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ABSTRACT

Underwater images play a critical role in underwater exploration and
related tasks. However, due to light attenuation and other underwater
factors, underwater images often suffer from color distortion and low
contrast, which to some extent limit the efficiency and safety of under-
water exploration. To meticulously address these issues and enhance the
accuracy and reliability of underwater exploration, this paper proposes
a multi-task underwater image enhancement method based on Retinex
theory. This method divides the underwater image enhancement task into
several sub-tasks, including image decomposition, color correction, detail
reconstruction, and illumination adjustment. Specialized sub-networks—
DecomNet, DecolorNet, and DelightNet—are designed to specifically
address these problems, thereby alleviating color distortion, enhancing
image details, and improving contrast. Experiments conducted on several
publicly underwater image datasets indicate that the quality of underwater
images is significantly improved after enhancement with the proposed
method, compared to other representative underwater image processing
techniques. For example, on the real-world dataset Underwater Image
Enhancement Benchmark, the MSE, Structural Similarity Index Measure,
and Peak signal-to-noise ratio scores achieved were 453.480, 0.901, and
25.145, respectively. This study holds significant implications for under-
water exploration, with potential applications in the fields of marine
research and underwater archaeology.

1 Introduction
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Underwater images serve as a pivotal conduit for the acquisition of subaquatic information,
with its quality being paramount to the success of underwater exploration and related operational
tasks [1]. However, the complex of the underwater environment poses significant challenges to the
collection of high-quality underwater images. For example, the selective attenuation of light by water
often results in images captured by imaging devices exhibiting a blue or green hue [2]. Furthermore,
the presence of suspended particulate matter in water induces forward and backward scattering of
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light before it reaches the imaging equipment, leading to a reduction in image contrast and increased
blurriness [3]. These phenomena severely impede the efficiency and accuracy of advanced visual
processing tasks such as image segmentation, object classification, and detection. Consequently, the
effective preprocessing of acquired underwater images to enhance their quality has become an urgent
requirement in the research of underwater visual systems.

In the early stages of research, image enhancement relied on the direct manipulation of image
pixels [4-0] or the utilization of environmental prior knowledge to achieve image restoration based
on imaging models [7-9]. However, these methods are faced with the issues of insufficient general-
ization ability and excessive dependence on prior knowledge. With the rapid advancement of Deep
Neural Networks (DNNs), a suite of learning-based methods has been applied to Underwater Image
Enhancement (UIE) [10-13]. The core of these methods is to use DNNs to learn the mapping function
between degraded underwater images and clear images in a brute-force manner, in order to directly
reconstruct undistorted underwater images. Although these learning-based methods are effective to
some extent, they often struggle to finely address issues such as color bias and low contrast caused by
underwater light attenuation and scattering.

To address these challenges, this paper presents a multi-task underwater image enhancement
method based on Retinex theory [14], referred to as MTNet, whose core lies in decomposition
and reconstruction. In the decomposition stage, MTNet decomposes the underwater image into an
illumination map and a reflectance map. In the reconstruction stage, MTNet uses the illumination and
reflectance maps to correct color distortion, reconstruct true colors, and enhance image details and
adjust lighting using the illumination map. Specifically, the UIE task is decoupled by MTNet into three
sub-tasks: image decomposition, color reconstruction, and illumination detail reconstruction. Three
specialized sub-networks are designed for these tasks: DecomNet, DecolorNet, and DelightNet. To
begin with, based on Retinex theory, the degraded underwater image is decomposed into an illumina-
tion map and a reflectance map using DecomNet. Subsequently, DecolorNet takes the illumination
and reflectance maps as inputs, aiming to adjust the color information in the reflectance map while
suppressing noise. Due to the blue-green bias in underwater images, we design a Multi-Branch Color
Correction (MCC) module to capture the color feature distributions of each channel in the underwater
image separately. Meanwhile, the illumination map serves as a constraint to further suppress noise
in the reflectance map, thereby achieving better visual quality. Ultimately, to avoid the degradation
of image texture and loss of detail information by DNNs, DelightNet employs continuous wavelet
convolutions to construct a network for illumination map reconstruction. It also utilizes deep curve
estimation for progressive pixel-level adjustments of the reconstructed image, effectively preserving
the texture features of the illumination map. By modularizing the specific issues related to underwater
image enhancement, we improve the enhancement results, making the reconstructed images in terms
of color, contrast, and texture more closely aligned with reality. This approach enhances the model’s
adaptability and generalization capabilities under varying underwater environmental conditions.

The main contributions of this paper are summarized as follows:

1. This paper proposes a decomposition-reconstruction approach for underwater image enhance-
ment. In the decomposition phase, the image is separated into an illumination map and a
reflectance map, while the reconstruction phase seeks to adjust the color and illumination
levels of the image to reconstruct a clear underwater image.

