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ABSTRACT

Underwater images often suffer from severe color distortion and texture degra-
dation due to light absorption and scattering, posing huge challenges for visual
perception and restoration. Recent diffusion-based underwater image enhance-
ment (UIE) methods have shown remarkable performance, but most rely on cus-
tomized architectures trained from scratch or lack auxiliary guidance beyond
image-level inputs, which limit the model generalization and controllability. In
this work, we propose a semantic Color reasoning and high-fidelity Detail synthe-
sis UIE framework (CoDe), which fully leverages the synergy of diffusion models
and vision-language models. It explicitly disentangles color and texture of un-
derwater images: a fine-tuned LLaVA provides domain-invariant semantic color
cues for robust color correction, while an SDXL-based generator restores high-
frequency details for sharp reconstruction. Furthermore, we design an adaptive
degradation-aware feature modulation module that fuses underwater and clean-
domain representations, effectively suppressing noise interference during the de-
noising diffusion process. Extensive experiments on multiple underwater bench-
marks demonstrate that CoDe achieves superior performance, significantly im-
proving both color fidelity and texture preservation.

1 INTRODUCTION

Underwater images generally suffer from composite degradation caused by wavelength-dependent
light absorption and scattering, resulting in color distortions and texture loss Jaffe (2002); Akkaynak
& Treibitz (2019). These degradations not only hinder human visual perception but also seriously
impair the reliability of downstream applications such as underwater robotics Lei et al. (2025),
marine monitoring Jeong et al. (2024), and archaeological exploration Calantropio & Chiabrando
(2024). Therefore, underwater image enhancement (UIE) has emerged as a fundamental yet chal-
lenging problem in computer vision and marine robotics.

Although numerous approaches have been proposed for UIE, they remain limited in the general-
ization and controllability. Physics-based models Hitam et al. (2013); Galdran et al. (2015); Xiang
et al. (2018) rely on handcrafted assumptions or physical priors about underwater light propagation,
but often fail in complex real-world conditions. Deep learning methods (CNNs/Transformers) Li
et al. (2020); Peng et al. (2023) learn direct mappings but struggle to handle diverse degradations
and strong domain shifts. Recent advances in diffusion-based methods Ho et al. (2020); Rombach
et al. (2022) have boosted restoration quality. However, most approaches either require customized
architectures trained from scratch, resulting in enormous computational costs Zhao et al. (2024);
Song et al. (2025), or rely solely on degraded image inputs Xia et al. (2025); Ou et al. (2025), which
constrains their robustness under domain shifts and weakens controllability in practical applications.

In fact, the central challenge in UIE is that color correction and texture restoration are fundamentally
different Awan & Mahmood (2024); Rani et al. (2025). Color distortions arise from wavelength-
dependent absorption, which introduces irreversible information loss that cannot be resolved at the
pixel level. Unlike texture degradation, which retains structural cues and can be recovered through
fine-grained image-level modeling, accurate color correction requires semantic-level reasoning to
infer the plausible true colors of objects. On the other hand, texture degradation mainly stems from
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scattering and demands detail-oriented reconstruction. Therefore, it is feasible to disentangle the
two parts for effective restoration.

However, existing decomposition methods Zhou et al. (2025); Xue et al. (2025) generally couple
color correction and texture recovery within a single generative process, relying solely on image-
level information. This entanglement often results in inherent trade-offs: enhanced color fidelity at
the cost of blurred details, or sharper structures accompanied by distorted colors. Inspired by mod-
ernized text-to-image models such as Stable Diffusion (SD) Kim et al. (2025); Yang et al. (2025),
which can accurately synthesize high-resolution and semantically coherent images, we argue that
decoupling color and texture with multi-modal guidance provides a principled path for UIE.

To address these challenges, we propose CoDe, a multi-modal decoupling framework that explicitly
separates the modeling of semantic color and high-fidelity texture. A fine-tuned LLaVA model ex-
tracts domain-invariant textual color caption from underwater images, enabling robust and semantic-
level color correction. A diffusion-based generator (SDXL) reconstructs high-frequency details and
restores sharp textures. Meanwhile, a lightweight feature modulation module integrates underwa-
ter and noised latent feature representations, which effectively suppresses noise interference during
iterative denoising and improves structural preservation. Extensive experiments on multiple under-
water benchmarks demonstrate that CoDe achieves superior color fidelity and texture restoration,
outperforming state-of-the-art methods in both quantitative metrics and perceptual quality.

