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Abstract 

Images captured underwater frequently suffer from color casts, blurring, and distortion, which are 

mainly attributable to the unique optical characteristics of water. Although conventional UIE 

methods rooted in physics are available, their effectiveness is often constrained, particularly in 

challenging aquatic and illumination conditions. More recently, deep learning has become a leading 

paradigm for UIE, recognized for its superior performance and operational efficiency. This paper 

proposes UCA-Net, a lightweight CNN-Transformer hybrid network. It incorporates multiple 

attention mechanisms and utilizes composite attention to effectively enhance textures, reduce blur, 

and correct color. A novel adaptive sparse self-attention module is introduced to jointly restore global 

color consistency and fine local details. The model employs a U-shaped encoder-decoder architecture 

with three-stage up- and down-sampling, facilitating multi-scale feature extraction and global 

context fusion for high-quality enhancement. Experimental results on multiple public datasets 

demonstrate UCA-Net’s superior performance, achieved with fewer parameters and lower 

computational cost. Its effectiveness is further validated by improvements in various downstream 

image tasks. 

Keywords: composite attention; convolutional network; underwater image enhancement; 

transformer 

 

1. Introduction 

The marine environment holds abundant mineral and biological resources. In recent years, 

global demand for ocean exploration has grown rapidly. However, this progress is hindered by low-

quality underwater images. The significant differences in physical properties between water and air 

cause severe degradation in underwater images, such as color casts, reduced contrast, blur, and 

noise1. Increasing depth exacerbates light scattering and absorption, while insufficient ambient light 

leads to extreme darkness. These issues limit the usability of underwater imagery. Thus, enhancing 

underwater images is crucial for marine exploration, and benefits tasks such as underwater 

detection2, vehicle navigation3, and marine biology research4.  

Initial approaches to underwater image enhancement were based on physical models and 

statistical techniques. Optical models and attenuation estimation were used to restore images, with 

brightness and color correction reducing scattering effects. Some employed additive noise models or 

underwater transmission models for inverse restoration5. Histogram equalization adjusted 

luminance to enhance contrast while avoiding over-enhancement6. However, underwater 
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complexity limits the accuracy of such models, and prior assumptions often fail under varying 

conditions. Consequently, these methods remain prone to noise, artifacts, and residual distortions, 

especially in challenging environments. 

Lately, progress in UIE has been significantly propelled by deep learning. Data-driven models 

can learn feature representations automatically, improving image quality significantly. Common 

architectures include CNNs7, U-Net, and ResNet, while GANs8 show strong performance in 

generating visually realistic results. A significant innovation is the Vision Transformer (ViT)9, which 

substitutes convolution with self-attention and excels at modeling long-range dependencies. This 

enables ViT to handle global context and fine details, addressing issues like color distortion and 

contrast loss. However, ViTs lack CNNs’ local inductive bias, limiting their ability to capture fine 

local features, and their high computational cost increases inference time. 

Therefore, this paper introduces UCA-Net, a lightweight underwater image enhancement 

network based on a hybrid CNN-Transformer architecture. By jointly optimizing global color 

correction and local detail enhancement, UCA-Net achieves excellent visual quality with low 

parameter complexity. Specifically, we first design the Depthwise Separable Convolutional Residual 

Attention Composite Block (DCRAC), which integrates multiple attention types and residual 

connections to enhance textures and reduce blurring and noise in degraded regions. Next, we 

propose the Deformable Convolution-Transformer Block (DCTB), where the deformable convolution 

layer adapts to underwater geometric distortions. The Frequency-Domain Feature Fusion Module 

(FDFM) ensures the organic fusion of the two output features to achieve more optimal utilization of 

features. Meanwhile, a dual-path channel attention transformer learns global color distribution and 

illumination conditions, improving color shifts and low contrast. These modules are embedded in a 

U-shaped encoder-decoder framework: The encoder gradually extracts multi-scale features through 

DCRAC, DCTB fuses global context at the bottleneck layer, The decoder uses skip connections to 

reconstruct detailed enhanced images, completing the UIE task. The main contributions are 

summarized below: 

• We designed UCA-Net, an innovative underwater image enhancement U-shaped network 

based on the combination of CNN and Transformer. This network has a good enhancement 

effect, is very effective for the restoration of global and local colors and details, and has a 

lightweight architecture and a relatively low number of parameters.  

• We proposed the Transformer module DCTB (Deformable Convolution-Transformer Block), 

which consists of a prestructure composed of deformable convolution and a dual-path channel 

attention Transformer module containing adaptive learning parameters. At the same time, it 

takes into account the effect of enhancing local details and paying attention to overall 

information.  

• We design a feature fusion module in the frequency domain, which establishes a balance 

mechanism between frequency selective enhancement and information retention, which is 

particularly beneficial for scenarios such as underwater image enhancement. 

• We conducted a large number of comparative experiments on multiple datasets to prove that 

UCA-Net is superior to the existing advanced methods while maintaining a smaller number of 

parameters and model complexity. 

2. Related Works 

Recently, techniques for underwater image restoration and enhancement are primarily classified 

into two categories: traditional and deep learning-based approaches. Traditional methods can further 

be categorized into statistical-based and physical model-based approaches. 

Statistical methods enhance underwater images using heuristic pixel operations rather than 

modeling light propagation. For instance, Hitam et al.10 employed contrast-limited adaptive 

histogram equalization to improve contrast and suppress overexposure. Zhang et al.11 applied 

segmented color correction and dual-prior optimization to enhance detail and restore natural colors. 
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Ancuti et al.12 fused multiple exposures to optimize color and visibility. Zhang et al.13 combined 

multi-scale Retinex with a physical underwater model for comprehensive restoration. 

Physical model-based methods enhance underwater images by reversing light propagation, 

requiring accurate environmental parameters and priors like the dark channel14 and red channel15. 

Li et al.16 proposed a defogging framework combining a physical model with histogram priors to 

preserve detail and restore color. Peng et al.17 used a joint model to estimate transmittance, correct 

color, and iteratively restore radiance considering blur and absorption. Galdran et al.18 introduced 

adaptive red channel recovery based on light attenuation. However, these methods are sensitive to 

environmental changes and heavily rely on accurate priors, limiting their robustness in complex 

conditions. 

Deep learning has greatly advanced underwater image enhancement (UIE), mainly through 

CNNs and GANs. CNN-based methods are predominant. Li et al.19 proposed UWCNN, a 

lightweight CNN using underwater scene priors, and trained on synthetic data representing 10 water 

types to model wavelength-specific absorption for color and visibility correction. Naik et al.20 

introduced Shallow-UWNet, a compact network for effective enhancement. Yan et al.21 designed a 

dynamic, attention-guided multi-branch model to improve image quality. Qi et al. 22 proposed 

UICoE-Net, a collaborative framework using feature matching and joint learning to enhance contrast 

and color consistency. 