2. This paper introduces a multi-branch color correction network. It captures the color feature
distributions of the R, G, and B channels in underwater images separately and performs
intensity adjustments for each channel’s information.
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3. A dual-branch progressive illumination adjustment network is proposed. This network utilizes
continuous wavelet convolutions to reconstruct the illumination map and employs iterative
functions to progressively adjust the reconstructed image.

The remainder of this paper is organized as follows: Section 2 introduces related work, Section
describes the details of the proposed method, Section 4 presents the experimental results, Section
presents the results of ablation study, and Section 6 concludes the paper.

5
3
5

2 Related Work

The extant methodologies for enhancing underwater imagery can be categorized into three
principal categories: model-free approaches, physical model-based approaches, and deep learning-
based approaches.

2.1 Model-Free Approaches

Model-free approaches directly manipulate the pixel-level information of images to enhance
their visual quality. Reference [1 5] proposed a hybrid approach that combines color casts correction
algorithms with the Retinex to rectify image colors. Reference [16] proposed a fusion-based technique
that leverages white balance and histogram equalization to generate preliminary images, which are
subsequently synthesized through a multiscale fusion strategy. Reference [17] presented a multiscale
fusion strategy predicated on two color spaces, RGB and CIELAB, aimed at augmenting the textural
attributes of underwater images. Reference [18] introduced a Retinex-based underwater image texture
enhancement method, which employs bilateral filtering and trilateral filtering within the CIELAB
color space to further refine the enhancement process. Despite these advancements, the application of
traditional image processing techniques often leads to the introduction of artifacts and noise.

2.2 Physical Model-Based Approaches

In contrast to model-free approaches, physical model-based approaches leverage the a priori
knowledge of underwater environments to estimate the parameters of physical models [19] for simulat-
ing the underwater imaging process. Subsequently, the original image content is restored through the
inverse solution of the model [20], on the basis of defogging algorithms [21], considering that the blue
and green channels are the sources of underwater visual information, proposed the UDCP. Reference
[22] have achieved the restoration of underwater images by leveraging the red channel prior. Reference
[23] proposed a new model to explain the mechanism of light attenuation underwater. Reference [24]
achieved image restoration by estimating the attenuation ratios. The quality of methods predicated on
physical models hinges on prior knowledge and the models themselves, which can restrict the methods’
ability to generalize.

2.3 Deep Learning-Based Approaches

In recent years, deep learning-based approaches have achieved promising results in the field of
UIE. UWCNN [2] learn mappings from degraded to high-definition images, reconstructing clear
underwater imagery directly. Reference [25] presented a model that adeptly amalgamates the RGB
and HSV color spaces within a unified network architecture. Reference [26] proposed WaterNet and
concurrently established the Underwater Image Enhancement Benchmark (UIEB) dataset. Reference
[27] introduced UGAN, leveraging the CycleGAN [28] framework to generate underwater images,
which were then subjected to training with corresponding pairs of images. Reference [29] engineered a
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lightweight network architecture characterized by its simplicity and parsimony in parameters. Refer-
ence [30] employed a two-stage enhancement architecture to accomplish the UIE task, successfully
compressing the model parameters to 9 k. However, due to the lack of illumination in deep-sea
environments, the majority of deep-sea images exhibit low-light characteristics, making low-light
image enhancement [31] an important aspect of underwater image enhancement. Reference [32]
combined traditional Retinex theory with CycleGAN to enhance low-light images without paired data.
Reference [33] designed a noise data training strategy that introduces noise priors during training to
generate better image structures. Reference [34] combined enhancement networks with classifiers to
facilitate the integration of enhanced results with downstream tasks.

Deep learning-based methods, propelled by extensive repositories of underwater imagery data,
typically outperform model-based and non-model-based approaches.

3 Proposed Method

This section elaborates a multi-task underwater image enhancement model based on Retinex the-
ory, termed MTNet, which comprises three sub-networks: DecomNet, DecolorNet, and DelightNet.
The architecture of MTNet is illustrated in Fig. 1. Specifically, DecomNet decomposes the degraded
underwater image into illumination and reflection components. DecolorNet takes the illumination
and reflectance maps as inputs, aiming to adjust the color information in the reflectance map while
suppressing noise. DelightNet is responsible for adjusting the illumination map to enhance the image
contrast. The final enhanced image is obtained by performing element-wise multiplication of the
results from DecolorNet and DelightNet.
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Figure 1: The construction of MTNet. MTNet consists of three sub-networks: DecomNet, Decol-
orNet, and DelightNet, which respectively perform tasks of image decomposition, color correction,
texture reconstruction and lighting adjustment. DecomNet decomposes underwater images into illu-
mination maps and reflectance maps. DecolorNet then performs color correction on the decomposed
reflectance maps. DelightNet reconstructs the texture details of the illumination maps and adjusts the
lighting
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3.1 DecomNet
According to the Retinex theory, underwater images can be represented as the product of the
reflectance map and illumination map of the scene, expressed as:

