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Abstract—Underwater Image Enhancement (UIE) aims to
restore the visual quality of degraded underwater images and is
essential for various underwater applications. While most deep
learning approaches focus solely on spatial domain restoration,
overlooking the valuable information in the frequency domain.
To address this limitation, we propose SFPNet-UIE, a Spatial-
Frequency Perception Network for Underwater Image Enhance-
ment. SFPNet-UIE incorporates multiple Dynamic Fusion Blocks
(DFBs), each containing a Spatial-Frequency Perception Module
(SFPM) and Multi-Scale Receptive Field Module (MSRFM). The
SFPM employs a dual-path structure, where the spatial branch
captures local details and the frequency branch models global
features. The MSRFM applies multi-kernel receptive field aggre-
gation to fuse information from both domains while preserving
fine details. Experiments on four real-world underwater datasets
demonstrate that SFPNet-UIE delivers state-of-the-art (SOTA)
or competitive performance across multiple benchmarks. Code
is available at https://github.com/xnogjlnla/SFPNet-UIE.

Index Terms—Spatial-Frequency Feature Fusion, Underwater
Image Enhancement, Fourier Transform

I. INTRODUCTION

Underwater Image Enhancement (UIE) [1] plays a vital role
in marine engineering and scientific exploration. It provides
indispensable data support for seafloor topography mapping
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Fig. 1. Reconstructions using real amplitude with a constant phase and
real phase with a constant amplitude confirm that, in the frequency domain,
amplitude encodes global color and illumination information, whereas the
phase component captures global structural details.

[2], marine biology research [3], and remote sensing ap-
plications [4]. As underwater images frequently suffer from
complex degradation [5] caused by light scattering, absorption,
and suspended particles, which pose significant challenges for
downstream tasks.

Traditional UIE methods based on the physical character-
istics of underwater imaging can be broadly divided into two
categories: visual prior-based [6], [7] and physical model-
based [8]-[10] approaches. However, visual prior-based meth-
ods focus on pixel-level adjustments like contrast and satu-
ration, overlook underlying optical degradation mechanisms.
Physics model-based methods invert degradation processes by
estimating parameters such as transmission maps, but these
models often fail under diverse underwater conditions. These
methods exhibit limited expressive power and cannot fully
capture the complex physical and optical factors of underwater
scenes, often leading to suboptimal results.



In recent years, deep learning-based UIE methods have been
introduced [11]-[14]. Some studies integrate deep learning
techniques with physical models, leveraging the efficient fea-
ture extraction capabilities of convolutional neural networks
(CNNis) to estimate parameters within imaging models. Other
approaches rely on generative architectures such as generative
adversarial networks (GANs) and diffusion models, or the
global modeling capabilities of transformers, to directly learn
enhancement mappings from data. With the application of
large-scale datasets and the introduction of novel network
architectures, these methods have demonstrated significantly
superior performance and robustness compared to previous
techniques. However, most of these methods operate solely
in the spatial domain, with limited exploration of frequency
domain representations and cross-domain with task-oriented
feature fusion interaction, despite the promising progress of
frequency-based approaches.

Driven by above challenges, we explore image decoupling
and representation learning from the frequency domain per-
spective. As shown in Fig. 1, an image is transformed using the
Fast Fourier Transform (FFT) to obtain amplitude and phase
components. Reconstructing with the real amplitude and a con-
stant phase through the Inverse Fast Fourier Transform (IFFT)
preserves global color and illumination, while reconstructing
with the real phase and a constant amplitude retains global
structural details. This confirms that amplitude encodes color
and illumination, while phase encodes global spatial structure.
These findings highlight that FFT provides inherent global
modeling capabilities, suggesting that frequency domain prior
offer an efficient way to address underwater degradation.

Inspired by these insights, we propose SFPNet-UIE, a
spatial-frequency perception network for underwater image
enhancement that integrates both spatial domain cues and
frequency domain prior to better handle underwater image
degradation. SFPNet-UIE incorporates novel Dynamic Fu-
sion Blocks (DFBs) to jointly capture and fuse spatial and
frequency features. Each DFB contains a Spatial-Frequency
Perception Module (SFPM), where the spatial branch captures
local details and the frequency branch models global structure,
illumination, and color, as well as a Multi-Scale Receptive
Field Module (MSRFM) that uses multi-kernel receptive fields
to preserve fine textures. Our main contributions are:

o We propose SFPNet-UIE, a deep framework that em-
ploys Dynamic Fusion Blocks (DFBs) to fuse spatial and
frequency features and perform multi-scale aggregation,
effectively preserving fine details for underwater image
enhancement.