Generative Adversarial Networks (GANs) are neural networks that optimize image generation 

through an adversarial process between a generator and discriminator, and have been widely applied 

in image generation and style transfer. Yang et al.23 proposed a Conditional GAN (CGAN) using U-

Net as the generator and PatchGAN as the discriminator. By inputting degraded underwater images, 

their model progressively produces clearer, more realistic outputs through adversarial training. Islam 

et al.24 introduced a fast underwater image enhancement method incorporating depth-separable 

convolution and channel attention, significantly reducing parameters and computational complexity. 

Li et al.25 developed an unsupervised generative network, WaterGAN, which combines underwater 

optical scattering models and color transmission characteristics to generate high-quality enhanced 

images. Chen et al.26 presented PUIE-Net, a perception-driven enhancement network that balances 

visual quality and physical authenticity by embedding deep learning with physical priors. 

Architectures based on Transformers have recently demonstrated robust performance in 

computer vision tasks, owing to their capacity for global modeling. Swin Transformer27 reduces 

computation via local windows and shifted windowing, improving cross-region interaction. 

UIEFormer by Qu et al.28 uses a lightweight hierarchical Transformer with cross-stage fusion and 

adaptive color correction, enhancing contrast and fidelity. URSCT, proposed by Ren et al.29, 

combines dual convolutions with attention for better detail restoration. BCTA-Net by Liang et al.30 

introduces a two-level color correction scheme, merging global color stats with local pixel refinement 

to avoid over-correction and detail loss. 

3. Proposed Method 

In this section, we will introduce the relevant details and structure of UCA-Net in detail. As 

shown in the figure, UCA-Net adopts the classic UNet network architecture as the main structure, 

and the overall manifestation is an encoder-decoder network with skip connections. The initial input 

was an underwater distorted image 𝐿𝑎𝑙𝑙 = 𝛼1𝐿𝑙1 + 𝛼2𝐿𝑆𝑆𝐼𝑀 + 𝛼3𝐿𝑝𝑒𝑟𝑐 , after the image passes through 

a convolutional layer, the network will generate low-level features 𝐹0 ∈ 𝑅
𝐻×𝑊×𝐶 (C represents the 

number of channels), it is then fed into the subsequent encoder-decoder network for deeper-level 

processing and feature fusion. The initial information is first fed into the joint module Parallel 

Transformer-CNN Hybrid Module(PTCHM). In the subsequent ADSB module, the input features 

are re-weighted along the channel dimension using a multi-head self-attention mechanism to further 

capture global contextual representations 𝐹𝐺 ∈ 𝑅
𝐻×𝑊×𝐶 . Meanwhile, DCRAC extracts and processes 

the local feature 𝐹𝐿 ∈ 𝑅
𝐻×𝑊×𝐶   through the connection of multiple convolutional layers and 

identities as well as the construction of a composite attention module. During this process, each 
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encoder will connect its output to the corresponding peer decoder, achieving the fusion of some 

features between the encoder and the decoder. The overall network is divided into five layers, each 

of which is composed of a combined module of DCRAC and ADSB, as well as FDFM. Finally, after 

passing through another convolutional layer, we will obtain the output restored image 𝐼0 . Next, we 

will explain the design and mechanism of each module, illustrate its corresponding functions and 

contributions in the entire enhancement task. 

 

Figure 2. Architecture of UCA-Net. From (a) to (d) is overall structure, PTCHM, DSCRC and DCTB. 

3.1. PTCHM 

A central element of UCA-Net is the Parallel Transformer-CNN Hybrid Module (PTCHM). As 

depicted in Figure 1, this module contains a primary unit known as the Transformer-CNN Unit 

(TCU), which integrates CNN and Transformer branches in a parallel configuration. The PTCHM 

leverages the strengths of both CNNs and Transformers: the Transformer branch allocates weights 

to global features and captures long-range dependencies, while the CNN branch is effective in 

extracting local features and fine details. Combining these allows PTCHM to adjust global image 

properties (e.g., color, contrast, brightness) while preserving local textures and details, resulting in 

superior performance for underwater image enhancement tasks. The TCU is composed of three 

primary sub-networks: 1) the Depthwise Separable Convolutional Residual Attention Composite 

Block (DCRAC), which employs depthwise separable convolutions, residual connections, and a 

Composite Attention Module (CAM) to minimize computational load while maintaining feature 

richness; 2) the Deformable Convolution-Transformer Block (DCTB), featuring deformable 

convolution layers and an Adaptive Dual-path Self-Attention Block (ADSB); and 3) the FDFM, which 

decomposes spatial features into frequency components via the discrete cosine transform (DCT) to 

enable more sophisticated feature integration compared to conventional element-wise operations. 

This hybrid design allows the model to adapt to geometric variations while capturing long-range 

dependencies, enhancing its ability to process complex underwater scenes. 
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3.2.DCRAC 

The effective application of underwater images frequently necessitates the enhancement of fine 

details and texture features. However, due to various degradation factors, underwater images often 

suffer from detail loss and blurring. To improve the network’s capability for reconstructing and 

restoring local fine-grained features, we designed the DCRAC module. Specifically, DCRAC is 

composed of three residual convolutional modules constructed using depthwise separable 

convolutions, combined with a Compound Attention Module (CAM). In each depthwise separable 

convolution, we apply a channel reordering technique to address the information barrier issue caused 

by independent channel computations in depthwise separable convolutions. This enhancement 

improves the feature representation capability of the convolutional layers. The Compound Attention 

Module (CAM) we designed is composed of parallel spatial and channel attention branches, followed 

by a pixel-level attention mechanism. The entire CAM operates in a coarse-to-fine manner: first, the 

input features are processed through the channel and spatial attention modules, where the respective 

channel attention weights and spatial attention weights are computed sequentially. These weights 

are then used to recalibrate the features, allowing the network to adaptively emphasize the 

importance of different regions within the feature map. The two parallel attention modules 

independently process the input features, assigning unequal weights to different channels and pixels, 

thereby enhancing the overall feature representation for image enhancement. Following this, a pixel 

attention module is employed to fully integrate the outputs from the previous two attention branches. 

This enables pixel-wise weight allocation, which further refines the regional representations. 

Through this multi-level refinement process, the network progressively enhances and strengthens 

feature representations across different levels of abstraction, ultimately achieving more precise and 

discriminative feature expression. As shown in Figure 2, the CAM module further fine-tunes the 

processing of fine-grained details, thereby enhancing the block’s overall performance in local feature 

enhancement. When the input is given as 𝑋 ∈ 𝑅𝐻×𝑊×𝐶 , the feature map is first passed through both 

the spatial attention and channel attention branches, which generate their respective outputs. This 

dual-branch mechanism enables the module to decouple spatial contextual dependencies from 

channel-wise semantics, allowing for a more structured refinement of feature activations. By 

attending to where and what to focus on, the module achieves a synergistic enhancement of salient 

patterns in underwater imagery. 

𝑆𝐴 =  𝐶𝑜𝑛𝑣7×7(𝑐𝑜𝑛𝑐𝑎𝑡(Xavg, Xmax)) (1) 

𝐶𝐴 =  𝐶𝑜𝑛𝑣7×7(R𝑒𝐿𝑈( XG𝐴𝑃)) (2) 

 

Figure 2. Schematic diagram of the Composite Attention Module (CAM). 

