. arXiv preprint arXiv:2406.08444.

[9] Liu, Y., Lai, Y., Wu, Y., & Chen, Y. (2024). A
review: underwater image enhancement based on
deep learning. Proceedings of SPIE, 13257.

[10]Cong, X., Zhao, Y., Gui, J., Hou, J., & Tao, D.
(2024). A Comprehensive Survey on Underwater
Image Enhancement Based on Deep Learning.
arXiv preprint arXiv:2405.19684.

[11]Zhang, Y., & Cosman, P. (2023). Underwater
Image Enhancement Using Deep Transfer
Learning Based on a Multi-Scale Fusion Model.
IEEE Transactions on Image Processing.

[12]Li, C., Guo, J., & Guo, C. (2023). Underwater
Image Enhancement Using Improved CNN
Based Defogging. Electronics, 11(1), 150.

[13]Wang, Y., & Li, J. (2023). Underwater Image
Enhancement based on Deep Learning and
Image Formation Model. arXiv preprint
arXiv:2101.00991.

[14]Zhang, Z., Yan, H., Tang, K., & Duan, Y. (2023).
MetaUE: Model-based Meta-learning  for
Underwater Image Enhancement. arXiv preprint
arXiv:2303.06543.

[15]Guan, Y., Liu, X., Yu, Z., Wang, Y., Zheng, X.,
& Zhang, S. (2023). Fast underwater image
enhancement based on a generative adversarial
framework. Frontiers in Marine Science.

[16]Song, Q., & Cosman, P. C. (2018). Luminance
Enhancement and Detail Preservation of Images
and Videos Adapted to Ambient Illumination.
IEEE Transactions on Image Processing, 27(10),
4901-4915.

[17]1Peng, Y. T., & Cosman, P. C. (2017).
Underwater Image Restoration Based on Image
Blurriness and Light Absorption. IEEE
Transactions on Image Processing, 26(4), 1579-
1594.

[18]Cao, K., Peng, Y. T., & Cosman, P. C. (2018).
Underwater Image Restoration Using Deep
Networks to Estimate Background Light and
Scene Depth. IEEE Southwest Symposium on
Image Analysis and Interpretation (SSIAI).

1JIRT 184390

[19]Myers, B. A., Knaplus-Soran, E., Llewellyn, D.
C., Delaney, A., Cunningham, S., Cosman, P.,
Ennis, T. D., & Pitts, K. (2018). Redshirt in
Engineering: A Model for Improving Equity and
Inclusion. 2018 CoNECD — The Collaborative
Network for Engineering and Computing
Diversity Conference.

[20]Riskin, E. A., Milford, J., Callahan, J., Cosman,
P., et al. (2018). The Redshirt in Engineering
Consortium: Progress and Early Insights.
Proceedings of the 125th ASEE Annual
Conference and Exposition.

INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 1288