« We design a novel Spatial-Frequency Perception Module
with a dual-path architecture. The spatial branch captures
fine local details and textures, while the frequency branch
models global structures, illumination, and color informa-
tion, enabling a more comprehensive feature representa-
tion for underwater image enhancement.

o Extensive experiments show that SFPNet-UIE achieves
state-of-the-art performance on multiple real-world un-
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Fig. 2. Quantitative comparisons with other models. (a) Average PSNR and
SSIM values between our method and others across four datasets. Regions
closer to the top-left corner indicate superior performance. (b) Average scores
for three perceptual metrics.

derwater image datasets, with fair comparisons against
other leading methods shown in Fig. 2.

II. RELATED WORK

A. Underwater Image Enhancement

Traditional Methods. Traditional UIE methods are pri-
marily categorized into visual prior-based and methods phys-
ical model-based methods. Visual prior-based methods aim
to restore degraded underwater images by modifying pixel
values such as contrast [15] and retinex-based [16]. Hitam
et al. [15] aimed to enhance contrast and suppress noise
interference in underwater images by synergistically apply-
ing contrast adjustment and adaptive histogram equalization
in both RGB and HSV color spaces. Physic model-based
methods treat enhancement as an imaging inverse problem,
establishing a degraded model and utilizing constraints such
as the underwater dark channel prior [17], fuzzy prior [18],
and minimum information prior [19]. However, the complex
and dynamic nature of underwater environments imposes
significant limitations on these methods, including insufficient
precision regarding assumptions about underwater imaging
conditions, difficulties in estimating key physical parameters,
and limited generalization capabilities in scenarios requiring
specific prior knowledge.

Deep learning-based UIE methods. In recent years, schol-
ars have proposed deep learning-based underwater image
enhancement methods, such as Qi et al. [8] signed a hybrid
convolutional-axial attention module based on Retinex to fuse
the strengths of CNNs and Transformers, enabling collabo-
rative modeling of local features and global context in color
correction and visibility enhancement. PUIE-Net [11] employs
a generative model framework based on conditional variational
autoencoders, addressing the inherent blurriness of reference
images in UIE through probabilistic distribution modeling and
a sampling consensus mechanism. However, most of these
methods operate solely in the spatial domain, with limited
exploration of frequency domain representations, despite the
promising progress of frequency-based approaches.
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Fig. 3. The proposed SFPNet-UIE follows an encoder-decoder architecture composed of six Dynamic Fusion Blocks (DFBs) that extract and fuse spatial
and frequency features. Each DFB includes a Spatial-Frequency Perception Module (SFPM), which integrates local spatial details with global frequency
information, and a Multi-Scale Receptive Field Module (MSRFM), which captures multi-scale features using multi-kernel receptive fields to enhance texture

restoration and correct color distortions..

B. Frequency Domain Features

Frequency domain learning has been applied in computer
vision [20], [21] and UIE domains [14] to more effectively
process specific features such as global illumination and
local details by aggregating frequency domain features. For
instance, Chi et al. [20] proposed directly extracting fre-
quency domain features using fast Fourier convolutions, while
Zhao et al. [14] proposed a spatial-frequency fusion network
with gradient-aware corrector to enhance image details and
structure. Yet, the cross-domain interaction merely combine
spatial and frequency features without task-oriented feature
fusion. Unlike existing frequency-domain restoration meth-
ods, our model directly extracts frequency features through
learnable parameters using dynamic frequency convolution. By
incorporating multi-scale representation learning to aggregate
spatial and frequency domains, it enhances structural details
and overall visual fidelity, effectively addressing the limita-
tions of existing approaches in handling diverse underwater
degradation scenarios.