The output SA(X) and CA(X), after feature stitching, will be input into the pixel attention module: 

𝑃𝐴1 = 𝑆𝐴(X) + 𝐶𝐴(X) (3) 
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X𝐶 = 𝑐𝑜𝑛𝑐𝑎𝑡(X + 𝑃𝐴1) (4) 

𝑃𝐴(𝑋) = 𝜎𝐶𝑜𝑛𝑣7×7(𝑋𝐶) (5) 

The output obtained is: 

𝐶𝐴𝑀(𝑋) = 𝑃𝐴(𝑆𝐴(X) + 𝐶𝐴(X)) (6) 

After the input feature map 𝑋 ∈ 𝑅𝐻×𝑊×𝐶  passes through the first 3×3 depthwise separable 

convolutional layer, it is followed by a Dropout layer, which randomly deactivates a portion of the 

feature units to suppress overfitting during training. Subsequently, a ReLU activation function is 

applied to introduce non-linearity into the network, enabling it to better model complex patterns 

within the data. The attention-weighted feature map obtained from the CAM is subsequently passed 

into a depthwise separable convolutional layer, where it undergoes further transformation. This is 

followed by a Dropout operation, The output is then passed through a ReLU activation function, 

introducing non-linearity and enabling the network to learn more expressive features. To facilitate 

more efficient training, the output feature is then fused with the original input via a residual 

connection, which helps preserve low-level information and accelerates model convergence.  The 

integration of Dropout and residual learning establishes a balanced mechanism between 

regularization and information preservation, which is particularly beneficial in scenarios like 

underwater image enhancement where features may be sparse or degraded. The final output is: 

X1 = 𝑅𝑒𝐿𝑈(𝑑𝑟𝑜𝑝𝑜𝑢𝑡(𝐶𝑜𝑛𝑣3×3(𝑋))) (7) 

𝑋2 = 𝐶𝐴𝑀(𝑋 + 𝑋1) (8) 

𝑋3 = 𝑅𝑒𝐿𝑈(𝑑𝑟𝑜𝑝𝑜𝑢𝑡(𝐶𝑜𝑛𝑣3×3(𝑋2))) (9) 

𝑂𝑢𝑡𝑝𝑢𝑡 = 𝑅𝑒𝐿𝑈(𝐶𝑜𝑛𝑣3×3(𝑋3)) (10) 

3.3.DCTB 

Deformable convolution 

In UIE tasks, previous methods typically used standard or depthwise separable convolutions to 

extract local features from images or sequences. These approaches generally perform well in normal 

conditions by capturing basic structures and patterns. However, they have limitations in more 

complex environments. Underwater images and biological structures often feature irregularities, 

blurriness, and distorted object boundaries, such as drift or fragmentation. In these cases, traditional 

convolutions, which rely on fixed receptive fields and static sampling patterns, struggle to capture 

non-rigid targets or locally distorted features. This results in reduced receptive fields, distorted 

context, and weaker semantic coherence. 

To address these issues, we introduce Deformable Convolution into the UIE framework to 

improve the network’s ability to model complex spatial structures. Unlike standard convolutions, 

deformable convolution uses learnable offset parameters, allowing the sampling locations to adapt 

based on the feature distribution. This flexibility overcomes the limitations of fixed grid sampling, 

improving the model’s ability to handle irregular boundaries, non-rigid shapes, and complex lighting 

conditions found in underwater environments. Deformable Convolution, first proposed by Kaiming 

He et al.31 in “Deformable Convolutional Networks”, was designed to overcome the limitations of 

conventional CNNs in handling geometric transformations and spatial deformations in visual data. 

We are the first to integrate deformable convolution into the UIE task, aiming to leverage its adaptive 

spatial sampling capability to handle the irregular and non-rigid structures typical of underwater 

imagery. 
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The core idea of deformable convolution is to add learnable offsets to the sampling positions of 

standard convolution, enabling the sampling points to dynamically adjust their positions according 

to the input content, thereby achieving an adaptive receptive field, as shown in Fig .3. Specifically, 

for a traditional convolution operation, its output at position 𝑝0 can be expressed as: 

𝑦(𝑝0) = ∑ 𝑤(𝑝𝑛) ∙ 𝑥(𝑝0 + 𝑝𝑛)
𝑝𝑛∈𝑅

 (11) 

Among them, R is the set of sampling points (such as the 9 positions of a 3×3 convolution), and 

w is the convolution weight. In deformable convolution, the sampling position becomes: 

𝑦(𝑝0) =∑ 𝑤(𝑝𝑛) ∙ 𝑥(𝑝0 + 𝑝𝑛 + ∆𝑝𝑛)
𝑝𝑛∈𝑅

 (12) 

The offset term ∆𝑝𝑛 for each sampling location in deformable convolution is learned from the 

input feature map using an additional convolutional layer. As illustrated in Figure 3, this mechanism 

allows the shape of the convolutional kernel to adapt dynamically—from a fixed rectangular grid to 

a flexible, data-driven configuration. This adaptability significantly enhances the model’s ability to 

handle the complex, cluttered, and occluded nature of underwater environments. Crucially, this 

deformation of the sampling grid introduces no extra kernel parameters. Instead, it enables the 

convolution to expand its effective receptive field without increasing computational complexity or 

model size. This makes the operation both computationally efficient and capable of capturing non-

rigid patterns and spatial variations, which are prevalent in underwater scenes. 

  

(a) (b) 

Figure 3. (a)Schematic diagram of the deformable convolution principle. (b) Structure diagram of deformable 

convolution. 

We design the C (DCTB) by combining deformable convolution and self-attention to capture 

both spatial adaptability and contextual dependencies. The module begins with a residual block 

based on deformable convolution. Unlike traditional convolutions, deformable convolution uses 

learnable offsets to dynamically shift sampling locations, allowing the receptive field to adapt to 

complex image geometries. This adaptability is particularly effective for capturing key features in 

irregular or deformable objects—common in underwater organisms and terrains with complex 

textures and edges. To address such challenges, deformable convolution enhances the model’s ability 

to extract robust features across diverse scales, orientations, and shapes. By enabling the kernel to 

change shape and position based on input features, it significantly improves flexibility in capturing 

salient cues from non-rigid regions. This capability is further strengthened by the Adaptive Dual-

path Self-Attention Block (ADSB), which models long-range dependencies and emphasizes globally 

relevant features. Together, deformable convolution and self-attention allow the network to more 

effectively recognize and represent complex structures in scenes with occlusion, irregularity, or poor 

visibility. 
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Underwater images often suffer from global color distortion, inconsistent tones, low contrast, 

and uneven illumination, all of which impair effective feature representation. To address these issues, 

we propose the Adaptive Dual-path Self-Attention Block (ADSB), designed to regulate global color 

and lighting, thereby enhancing the refinement of global features. Unlike standard Transformer-

based attention mechanisms, which compute dense interactions across all tokens and channels—

often introducing redundant computation and noise—the ADSB adopts a more efficient strategy. 

