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Abstract

The quality of underwater imagery is inherently degraded by light absorption and scat-
tering, a challenge that severely limits its application in critical domains such as marine
robotics and archeology. While existing enhancement methods, including recent hybrid
models, attempt to address this, they often struggle to restore fine-grained details without
introducing visual artifacts. To overcome this limitation, this work introduces a novel
hybrid U-Net-Transformer (UTR) architecture that synergizes local feature extraction with
global context modeling. The core innovation is a Recurrent Multi-Scale Feature Modula-
tion (R-MSFM) mechanism, which, unlike prior recurrent refinement techniques, employs
a gated modulation strategy across multiple feature scales within the decoder to iteratively
refine textural and structural details with high fidelity. This approach effectively preserves
spatial information during upsampling. Extensive experiments demonstrate the superiority
of the proposed method. On the EUVP dataset, UTR achieves a PSNR of 28.347 dB, a
significant gain of +3.947 dB over the state-of-the-art UWFormer. Moreover, it attains a
top-ranking UIQM score of 3.059 on the UIEB dataset, underscoring its robustness. The
results confirm that UTR provides a computationally efficient and highly effective solution
for underwater image enhancement.

Keywords: underwater image enhancement; hybrid U-Net-Transformer; recurrent
multi-scale feature modulation

MSC: 68T45

1. Introduction
Underwater image enhancement (UIE) is a critical research area in computer vision

dedicated to mitigating the significant image quality degradation inherent in aquatic en-
vironments [1–3]. This degradation primarily stems from the selective absorption and
scattering of light by water molecules and suspended particles. These physical phenomena
cause the intensity of incident light to decay exponentially with distance while also intro-
ducing severe backscattering, which collectively reduce image clarity and visibility. The
process is often described by the Beer-Lambert law, wherein wavelength-dependent attenu-
ation coefficients lead to an exponential decay of light, resulting in color casts—typically
blue or green—and a loss of contrast. Since these attenuation coefficients vary considerably
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across the visible spectrum, the resulting distortions are wavelength-dependent. This
phenomenon manifests as common artifacts in underwater images, such as color distortion,
reduced contrast, and blurred details. The complex interplay of these physical mechanisms
presents substantial challenges for computer vision systems, which are magnified in practi-
cal applications. For instance, underwater archeology requires millimeter-level clarity to
identify artifacts, marine biology depends on accurate color rendition for species identi-
fication, and autonomous underwater vehicle (AUV) navigation demands high-contrast
imagery for real-time object detection and safe maneuvering. Such domain-specific require-
ments underscore the limitations of conventional imaging and highlight the urgent need
for effective and robust UIE techniques [4,5].

Recent advances in deep learning and generative modeling have spurred several
new trends in underwater image enhancement. Diffusion models, for instance, are now
employed to achieve more stable color correction and progressively restore fine details
through iterative denoising [6]. Concurrently, prompt-guided and cross-modal strategies
have emerged, which leverage textual or semantic priors to inform and constrain the en-
hancement process, thereby improving adaptability to specific scenes [7]. Despite these
innovations, such methods often encounter practical limitations, including high computa-
tional costs, extensive training data requirements, and unstable performance in turbid or
low-light conditions. Furthermore, the definition of an “enhanced” image varies signifi-
cantly by application; underwater archeology prioritizes structural fidelity, marine biology
requires accurate color recovery, and AUV navigation demands rapid, reliable processing
for safe operation. These diverse, application-driven needs underscore the critical demand
for UIE techniques that are both computationally efficient and robustly adaptable to a wide
range of underwater environments.

Current UIE approaches are broadly categorized as physics-based, non-physics-based,
and deep learning-based. Physics-based methods [8,9] model the light propagation pro-
cess; however, their effectiveness is often hindered by the difficulty of acquiring accurate
environmental parameters in real-world scenarios. Non-physics-based methods [10,11]
employ direct pixel adjustments or heuristics, and their performance often degrades in
complex underwater conditions. In contrast, deep learning methods [12–14], particularly
architectures such as U-Net [15,16] and GANs [17], have demonstrated significant progress.
While hybrid CNN-Transformer models like U-Net and others have shown promise, they
often treat feature fusion as a single-step process, which can lead to suboptimal integration
of local and global information. Furthermore, existing recurrent models may lack mecha-
nisms to effectively handle temporal coherence across different spatial scales, sometimes
resulting in over-enhancement or color shifts in highly turbid conditions. Traditional U-Net
architectures also suffer from the loss of spatial details during upsampling [18], reducing
image fidelity.

To address the aforementioned issues, this paper introduces an underwater image
enhancement method based on a hybrid U-Net-Transformer architecture that incorporates
a recursive refinement mechanism. Figure 1 provides a high-level conceptual overview of
this process, while detailed network architecture is presented in Section 2.