III. PROPOSED METHOD
A. Overall Architecture of SFPNet-UIE

As illustrated in Fig. 3, the proposed SFPNet-UIE adopts
an encoder—decoder architecture and introduces six Dynamic
Fusion Blocks (DFB) to jointly capture both spatial and
frequency features. Each DFB integrates two key modules:
the Spatial-Frequency Perception Module (SFPM) and the
Multi-Scale Receptive Field Module (MSRFM). SFPM adopts
a spatial-frequency hybrid local-global modeling architecture

that effectively leverages spatial and frequency domain infor-
mation to enhance feature representations. MSRFM employs
three parallel convolutional branches with different kernel
sizes to capture features across multiple scales, enabling
the network to preserve fine detail, reconstruct textures, and
correct large-scale color distortions.

B. Spatial-Frequency Perception Module (SFPM)

The Spatial-Frequency Perception Module (SFPM) is the
core of each DFB, designed to integrate local spatial informa-
tion with global frequency domain representations. As shown
in Fig. 3 (a), SFPM adopts a dual-branch architecture: the
spatial branch focuses on local regional features, while the
frequency branch captures global structure, illumination, and
color cues.

The spatial branch extracts local features through two par-
allel paths: an identity path that preserves feature integrity
and ensures stable gradient flow, and a pixel-partition path is
constructed using depthwise convolution with a dilation factor
of 2. By expanding the receptive field, contextual information
is captured, and feature importance across spatial dimensions
is learned. The contextually enriched features generated by
this path provide structural prior knowledge for subsequent
attention mechanisms, enabling the network to effectively
distinguish salient features from redundant information. A
lightweight spatial attention mechanism then highlights impor-
tant regions and reduces background noise, improving feature
representation with minimal computational cost.

The frequency branch focuses on modeling global infor-
mation in the frequency domain. To capture both the ampli-



tude (global color/illumination information) and phase (global
structural information) under various degradation, the input
feature map X is first transformed into the frequency domain
via Fast Fourier Transform (FFT) [22], denoted as F'(X):
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where (h,w) are spatial coordinates and (u,v) are frequency

coordinates. The frequency domain representation consists of
both real and imaginary components and can be written as:

F(X)(u,v)

F(X)(ua U) = RX(u,v) + IX(u,v) 'i; (2)

where Rx(y,) and Ix(y,,) represent the real and imaginary
parts of the FFT, respectively. From these, the amplitude

component A(X (u,v)) and phase component P(X (u,v)) are
computed as:
A(X(U, U)) = \/Rg((u,v) + Ig{(u,v)a (3)
I u,v
P(X(u,v)) = arctan X(uv) 4)
RX(u,v)

The amplitude and phase components are then aggregated
to preserve the full frequency domain information. Subse-

quently, a series of convolutions convi, convs, ..., CONv,
are applied to the aggregated feature F;“) in the frequency
domain, yielding the feature Fu;Y (i = 1,2,...,n). This

operation explicitly decomposes F“U into multiple parallel
representations, each corresponding to a distinct frequency
response pattern. Simultaneously, applying convolutions and
softmax operations to Ff’v generates dynamic weights
w wy L wsY (30w = 1). Dynamic feature fu-
sion is achieved by combining the multiple feature representa-
tions generated through convolution with the learned attention
weights, yielding the fused output feature F,. ;. This enables
recalibration of different frequency components, allowing the
network to autonomously emphasize information-rich spectral
regions in underwater images while suppressing redundant
frequency areas. This process can be represented as:

F:u;) - Zwu UFcuo:ljv (5)

Finally, a channel attention operation aggregates the spatial
and frequency branch outputs, achieving efficient fusion of
multi-scale information.

C. Multi-Scale Receptive Field Module (MSRFM)

Inspired by [23], we employ the Multi-Scale Receptive
Field Module (MSRFM) as another core component of the
DFB, is designed to capture features at different spatial scales
through parallel convolutional branches with varying kernel
sizes (e.g., 3x3, 5x5, and 7x7), as shown in Fig. 3 (b).
Specifically, the 3x3 kernel emphasizes fine-grained local
textures and edge details, the 5x5 kernel captures mid-level
structural information, and the 7x7 kernel models broader

contextual features such as illumination variations and large-
scale degradation patterns. Finally, all three-scale features from
three branches are concatenated, and the GeLU activation
function introduces nonlinearity to yield the output feature.

MSRFM extracts multi-scale features that capture both local
details and global structures, which is essential for restoring
fine textures and correcting large-scale color distortions. By
learning from multiple receptive fields, it also generalizes
well across different underwater environments, including shal-
low/deep waters and clear/turbid conditions.