In summary, our contributions are four-fold: 1) We propose CoDe, a multi-modal UIE framework
that enhances underwater images at both the text and image levels. 2) We decouple color correction
and detail restoration by combining LLaVA-based color reasoning with SDXL-based generative
detail recovery. 3) We design an adaptive degradation-aware modulation module that selectively
fuses underwater texture features with diffusion latents, achieving enhanced fidelity and sharpness.
4) Extensive experiments on multiple real-world and synthetic underwater datasets demonstrate that
our method achieves state-of-the-art performance, consistently improving both color fidelity and
texture preservation compared with existing UIE methods.

2 RELATED WORK

Underwater Image Enhancement. Underwater image enhancement (UIE) has been widely studied
as a fundamental direction to improve the visual quality and usability of underwater imagery. Tradi-
tional UIE methods rely on hand-crafted prior or simplified physical models, such as CLAHE Hitam
et al. (2013), white-balance Sanila et al. (2019), gamma correction Xiang et al. (2018), underwater
dark-channel prior Drews et al. (2016), red-channel deficiency prior Galdran et al. (2015) and super-
laplacian reflectance prior Peng & Cosman (2017). These methods are adopted for the negligible
computational cost, yet they frequently over-enhance images and ignore the wavelength-dependent
attenuation inherent to underwater scenes, leading to failure in real conditions.

With the rise of deep learning, data-driven UIE methods have become popular. CNN-based meth-
ods leverage convolutional backbones with physics-inspired priors, e.g., UWCNN Li et al. (2020)
adopts a residual CNN with physics-based loss, SC-Net Fu et al. (2022) introduces spatial- and
channel-wise normalization to adapt to diverse water types. Transformer-based methods further
enhance long-range modeling, such as UFormer Peng et al. (2023), which incorporates channel-
spatial attention and multi-color space loss to correct color casts. GAN-based methods have been
explored: Semi-UIR Huang et al. (2023) employs a mean-teacher framework with contrastive loss,
while PUGAN Cong et al. (2023) integrates physics priors with adversarial training. There are
also several methods with distanglement learning Liu et al. (2024b). FiveAPLus Jiang et al. (2023)
adopts a divide-and-conquer strategy for real-time enhancement by separately addressing color and
detail. WPFNet Liu et al. (2024a) leverages wavelet-domain decomposition to capture multi-scale
frequency features. Despite these advances, many methods still generate results that are perceptually
unsatisfactory, with either residual color distortion or loss of fine-grained texture details.

Diffusion-based Underwater Image Enhancement. Diffusion models have recently been explored
for UIE due to the strong generative capability, which offers a novel solution to simultaneously ad-
dress color correction and detail recovery. Early works adapt customized diffusion architectures to
underwater domain. WF-Diff Zhao et al. (2024) introduces a wavelet–Fourier conditional diffusion
framework to explicitly model frequency-dependent attenuation. DM underwater Tang et al. (2023)
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Figure 1: The proposed multi-modal decouping framework for underwater image enhancement.

employs a lightweight transformer-based denoising network with a non-uniform timestep schedule
to accelerate sampling. CPDM Shi & Wang (2024) compensates low-level features in each diffu-
sion step, improving robustness under diverse conditions. UW-DiffPhys Bach et al. (2024) com-
bines physics-based priors with a simplified denoising diffusion framework, while DiffColor Chang
et al. (2025) jointly applies global color correction and cross-spectral refinement to recover color
and texture. Other works incorporate cross-domain or perceptual guidance. CLIP-UIE Liu et al.
(2025) leverages CLIP-based classification to inject natural image priors into UIE, while UIEDP Du
et al. (2025) demonstrates that Stable Diffusion can be fine-tuned on only 300 labeled underwater
samples. UIE CLIP Cao et al. (2025) integrates CLIP-based perceptual losses and curriculum con-
trastive regularization to align outputs with human visual preferences. More recent efforts propose
degradation-aware conditioning, e.g., DACA-Net Huang et al. (2025), or compress diffusion into
fewer steps, as in SSL-Diff Wu et al. (2025). Overall, diffusion-based UIE has achieved notable
improvements in perceptual quality. However, most existing methods remain focused on low-level
cues, while semantic-level guidance (e.g., language-driven color reasoning) and explicit disentan-
glement of color and texture have been underexplored. These gaps motivate our proposal.

3 PROPOSED METHOD

3.1 OVERVIEW

As illustrated in Fig. 1, we propose a multi-modal decoupling framework for underwater image
enhancement (UIE), dubbed CoDe, which explicitly disentangles color and texture modeling. Color
cues are extracted as textual captions via a vision–language model (e.g., LLaVA Liu et al. (2023)),
providing domain-invariant semantic information that remains robust under pixel-level degrada-
tions. Texture and structural details are subsequently reconstructed with a diffusion backbone (e.g.,
SDXL), which excels at high-fidelity generation. Instead of directly injecting degraded underwater
features as the condition at each denoising step, it risks noise accumulation and artifact generation.
We also introduce a lightweight degradation-aware feature modulation module to further stabilize
the process. It smoothly reconciles the underwater and noised features, enabling effective guidance
for color correction and contrast adjustment while suppressing degradation propagation.