Specifically, it uses a dual-branch sparse-dense attention mechanism with adaptive scaling, 

selectively allocating computational resources based on the importance and spatial distribution of 

features. This design reduces computational load while preserving essential semantic and structural 

information, allowing the model to focus on visually relevant areas in underwater scenes. The ADSB 

includes a sparse attention branch guided by a sparsity operator 𝜌1  , which filters out low- or 

negatively correlated query-key-value features. This helps the model focus on high-response regions, 

enhancing texture and edge information. To ensure that important global cues are not missed, a dense 

attention branch, guided by a complementary operator  𝜌0 , is introduced to capture long-range 

dependencies and maintain contextual continuity. This branch helps correct global illumination 

imbalance and color bias. To integrate both branches, we employ an adaptive fusion strategy using 

learnable weights, allowing the model to dynamically balance the contributions from sparse and 

dense attention depending on the content and enhancement demands. This mechanism ensures task-

specific optimization for complex underwater image enhancement. 

In the ADSB module, the input feature tensor 𝑋 ∈ 𝑅𝐻×𝑊×𝐶  is first processed via layer 

normalization to obtain the normalized representation 𝑋0 . This normalized tensor then passes 

through a 1×1 point-wise convolution followed by a 3×3 depth-wise convolution and flattening 

operation, producing the query ( 𝑄 ∈ 𝑅𝐶×𝐻𝑊 ), key ( 𝐾 ∈ 𝑅𝐶×𝐻𝑊 ), and value ( 𝑉 ∈ 𝑅𝐶×𝐻𝑊 ) 

representations, where: 

𝑄,𝐾, 𝑉 = 𝐹𝑙𝑎𝑡𝑡𝑒𝑛(𝐷𝐶𝑜𝑛𝑣3×3(𝑃𝐶𝑜𝑛𝑣(𝑋0))) (13) 

Then our dense attention branch will obtain the global attention score through 𝜌0: 

𝜌0 = 𝑆𝑜𝑓𝑡𝑚𝑎𝑥 (14) 

𝐷𝑃𝐴 = 𝜌0(
𝑄𝐾𝑇

√𝑑
)𝑉 (15) 

Similarly, the sparse attention branch will also obtain the corresponding sparse attention score 

after and normalization operations: 

𝜌1 = {
𝑥2(𝑥 ≥ 0)

0  (𝑥 < 0)
 (16) 

𝑆𝑃𝐴 = 𝜌1(
𝑄𝐾𝑇

√𝑑
)𝑉 (17) 

Directly applying attention outputs from the two branches may lead to information loss and 

imbalanced weighting, which can impair the overall enhancement effect. To mitigate this, we 

introduce adaptive learnable parameters 𝑤0，𝑤1  to fuse the outputs of the sparse and dense 

branches. These parameters are normalized weights, enabling the model to dynamically balance the 

contributions of each branch based on feature relevance. This design ensures more stable and 

effective integration, maintaining the complementarity between localized saliency and global 

context. 

𝑂𝑢𝑡𝑝𝑢𝑡 = 𝑤0 ∙ 𝐷𝑃𝐴 + 𝑤1 ∙ 𝑆𝑃𝐴 (18) 

This design enables the model to more effectively suppress irrelevant regions and assign greater 

attention to high-frequency feature areas, thereby improving the focus on salient structures. By 

introducing adaptive attention fusion, the model can dynamically adjust its reliance on sparse and 

dense attention branches during training. Such flexibility allows the network to automatically learn 
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optimal attention patterns tailored to different tasks and datasets, ultimately achieving better 

generalization and performance across diverse conditions. This task-adaptive balance not only 

mitigates overfitting to redundant regions but also ensures robust feature enhancement in complex 

scenarios such as underwater imaging or low-visibility environments. 

 

Figure 4. Schematic diagram of the C (ADSB). 

3.4.FDFM 

To address the challenge of effectively integrating complementary features from different 

convolutional modules in underwater image enhancement networks, we propose a novel Frequency-

Domain Feature Fusion Module (FDFM). This module leverages discrete cosine transform (DCT) to 

decompose spatial features into frequency components, enabling more sophisticated feature 

integration compared to conventional element-wise addition or concatenation approaches. 

DCT 

The Discrete Cosine Transform (DCT) serves as the mathematical foundation of our frequency-

domain fusion approach. DCT is an orthogonal linear transformation that converts spatial-domain 

signals into frequency-domain representations, where the basis functions are cosine waves of varying 

frequencies. Mathematically, for a 2D signal f(x,y) of size M×N, the 2D DCT is defined as: 

F(𝑢, 𝑣) = α(𝑢)α(𝑣) ∑ ∑ 𝑓(𝑥, 𝑦)cos [
𝜋𝑢(2𝑥 + 1)

2𝑁1
]

𝑁2−1

𝑦=0

𝑁1−1

𝑥=0

cos [
𝜋𝑣(2𝑦 + 1)

2𝑁2
] (19) 

𝛼(𝑘) =

{
 
 

 
 
√
1

𝑁
            (for 𝑘 = 0)

√
1

𝑁
  (for 𝑘 = others)

 (20) 

The key advantage of DCT over other frequency transforms lies in its energy compaction 

property: for natural images, most of the signal energy is concentrated in the low-frequency 

coefficients located in the upper-left corner of the transformed matrix, while high-frequency 

components (typically representing noise and fine textures) are distributed in the lower-right region. 

This property makes DCT particularly suitable for image enhancement tasks, as it naturally separates 

structural information from noise and artifacts. 

In the context of our FDFM module, DCT plays a crucial role in enabling frequency-selective 

feature fusion. By transforming both DCTB and DCRAC features into the frequency domain, we can 

decompose each feature map into four distinct frequency bands—low-frequency (LL), mid-low-

frequency (LH), mid-high-frequency (HL), and high-frequency (HH) components—each capturing 

different aspects of image information. The low-frequency band primarily contains global structure, 

color, and illumination information, which is essential for maintaining the overall appearance and 

color fidelity in underwater image enhancement. The mid-frequency bands preserve edge details and 

texture patterns that define object boundaries and surface characteristics. The high-frequency band 
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encodes fine textures and noise, which in underwater images often includes scattering artifacts and 

sensor noise that need to be selectively suppressed or enhanced. 

The frequency-domain representation allows our module to apply different fusion strategies to 

different frequency components, enabling more sophisticated feature integration than spatial-

domain methods. Specifically, the adaptive attention mechanism can learn to emphasize low-

frequency components when color correction is needed, enhance mid-frequency components for 

detail preservation, and suppress high-frequency components when noise reduction is required. This 

frequency-selective processing is particularly advantageous for underwater image enhancement, 

where different image regions may exhibit varying degrees of color distortion, contrast degradation, 

and noise contamination, requiring adaptive enhancement strategies that cannot be effectively 

achieved through uniform spatial-domain operations. 