D. Multi-scale Loss Function

To effectively guide the training process, a multi-scale loss
function was designed for our model. I, I, and G, represent
the original input, ground truth image, and enhanced image
from the generator output, respectively.

Firstly, we employed a content-pixel-aware loss function
Leontent, Which combines L2 loss, SSIM loss, and VGG
loss [24] to enhance image generation quality through multi-
dimensional complementary supervision. The L2 ensures
pixel-level accuracy, SSIM improves structural similarity, and
VGG ensures perceptual quality.

Secondly, we designed a multi-color space loss function
L oior that combines the LAB and LCH color spaces. This
not only leverages the wider color gamut representation range
of LAB and LCH, but also more accurately describes color
saturation and brightness. It is expressed as follows:

Liag = Eq,.1, [(LI” - LG’)Q
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Among these, L(’), A(’), and B(®) are used to convert
the enhanced image GG, generated by the generator from an
RGB space image to an LAB space image, resulting in the
converted LAB space image. Similarly, L®, C®) and H®
are used to convert G, to an LCH space image. Q represents
the quantization operator, which is used to quantize a specific
channel in different color spaces to calculate the cross-entropy
loss between the enhanced image and the ground truth image
on that channel. A4 and A5 represent the weights of the two
components, set to 0.001 and 1, respectively.

The final loss function is expressed as:

Ltotal = Lcontent + Lcolor~ (9)



TABLE I
QUANTITATIVE AND EFFICIENCY COMPARISON OF PSNR/SSIM/LPIPS SCORES ON LSUI400 AND UIEB 100 DATASETS. THE BEST RESULTS ARE

HIGHLIGHTED IN BOLD.

Datasets ‘ Metrics ‘ MLLE CBLA UWCNN Water-Net U-Shape PUIE-Net UDnet SFGNet Ours
PSNRT 17.7340 13.8821 18.9816 20.2512 23.1687 21.2365 19.8700 22.7148 24.0814
LSUI400 SSIMT 0.7684 0.6215 0.7255 0.8127 0.8594 0.8778 0.8739 0.8775 0.8814
LPIPS| 0.2652 0.3580 0.3056 0.2123 0.1665 0.2028 0.2410 0.1789 0.1424
PSNRT 19.5692 15.5308 15.1376 20.5016 23.5087 22.0661 19.7931 21.1895 23.7673
UIEB100 SSIMT 0.8515 0.6937 0.6924 0.8224 0.8780 0.9053 0.8993 0.9164 0.9193
LPIPS| 0.2814 0.3652 0.3504 0.1539 0.1287 0.1201 0.1905 0.1320 0.1207
Effici FLOPs] x x 10.44G 193.7G 66.2G 423.05G 46.99G 81.48G 74.6G
Evaloaor | Params.| x x 0.04M 24.8M 65.6M 1.4M 2.6M 1.3M 27M
valuation
Times] 0.77s 0.78s 1.43s 0.61s 0.07s 0.07s 0.03s 0.06s 0.06s
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Fig. 4. Recovery results of different methods on full-reference datasets. The best PSNR scores are highlighted in yellow.

IV. EXPERIMENT
A. Datasets

To evaluate the effectiveness of the proposed SFPNet-UIE,
we conducted experiments on two full-reference datasets and
two non-reference datasets.

Full-reference Datasets.The LSUI dataset [25] comprises
4279 degraded underwater images and their corresponding
ground truth. We randomly selected 3879 pairs of images from
the LSUI for training, with the remaining 400 pairs serving
as the test set (denoted as LSUI400). The UIEB dataset [26]
consists of 890 paired images and 60 unpaired challenging
images. From this dataset, 790 pairs were randomly selected
for training, with remaining 100 pairs used for testing (denoted
as UIEB100).

Non-reference Datasets. Non-reference datasets lack
ground truth, facilitating evaluation of model generalization

and robustness on real data. We evaluated our method on
two challenging datasets: C60 [26] and UCCS [27]. The C60
consists of 60 images from the UIEB without ground truth
(denoted as C60). UCCS is a subset of the real underwater
image dataset RUIE, comprising 100 images each of blue,
green, and blue-green color bias categories. We randomly
selected 4 images from each category, totaling 12 images to
form a test set (denoted as UCCS).