3.2 VLM-BASED DOMAIN-INVARIANT COLOR EXTRACTION

Color cast caused by wavelength-dependent absorption represents a fundamental degradation in un-
derwater imaging Wen et al. (2025). To explicitly disentangle color correction from texture restora-
tion, we expect to capture ideal semantic color cues under normal conditions into the generative
process. Although paired underwater–clean images are available during training, clean references
are absent at inference. To bridge this gap, we propose to extract domain-invariant color repre-
sentations through visual-language reasoning. Specifically, we fine-tune LLaVA-1.5-13b to trans-
late pixel-level underwater color degradations into semantic color captions that guide subsequent
diffusion-based restoration. The procedure includes training corpus construction, fine-tuning via
visual instruction, and inference for semantic guidance.
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1. Task Instruction
You will be shown an underwater image and its clean ground truth. Describe 
only the  color differences between the two images.  
2. Format:
Start with one sentence summarizing the overall color shift.  
Example: "The image shifts from a greenish cast to a more natural blue 
tone."  
Then list local color changes in the format:  
   <object/region> @ <location>: <new color or color quality>  
3. Rules:
- Focus only on visible color differences, ignore texture or detail changes.  
- Use compact location words: top, bottom, left, right, center, background, 
foreground.  
- Use simple color words and modifiers: brighter/darker, more/less saturated, 
shifted toward <color>, warmer/cooler.  
- Keep each line concise.  
- If no color changes exist, output exactly: "No significant color changes."

Underwater image

Clean image

1. Task Instruction
You will be shown a clean underwater image. Provide a concise description of its 
overall color appearance and major local color characteristics.
2. Format:
Start with one sentence summarizing the overall color tone of the image.
Example: "The scene has a natural blue tone with balanced color distribution."
Then list local color characteristics in the format:
<object/region> @ <location>: <dominant color or color quality>
3. Rules:
- Focus only on visible color characteristics, ignore textures or fine details.
- Use compact location words: top, bottom, left, right, center, background, 
foreground.
- Use simple color words and modifiers:  bright/dark, saturated/less saturated, 
warm/cool tone.
- Keep each line concise.
- If no color changes exist, output exactly: "No significant color changes."

Clean image

GPT-4

"The image shif ts  f rom a cool 
turquoise cast to a more natural, 
warmer tone. Seafloor @ entire 
frame: neutral gray.  Starfish @ 
center: brighter orange-red."

Response to global 
description

The scene is  a  blend of  cooler 
seabed tones with a prominent 
warm-colored starfish.  Starfish @ 
center: dark rusty red. Seabed @ 
background: dull gray-blue.

The image shifts from a greenish 
tint to a more natural color balance 
with enhanced warmth. Starfish @ 
center: vibrant orange.  Seabed @ 
background: light beige.
.

1. Task Instruction
You will be shown an underwater image. Without seeing the clean reference, 
describe the plausible color differences that this underwater image would have 
compared to its clean counterpart.
2. Format:
Start with one sentence summarizing the overall color shift.
Example: "The image shifts from a greenish cast to a more natural blue tone."
Then list local color changes in the format:
<object/region> @ <location>: <new color or color quality>
3. Rules:
- Focus only visible or inferred color differences, ignore texture or detail changes.
- Use compact location words: top, bottom, left, right, center, background, 
foreground.
- Use simple color words and modifiers: brighter/darker, more/less saturated, 
shifted toward <color>, warmer/cooler.
- Keep each line concise.
- If no color changes exist, output exactly: "No significant color changes."

Training / Inference-time Prompt

           
LLaVA

(a) LLaVA Fine-tuning with Underwater Paired Data 

GT PromptColor Difference PromptUnderwater Prompt

(b) Clean Image Color Generation 

Underwater mage

Response

GPT-4

ResponseResponse

Color Difference Caption GT Color CaptionColor Difference Caption
i
diffti

difft~ i
gtt

Figure 2: Illustration for LLaVA fine-tuning and color caption generation.

Training Corpus Construction. To adapt LLaVA in underwater domain, we need to prepare the
training corpus first. As illustrated in Fig. 2, to obtain a reliable caption supervised information, we
employ a large language model (GPT-4) to capture color difference captions tidiff between each pair
(Iiu, I

i
c), where Iu and Ic denote underwater and clean images, respectively. The caption mainly in-

cludes global color tones and local object-level color properties. These captions capture the semantic
shift from degraded to clean colors in a compact textual form.