As in Figure 5, The FDFM architecture comprises four stages. First, both input feature maps from 

two modules 𝑋1 ∈ 𝑅
𝐻×𝑊×𝐶and 𝑋2 ∈ 𝑅

𝐻×𝑊×𝐶  undergo 2D DCT transformation and are decomposed 

into four frequency bands through spatial quadrant partitioning, with each band upsampled to 

original dimensions via bilinear interpolation. Second, corresponding frequency bands from both 

inputs are element-wise added and processed through dedicated 1×1 convolutional filters, serving as 

learnable frequency-domain filters that adaptively enhance or suppress specific components. 

𝑦1 = C𝑜𝑛𝑣1×1(𝐷𝐶𝑇(X1) + 𝐷𝐶𝑇(X2)) (21) 

 

Figure 5. Schematic diagram of the Frequency-Domain Feature Fusion Module (FDFM). 

And then, a frequency-domain attention mechanism generates adaptive weights: the 

concatenated original features pass through adaptive average pooling, followed by two 1×1 

convolutions with ReLU activation, and finally Softmax normalization to produce four attention 

weights corresponding to the frequency bands. 

𝑦2 = 𝑆𝑜𝑓𝑡𝑚𝑎𝑥(𝑅𝑒𝐿𝑈(C𝑜𝑛𝑣1×1(C𝑜𝑛𝑣1×1(𝐴𝑣𝑔(𝑦1))))) (22) 

Finally, the attention-weighted bands are concatenated and fused through a 1×1 convolution, 

batch normalization, and ReLU activation, then combined with the original features via a learnable 

residual connection. This residual connection preserves spatial-domain information, accelerates 

convergence, and enables adaptive balancing between frequency-domain and spatial-domain 

representations. 

𝑂𝑢𝑡𝑝𝑢𝑡 = 𝐼𝐷𝐶𝑇(𝑅𝑒𝐿𝑈 (B𝑁(C𝑜𝑛𝑣1×1(𝑦2))) +
𝐷𝐶𝑇(X1) + 𝐷𝐶𝑇(X2)

2
) (23) 

This frequency-domain approach is particularly advantageous for underwater image 

enhancement, as it naturally separates noise (typically concentrated in high frequencies) from useful 

image content (distributed across low and mid frequencies), enabling selective enhancement while 

maintaining computational efficiency through the use of fast Fourier transform implementations. 
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3.5.Loss Function 

Due to the inherent complexity of underwater image degradation, relying on a single loss 

function is often inadequate for achieving optimal enhancement. Therefore, we adopt a composite 

loss function that combines L1 loss, perceptual loss, and SSIM loss, each assigned with a specific 

weight. This multi-objective design enables the model to simultaneously optimize for pixel-level 

accuracy, perceptual consistency, and structural similarity, ensuring balanced enhancement of both 

low-level details and high-level visual fidelity. 

3.5.1. L1 Loss 

The L1 loss, computes the average pixel-wise absolute difference between the predicted image 

and the ground truth.  It emphasizes overall similarity in color and brightness between the enhanced 

and reference images, promoting global consistency.  The loss is formally defined as: 

𝐿𝑙1 =
1

𝑁
∑|𝑦𝑖 − 𝑦𝑖̂|

𝑁

𝑖=1

 (24) 

Among them, 𝑦𝑖  is the true value, 𝑦𝑖̂ is the predicted value, and N is the total number of pixels. 

3.5.2. SSIM Loss 

The Structural Similarity Index Measure (SSIM) loss compares the predicted and reference 

images in terms of luminance, contrast, and structural similarity within a sliding window.  By 

mimicking the sensitivity of the human visual system to structural distortions, SSIM encourages the 

enhanced image to better preserve perceptual quality and local consistency. The SSIM loss is defined 

as: 

𝐿𝑆𝑆𝐼𝑀 = 1 −
(2𝜇𝑦𝜇 + 𝐶1)(2𝜎𝑦𝑦̂ + 𝐶2)

(𝜇𝑦2 + 𝜇𝑦̂
2 + 𝐶1)(𝜎𝑦

2 + 𝜎𝑦̂
2 + 𝐶2)

 (25) 

𝜇 is the mean of the local window (for luminance comparison), 𝜎 is the standard deviation (for 

contrast comparison), 𝜎𝑦𝑦̂  is the covariance (for structural similarity comparison), and 𝐶1、𝐶2 are 

the stable constants. 

3.5.3. Perceptual Loss 

The perceptual loss[31] measures high-level similarity between the enhanced image and the 

ground truth by comparing their feature representations extracted from a pre-trained network—

specifically VGG-1950 in our case. Unlike pixel-based losses, it operates in the feature space, 

capturing semantic information such as texture and shape, and is more robust to spatial 

misalignments and color shifts source. Formally, the loss is defined as: 

𝐿𝑝𝑒𝑟𝑐 =
1

𝐶𝑗𝐻𝑗𝑊𝑗
∑∑∑ ∥ ∅𝑗(𝑦)𝑐,ℎ,𝑤 − ∅𝑗(𝑦̂)𝑐,ℎ,𝑤 ∥

𝑊𝑗

𝑤=1

𝐻𝑗

ℎ=1

𝐶𝑗

𝑐=1

 (26) 

Here, ∅𝑗 denotes the feature map extracted from the j-th layer of the pre-trained network. These 

feature maps encode hierarchical representations, ranging from low-level textures to high-level 

semantic structures, and serve as the basis for perceptual comparison in feature space. 

The total loss is formulated as a weighted sum of the aforementioned three components—L1 

loss, perceptual loss, and SSIM loss—with their respective weights denoted by 𝛼1, 𝛼2 and 𝛼3. These 

hyperparameters are empirically set to 0.2, 0.2, and 1.0, respectively, to balance the contributions of 

each term and ensure that all losses operate at a comparable scale. The total loss function is defined 

as: 

𝐿𝑎𝑙𝑙 = 𝛼1𝐿𝑙1 + 𝛼2𝐿𝑆𝑆𝐼𝑀 + 𝛼3𝐿𝑝𝑒𝑟𝑐  (27) 
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4. Experiments 

4.1. Dataset 

We evaluate UCA-Net using four public datasets: UIEB32 (800 pairs), EUVP33 (1,050 pairs), 

UFO34 (1,000 pairs), and LSUI35 (1,000 pairs). 

(1) UIEB contains 950 real-world underwater images, including 890 paired samples generated 

via 12 methods and 60 unpaired challenging cases. 

(2) EUVP offers large-scale paired and unpaired images from varied underwater scenes, 

supporting both supervised and unsupervised tasks. 

(3) LSUI includes 4,212 public underwater images. 

(4) UFO provides 1,200 paired samples and a 120-image unpaired subset (UFO-120) for 

benchmarking. 

Seven test sets are used: 

(1) EUVP-T100: 100 paired images for reference-based testing. 

(2) EUVP-R100: 100 unpaired images for no-reference testing. 

(3) UIEB-T90: 90 paired samples for quantitative evaluation. 

(4) UIEB-R60: 60 unpaired images for perceptual testing. 