B. Evaluation Metrics

Full-reference Evaluation Metrics. For datasets with
ground truth, we use PSNR [28], SSIM [29], and LPIPS [30]
as full-reference evaluation metrics. PSNR measures fidelity to
the reference image, SSIM assesses structural consistency in
brightness, contrast, and structure. In contrast, LPIPS evaluates
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Fig. 5. Recovery results of different methods on non-reference datasets. The best UIQM scores are highlighted in yellow.

perceptual similarity to the ground truth, aligning with human
visual judgment.

Non-reference Evaluation Metrics. We use UIQM [31]
and UCIQE [32] as evaluation metrics. UIQM provides a
comprehensive quality score across dimensions such as color,
clarity, and contrast. UCIQE primarily measures color balance,
contrast, and visual discernibility of images.

C. Experimental Setup

SFPNet-UIE was implemented in PyTorch and trained on
a single NVIDIA GeForce RTX 3090 GPU. The ADAM
optimizer is used with an initial learning rate of 5 x 1074,
Additionally, the learning rate decreases by 20% every 40
epochs.

TABLE II
COMPARISON OF UIQM AND UCIQE SCORES ON C60 AND UCCS
DATASETS. THE BEST RESULTS ARE HIGHLIGHTED IN BOLD.

Datasets | C60 \ uccs

Metrics | UIQMt  UCIQET | UIQMT  UCIQET
MLLE 2.4446 0.5709 2.9533 0.5386
CBLA 2.1798  0.6587 | 2.4602 0.5473
UWCNN 2.4842 04510 3.0834 0.4183
Water-Net 2.5536 0.5178 3.2266 0.5439
U-Shape 2.8260 0.5343 3.2648 0.5411
PUIE-Net 27420 0.5519 3.1610 0.5277
UDNet 2.2452 0.5369 3.2618 0.5416
SFGNet 2.5763 0.5518 2.9739 0.5263
Ours 2.9013 05562 | 3.2652  0.5478

D. Performance Comparison with Existing Methods

To conduct a more comprehensive analysis, we compare the
proposed SFPNet-UIE with two categories of current SOTA
methods. These include traditional approaches such as MLLE
[9] and CBLA [10], as well as deep learning-based methods
including UWCNN [33], Water-Net [26], U-Shape [25], PUIE-
Net [11], UDnet [34], and SFGNet [14].

Full-Reference Evaluation. As shown in Table I, evalua-
tion on LSUI400 and UIEB100 shows that our SFPNet-UIE
achieves the best performance in terms of PSNR and SSIM
metrics, while also yielding relatively favorable results for the
LPIPS metric. Notably, the SSIM value exceeds 0.9 on the
UIEB100, indicating high similarity between the enhanced
and reference images in terms of structure and brightness. We
also present efficiency evaluations in Table I, where SFPNet-
UIE achieves comparable performance to other SOTA methods
with relatively reasonable parameters and inference time.

Fig. 4 compares the visual enhancement effects and PSNR
metrics of the methods mentioned above. MLLE [9] and
CBLA [10]) still exhibit color correction biases. UWCNN [33]
tends toward oversaturation, and Water-Net [26] introduces
color shifts when enhancing contrast. In contrast, our SFPNet-
UIE effectively corrects color bias while preserving more
natural scene perception and tonal continuity.

Non-Reference Evaluation. The results are presented in Ta-
ble II, with visual comparisons shown in Fig. 5. Our SFPNet-
UIE model achieved the highest UIQM scores across all three
datasets and obtained the best UCIQE score on the UCCS
dataset. As shown in Fig. 5, for common degraded underwater
images, SFPNet-UIE demonstrates significant improvements
in handling low-contrast and blurry scenes, effectively mitigat-
ing the impact of these factors. In contrast, UWCNN [33] may



exacerbate color anomalies in certain scene images. Although
it still has limitations in eliminating cyan/blue casts, its overall
restoration quality and generalization capability are the best
among the compared methods.

It is worth noting that existing non-reference metrics cannot
fully reflect subjective perceived quality, a limitation also
emphasized in [25]. As shown in Fig. 5, although MLLE
and CBLA achieve high scores, their enhanced images ex-
hibit unnatural reddish tints. These observations indicate that
while such metrics provide useful quantitative references, high
scores do not necessarily equate to superior perceived quality.
When evaluating UIE models, non-reference metrics should
be combined with full-reference metrics.