Fine-tuning via Visual Instruction. We then fine-tune LLaVA using LoRA-based adaptation to
adapt its visual reasoning capability to underwater domains. Only underwater images Iiu are used as
input, and tidiff is used as supervision. Formally, the objective is:

LVLM =

N∑
i=1

LCE(t̂
i
diff , t

i
diff ), (1)

where t̂idiff is the predicted caption from Iiu and LCE denotes the cross-entropy over token se-
quences. This training strategy encourages LLaVA to abstract color semantics that approximate
clean-domain distributions, despite only observing degraded inputs. It effectively learns to acquire
color semantics invariant to degradation patterns.

Inference for Semantic Guidance. During inference, given a degraded image Iiu, the fine-tuned
LLaVA generates t̂diff , which describes how its color should shift toward the clean domain. The
textual embedding of t̂diff is then injected into the text encoder of SDXL, guiding the diffusion
process toward clean and natural color restoration. This design achieves a principled decoupling:
color correction is governed by semantic-level textual guidance through robust visual-language rea-
soning, while texture restoration is handled by the generative backbone. The separation ensures that
color-related degradations are addressed in a compact and domain-invariant representation space,
preventing pixel-level artifacts from propagating through the enhancement pipeline.

3.3 DIFFUSION-BASED HIGH-FIDELITY TEXTURE RECOVERY

After obtaining the color textual caption from LLaVA, we employ it as a semantic conditioning
signal for the SDXL model. Specifically, the caption is encoded via SDXL’s text encoder and in-
corporated into the cross-attention layers to guide the generative process. This conditioning strategy
enables SDXL to reconstruct high-frequency textures and structural details while remaining con-
sistent with the color semantics inferred by the vision-language model. By decoupling color and
texture property, we alleviate the burden on the diffusion model to simultaneously correct color cast
and recover fine details, thereby improving both the perceptual quality and fidelity of the output.

Adaptive Degradation-aware Feature Modulation (ADFM). To guide the ideal content, a naive
way to condition the diffusion model on underwater features fu is to directly combine them with
the noisy latent xc

t at each denoising step. However, it is problematic: as the diffusion process pro-
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gresses, xc
t gradually becomes refined, whereas fu remains fixed and still encodes domain-specific

degradations. Simply injecting fu thus risks propagating underwater artifacts into the generation
process. To mitigate this, we propose a lightweight and Adaptive Degradation-aware Feature Modu-
lation module that adaptively fuses the features from the degraded image with the evolving diffusion
features. As shown in Fig. 1, it operates at each step and contains the following components:

Channel projection (CP). Features from both the underwater image and current noisy latent are
projected into a common channel dimension via 1× 1 convolution with weights Wf and Wx:

fp = Wff
u, xp = Wxx

c
t . (2)

Channel-wise gating (CG). A gating vector is obtained by global average pooling and a lightweight
multi-layer perceptron (MLP), effectively controlling the inter-channel influence across features:

αc = σ
(
MLP

(
Concat(GAP(fp),GAP(xp))

))
, (3)

where σ is the sigmoid function. Concat is the concatenation operation.

Spatial attention (SA). The spatial attention module (Conv-ReLU-Conv-Sigmoid) computes a soft
spatial mask αs ∈ [0, 1]H×W to further regulate feature fusion in a position-aware manner:

αs = SA
(
Concat(fp, xp)

)
. (4)

Residual-style fusion (ResFuse). The projected features are combined in a residual manner, modu-
lated by the channel and spatial attention weights to obtain the fused features fA

t :
fA
t = xp + αc ⊙ (fp − xp), fA

t ← (1− αs)⊙ xp + αs ⊙ fA
t . (5)

FiLM-based modulation (FiLM). Finally, the fused feature fA
t is used to compute affine parameters

for a FiLM-based modulation Perez et al. (2018) of the original noisy latent xc
t :

x̃t = γ(fA
t )⊙ xc

t + β(fA
t ), (6)

where γ and β are implemented by 1× 1 convolution and initialized as 1 and 0 for stable training.

This design offers several advantages: (1) it is computationally efficient, relying only on lightweight
projections and attention mechanisms; (2) the gating mechanism adaptively reduces the influence of
degraded features as denoising proceeds, minimizing artifact propagation; and (3) the FiLM modula-
tion enables underwater-specific adjustments in color and contrast without overriding clean-domain
structures. Together, ADFM allows the diffusion model to leverage underwater priors while avoiding
the artifacts introduced by naive feature injection.