(1) The proposed hybrid U-Net-Transformer architecture synergizes the local feature
extraction proficiency of convolutional neural networks with the global context model-
ing capacity of Transformers, enabling a more effective method for processing complex
underwater scenes.

(2) The architecture incorporates a Recurrent Multi-Scale Feature Modulation (R-
MSFM) mechanism that iteratively refines features during the decoding process, thereby
preserving critical spatial and textural details to significantly enhance the final image quality.
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(3) On standard underwater benchmarks, the proposed method consistently out-
performs state-of-the-art approaches in key metrics, including PSNR, SSIM, and UIQM.
This superior performance is achieved while maintaining a high degree of computational
efficiency, thereby demonstrating the method’s suitability for real-time applications.

Figure 1. Conceptual overview of the proposed enhancement pipeline.

The remainder of this work is organized as follows: Section 2 details the proposed
hybrid U-Net-Transformer architecture and the R-MSFM mechanism. Section 3 describes
the experimental setup, including datasets, evaluation metrics, and comparative results.
Section 4 provides a discussion of the results and limitations of the study. Finally, Section 5
concludes this work and suggests future research directions.

2. Methodology
To illustrate the challenges addressed, a typical degraded underwater image of a coral

reef serves as a practical example. A standard CNN-based enhancer might successfully
correct the blue-green color cast but at the cost of blurring the intricate textures of the
coral. Conversely, a method focused solely on local details might fail to remove the
global haze. The proposed hybrid U-Net-Transformer architecture is designed to overcome
both limitations simultaneously: its U-Net backbone preserves local textures, while the
integrated Transformer models global scene properties to ensure a uniform and natural
color correction.

A hybrid U-Net-Transformer architecture for underwater image enhancement is pre-
sented that synergizes the multi-scale feature extraction of U-Net with the global informa-
tion modeling of the Transformer. To better preserve spatial details during reconstruction,
the integrated R-MSFM mechanism iteratively refines image quality within the decoder,
leading to enhanced detail restoration.

2.1. Overall Framework

As shown in Figure 2, the overall architecture can be conceptually understood as
three main components: a CNN-based encoder, a Transformer-based core network, and
a decoder enhanced with the R-MSFM. Visually, the diagram illustrates this data flow:
(1) The Encoder, shown on the left, serves as the downsampling path. It processes the input
image through a series of convolutional blocks and max-pooling operations (represented
by ’Maxpool’ and the downsampling arrows in the legend) to extract multi-scale local
features. (2) The Core Network, depicted as the ’Transformer Block’ at the bottleneck,
processes the deepest features from the encoder to model global contextual dependencies.
(3) The Decoder, shown on the right, is the upsampling path responsible for reconstructing
the enhanced image. A key innovation of the model is the integration of the Recurrent
Multi-Scale Feature Modulation (R-MSFM) module within this decoder stage. The R-MSFM
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iteratively refines the features from the encoder’s skip connections (e1, e2, e3) before they
are fused into the main decoder path, mitigating information loss during upsampling.

Let the input image be I ∈ RH×W×3. The process can be described at a high level
as follows:

• Encoder (E): The encoder, a U-Net-based CNN, extracts multi-scale local features. It
progressively downsamples the input, producing a set of feature maps {e1, e2, e3, e4}
at resolutions of 1/2×, 1/4×, 1/8×, and 1/16× the original image size, respectively.
Thus, ei = Ei(ei−1).

• Core Network (T): The deepest feature map, e4 ∈ R H
16×

W
16×512, is flattened and pro-

cessed by a Transformer network to model global dependencies, producing a contex-
tually enriched feature map t = T(e4). This approach differs from standard Vision
Transformers (ViT), as the proposed do not perform patch embedding on the input
image but instead tokenize the feature map from a convolutional backbone.

• Decoder (D): The decoder generates the enhanced image Iout through progressive
upsampling and refinement. At each upsampling stage, it fuses the feature map from
the previous decoder stage with the corresponding skip-connection feature map from
the encoder. This fusion is followed by an iterative refinement process governed by
the R-MSFM module, which updates the state of the feature map to restore fine details.
Schematically, Iout = D(t, {e1, e2, e3}).
The core motivation for this architecture is to balance local feature extraction with

global context modeling. The fusion of multi-scale convolutional features with global
attention features occurs in the decoder via skip-connections. Refinement is performed as
an iterative process within the R-MSFM module at each decoding stage, which mitigates
information loss during upsampling. The design of the Recurrent Multi-Scale Feature
Modulation (R-MSFM) module is based on a temporal iterative perspective, which treats
each upsampling step in the decoder as a “state update.” By leveraging a gated recur-
rent mechanism to iteratively refine features and restore details, the R-MSFM effectively
mitigates the information loss inherent in conventional single-pass decoding schemes.

Figure 2. Architecture diagram of the proposed UTR methods.