S(x) =R(x)*L(x), (1)

where R (x) denotes the reflectance component, and L (x) signifies the illumination component.
Therefore, the key to reconstructing clear underwater images lies in obtaining high-quality illu-
mination and reflectance maps. Since downsampling may lead to image texture distortion and
information loss, especially in pixel-level computer vision tasks. This paper designs the DecomNet
network as a continuous convolutional network without any downsampling. Additionally, considering
the limitations of single-scale convolutional kernels in feature extraction, we introduce multi-scale
convolutional kernels to provide multi-scale features for the decomposition task, enhancing the ability
to capture both detailed and global information. Residual networks [35,36] help optimize deep neural
networks during the training process, avoiding the vanishing or exploding gradient problem. Based on
this, residual connections are used multiple times within the convolutional blocks to achieve better
decomposition results. The specific design details of the DecomNet network are shown in Fig. 1,
which consists of two single-scale 3 x 3 convolutional layers and five multi-scale convolutional layers
with residual connections. Except for the last layer and 1 x 1 convolution, LeakyReLU is used as the
activation function after each convolution, and the purpose of using a Sigmoid activation function in
the last layer is to restrict the output values within the range of [0, 1].

3.2 DecolorNet

Due to the absorptive properties of water with respect to light, light experiences energy attenuation
during underwater transmission. Generally, red light attenuates the fastest in water, while blue and
green light attenuate more slowly. This phenomenon results in underwater images typically exhibiting
a bluish-green tint. Therefore, for underwater images, the decomposed reflectance map exhibits a
significant blue-green bias, which can severely impact the final enhancement results. DecolorNet,
which is designed to correct color bias, is a U-Net architecture composed of a series of MCC and
convolutional layers. MCC adopts a multi-branch structure to capture and adjust the color feature
distribution of the R, G, and B channels. The input is divided into four branches, with no parameter
sharing between the branches. As shown in Fig. 1, three of the branches are processed using 1 x 1
convolutional layers, while the fourth branch is directly passed to the output layer. MCC utilizes
1 x 1 convolutions to capture color information at the pixel level and implement cross-channel feature
interaction. Subsequently, normalization layers are applied to adjust the color feature distribution, and
a 3 x 3 convolution is employed for local feature extraction. To reduce the model’s parameter count
and improve computational efficiency, MCC does not alter the number of feature maps in the feature
branches during processing. The decomposed illumination map, serving as a constraint, is inputted
into DecolorNet along with the reflectance map to ensure that important edge information is not lost
during the color correction process.

3.3 DelightNet

DelightNet is tasked with adjusting illumination to enhance the contrast of enhanced images
and alleviate the blurring effects in underwater images. It consists of two modules: the Texture
Reconstruction Module (TRM) and the Lighting Adjustment Module (LAM). The decomposed
illumination map contains a wealth of textural details of the underwater image. However, conventional
downsampling methods inevitably lead to information loss. Discrete Wavelet Transform (DWT) has
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been widely applied in low-level vision tasks [37,38]. It can downsample the input to half of its original
size, but due to the biorthogonal property of DWT, it does not result in information loss. Therefore, in
the TRM, DWT is used in place of conventional downsampling methods. The specific structure of the
TRM is shown in Fig. 2a, which is also a contraction-expansion network that utilizes a skip structure
to further reduce the loss of feature information.

3x3Conv+Tanh

_—

Figure 2: The detailed architecture of (a) Texture Reconstruction Module and (b) Lighting Adjustment
Module

The LAM provides a progressive lighting adjustment curve for the output of the TRM. Inspired
by [39], this paper applies depth curves to the adjustment of the illumination map. The LAM consists
of seven convolutional blocks, with the specific structure shown in Fig. 2b. The first six convolutional
blocks adopt the same structure, which includes only 3 x 3 convolutions and LeakyReLU activation
functions. The last convolutional block is followed by a Tanh activation function to obtain pixel-level
depth curve parameters. The lighting adjustment curve can be represented as:

LA, (x) =LA, (x) + A(X) LA, (x) (1 = LA, (x)), 2

where x denotes the pixel coordinates, L4, (x) represents the adjusted illumination map, and A (x) is
a parameter map of the same size as the input image.