Parameter-efficient Fine-tuning with LoRA. Given the substantial computational footprint of
SDXL, we employ Low-Rank Adaptation (LoRA) Hu et al. (2022) to fine-tune the model. LoRA
freezes the original pre-trained weights and introduces trainable low-rank decompositions into the
attention layers. This way significantly reduces the number of trainable parameters and GPU mem-
ory requirements, while still enabling effective adaptation to the underwater domain. By combining
ADFM and LoRA, our method achieves a favorable balance between performance and efficiency.

3.4 OPTIMIZATION

To train the proposed CoDe, enabling it to accurately decompose the degradation process in under-
water images and generate high-quality clear outputs, we adopt a multi-component loss function. It
incorporates not only the core loss driving the diffusion model’s denoising process but also auxiliary
losses operating in the image space to specifically address structural preservation and perceptual
realism crucial for underwater imagery.

Noise Prediction Loss. Given a clean latent representation z0 and a randomly sampled timestep
t, Gaussian noise ϵ ∼ N (0, I) is injected to obtain zt, and the denoising U-Net predicts the added
noise ϵ̂θ(zt, t, c, Iu). The basic diffusion loss is formulated as:

Lnoise = Ez0,ϵ,t [∥ϵ− ϵ̂θ(zt, t, c, Iu)∥1] , (7)
where c denotes the color-aware caption extracted from the fine-tuned LLaVA (t̂diff ) model and
pre-trained GPT-4 (tgt). And these two captions are alternately input.

Fidelity Loss. To ensure structural preservation and pixel-level faithfulness, we impose an addi-
tional reconstruction constraint in the image space:

Lfidelity = ∥Ipred − Ic∥1, (8)

5
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where Ipred and Ic denote the reconstructed and ground-truth clean images, respectively.

Color Consistency Loss. Since underwater images often suffer from wavelength-dependent atten-
uation, we introduce a channel-level color constraint to regularize color distributions:

Lcolor =
∑

c∈{R,G,B}

(µc(Ipred)− µc(Ic))
2
, (9)

where µc(·) denotes the average intensity of channel c.

The overall training objective integrates the above components as:
L = Lnoise + λ1Lfidelity + λ2Lcolor, (10)

where λ1 and λ2 balance the contributions of fidelity and color constraints. And we empirically
set as λ1 = 0.1 and λ2 = 0.05. This composite loss ensures that the model not only learns robust
denoising but also produces visually faithful and color-consistent outputs.

Training Strategy. To reduce the distribution gap between training and inference we adopt a hybird
caption strategy. During SDXL fine-tuning, each underwater image is paired with both a clean-
domain caption (from the ground truth) and a predicted caption (generated by LLaVA). We gradually
shift from clean captions to LLaVA captions over the training process, enabling the diffusion model
to learn from accurate supervision while remaining robust to imperfect text conditions in inference.

4 EXPERIMENTS

4.1 EXPERIMENTAL SETTING

Datasets. Following previous studies Du et al. (2025); Fan et al. (2026), we conducted a compre-
hensive comparison with state-of-the-art methods on four widely used UIE benchmarks: UIEB Li
et al. (2019a), EUVP Islam et al. (2020), C60 Li et al. (2019a) and U45 Li et al. (2019b) datasets.
The UIEB dataset contains 890 paired underwater and clean images. We adopt 800 pairs for training
and the remaining 90 pairs for testing. The EUVP dataset provides 11,435 paired images for training
and we select 200 pairs for testing. In addition, UIEB includes a set of 60 challenging underwater
images (C60) without reference ground truth. The U45 dataset comprises 45 carefully selected real-
world underwater images, serving as a widely used benchmark for no-reference evaluation. For both
C60 and U45, we directly employ the model weights trained on UIEB for testing.

Implementation Details. We adopt SDXL Podell et al. (2024) as the backbone diffusion model,
and reuse its VAE encoder as the underwater image feature encoder. The model is optimized using
Adam with β1 = 0.9, β2 = 0.999, and ϵ = 10−8. All images are resized to 256 × 256 for training
and testing, and upsampled to 512 × 512 to better match the training resolution of SDXL. For the
training process, we adopt a two-stage fine-tuning strategy. We first pre-train the proposed feature
modulation module for 3,000 iterations with an initial learning rate of 5× 10−5 and no text inputs.
We then fine-tune the entire network including the underwater encoder, the modulation module, and
LoRA parameters in an end-to-end manner for 40,000 iterations. During fine-tuning, the learning
rate for the underwater encoder and other components are initialized as 5 × 10−6 and 1 × 10−5,
respectively. Tbe LoRA parameters are r = 32 and α = 64. The learning rates are updated using
the cosine annealing schedule Loshchilov & Hutter (2017). For inference, we adopt Euler scheduler
Karras et al. (2022) with 20 sampling steps.