(e) " Ground Truth

Fig. 6. Visual and detailed comparison of ablation studies for the key network
components. (a) single-branch on spatial branch. (b) w/o spatial branch. (c)
w/o frequency domain branch. (d) w/o MSRFM. (e) Full model.

TABLE III
THE ABLATION EXPERIMENT RESULTS OF THE KEY NETWORK
COMPONENTS ON THE UIEB DATASET.

Method ‘ PSNRT  SSIMT  LPIPS|
single-branch on spatial branch 22.5506  0.9076  0.1386
w/o spatial branch 22.1357  0.8960  0.1383
w/o frequency branch 22.8873  0.9015  0.1259
w/o MSRFM 21.6582  0.8979  0.1442

Full model 23.7673 0.9193 0.1207

TABLE IV
THE ABLATION EXPERIMENTS RESULTS OF THE INDIVIDUAL
COMPONENTS OF THE MULTI-SCALE LOSS FUNCTION.

Configuration PSNRT  SSIMf  LPIPS)
Leontent Leotor (LAB+LCH)

v 211458 08652  0.1426

v 228975 09078 0.1217

v LAB only 223592 09039 0.1356

v LCH only 227845 08973 0.1287

v v 23.7673  0.9193  0.1207

E. Ablation Study

Effectiveness of Key Network Components. As shown in
Table III, we conducted an ablation study on four scenarios:

single-branch on spatial branch, no spatial branch, no fre-
quency branch, and no MSRFM. Evaluations were conducted
on the UIEB dataset. Two conclusions emerged from the
experiments: First, for the spatial branch, the PSNR and SSIM
scores of the single-branch structure model were lower than
those of the full model (i.e., dual-branch structure), indicating
that the dual-branch structure outperforms the single-branch
structure. Second, removing any one of the spatial branch,
frequency branch, or MSRFM resulted in degraded model
performance. As illustrated by the visual comparison in Fig. 6,
the complete model achieves a balanced recovery of color and
detail, outperforming variants lacking specific components.
These results underscore the necessity of each branch.
Influence of the Multi-scale Loss Function. To evaluate
the contribution of each component in the multi-scale loss
function, we conduct ablation experiments on the UIEB dataset
by progressively removing each loss. Results show that each
loss provides complementary and irreplaceable supervision.
Removing content loss causes a significant PSNR drop, high-
lighting its role in preserving contrast and pixel accuracy.
Using only color loss leads to moderate degradation across
metrics, confirming its independent contribution. Removing
either LAB or LCH loss alone degrades performance, impair-
ing local color details. Overall, each loss contributes to pixel
accuracy, structural consistency, and color distribution, and
their integration achieves superior restoration performance.

(a)Visualizations of the intermediate feature maps
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Fig. 7. (a) Visualizations of the intermediate feature maps. From left to right
is the degraded input, the feature map from the spatial branch, the frequency
branch, the SFPM, the MSRFM, and the enhanced output. (b) Comparison of
feature matching among some SOTA methods.

F. Discussion and downstream task assessments

The experimental results clearly highlight the effectiveness
of the proposed SFPNet-UIE framework in enhancing under-
water images. As shown in Fig. 7(a), the feature map from
spatial branch captures image texture and details, while the
frequency branch captures illumination and color information,
clearly preserving the structural details of the fish. The SFPM
module effectively fuses information from both branches, and
further enhances color fidelity, texture details, and overall
image quality through MSRFM’s multi-scale feature fusion.



Furthermore, to validate our advantage in restoring lo-
cal structure and texture, we conducted a feature matching
downstream experiment. As shown in Fig. 7(b), compared to
methods such as U-Shape and SFGNet, our approach achieves
the highest number of valid matches, demonstrating superior
feature robustness and structural preservation.

V. CONCLUSION

In this work, we first re-examine the degradation process
of underwater images from a frequency domain perspective
and propose a novel Fourier-based enhancement framework
for underwater image enhancement. The SFPM and MSRFM
modules within this framework collaboratively process spatial
and frequency domain features. By integrating dual-domain
features, our approach achieves comprehensive enhancement
of structural details and overall visual fidelity, effectively
addressing the limitations of existing methods that neglect
spatial-frequency domain fusion in degraded underwater sce-
narios. Experiments demonstrate the competitive performance
of our SFPNet-UIE across four benchmark datasets.
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