3.4 Loss Function

During the training phase, the three sub-networks are trained separately. For DecomNet, it
computes the L1 loss and perceptual loss between the reflectance map R, and illumination map L,
egmented from the original underwater image S, and the reflectance map R,, and illumination map
L,, of the reference image S,,. The L1 loss can be represented as:

Ll = E[HSO - RoLo”I] + E[HSgl - RgngtHl] + E [Hng - RongHl] +E[||So - RglLOHI] . (3)

The content loss function is expressed as follows:

Lmn = E [l |¢(Sa) - ¢(R0L0)||2] + E [| |¢(Sgt) - ¢(Rgngt)||2] ] (4)

where ¢ (-) is defined as the feature map from the block4_conv3 layer of VGG-16. The total loss of
DecomNet can be represented as:

me = Ll + )\'conLcona (5)
where A, = 0.1 is the weight that balance the contribution of the L1 loss and perceptual loss.

For DecolorNet, it calculates the L1 loss, perceptual loss, and Structural Similarity Index Measure
(SSIM) loss between the corrected reflectance map R, and the reference image’s reflectance map R,,.

https://www.scipedia.com/public/Song_et_al_2025 6
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The L1 loss can be represented as:
L =E[lIR, = R1]. (6)
The content loss function is expressed as follows:

L =E[lI¢(R) — ¢RI ] ()

where ¢ () is defined as the feature map from the block4_conv3 layer of VGG-16. In general, the SSIM
[40] score is used to measure the similarity of image textures. The formula is as follows:
SSIM (x,y) =1(x,»)" *c(x,») *s(x, )", (®)

where x and y represent images, and 1 (x, ), ¢ (x, y), and s (x, y) respectively compare the Luminance,
contrast, and structure between the images. The SSIM loss is expressed as follows:

Ly = E[1 = SSIM(R,, R)] ©)

The total loss of DecolorNet can be represented as:
Loty = Ly + AeonLecon + AssivrLss (10)
where A, = 0.1 and A, = 0.4.

For DelightNet, it calculates the L1 loss, perceptual loss, and SSIM loss between the corrected
enhanced image S, and the reference image .S,,. The L1 loss can be represented as:

L=E 118, = 3.I1). (an

where S, is the product of the corrected reflectance map and the adjusted illumination map. The
content loss function is expressed as follows:

Lo =E[lIg(S.) = #SIL]. (12)

where ¢ (-) is defined as the feature map from the block4_conv3 layer of VGG-16. The SSIM loss is
expressed as follows:

Loy = E [1 — SSIM(S,, So)] . (13)

The total loss of DelightNet can be represented as:
Llighr = Ll + )\'coann + )"SSIMLSSIMa (14)
where A, = 0.1 and Aggy, = 0.5

4 Experiments

To assess the performance of MTNet, this section conducts both qualitative and quantitative
comparisons of MTNet with several representative methods on the synthetic dataset EUVP [29]
and the real-world underwater image datasets UIEB [26] and LSUI [41]. For synthetic underwater
images, we randomly selected 800 pairs of synthetically paired images from EUVP to serve as the
test set, denoted as T800. For real-world underwater images, we selected 90 pairs of paired images
and 60 unpaired images from the dataset UIEB to be used as test images, denoted as T90 and
T60, respectively. We also selected 879 pairs of images from LSUI to form a rich test set, denoted
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as T879. The comparison methods included two model-free approaches (UDCP [20], ULAP [42]),
two physical model-based approaches (Retinex-based [15], UCM [43]), and six deep learning-based
approaches (MWCNN [44], UGAN-P [27], Shallow-UWnet [45], FUnIE-GAN [29], UWCNN [2],
UIEC"2-Net [25]). To ensure optimal performance, the implementations followed the parameter
settings recommended by their respective authors.

4.1 Experiment Settings

The MTNet is implemented within the PyTorch framework and trained on a GeForce RTX 3090
(24 G) platform. During the training process, both the training and test images are cropped to a size
of 256 x 256 and are randomly adjusted brightness, saturation, contrast, and hue. The 8, and 8, are
set to 0.9 and 0.999. Adam was used as the optimizer. Each sub-network has a fixed learning rate of
0.0001 and a batch size of 8. Each sub-network was trained for 200 epochs to obtain the final model
parameters.

4.2 Experiment on Synthetic Datasets

Underwater environments pose significant challenges for acquiring paired image data. Therefore,
synthesizing paired underwater images to facilitate model training has become an effective approach.
This section presents a qualitative and quantitative comparison of MTNet with other methods on the
synthetic dataset T800. Visual results are detailed in Fig. 3.