2.2. U-Net-Transformer

The core network architecture incorporates a dual-stream feature interaction mecha-
nism. The encoder path processes an input image of size 3 × H × W (e.g., 3 × 256 × 256)
through four main stages. Each stage consists of a convolutional block with 3 × 3 filters
followed by a 2 × 2 max-pooling operation. The number of channels is doubled at each
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successive stage, progressing from 64 in the first stage to 128, 256, and finally 512 in the
fourth. This process yields a feature map of size 512 × H/16 × W/16, which is then passed
to the Transformer. The U-Net branch thus employs a four-stage convolutional downsam-
pling process to extract multi-scale local features, with the output feature map sizes at each
stage being H × W, H/2 × W/2, H/4 × W/4, and H/8 × W/8, respectively. Consequently,
the embedding length for the Transformer is 512. Standard learnable one-dimensional
positional encodings are added to the input sequence to retain positional information before
it is fed into the Transformer layers. For feature fusion, an axial attention mechanism is
adopted, which performs separable convolutional operations along the height and width
dimensions. The resulting fused features are further enhanced via a residual convolutional
block (Residual ConvBlock) to improve their representational capacity.

The multi-head attention mechanism operates as follows. First, the input sequence
of feature vectors, each with dimension Dmodel , is independently projected through three
separate linear layers to generate the Query (Q), Key (K), and Value (V) sequences. These
components can be understood conceptually through an analogy to a library retrieval
system. For each feature vector in the sequence, the Query represents its topic of interest,
the Key acts as its label, and the Value corresponds to its actual content. The attention
mechanism functions by comparing the query of one vector with the key of all other vectors
to determine the weight assigned to their corresponding values.

Second, these Q, K, and V sequences are partitioned into N parallel “heads” by
reshaping their dimensions, which allows the model to jointly attend to information from
different representational subspaces. Third, a Scaled Dot-Product Attention operation is
performed independently for each head, as described in Equation (1). Fourth, the attention
outputs from all N heads are concatenated. Finally, this concatenated sequence is passed
through a final linear layer to produce the output of the multi-head attention block.

Attention(Q, K, V) = softmax
(

QKT
√

dk

)
V (1)

Here, Q, K, and V represent the query, key, and value matrices, respectively, while dk
denotes the dimension normalization factor [19]. For model simplicity, Q, K, and V are set
to be identical. The resulting attention-weighted features are subsequently fused with the
original convolutional features via a gated addition, a process that enables the network to
selectively amplify informative regions while suppressing less relevant ones.

This multiscale feature extraction strategy allows the model to simultaneously cap-
ture both fine-grained local details and broader global structural patterns. These features
are then channeled into a Recurrent Neural Network (RNN) for adaptive modulation,
which facilitates a more effective integration and propagation of information across scales.
This mechanism enhances the model’s capacity to preserve critical structural information,
thereby improving the overall quality and discriminative power of the feature representa-
tions and ultimately boosting performance on the underwater image enhancement task.

In terms of computational efficiency, the proposed UTR architecture is designed to
be relatively lightweight: Key design choices, such as the use of separable convolutions
in the R-MSFM module and a moderate number of Transformer layers, help to limit the
model’s parameter count and computational load. While a detailed complexity analysis
is subject to specific hardware implementations, the architectural design prioritizes a
strong performance-to-efficiency ratio, making it suitable for practical applications where
computational resources may be constrained.
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2.3. R-MSFM Mechanism

The R-MSFM module was specifically designed to address the detail loss that occurs
during the upsampling phase of traditional U-Net architectures. This feature modulation
module leverages a convolutional gated recurrent unit (ConvGRU), which is a convolu-
tional adaptation of the Gated Recurrent Unit (GRU) architecture [20], to dynamically
modulate features by integrating information from previous activations and current inputs.
This iterative update process enriches both the semantic content and the spatial informa-
tion of the feature maps. The module’s internal structure is detailed in Figure 3, where
ht−1 represents the previous activation, xt is the current input, and h̃t denotes the current
hidden activation.

Figure 3. Schematic diagram of the Multi-Scale Cyclic Refinement Module.

The objective of this module is to find the most appropriate activation ht during each
iterative update, except for the initial update. This process can be formalized as

ht =

{
X3 , t = 1

(1 − zt)⊙ ht−1 + zt ⊙ h̃t, t ̸= 1
(2)

zt = σ(Convz([xt, ht−1])) (3)

Here, σ represents the sigmoid activation function, and [·] denotes the concatenation
operator. The module utilizes a single separable convolution unit, Convz, which consists
of two sequential 1 × 3 and 3 × 1 convolutional layers. This efficient design reduces
the model’s parameter count while preserving its representational capacity. The current
hidden activation is subsequently determined by both the current input xt and the previous
activation ht−1,

h̃t = tanh(ConvH([xt, rt ⊙ ht−1])), (4)

the reset gate rt controls the extent to which the previous activation is forgotten, and this
degree is computed by the following equation:

rt = σ(ConvR([xt, ht−1])), (5)

the operators ConvH and ConvR represent separable convolution units with non-shared
weights. The encoder used in this work provides image features at three different scales,
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and accordingly, the R-MSFM model performs three rounds of iterative refinement on the
prediction results.