(5) LSUI-T100: 100 paired images for supervised testing. 

(6) UFO-120: 120 unpaired samples from the UFO dataset. 

(7) U4536: 45 diverse unpaired images as a challenging no-reference set. 

This comprehensive protocol ensures robust evaluation of UCA-Net across various 

paired/unpaired conditions and underwater scenes. 

4.2. Experimental Environment 

All experiments were conducted on a workstation equipped with an RTX 4070 GPU, a 3.00 GHz 

AMD Ryzen 9 7845HX CPU, and 16 GB RAM. The software environment included CUDA 12.3, 

cuDNN 9.0, PyTorch 2.3.1, and Python 3.11. During training, we used 100 epochs with a batch size of 

1. The initial learning rate was set to 2×10^(-4), and all training images were randomly cropped to 

256×256 resolution before being fed into the network. 

4.3. Evaluation Metrics 

We evaluate visual quality using five metrics: PSNR37, SSIM38, UIQM39, UCIQE40, and CCF41. 

PSNR and SSIM are full-reference metrics applied to paired sets (EUVP-T100, UIEB-T90, UFO-120, 

LSUI-T100). UIQM and UCIQE are no-reference metrics assessing contrast, color, and sharpness. CCF 

is a recent no-reference metric measuring colorfulness and contrast. Together, these metrics 

comprehensively assess accuracy, structure, and aesthetics under varied underwater conditions.  

During testing, we use both full- and no-reference metrics. PSNR and SSIM evaluate pixel-level 

fidelity and structural similarity, applied to paired sets (EUVP-T100, UIEB-T90, UFO-120, LSUI-T100) 

as they require ground truth. UIQM and UCIQE, suitable for unpaired sets (U45, UIEB-R60, UFO-

120), assess color, sharpness, and contrast without reference. UIQM combines colorfulness, sharpness, 

and contrast via weighted scoring; higher scores reflect better visual quality. UCIQE linearly 

integrates chroma, saturation, and contrast, capturing typical underwater degradations. CCF, a 

recent metric, measures colorfulness and spatial contrast, aligning with perceived visual appeal. 

Together, these metrics offer a balanced evaluation across fidelity and perceptual aspects. 

4.4. Compared Methods 

To benchmark the performance of our network, we compare it against seven representative 

methods, including one traditional enhancement algorithm and six deep learning-based models. 

Traditional method: DCP (Dark Channel Prior)42. Deep learning-based methods: UWNet43, FUnIE-

GAN44, DeepWaveNet45, LitenhanceNet46, LANet47. and U-Shape Transformer48. For the 
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traditional method (DCP), we directly evaluated the authors’ official implementation on our test sets.  

For deep learning-based methods, we utilized the official source code and pretrained weights 

provided by the respective authors to ensure fair and reproducible comparisons. 

4.5. Qualitative Comparison 

We conduct a qualitative comparison of all selected methods across six representative test sets.  

These sets cover both paired and unpaired scenarios under diverse underwater conditions. 

Figure 6 shows results on EUVP-T100. Visually, DCP suffers from severe color cast and 

distortion. UWNet shows low contrast. FUnIE-GAN restores color and contrast but introduces noise 

and blur. DeepWaveNet and LitenhanceNet show under-enhancement. LA-Net preserves detail well 

but struggles with color accuracy in some areas. In contrast, UCA-Net and the U-shape Transformer 

achieve the best color fidelity and structural detail, performing robustly under challenging 

underwater conditions. 

Figure 7 shows qualitative results on EUVP-R50. DCP exhibits severe color cast with poor 

enhancement. UWNet and DeepWaveNet correct color moderately but cause blurring and texture 

loss. FUnIE-GAN introduces artifacts, degrading visual quality. LitenhanceNet under-enhances, with 

blur and detail loss. LA-Net tends to over-enhance colors, leading to unnatural results. U-shape 

Transformer performs well but struggles with green attenuation in some cases. In contrast, UCA-Net 

restores natural colors while preserving textures and details, yielding the best perceptual quality. 

 

Figure 6. Visual comparison results of different methods on the EUVP-T100 test set. (a)input images. (b)reference 

images. (c)-(i) Results obtained by DCP, UWNet, FUnIEGAN, DeepWaveNet, LitenhencedNet, LA-Net, U-shape 

Transformer (j)ours. 

 

Figure 7. Visual comparison results of different methods on the EUVP-R60 test set. (a)input images. (b)-(h) 

Results obtained by DCP, UWNet, FUnIEGAN, DeepWaveNet, LitenhencedNet, LA-Net, U-shape Transformer 

(i)ours. 

Figure 8 illustrates results on UIEB-T90. DCP performs poorly in both color and detail. UWNet 

and FUnIE-GAN show yellow over-enhancement due to blue-green suppression. LitenhanceNet and 

LA-Net under-enhance, but LA-Net better preserves contrast and white balance. U-shape 

Transformer fails to recover fine details in blurry scenes. UCA-Net and DeepWaveNet produce the 

best results, though DeepWaveNet still loses saturation and detail. 

         

       

         

       

         

       

(a) (d) (c) (d) (e) (f) (g) (h) (i)        
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Figure 8. Visual comparison results of different methods on the UIEB-T90 test set. (a)input images. (b)reference 

images. (c)-(i) Results obtained by DCP, UWNet, FUnIEGAN, DeepWaveNet, LitenhencedNet, LA-Net, U-shape 

Transformer (j)ours. 

Figure 9 shows results on UIEB-R60. DCP and UWNet fail in color correction, reducing 

brightness. FUnIE-GAN enhances better but over-amplifies red tones (e.g., first image). 

DeepWaveNet shows unnatural color balance in challenging scenes (e.g., third image). 

LitenhanceNet, LA-Net, and U-shape Transformer produce good results but suffer from reduced 

contrast and noise, causing blur. Overall, LitenhanceNet and UCA-Net perform best, offering 

balanced enhancement with natural colors and preserved details. 

Figure 10 shows results on UFO-T120. DCP introduces color cast and artifacts, degrading visual 

quality. DeepWaveNet, LitenhanceNet, and LA-Net fail to correct blue-green deviations (e.g., third 

image). UWNet enhances well overall but lacks accurate white balance and detail preservation. U-

shape Transformer restores color moderately but misses fine details. FUnIE-GAN and UCA-Net 

deliver the best results, achieving superior color fidelity and texture retention. 

 

Figure 9. Visual comparison results of different methods on the UIEB-R60 test set. (a)input images. (b)-(h) Results 

obtained by DCP, UWNet, FUnIEGAN, DeepWaveNet, LitenhencedNet, LA-Net, U-shape Transformer (i)ours. 

 

Figure 10. Visual comparison results of different methods on the UFO-T120 test set. (a)input images. (b)reference 

images. (c)-(i) Results obtained by DCP, UWNet, FUnIEGAN, DeepWaveNet, LitenhencedNet, LA-Net, U-shape 

Transformer (j)ours. 