NESESESEEENTE

3 b %R 1 t = y :
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Figure 3: Subjective visual comparison of enhanced results sampled from the T800. From left to right
are (a) original underwater images, the results of (b) UDCP [20], (c) ULAP [42], (d) Retinex-based
[15], (¢) UCM [43], (f) MWCNN [44], (g) UGAN-P [27], (h) Shallow-UWnet [45], (i) FUnIE-GAN
[29], G) UWCNN [2], (k) UIEC"2-Net [25], (I) MTNet and (m) reference images

As shown in Fig. 3, UDCP [20] fails to correct color bias. ULAP [42] relies on physical models,
making it difficult to accurately infer the imaging process, which sometimes leads to image distortion.
Retinex-based [15] and UCM [43]lack generalization, and as shown in Fig. 3d,e, their enhanced results
exhibit significant white and red noise. MWCNN [44] successfully enhances image details due to its
unique wavelet transformation, but it shows insufficient enhancement in color saturation. UGAN-
P [27] generates checkerboard artifacts in the image. Shallow-UWnet [45] and UWCNN [2] only use
simple convolutional structures, with their enhancement results showing a large gap from the reference
image. UIEC"2-Net [25] fails to improve the blue color bias in the image and generates artifacts in dark
areas, as shown in Fig. 3k. Compared to these methods, MTNet effectively restores the image color and
alleviates the low contrast issue through detail reconstruction and illumination adjustment, making it
visually closer to the reference image.
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For a quantitative assessment of various methods, this section employs the MSE, SSIM [40] and
Peak signal-to-noise ratio (PSNR) [46] to measure the pixel-level discrepancies, content differences,
and structural consistency between the restored or enhanced images and the reference images,
respectively. Typically, the higher the quality of image enhancement, the lower the MSE becomes, while
the PSNR and SSIM indices increase correspondingly. Table | presents the quantitative evaluation
results of various methods on the T800 dataset. Compared to other methods, MTNet achieved the best
performance in all three metrics, indicating that the enhancement results of MTNet are structurally
and content-wise closer to the reference image.

Table 1: Quantitative results of different methods on T800

Methods MSE SSIM PSNR (dB)
UDCP [20] 3044.062 0.562 16.429
ULAP [42] 1061.054 0.689 21.383
Retinex-based [15] 1860.767 0.646 18.163
UCM [43] 1180.458 0.748 21.721
MWCNN [44] 675.782 0.742 23.210
UGAN-P [27] 350.542 0.794 25.586
Shallow-UWnet [45] 401.982 0.787 25.601
FUnIE-GAN [29] 375.343 0.764 25.099
UWCNN [2] 399.718 0.792 25.517
UIEC"2-Net [25] 415.869 0.814 26.225
Ours 239.186 0.833 27.049

Note: The best results are highlighted in bold.

4.3 Evaluation on Real-World Underwater Images

In order to further validate the generalization capability of MTNet, we conducted tests on MTNet
and other comparison methods using the T879 and T90. In contrast to the synthetic underwater
datasets, T879 contains a richer variety of underwater scenes (Fig. 4), including different water types,
lighting conditions, and target categories. T90 encompasses a diverse array of real-world underwater
scenes, including the blurring effects of shallow water areas (Fig. 5) and common colors such as
green (Fig. 6), blue (Fig. 7) and yellow (Fig. 8). These characteristics are pervasive within the realm of
subaquatic imagery, exerting a profound influence on the fidelity and color of the images.

As shown in Fig. 4, UDCP [20] and ULAP [42] are model-based methods that heavily rely on
physical models and prior knowledge. As a result, they struggle to accurately simulate imaging in
complex underwater environments and cannot recover the image accurately. The ULAP [42] method
weakens the green channel in the image but fails to properly compensate for the red channel, resulting
in a grayish-white tone. UCM [43] excessively enhances the red channel, leading to an overemphasis of
the red color bias in the image. MWCNN [44] preserves sufficient image structural information, but
it fails to correctly recover the image color. UGAN-P [27] tends to produce checkerboard artifacts in
the enhanced images, which distorts some of the image structure. Shallow-UWnet [45] and UWCNN
[2] use simple network architectures, which lack expressive ability, resulting in generated images with
some degree of haze. FUnIE-GAN [29] introduces color noise into the image, as shown in Fig. 5i.
UIEC"2-Net [25] can enhance image details, but it incorrectly amplifies the blue tone of the image,
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giving the overall image a blue tint. In contrast, as shown in Fig. 41, MTNet is able to accurately
restore the colors of underwater scenes with a bluish-green tint, indicating that the proposed method
demonstrates a significant advantage in color restoration.