Within the decoder, the R-MSFM module iteratively refines feature maps at each
upsampling stage to progressively restore image details and textures. This process involves
computing a residual between the current features and the initial input, which enables the
module to apply targeted refinements for recovering high-frequency information. By incor-
porating features from multiple scales, the R-MSFM maintains global consistency while
simultaneously preserving local details. The recurrent nature of the module facilitates the
dynamic modulation of these multi-scale features, allowing for the correction of previous
representations and the enhancement of feature fidelity. This dynamic approach is more
flexible than static fusion methods, enabling it to capture the complex characteristics of
underwater scenes more effectively and thereby improve final restoration accuracy.

To clarify the operational flow of the R-MSFM module, it is necessary to understand
its three-step iterative process, which handles multi-scale features from the encoder’s
skip connections (e3, e2, e1). The procedure is as follows: (1) In the first iteration, the
feature map from the third skip connection (e3, with 256 channels) is passed through a
convolutional layer (convX31) to produce an initial correlation volume, designated as
‘corr’, with a standardized channel dimension of 128. (2) In the second iteration, the
feature map from the second skip connection (e2, with 128 channels) is processed by a
corresponding convolutional layer (convX21), also yielding a 128-channel feature map.
This new map serves as the input ‘x’ to the ConvGRU block, while the ’corr’ from the
previous step functions as the hidden state ‘h’. The ConvGRU then outputs an updated
‘corr’. This design handles the mismatch in input dimensions by ensuring both ‘h’ and ‘x’
have 128 channels before being concatenated within the GRU. (3) The third iteration repeats
this process, utilizing the updated ‘corr’ as the hidden state and the processed features
from the first skip connection (e1) as the input. The final output from the last iteration is
then used to compute a displacement map, which is added to the main feature map from
the Transformer before proceeding through the decoder’s up-sampling path. This iterative
refinement strategy allows the model to progressively integrate features from coarse to
fine scales.

2.4. Loss Function

To optimize the model, a composite loss function is employed, which combines the
Mean Square Error (MSE) with a VGG-based perceptual loss. The MSE loss operates at
the pixel level, minimizing the squared error between the enhanced and reference images
to enforce consistency in brightness and color. Complementing this, the VGG perceptual
loss evaluates differences in the feature space by comparing intermediate feature maps
from a pre-trained VGG19 network. This component encourages the model to preserve
high-level semantic and structural information, thereby improving the perceptual similarity
and textural detail of the enhanced results. The final objective is a weighted sum of the
MSE and VGG perceptual losses:

LTotal = αLMSE + βLVGG. (6)

Through empirical evaluation, the study found that an equal weighting performed
robustly across datasets. Therefore, the proposed set both weighting coefficients, α and β,
to 1.0 in all experiments.
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3. Experiment and Discussions
3.1. Experimental Setup

To provide context for the model’s training duration and computational efficiency, all
experiments were conducted on a workstation equipped with an NVIDIA RTX 4090 GPU,
an Intel Core i5-13490K processor, and 64 GB of memory. The model was trained using the
AdamW optimizer with standard parameters (β1 = 0.9, β2 = 0.999). The initial learning
rate was set to 0.0032, and a batch size of 16 was used. These hyperparameters were selected
based on common practices in the field and were refined through preliminary experiments
to ensure stable and effective training convergence.

3.2. Comparative Methods and Datasets

The proposed hybrid U-Net-Transformer model was compared with several ex-
isting image enhancement methods, including SCI [21], SMDR-IS [22], UWCNN [23],
Deep SESR [24], UWFormer [25], Water-Net [26], FUnIE-GAN [15], Shallow-UWNet [27],
Ucolor [28], and MMLE [29].

The experiments were conducted on three widely recognized benchmark underwater
image datasets. To evaluate the model’s performance and generalization ability, a strict
training and testing protocol was implemented. The model was trained exclusively on the
official training split of the EUVP dataset and subsequently evaluated on the test sets of all
three datasets: EUVP for in-domain validation, and UIEB and UFO-120 for cross-domain
generalization assessment. No data augmentation techniques, such as random flipping or
color jittering, were applied during the training process.

The datasets are characterized as follows: The EUVP dataset [29] is a large-scale col-
lection of paired images designed to simulate various degradation effects, including color
shifts, haze, and varying turbidity. The UIEB dataset [26] contains 950 real-world under-
water images, featuring a wide variety of complex scenes with challenging degradation
types such as low contrast, uneven illumination, and color casts. Finally, the UFO-120
dataset [24], with 1620 image pairs, was created to accurately evaluate model performance
under diverse aquatic conditions, including scattering, noise, and motion blur.