Figure 11 shows results on LSUI-T100. DCP yields poor enhancement, with major color and 

clarity deviation. UWNet and FUnIE-GAN improve some aspects but cause yellow tint and color 

distortion. DeepWaveNet restores color better but blurs details. U-shape Transformer shows white 

balance errors, leading to inaccurate colors. In contrast, UCA-Net and other top methods balance 

          

          

          

(a) (b) (c) (d) (e) (f) (g) (h) (i) (j) 

 

         

         

         

(a) (b) (c) (d) (e) (f) (g) (h) (i) 
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color correction and detail preservation well, suppressing artifacts. UCA-Net achieves the most 

natural and visually pleasing results. 

 

Figure 11. Visual comparison results of different methods on the LSUI-T100 test set. (a)input images. (b)reference 

images. (c)-(i) Results obtained by DCP, UWNet, FUnIEGAN, DeepWaveNet, LitenhencedNet, LA-Net, U-shape 

Transformer (j)ours. 

Figure 12 shows results on U45. Input images suffer from severe color distortion and blur. DCP 

fails to correct these, leaving color cast and artifacts. UWNet improves color slightly but does not 

reduce blur. FUnIE-GAN and DeepWaveNet suppress green poorly and over-enhance red (e.g., third 

image). LitenhanceNet, LA-Net, and U-shape Transformer improve color but retain blur and 

introduce noise, causing detail loss. In contrast, UCA-Net achieves the best color and sharpness 

restoration, effectively handling underwater degradation and preserving fine details. 

 

Figure 12. Visual comparison results of different methods on the U45 test set. (a)input images. (b)-(h) Results 

obtained by DCP, UWNet, FUnIEGAN, DeepWaveNet, LitenhencedNet, LA-Net, U-shape Transformer (i)ours. 

4.6. Quantitative Comparison 

We conducted a quantitative comparison on four benchmark datasets: EUVP-T100, UIEB-T90, 

UFO-T100, and LSUI-T100. As shown in Table 1, we report the average PSNR and SSIM for each 

method. These datasets offer reliable ground-truth references for quantitative evaluation. Results 

show that traditional methods underperform due to limitations of handcrafted priors. Among deep 

learning methods, UCA-Net ranks first or second on all datasets, indicating balanced performance in 

fidelity and perceptual quality. These results align with the qualitative analysis in Figure 5, Figure 7, 

Figure 9, and Figure 10, confirming the strength of UCA-Net in color, texture, and detail 

enhancement. 

We conducted no-reference evaluations on EUVP-R50, UIEB-R60, and U45 using UIQM, UCIQE, 

and CCF (Table 2), which assess color, contrast, and sharpness. Among eight methods, UCA-Net 

maintained balanced performance. Though it showed visual superiority in qualitative comparisons, 

it did not consistently lead in all metrics due to the heuristic nature of these scores, which may 

misalign with human perception in complex scenes. On EUVP-R50, UCA-Net scored 2.98 (UIQM) 

and 0.606 (UCIQE), indicating good quality. It achieved top UIQM and UCIQE on UIEB-R60, 

confirming its effectiveness. Notably, UCA-Net’s UCIQE varied little across datasets, suggesting 

stable performance under diverse underwater conditions. 
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Table 1. Quantitative comparisons of all reference indicators were conducted on the four test sets of EUVP-T100, 

UIEB-T90, UFO-T100, and LSUI-T100. The red and blue numbers respectively represent the best and sub-best 

results. 

Dataset Metric DCP UWNet FUnIEGAN DeepWaveNet LitenhencedNet LA-Net U-shape Trans Ours 

EUVP-T100 
PSNR 13.85 25.82 25.96 25.42 20.69 21.09 24.01 27.41 

SSIM 0.48 0.74 0.78 0.81 0.74 0.75 0.75 0.86 

UIEB-T90 
PSNR 14.69 18.03 19.59 22.89 23.03 23.51 21.90 24.75 

SSIM 0.67 0.71 0.72 0.82 0.87 0.88 0.82 0.89 

UFO-T120 
PSNR 14.82 25.21 25.83 20.79 20.24 21.03 24.13 26.86 

SSIM 0.58 0.75 0.77 0.74 0.73 0.74 0.76 0.85 

LSUI-T100 
PSNR 15.60 24.76 25.89 26.75 21.69 21.18 25.28 27.26 

SSIM 0.64 0.82 0.84 0.88 0.83 0.83 0.84 0.87 

Table 2. All reference indicators were quantitatively compared on three sets of test devices, namely EUVP-R50, 

UIEB-R60 and U45. The red and blue numbers respectively represent the best and sub-best results, while the 

green one is the third result. 

Dataset Metric DCP UWNet FUnIEGAN DeepWaveNet LitenhencedNet LA-Net U-shape Trans Ours 

EUVP-R50 

UIQM 1.54 3.03 2.92 3.12 3.03 3.01 3.07 2.98 

UCIQE 0.571 0.585 0.594 0.592 0.619 0.620 0.591 0.606 

CCF 0.088 0.989 0.839 0.997 0.824 0.823 0.833 0.895 

UIEB-R60 

UIQM 1.40 2.63 3.02 2.78 2.98 2.98 3.04 3.12 

UCIQE 0.573 0.568 0.589 0.608 0.603 0.611 0.581 0.615 

CCF 0.206 1.087 1.081 0.856 0.859 0.867 0.891 0.929 

U45 

UIQM 1.56 2.79 3.05 2.89 3.31 3.28 3.25 3.19 

UCIQE 0.539 0.528 0.559 0.533 0.583 0.601 0.567 0.604 

CCF 0.066 1.015 0.892 0.951 0.823 0.864 0.852 0.880 

4.7. Detailed Functional Evaluation 

In this section, we validate the effectiveness of UCA-Net from two perspectives: color fidelity 

and detail preservation. 

As shown in Figure 13, we compare color histograms of reference and enhanced images from 

UIEB. UCA-Net shows the best color alignment, with distributions closely matching the ground 

truth, indicating effective natural color restoration under underwater distortions. 

 

Figure 13. Visual comparison of the color histograms of the enhanced images on different comparison methods. 

(a)Reference images. (b)-(h) Results obtained by DCP, UWNet, FUnIEGAN, DeepWaveNet, LitenhencedNet, 

LA-Net, U-shape Transformer (i)ours. 

In Figure 14, we evaluate texture restoration by zooming into regions of enhanced UIEB images. 

DCP degrades texture during color adjustment. UWNet produces over-smoothed results lacking 

depth. FUnIE-GAN fails to maintain structure in complex regions. U-shape Transformer misses fine 

textures, leading to blurry outputs. In contrast, UCA-Net preserves fine details and edges, achieving 

sharp, natural enhancements even in challenging conditions. 
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Figure 14. The detailed magnification and visual comparison of the enhanced image on different comparison 

methods. (a)-(g) Results obtained by DCP, UWNet, FUnIEGAN, DeepWaveNet, LitenhencedNet, LA-Net, U-

shape Transformer (h)ours. 