...H i .H...'Hm
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Figure 4: The subjective visual comparison of the enhancement results sampled from the T879. From
left to right are (a) original underwater images, the results of (b) UDCP [20], (c) ULAP [42], (d) Retinex-
based [15], () UCM [43], (f) MWCNN [44], (g) UGAN-P [27], (h) Shallow-UWnet [45], (i) FUnIE-
GAN [29], j) UWCNN [2], (k) UIEC"2-Net [25], (1) MTNet and (m) reference images
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Figure 5: The subjective visual comparison of the enhancement results for the blurred underwater
images from shallow water areas sampled from the T90. From left to right are (a) original underwater
images, the results of (b) UDCP[20], (¢) ULAP [42], (d) Retinex-based [15], (¢) UCM [43], () MWCNN
[44], (g) UGAN-P [27], (h) Shallow-UWnet [45], (i) FUnIE-GAN [29], (j) UWCNN [2], (k) UIEC"2-
Net [25], (I) MTNet
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Figure 6: The subjective visual comparison of the enhancement results for the green underwater images
sampled from the T90. From left to right are (a) original underwater images, the results of (b) UDCP
[20], (c) ULAP [42], (d) Retinex-based [15], (e) UCM [43], (f) MWCNN [44], (g) UGAN-P [27], (h)
Shallow-UWnet [45], (i) FUnIE-GAN [29], (j) UWCNN [2], (k) UIEC"2-Net [25], (1) MTNet and (m)
reference images
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Figure 7: The subjective visual comparison of the enhancement results for the blue underwater images
sampled from the T90. From left to right are (a) original underwater images, the results of (b) UDCP
[20], (c) ULAP [42], (d) Retinex-based [15], (¢) UCM [43], (f) MWCNN [44], (g) UGAN-P [27], (h)
Shallow-UWnet [45], (i) FUnIE-GAN [29], (j) UWCNN [2] (k) UIEC”"2-Net [25], (1) MTNet and (m)
reference images
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Figure 8: The subjective visual comparison of the enhancement results for the yellow underwater
images sampled from the T90. From left to right are (a) original underwater images, the results of
(b) UDCP [20], (c) ULAP [42], (d) Retinex-based [15], (¢) UCM [43], (f) MWCNN [44], (g2 UGAN-P
[27], (h) Shallow-UWnet [45], (i) FUnIE-GAN [29], (j) UWCNN [2], (k) UIEC"2-Net [25], (1) MTNet
and (m) reference images

Similar to Section 4.2, we choose MSE, PSNR, and SSIM to evaluate the enhancement results
of each method on real-world underwater images. The quantitative results of different methods on
T879 and T90 are presented in Tables 2 and 3. Among them, the best score is indicated in bold.
It is evident that MTNet outperforms its peers on all three metrics across both test sets, meaning
that MTNet is more competitive than other methods in preserving image structural information and
content restoration.

Table 2: Quantitative results of different methods on T879

Methods MSE SSIM PSNR (dB)
UDCEP [20] 4216.245 0.546 14.453
ULAP [42] 1547.289 0.723 20.906
Retinex-based [15] 1547.941 0.682 18.262
UCM [43] 1044.551 0.796 22.939
MWCNN [44] 790.683 0.782 22.900
UGAN-P [27] 345.371 0.819 25.412
(Continued)
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Table 2 (continued)

Methods MSE SSIM PSNR (dB)
Shallow-UWnet [45] 649.632 0.813 23.910
FUNIE-GAN [29] 842.241 0.767 23.791
UWCNN [2] 548.053 0.842 24.267
UIEC*2-Net [25] 449.672 0.869 26.259
Ours 192.164 0.885 28.768

Note: The best results are highlighted in bold.

Table 3: Quantitative results of different methods on T90

Methods MSE SSIM PSNR (dB)
UDCEP [20] 5916.636 0.498 12.062
ULAP [42] 2258.868 0.744 19.155
Retinex-based [15] 1238.529 0.676 20.136
UCM [43] 1818.908 0.795 20.889
MWCNN [44] 1043.352 0.834 23.223
UGAN-P [27] 627.567 0.768 23.210
Shallow-UWnet [45] 1493.890 0.756 19.145
FUnIE-GAN [29] 1010.414 0.783 20.436
UWCNN [2] 1154.478 0.838 20.647
UIEC"2-Net [25] 763.383 0.882 23.459
Ours 453.480 0.901 25.145

Note: The best results are highlighted in bold.

We continue to demonstrate the performance of MTNet based on challenging underwater images
in the T60, and present enhancement results of various methods in Fig. 9. Suffering from severely light
absorption and scattering, challenging underwater images can hardly be recovered well.