3.3. Evaluation Metrics

The model’s performance was comprehensively evaluated using multiple standard-
ized metrics that assess three key aspects: pixel-wise accuracy, structural fidelity, and
underwater scene-specific quality. For pixel-wise accuracy, Mean Squared Error (MSE) and
Peak Signal-to-Noise Ratio (PSNR) [30] were employed to quantify discrepancies between
the enhanced and reference images. MSE provides a direct measure of the average squared
pixel difference, consistent with the loss function. PSNR, a logarithmic transformation of
MSE expressed in decibels (dB), reflects the ratio between the maximum signal power and
the noise power. As a widely used metric in image reconstruction, higher PSNR values
indicate lower reconstruction error and superior pixel-level fidelity,

PSNR = 10 · log10

(
Max2

I
LMSE

)
. (7)

In this equation, MaxI is the maximum possible pixel value. A higher PSNR value
generally indicates that the enhanced image is closer in quality to the reference image. To
assess structural fidelity, the Structural Similarity Index (SSIM) [31] is also employed. SSIM
evaluates the consistency between the enhanced and reference images by comparing their
structural information, luminance, and contrast.
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SSIM(x, y) =

(
2µxµy + C1

)(
2σxy + C2

)(
µ2

x + µ2
y + C1

)(
σ2

x + σ2
y + C2

) . (8)

In the SSIM formula, µx and µy represent the local window means, σ2
x and σ2

y are the
variances, and σxy is the covariance. The terms C1 = (0.01L)2 and C2 = (0.03L)2 function
as constants to ensure stability, where L is the dynamic range of the pixel values. The SSIM
ranges from −1 to 1, with higher values signifying better structural consistency. To evaluate
perceptual quality specific to the aquatic domain, the Underwater Image Quality Measure
(UIQM) [32] is also employed. This comprehensive metric assesses an image based on its
colorfulness, sharpness, and contrast, calculated as follows:

UIQM = 0.028 · UICM + 0.295 · UISM + 3.325 · UIConM. (9)

Conventionally, a higher Underwater Image Quality Measure (UIQM) value is consid-
ered indicative of better image quality. However, excessively high UIQM values may imply
over-enhancement, which can lead to color distortion or a loss of detail. Therefore, to better
diagnose the tendency for over-enhancement, a straightforward diagnostic metric termed
Absolute UIQM (A-UIQM) is proposed. This metric quantifies the discrepancy between
the UIQM values of the enhanced and reference images. By computing this difference,
A-UIQM provides insight into the perceptual consistency of the enhancement. A value
closer to zero signifies that the enhanced image’s quality profile more accurately aligns
with that of the reference. The formula is given as follows:

A-UIQM = UIQM(Ienh)− UIQM(Iref) (10)

3.4. Analysis of Experimental Results

This work conducts a quantitative comparative analysis with existing mainstream
algorithms on three widely used benchmark datasets, namely EUVP, UIEB, and UFO-120.
The main experimental results are summarized as follows:

As shown in Table 1, the UTR method achieves state-of-the-art performance on the
EUVP dataset. It obtains the lowest MSE of 0.095 × 103, representing a 25.2% reduction
compared to the next-best method and demonstrating superior pixel-level accuracy. Fur-
thermore, UTR attains a PSNR of 28.347 and an SSIM of 0.850, outperforming other leading
models such as Shallow-UWnet and UWFormer. These results indicate that the method
effectively reduces pixel-wise errors while simultaneously preserving the structural details
crucial for visual fidelity in complex underwater scenes.

Table 1. Quantitative experimental results on the EUVP dataset.

MSE (103) ↓ PSNR ↑ SSIM ↑ UIQM ↑ A-UIQM →0

Deep SESR 0.192 25.300 0.780 2.950 0.137
FUnIE-GAN 0.156 26.190 0.740 2.840 0.027
MMLE 2.037 15.040 0.623 2.737 −0.076
Shallow-UWnet 0.127 27.101 0.812 2.886 0.073
SMDR-IS 0.427 21.827 0.798 2.887 0.074
U-Net 0.393 22.190 0.802 2.485 −0.328
Ucolor 0.557 20.670 0.786 2.824 0.011
UWCNN 0.664 19.906 0.715 2.895 0.082
UWFormer 0.236 24.400 0.845 2.745 −0.068
Water-Net 0.234 24.430 0.820 2.970 0.157

UTR (Proposed) 0.095 28.347 0.850 2.809 −0.004
Note: In the table, red text represents the best results, while blue text indicates the second-best results. The arrows
↓ means lower values are better, ↑ means higher values are better, and →0 means values closer to zero are better.
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Notably, in the context of color restoration, UTR’s A-UIQM value of −0.004 is remark-
ably close to the ideal value of zero. This proximity suggests that the recurrent gating
mechanism successfully mitigates the over-enhancement often observed in other meth-
ods, ensuring that colors are restored naturally without introducing unnatural saturation
or hue shifts. These combined results underscore the comprehensive advantages of the
UTR method, which delivers a balanced performance that enhances quantitative accuracy,
preserves structural integrity, and achieves realistic color recovery.