Evaluation Metrics. In the above test sets, each underwater image in UIEB and EUVP has a corre-
sponding ground-truth reference, whereas C60 and U45 contain only underwater images. Accord-
ingly, we evaluate UIE performance with both full-reference and no-reference image quality metrics.
For full-reference evaluation, we employ PSNR and SSIM, which measure pixel-level fidelity and
structural similarity to the references. For no-reference assessment, we adopt two metrics tailored
to UIE: UIQM Panetta et al. (2015), which accounts for contrast, sharpness, and colorfulness, and
UCIQE Yang & Sowmya (2015), which considers brightness instead of sharpness.

4.2 COMPARISONS WITH THE STATE-OF-THE-ART

To validate the effectiveness of our method, we compare it against several state-of-the-art UIE ap-
proaches, spanning both conventional CNN or transformer based methods (e.g., UWCNN Li et al.

6
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Table 1: Quantitative comparison on four underwater image enhancement benchmarks. Best results
are highlighted in bold.

Methods UIEB EUVP C60 U45
PSNR↑ SSIM↑ PSNR↑ SSIM↑ UIQM↑ UCIQE↑ UIQM↑ UCIQE↑

UWCNN Li et al. (2020) 15.2818 0.7065 19.6235 0.7530 2.4616 0.3402 3.1350 0.3819
SC-Net Fu et al. (2022) 21.9168 0.8807 20.8981 0.8040 2.7360 0.3806 3.3473 0.4069
UFormer Peng et al. (2023) 21.5591 0.8155 24.8880 0.8052 2.8247 0.3743 3.3098 0.3832
Semi-UIR Huang et al. (2023) 20.2539 0.8186 19.3955 0.7244 2.8390 0.4309 3.3656 0.4274
FiveAPlus Jiang et al. (2023) 23.1982 0.9121 21.5655 0.7918 2.6651 0.4054 3.3939 0.4213
PUGAN Cong et al. (2023) 23.3641 0.8879 25.0827 0.8224 3.0559 0.4454 3.3755 0.4460
WPFNet Liu et al. (2024a) 22.2905 0.8943 22.6200 0.7801 3.0153 0.3756 3.4886 0.3897
CLIP-UIE Liu et al. (2025) 24.3167 0.9265 18.1056 0.7483 2.9091 0.4405 3.1607 0.4561
UIEDP Du et al. (2025) 20.2539 0.8186 21.8403 0.7925 3.0594 0.4341 3.4590 0.4386
UIE CLIP Cao et al. (2025) 24.7390 0.9280 20.6598 0.7818 2.8521 0.4196 3.4493 0.4216
CoDe (Ours) 24.9572 0.9262 25.3359 0.8672 3.3552 0.4931 3.5345 0.5383

Input UWCNN SC-Net UFormer Semi-UIR FiveAPlus

PUGAN WPFNet UIEDP UIE CLIP Ours GT

Figure 3: Visual comparisons of our CoDe with other state-of-the-art methods on UIEB dataset.

(2020), SC-Net Fu et al. (2022), UFormer Peng et al. (2023), Semi-UIR Huang et al. (2023),
FiveAPLus Jiang et al. (2023), WPFNet Liu et al. (2024a)) and recent generative or diffusion-based
frameworks (e.g., PUGAN Cong et al. (2023), CLIP-UIE Liu et al. (2025), UIEDP Du et al. (2025),
UIE CLIP Cao et al. (2025)).

Quantitative Results. As presented in Table 1, our method almost surpasses existing approaches
across all datasets and evaluation metrics. On the paired UIEB benchmark, our framework achieves
superior performance with a PSNR of 24.9572 dB and an SSIM of 0.9262, slightly outperforming
the strongest baseline UIE CLIP by 0.2182 dB in PSNR while maintaining comparable structural
similarity. On EUVP, our method shows a clear advantage, reaching 25.3359 dB PSNR and 0.8672
SSIM, which exceeds the second-best PUGAN by 0.2532 dB and 0.0448 in SSIM. For the more
challenging no-reference benchmarks, our approach significantly improves perceptual quality: on
C60, UIQM and UCIQE are boosted to 3.3552 and 0.4931, respectively, marking the largest mar-
gins over prior methods. Similarly, on U45, our method yields 3.5345 UIQM and 0.5383 UCIQE,
demonstrating its robustness in real-world scenarios. These consistent gains validate the effective-
ness of our color–texture decoupling strategy and the proposed degradation-aware modulation mod-
ule in enhancing both fidelity and perceptual quality.