As depicted in Fig. 9, the majority of the methods struggle to illuminate severely dark underwater
scenes. The Retinex-based [15] is capable of enhancing dark scenes but introduces significant white
noise. UGAN-P [27], while illuminating the underwater environment, imparts a distinct checkerboard
artifact to the image. Concurrently, UIEC"2-Net [25] continues to exhibit a tendency to amplify
blue tones in the background, thereby adversely affecting the overall visual appeal of the image. In
contrast, MTNet not only successfully improves the illumination of severely dark underwater scenes
and enhances color contrast but also effectively preserves the detailed textures of the image.
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Figure 9: Subjective visual comparison of enhanced results sampled from the T60. From left to right
are (a) original underwater images, the results of (b) UDCP [20], (c) ULAP [42], (d) Retinex-based
[15], (e) UCM [43], (f) MWCNN [44], (2g) UGAN-P [27], (h) Shallow-UWnet [45], (i) FUnIE-GAN
[29], G) UWCNN [2], (k) UIEC"2-Net [25], and (I) MTNet

Considering that there is no corresponding reference image in T60, we evaluated the performance
of the different methods by UIQM [47], UCIQE [48], Twice Mixing [49], BRISQUE [50], and NIQE
[51] and listed the scores in Table 4. For Twice Mixing [49], we used the pre-training model provided by
the author to predict the score. Higher scores on the first three metrics are indicative of superior quality
in the enhanced images. In the BRISQUE [50] and NIQE [51] algorithms, a lower score indicates
better image quality. It is noteworthy that MTNet only achieved a lower ranking in the UCIQE and
UIQM metrics. However, for the UCIQE metric, although the UCM [43] obtained the highest score,
it over-enhanced the red channel, resulting in a red cast. Regarding the UIQM, the checkerboard
artifacts introduced by UGAN-P [27] also adversely affected the visual quality of the images to some
extent. Therefore, it is hypothesized in this study that these two metrics may not fully represent human
visual perception, and the lower ranking of MTNet is considered acceptable. Furthermore, MTNet
ranked first in Twice Mixing, which also serves to illustrate its outstanding visual performance. The
enhanced images from MTNet achieved third and fifth place in BRISQUE and NIQE, respectively.
Although MWCNN [44], achieved the top rank in BRISQUIE, its visual effect is far from the reference
image. The Retinex-based [15], despite its good NIQE score, tends to render all images in a grayish
hue, lacking generalization ability. The proposed approach, while not ranking high, demonstrates
significant advantages in terms of visual effect.

Table 4: Quantitative results of different methods on T60

Methods UCIQE UuiQM Twice Mixing BRISQUE NIQE
UDCEP [20] 0.520 1.215 0.072 26.058 39.143
ULAP [42] 0.560 1.594 0.275 26.736 37.847
Retinex-based [15] 0.602 2.877 0.372 22.702 36.785
UCM [473] 0.608 2.367 0.334 20.961 41.672
MWCNN [44] 0.538 2.975 1.295 10.334 43.093
UGAN-P [27] 0.597 3.336 0.852 22.226 43.593
Shallow-UWnet [45] 0.518 2414 0.906 33.440 43.992
FUnIE-GAN [29] 0.580 3.263 1.476 15.357 39.899
UWCNN [2] 0.519 2.578 0.998 22.307 43.059
UIEC”2-Net [25] 0.589 2.910 1.575 17.024 41.486

(Continued)
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Table 4 (continued)
Methods UCIQE UlQM Twice Mixing BRISQUE NIQE

Ours 0.586 3.022 1.621 15.771 40.956

Note: The best results are highlighted in bold.

4.4 The Practical Application

To validate the positive impact of MTNet on vision-based tasks, we selected SIFT [52] to
test the effect of different underwater image enhancement methods on feature matching tasks. The
feature matching results of the enhanced underwater images are shown in Fig. 10. The numbers
in the top-left corner indicate the number of keypoints successfully matched under the same scene
and matching conditions. As shown in Fig. 10, the color distortion and blurring present in the
original underwater images severely limit the performance of underwater feature matching algorithms.
Moreover, compared to other methods, MTNet effectively increases the number of keypoints matched
in underwater feature matching.

Figure 10: The feature matching results of SIFT. From left to right are the matching results of (a)
original underwater images, the results of (b) UDCP [20], (¢) ULAP [42], (d) Retinex-based [15], (e)
UCM [43], (f) MWCNN [44], (g) UGAN-P [27], (h) Shallow-UWnet [45], (i) FUnIE-GAN [29], (j)
UWCNN [2], (k) UIEC"2-Net [25], and (1) MTNet