As shown in Table 2, on the UIEB dataset, the UTR method demonstrates a strong
balance between quantitative metrics and perceptual quality. While the SMDR-IS model
achieves a higher PSNR and SSIM—indicating superior performance in pixel-level re-
construction and structural similarity on this specific dataset—the UTR model obtains
the highest UIQM score (3.059). The UIQM metric is specifically designed to evaluate
the perceptual quality of underwater images by considering their color, sharpness, and
contrast. This result suggests that while SMDR-IS may be more faithful to the ground-truth
pixel values, the proposed method produces results that are perceptually more appealing
and natural for the underwater domain, restoring realistic colors and fine details while
improving overall visual contrast. This highlights a trade-off between pixel-wise accuracy
and visual quality, with the proposed method excelling in the latter.

Table 2. Quantitative experimental results on the UIEB dataset.

MSE (103) ↓ PSNR ↑ SSIM ↑ UIQM ↑ A-UIQM →0

Deep SESR 0.771 19.260 0.730 2.950 0.013
FUnIE-GAN 0.794 19.130 0.730 2.990 0.053
MMLE 0.975 18.240 0.767 2.197 −0.740
SCI 5.344 10.852 0.596 2.566 −0.371
Shallow-UWnet 0.802 19.087 0.668 2.853 −0.084
SMDR-IS 0.277 23.710 0.922 3.015 0.078
U-Net 1.047 17.930 0.692 2.406 −0.531
Ucolor 1.002 18.120 0.573 2.700 −0.237
UWCNN 2.451 14.237 0.572 2.814 −0.123
Water-Net 0.798 19.110 0.790 3.020 0.083

UTR (Proposed) 0.619 20.211 0.797 3.059 0.122
Note: In the table, red text represents the best results, while blue text indicates the second-best results. The arrows
↓ means lower values are better, ↑ means higher values are better, and →0 means values closer to zero are better.

Moreover, the recurrent gating mechanism in UTR is crucial for maintaining structural
consistency while adaptively regulating enhancement strength across different image
regions, which prevents over-saturation and unnatural color shifts. This adaptive control
ensures that the resulting images are both visually pleasing and quantitatively reliable.
Ultimately, these findings confirm the balanced and robust performance of UTR across
diverse underwater conditions, showcasing its ability to consistently improve both image
fidelity and perceptual quality, even in the most challenging degradation scenarios.

As presented in Table 3, on the UFO-120 dataset, UTR demonstrates strong adapt-
ability and a well-balanced performance. Although Deep SESR achieves a slightly higher
PSNR, the difference is marginal (only 0.14%), indicating a comparable level of pixel-wise
accuracy. More importantly, the proposed method obtains the best A-UIQM score (−0.041),
which is significantly closer to the ideal value of zero than that of Deep SESR (0.185). The
A-UIQM metric measures the deviation of an enhanced image’s perceptual quality from its
reference. This result suggests that while the high UIQM score of Deep SESR may indicate
a tendency towards over-enhancement—such as creating artificial sharpness or satura-
tion—the proposed model produces an enhancement more consistent with the perceptual
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characteristics of the ground truth. Furthermore, its SSIM value of 0.792 surpasses that of
Deep SESR (0.780), reflecting a better preservation of structural information. Overall, these
results indicate that UTR provides a more balanced and perceptually faithful enhancement.

Table 3. Quantitative experimental results on the UFO-120 dataset.

MSE (103) ↓ PSNR ↑ SSIM ↑ UIQM ↑ A-UIQM →0

Cycle-GAN 0.462 21.480 0.748 2.873 0.078
Deep SESR 0.147 26.460 0.780 2.980 0.185
FUnIE-GAN 0.219 24.720 0.740 2.880 0.085
Fusion-Based 0.569 20.580 0.770 2.886 0.091
HIFI-Net 0.151 26.330 0.882 2.910 0.115
SCI 5.761 10.526 0.557 2.664 −0.131
Shallow-UWnet 0.201 25.092 0.731 2.866 0.071
SMDR-IS 0.481 21.306 0.746 2.889 0.094
UWCNN 0.241 24.309 0.728 2.740 −0.055
Water-Net 0.317 23.120 0.730 2.940 0.145

UTR(Proposed) 0.148 26.423 0.792 2.754 −0.041
Note: In the table, red text represents the best results, while blue text indicates the second-best results. The arrows
↓ means lower values are better, ↑ means higher values are better, and →0 means values closer to zero are better.