Qualitative Results. As illustrated in Fig. 3, CNN-based approaches such as UWCNN and UFormer
tend to leave residual color casts or produce over-smoothed results, leading to loss of fine details. Re-
cent diffusion- and GAN-based methods (e.g., PUGAN, CLIP-UIE) achieve improved global color
balance, yet often generate unnatural textures or fail under severe greenish and bluish degradations.
In comparison, our method delivers more faithful restorations with vivid but realistic colors and
sharper structures. In particular, fine details such as coral textures and object boundaries are better
preserved, while color tones remain natural and consistent with human perception. These observa-
tions corroborate the quantitative improvements, highlighting the effectiveness of our underwater-
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Table 2: Ablation studies of different components for UIE on UIEB dataset.

Case Model PSNR↑ SSIM↑ UCIQE↑ UIQM↑
1 Baseline 17.5200 0.5783 0.3780 2.5141
2 + Pre-trained LLaVA for overall caption 18.1249 0.6043 0.3901 2.6417
3 + Pre-trained LLaVA with PUGAN input 18.3947 0.6681 0.4072 2.7952
4 + Pre-trained LLaVA for color caption 17.8179 0.6349 0.4384 2.6833
5 + Fine-tuned LLaVA for color caption 22.3916 0.7703 0.4461 2.8365
6 + ADFM 23.2580 0.8703 0.4461 3.3365
7 Ours 24.9572 0.9262 0.4937 3.4249

Input Enhanced step951 step701 step451 step201 step1

GT Enhanced step951 step701 step451 step201 step1

Figure 4: The visualized comparisons for the fused features without (top) and with (bottom) the
degradation-aware feature modulation module.

aware alignment module and color–texture decoupling design in handling diverse underwater con-
ditions. More visual results can be seen in the supplemental materials.

Discussion. These results verify that our approach not only advances the quantitative state-of-the-
art but also achieves superior visual fidelity and perceptual realism. Compared with the previous
diffusion-based methods such as UIEDP and CLIP-UIE, our framework avoids the common trade-
off between color fidelity and texture sharpness by explicitly disentangling color and texture mod-
eling. Moreover, the modulation module stabilizes cross-domain conditioning, preventing artifacts
that often appear when degraded underwater features are directly injected into the diffusion process.
Overall, our method demonstrates that integrating multi-modal guidance and lightweight alignment
into diffusion models provides a principled and effective solution for underwater image enhance-
ment. Beyond underwater imagery, the proposed framework can be readily extended to other cross-
domain enhancement tasks such as low-light image enhancement and dehazing, highlighting its
general applicability.

4.3 ABLATION STUDY

To evaluate the effectiveness of individual components, we conduct a comprehensive ablation study
on UIEB dataset, examining the roles of color–texture decoupling, the degradation-aware modula-
tion module, and the hybrid caption training strategy. The baseline only uses the underwater dataset
to fine-tune SDXL with two-stage training. This analysis disentangles the effect of each design
choice and demonstrates that jointly leveraging texture guidance, feature modulation, and tailored
training strategy is essential for achieving robust underwater image enhancement.

Effect of Textual Guidance. To demonstrate the effect of text caption, we first generate the overall
caption by pre-trained LLaVA with the prompt “Describe this image and its style in a very detailed
manner” about the underwater and clear images in Case2. It is observed consistent improvements
across all metrics (e.g., PSNR increases from 17.5200 to 18.1249, SSIM from 0.5783 to 0.6043), in-
dicating that LLaVA-generated captions during training and inference provides extra semantic cues
for color correction and structure preservation. Considering that there exists domain gap between
underwater and clean images, their corresponding text caption is different. Therefore, we employ
the pre-trained UIE model (PUGAN) to preprocess the underwater image during inference and re-
generate the caption with pre-trained LLaVA to input to SDXL in Case3. It achieves even larger
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Figure 5: The visualized heatmap for γ and β. Zoom in for better view.

gains (PSNR 18.3947, SSIM 0.6681), suggesting that pre-enhanced underwater images with cap-
tion generation yields more accurate and reliable textual descriptions, which in turn strengthen the
guidance effect. These results highlight that high-quality textual supervision is crucial for enhancing
the semantic consistency of color restoration and texture reconstruction in underwater scenarios.

Effect of Color–Texture Decoupling. To demonstrate the effect of color caption, we employs
LLaVA-generated color-only descriptions during training and inference in Case4, leads to perfor-
mance degradation compared with Case3 (e.g., PSNR drops from 18.3947 to 17.8179, SSIM from
0.6681 to 0.6349). This decline indicates that directly constraining the model with imperfect color
descriptions introduces a mismatch between the textual guidance and the ground-truth distribution,
thereby impairing the overall enhancement quality. To address this issue, Case5 fine-tunes LLaVA
using GPT-4–generated captions that explicitly capture the color discrepancies between underwater
and reference images. This adaptation allows the model to produce captions that more faithfully
align with the ground-truth color distribution, resulting in a substantial performance boost (PSNR
22.3916, SSIM 0.7703). These results demonstrate that disentangling color from texture and pro-
viding precise, well-aligned color supervision is essential for robust semantic guidance in UIE.