In addition, the practical application requirements of various comparison methods are doc-
umented in Table 5. Since traditional machine learning methods typically do not rely on GPU
acceleration, we only computed the running speed, computational load, and parameter volume of
the learning-based methods on the same GPU. Compared to other learning-based methods, MTNet
ranks 5th in terms of running speed and computational load, and 4th in terms of parameter volume.
This result indicates that although MTNet is not the most optimal in terms of speed, computational
load, and parameter volume, it is still sufficient to meet the requirements for real-time applications.
While its running speed is not the fastest, we believe that the slight trade-off in speed is reasonable
given the outstanding performance of MTNet in image enhancement. In future work, we will explore
optimization strategies, including model pruning, quantization, and knowledge distillation, to reduce
the parameter volume and computational demands while striving to maintain the enhancement of
visual quality.
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Table 5: The application requirements of different methods on the GPU

Methods MWCNN UGAN-P Shallow- FUnIE- UWCNN UIEC"2-  Ours

[44] [27] UWnet  GAN 2] Net
[45] [29] [25]
FPS(f/s)  44.036 155.736 123377 265.592  142.858  36.859 57.127
Params(M) 13.819 54.404 0.214 7.020 0.039 0.522 6.838
GFLOPs(G) 55.952 18.155 21.630 10.239 2.610 10.239 21.873

Note: The best results are highlighted in bold.

4.5 Limitations and Failure Cases

Although MTNet has made certain progress in addressing the color bias and low contrast issues
in most underwater images, it still struggles to restore the colors of underwater images with severe
greenish tones to match the reference image. As shown in Fig. 11, the underwater image exhibits
significant green color bias, and in this case, MTNet fails to remove the greenish hue from the image.
The likely cause of this unsatisfactory result is the limited number of extreme color bias samples in the
training dataset. To improve the model’s ability to handle such images, we plan to add more underwater
image samples with extreme color biases to the training set.

@ ® ©

Figure 11: The failure cases. From left to right are the matching results of (a) original image, (b) the
result of MTNet, and (¢) reference image

5 Ablation Study

This section presents ablation studies conducted to ascertain the contributions of various com-
ponents within the MTNet network architecture. To evaluate the role of the MCC module within the
DecolorNet framework, this study replaces the MCC module with a traditional 3 x 3 convolution,
denoted as “w/o MCC”. Furthermore, to verify the effects of the TRM and LAM in DelightNet, this
research examines the performance changes of the model after removing each module individually,
labeled as “w/o TRM” and “w/o LAM?”, respectively. The results of the ablation study, as shown in
Fig. 12, clearly demonstrate the impact of each component on the model’s performance.

The results of the ablation study, as depicted in Fig. 12, distinctly elucidate the impact of each
component on the model’s performance. Notably, the DecolorNet devoid of the MCC module fails
to accurately correct image color, exhibiting a significant color bias compared to the enhancement
outcomes of MTNet and the reference images.

As illustrated in Fig. 12¢, the TRM is capable of meticulously reconstructing the illumination
map. Due to the low contrast issue inherent in underwater images, the details within the decomposed
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illumination map are far less rich than those in the reference image’s illumination map, a fact that
this experiment effectively demonstrates the necessity of TRM in the task of detail reconstruction.
Moreover, the structure of LAM is relatively simple, and it cannot learn all the information on its
own. The data in Table 6 supports this assertion.

(a)

Figure 12: Enhancement results of ablation study. From left to right are (a) original underwater images
and the results of (b) w/o MCC, (c) w/o TRM, (d) w/o LAM, (¢) results of MTNet, and (f) reference
images

Table 6: Quantitative results of ablation study

Methods MSE SSIM PSNR (dB)
wlo MCC 498.871 0.892 24.718
w/o TRM 910.010 0.861 21.378
wl/o LAM 459.224 0.898 25.089
Ours 453.480 0.901 25.145

The role of LAM is to further adjust the illumination map to preserve image details and enhance
lighting effects. As shown in Fig. 12, the removal of LAM leads to localized overexposure in the
model’s enhancement results, which detracts from the visual quality of the images.

6 Conclusion

This paper presents a multi-task underwater image enhancement method based on Retinex,
referred to as MTNet. The network decomposes the underwater image enhancement task into multiple
sub-tasks and designs three dedicated sub-networks: DecomNet, DecolorNet and DelightNet, to
specifically address the tasks of color correction and contrast enhancement for underwater images.
To tackle the issue of color bias in underwater images, a multi-branch color correction strategy is
employed to accurately restore the image colors. To address the problem of low contrast, texture
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reconstruction is performed on the illumination map to enhance its texture information, followed
by a progressive pixel-level adjustment of the enhanced illumination map to improve the visual
quality of the enhanced image. Qualitative and quantitative evaluations on both synthetic and real-
world underwater datasets demonstrate that the proposed method outperforms several representative
underwater image processing techniques. Furthermore, various ablation studies clearly illustrate the
contributions of each component within MTNet.
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