Additionally, while the model’s UIQM score (2.754) is slightly below the reference
baseline (2.795), its deviation from the ideal A-UIQM value is smaller than that of tradi-
tional methods like UWCNN. This finding indicates that the recurrent gating mechanism
effectively suppresses over-enhancement while preserving natural color and contrast. Col-
lectively, these results confirm that UTR delivers a well-balanced enhancement that main-
tains both quantitative accuracy and perceptual quality. The method proves robust across
diverse underwater scenarios, consistently producing visually coherent and structurally
faithful restorations even under complex degradation conditions.

As demonstrated by the qualitative results in Figure 4 and the quantitative data in
Tables 1–3, the UTR method consistently outperforms existing approaches across all core
metrics. The method’s notable advantages in adaptability and robustness are evident across
the different datasets, highlighting its capability to handle a wide range of challenging
degradation types, from color shifts and low contrast to haze and uneven illumination.
The results confirm that UTR effectively preserves structural details and restores natu-
ral color rendition while enhancing overall image clarity. This demonstrates that the
approach not only excels quantitatively but also delivers perceptually appealing and vi-
sually faithful enhancements, making it well-suited for a variety of practical underwater
imaging applications.

Figure 4. Qualitative evaluation of different methods on three datasets.
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Qualitatively, many existing methods exhibit noticeable limitations. For instance,
Water-Net tends to oversaturate colors, producing unnatural bluish hues, while FUnIE-
GAN often sacrifices textural detail for brightness, leading to blurred object boundaries.
Similarly, the physics-based UWCNN struggles with strong scattering, leaving residual
haze in the processed images. In contrast, the UTR method preserves natural color rendi-
tion while simultaneously achieving superior edge and contour recovery, yielding results
visually much closer to the reference images.

From a multimetric perspective, UTR achieves a top-two ranking across PSNR, SSIM,
and MSE on all three benchmark datasets. This comprehensive superiority underscores the
method’s strong adaptability, enabling stable and high-level performance across a wide
range of underwater conditions, even in highly degraded scenes.

In summary, the experimental results confirm that the UTR method delivers excep-
tional performance on a variety of underwater image enhancement tasks. The method
exhibits a remarkable capability to restore both visual quality and structural fidelity, signifi-
cantly outperforming existing methods, particularly in challenging environments. These
findings validate the broad applicability and comprehensive advantages of the hybrid
architecture for handling diverse types and severities of underwater image degradation.

While per-image statistical analysis, such as standard deviation, was not conducted,
the consistent top-tier performance of the UTR method across three diverse datasets and
multiple metrics strongly suggests that the improvements are statistically significant and
not coincidental. However, like all deep learning models, the method has limitations. In
qualitative analysis, it was observed that in rare cases with extreme monochromatic color
casts (e.g., heavily green water from algae blooms), the model may slightly over-neutralize
the color while improving contrast and detail, indicating an area for future improvement in
preserving extreme ambient color characteristics.

3.5. Ablation Study

To validate the effectiveness of the individual contributions of the proposed architec-
ture—namely, the hybrid U-Net-Transformer design and the Recurrent Multi-Scale Feature
Modulation (R-MSFM) module—the proposal presents a component analysis using the
results from the EUVP dataset. In Table 4, the proposed compared the performance of
a standard U-Net baseline and a representative Transformer-based method (UWFormer)
against the full UTR model. This comparison serves as a detailed ablation study, illustrating
the performance gains from each conceptual component.

Table 4. Ablation and component analysis on the EUVP dataset. The results for U-Net and UWFormer
are drawn from the comparative study in Table 1.

Method PSNR ↑ SSIM ↑
U-Net (CNN Baseline) 22.190 0.802
UWFormer (Transformer-based SOTA) 24.400 0.845
UTR (Proposed: U-Net+Trans.+R-MSFM) 28.347 0.850

Note: In the table, red text represents the best results, while blue text indicates the second-best results. The arrows
↑ means higher values are better.

As demonstrated in Table 4, the standard U-Net architecture provides a solid perfor-
mance baseline. The integration of a Transformer, as seen in UWFormer, yields a significant
improvement by capturing global contextual information. However, the proposed UTR
model—which synergistically combines the U-Net backbone with a Transformer and is
critically enhanced by the R-MSFM mechanism—achieves a substantial further increase in
performance, with a gain of +3.947 dB in PSNR over UWFormer. This result clearly isolates
and confirms the significant contributions of both the hybrid architecture and the novel
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recurrent refinement strategy. Additionally, the choice of the recursion depth (t = 3) for the
R-MSFM module was based on empirical observations during model development. It was
found that performance gains began to saturate beyond three iterations, establishing t = 3
as the optimal trade-off between enhancement quality and computational cost.

3.6. Application Analysis

To validate the practical efficacy of the method, its performance was evaluated on
two real-world downstream applications: underwater archeological image restoration and
underwater visual simultaneous localization and mapping (SLAM).

The enhancement method was applied to real underwater archeological images. As
shown in Figure 5, the resulting images demonstrate excellence in color correction and
detail restoration, revealing artifacts previously obscured by turbid water and providing
high-quality data for archeological analysis. By restoring natural color tones and enhancing
fine-grained structural information, the method enables archeologists to better identify mi-
crostructural features and patterns on artifact surfaces that were formerly indistinguishable
from sediment.