4.8. Ablation Research 

To further verify the effectiveness of the proposed modules in UCA-Net, we conducted a 

comprehensive ablation study. All experiments were performed on the UIEB dataset, with UIEB-T90 

used as the test set. The evaluation was based on two full-reference metrics: PSNR and SSIM. Table 3 

presents the results, comparing performance across multiple model variants, each with one specific 

component removed or altered. The results validate the importance and contribution of each module 

to the network’s overall performance in underwater image enhancement. The specific experiments 

are as follows: 

1) No.1: “w/o DCRAC” indicates that DCRAC has been removed. 

2) No.2: “w/o DCTB” indicates that DCTB has been removed. 

3) No.3: “w/o ADSB” indicates that ADSB has been removed. 

4) No.4: “w/o CAM” indicates that CAM has been removed. 

5) No.8: “w/o DC” indicates that the deformable convolution in DCTB has been replaced by a 

regular convolution. 

6) No.9: “w/o FDFM” indicates that FDFM has been replaced by simple per-pixel addition. 

7) No.9: Loss Function Experiment. 

Table 3. The quantitative results of the network structure ablation study based on the average PSNR and SSIM 

values of the UIEB dataset. 

Setting Detail 
UIEB-T90 

PSNR/SSIM 

Full model - 24.75 / 0.89 

No.1 w/o DCRAC 23.62 / 0.78 

No.2 w/o DCTB 23.57 / 0.82 

No.3 w/o ADSB 23.63 / 0.90 

No.4 w/o CAM 24.53 / 0.81 

No.5 w/o DC 24.60 / 0.85 

No.6 w/o FDFM 24.32 / 0.86 

As shown in Table 3, the full UCA-Net achieves PSNR 24.75 and SSIM 0.89 on UIEB-T90. 

Removing the DCRAC module drops PSNR by 1.13 and SSIM by 0.11, confirming its effectiveness in 

reducing noise and enhancing local details via residual convolution and composite attention. 

Removing ADSB lowers PSNR by 1.12 and SSIM by 0.05, highlighting its role in global color and 

illumination adjustment. Excluding CAM yields PSNR 24.53 and SSIM 0.81, showing its importance 

for texture and spatial consistency. Replacing deformable convolutions in DCTB causes performance 

degradation, proving their benefit for handling irregular underwater textures. Removing FDFM also 

weakens the results, validating its necessary role in feature fusion targeting global versus local 

features. These results validate the architectural design of UCA-Net, and each module is crucial to 

improve the quality. 

        

(a) (b) (c) (d) (e) (f) (g) (h)  
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In Table 4, ablation on the loss function shows perceptual loss has the greatest impact when 

removed. L1 and SSIM loss show minor effects, especially under equal weighting. Optimal results 

occur when α₁ = 0.2, α₂ = 0.2, and α₃ = 1, indicating perceptual loss should dominate. 

Table 4. The quantitative results of the loss function ablation study based on the average PSNR and SSIM values 

of the UIEB dataset. 

Loss 
UIEB-T90 

PSNR/SSIM 

L1 Loss 22.63 / 0.81 

SSIM Loss 22.82 / 0.80 

Perceptual Loss 23.15 / 0.83 

L1 + SSIM 23.48 / 0.86 

L1 + Perceptual 24.61 / 0.79 

SSIM + Perceptual 24.55 / 0.83 

L1 + SSIM + Perceptual 24.42 / 0.84 

0.5L1 + 0.3SSIM + Perceptual 24.51 / 0.87 

0.3L1 + 0.1SSIM + Perceptual 24.58 / 0.89 

0.2L1 + 0.2SSIM + Perceptual 24.75 / 0.89 

4.9. Downstream Visual Applications 

To verify the specific application effects of our method on image enhancement, we applied it to 

object detection and image segmentation tasks. 

In the object detection task, we trained YOLOv553 on the Aquarium dataset. As shown in Figure 

15, test images with detection metrics allow visual comparison across seven methods. DCP suffers 

from strong color bias, missing small targets. UWNet and FUnIEGAN over-enhance red, while 

LitenhenceNet and LA-Net introduce noise and degrade details, leading to missed detections. In 

contrast, our method detects small, blurred, and low-contrast targets more effectively. 

 

Figure 15. Detect underwater targets through different methods of YOLOv5. (a)-(g) Results obtained by DCP, 

UWNet, FUnIEGAN， LitenhencedNet, LA-Net, DeepWaveNet, U-shape Transformer (h)ours. 

For semantic segmentation, we trained U-Net51 on SUIM52. Figure 16 shows segmentation 

results with labeled objects. DCP produces greenish bias, hindering edge detection. UWNet and 

DeepWaveNet cause color turbidity, impairing accuracy. LA-Net and U-shape Transformer result in 

    

    
(a) (b) (c) (d) 

    

    
(e) (f) (g) (h) 
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occasional overexposure and missegmentation. Our method preserves color and edge features better, 

supporting more accurate segmentation. 

 

Figure 16. The segmentation tasks of the images enhanced by different methods were compared using 

Deeplabv3. (a)-(g) Results obtained by DCP, UWNet, FUnIEGAN， LitenhencedNet, LA-Net, DeepWaveNet, 

U-shape Transformer (h)ours. 

4.10. Complexity Comparison 

Model complexity is measured by parameter count (Params) and Multiply-Accumulate 

Operations (MACs)54. We compared these across methods (Table 5). Though our model has higher 

complexity than traditional CNNs, it outperforms other self-attention-based models in both metrics. 

This shows UCA-Net achieves a lightweight yet effective design, balancing performance and 

efficiency. 

Table 5. Comparison of the complexity of different methods. 

Method #Params(M) #MACS(G) 

UWNet 0.22 21.71 

FUnIEGAN 7.02 10.76 

LitenhencedNet 0.69 0.013 

LA-Net 5.15 356.03 

DeepWaveNet 0.27 18.18 

U-shape Transformer 31.59 310.21 

Ours 1.44 19.26 

5. Conclusion 

We propose UAC-Net, a CNN-Transformer hybrid integrating multiple attention mechanisms. 

It features an Adaptive Sparse Attention Module (ADSB) with deformable convolution-based 

residuals to enhance global features for underwater color and light correction. A Composite Attention 

Module combines three complementary attentions to refine fine details. The parallel dual-attention 

design jointly handles global and local restoration, addressing distortion and texture loss. The 

frequency domain feature fusion mechanism organically fused and outputted the output results of 

parallel attention in the frequency domain. Comparative and ablation studies confirm that UAC-Net 

consistently outperforms existing methods in both image quality and detail recovery. 

Despite strong results, UAC-Net’s lightweight structure can be further optimized. Future work 

will explore physics-based priors, hardware acceleration, and structural refinement to enhance 

efficiency and practicality. 
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The following abbreviations are used in this manuscript: 
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DCTB Deformable Convolution-Transformer Block  

FDFM Frequency-Domain Feature Fusion Module 

PTCHM Parallel Transformer-CNN Hybrid Module 

ADSB Adaptive Dual-path Self-Attention Block 
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