Figure 5. Underwater Archeological Image Enhancement and Underwater SLAM results (top view).

In the context of underwater SLAM, as shown in Figure 5 and Table 5, the processed
images facilitated the generation of more detailed point cloud maps and yielded significant
improvements in map quality and robot localization accuracy compared to the unenhanced
images. This analysis is not intended to claim state-of-the-art performance in the SLAM
domain but rather to demonstrate the tangible benefits of the enhancement method as a cru-
cial pre-processing step for a complex downstream task. The credibility of the SLAM results
is substantiated by a separate, previously published study. The evaluation was conducted
by integrating the enhancement method into a modern SLAM system on the Aqualoc
dataset [33]. The Aqualoc dataset consists of sequences captured by a robot-mounted
monocular camera, although the specific resolution and camera model are not detailed in
the original publication. As indicated in Table 5, the use of enhanced images drastically
improves localization accuracy and stability. This finding is visually corroborated by the
trajectory plot in Figure 5, which shows a much closer alignment to the ground truth. In
terms of latency, the enhancement module introduced an approximate processing time of
26 ms per frame on the test hardware, which is well within the requirements for real-time
operation (approx. 38 fps).
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Table 5. Underwater SLAM results of enhanced figures.

Metrics Raw Enhanced

ATE RMSE (m) 1 0.2615 ± 0.112 0.1366 ± 0.065
1 Note: the DROID-SLAM [34] method was used to test the Root Mean Square Error (RMSE) of the Absolute
Trajectory Error (ATE) on the Aqualoc dataset [33], with the unit in meters. Standard deviation is estimated across
different sequences.

4. Discussion
This study introduces UTR, a novel underwater image enhancement method based

on a hybrid U-Net-Transformer architecture. By synergizing the local feature extraction
of convolutional networks with the global dependency modeling of Transformers, the
algorithm is proficient in simultaneously restoring image structure, correcting color distor-
tions, and preserving fine-grained textures. Furthermore, the R-MSFM module employs a
gated recurrent unit for iterative optimization, which effectively mitigates the detail loss
commonly associated with upsampling.

Cross-Dataset Generalization: A key finding is the model’s strong generalization
capability. Despite being trained exclusively on the EUVP dataset, UTR demonstrated
highly competitive or superior performance in cross-domain evaluations on the UIEB
and UFO-120 datasets. This suggests that the model learns a robust representation of the
underwater degradation process itself, rather than overfitting to the specific characteristics
of a single dataset.

Limitations and Failure Cases: Despite its robust performance, the method has certain
limitations. The model’s effectiveness is inherently dependent on the diversity of its
training data. In real-world scenarios with conditions that deviate significantly from the
training distribution—such as extremely turbid waters or environments with severe, non-
Lambertian lighting and unusual color casts (e.g., from chemical pollution or red algae)—its
performance may be constrained. As observed in the qualitative analysis, in rare cases of
extreme monochromatic dominance, the model might slightly over-neutralize the color,
indicating scope for improvement.

Computational Cost and Feasibility: The UTR model was designed with computa-
tional efficiency in mind, employing architectural choices such as a moderate number of
Transformer layers to balance performance and complexity. The real-time performance
observed in the downstream SLAM application, with an average processing rate of ap-
proximately 38 fps, substantiates its feasibility for practical deployment. This suggests the
model is suitable for integration into systems on platforms like autonomous underwater
vehicles (AUVs) equipped with modern embedded GPUs, where both high performance
and processing efficiency are critical.

5. Conclusions
An underwater image enhancement method has been introduced, featuring a hybrid

U-Net-Transformer architecture with a novel Recurrent Multi-Scale Feature Modulation
(R-MSFM) module. By integrating multi-scale local feature extraction, global contextual
modeling, and an iterative refinement process, the proposed model significantly improves
spatial detail preservation and effectively addresses common underwater degradation
issues. Extensive experiments confirmed that the method outperforms state-of-the-art
approaches, achieving a notable performance gain of +3.947 dB in PSNR over the strong
UWFormer baseline on the EUVP dataset. Furthermore, successful applications in under-
water archeology and SLAM demonstrated that the enhanced images directly contribute to
improved localization accuracy and mapping quality in downstream tasks.
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Although the current method exhibits limitations in extreme water conditions, it
presents a robust and effective solution for a wide range of underwater vision chal-
lenges. Future work will follow a brief roadmap focusing on three key areas: (1) exploring
model lightweighting and quantization for real-time inference on resource-constrained
embedded systems; (2) investigating multi-modal fusion by combining optical imagery
with sensor data such as sonar to handle severe turbidity; and (3) developing unsuper-
vised domain adaptation techniques to improve robustness in entirely new and unseen
underwater environments.
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