Effect of Adaptive Degradation-aware Feature Modulation. Building upon the color-guided
framework in Case5, Case6 further integrates ADFM to bridge the gap between underwater and
clean image features. It effectively suppresses the noise of underwater degradation information in
texture reconstruction, leading to a notable improvement across all metrics (PSNR increases from
22.39 to 23.2580, SSIM from 0.7703 to 0.8703). Besides, we also present the visualized analysis
about the modulated features and the distributions of γ and β in Fig. 4 and Fig. 5. Our ADFM
focuses its modulation on regions with severe color degradation, leading to better color fidelity in
the enhanced outputs. The heatmaps of γ and β demonstrate that the modulation module provides
stable yet channel-specific adjustments across denoising steps, enabling dynamic feature scaling and
shifting that improves robustness and degradation removal.

Effect of Hybrid Caption Strategy. In Case7, we integrate the hybrid caption training strategy,
which combines both color difference caption and the direct color caption guidance. Compared with
Case6, this strategy further enhances the robustness of textual conditioning, especially in challenging
cases with severe color distortions. Quantitatively, Case7 achieves the best overall performance, with
PSNR improving from 23.2580 to 24.9572, SSIM from 0.8703 to 0.9262, and UIQM from 3.3365
to 3.4249. These gains demonstrate that hybrid captioning provides complementary information,
which guides the correction of dominant casts to achieve superior perceptual quality.

5 CONCLUSION

In this paper, we propose a decoupled underwater image enhancement framework that integrates
multi-modal understanding with diffusion-based generation. By fine-tuning LLaVA on paired un-
derwater–clean data, our method extracts color semantics and injects them into SDXL as guiding
prompts, effectively disentangling color correction from texture restoration. This design yields per-
ceptually natural results, consistent quantitative gains, and parameter-efficient training via LoRA.
While promising, the approach still relies on paired data quality, and diffusion inference remains
slower than CNN- or GAN-based alternatives, limiting real-time deployment. Future work will
focus on scaling to larger and more diverse datasets, developing lightweight diffusion variants for
efficiency, and coupling enhancement with downstream tasks such as detection and segmentation.
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6 ETHICS STATEMENT

This work focuses on improving image visibility in challenging aquatic environments. All datasets
used in this study are publicly available benchmark datasets and do not involve private or sensitive
personal data. Our method does not raise direct societal or ethical risks, as it is intended for benign
applications such as marine monitoring, ecological research, and underwater robotics. We acknowl-
edge that image enhancement techniques could potentially be misused in surveillance scenarios,
but our design and experimental scope are limited to scientific and environmental use cases. We
therefore believe that this work adheres to the ICLR Code of Ethics.

7 REPRODUCIBILITY STATEMENT

We make extensive efforts to ensure the reproducibility of our work. Detailed descriptions of the
model architecture, training configuration, and hyper-parameters are provided in Sec. 3–4 of the
main paper and in the appendix. The paired and unpaired underwater datasets used in our exper-
iments are all publicly available. The implementation of our diffusion backbone and fine-tuned
vision–language model follows publicly available frameworks. In addition, ablation studies and
visual comparisons are provided to validate the stability and robustness of our framework.
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Yong Jeong, and Young-Heon Jo. A study on the monitoring of floating marine macro-litter using
a multi-spectral sensor and classification based on deep learning. Remote. Sens., pp. 4347, 2024.

Jingxia Jiang, Tian Ye, Sixiang Chen, Erkang Chen, Yun Liu, Shi Jun, Jinbin Bai, and Wenhao Chai.
Five A+ network: You only need 9k parameters for underwater image enhancement. In BMVC,
pp. 149–151, 2023.

Tero Karras, Miika Aittala, Timo Aila, and Samuli Laine. Elucidating the design space of diffusion-
based generative models. In NeurIPS, 2022.

Eunji Kim, Siwon Kim, Minjun Park, Rahim Entezari, and Sungroh Yoon. Rethinking training for
de-biasing text-to-image generation: Unlocking the potential of stable diffusion. In CVPR, pp.
13361–13370, 2025.

Lei Lei, Yu Zhou, and Jianxing Zhang. From extended environment perception toward real-time
dynamic modeling for long-range underwater robot. IEEE Trans. Robotics, pp. 3423–3441, 2025.

Chongyi Li, Chunle Guo, Wenqi Ren, Runmin Cong, Junhui Hou, Sam Kwong, and Dacheng Tao.
An underwater image enhancement benchmark dataset and beyond. IEEE transactions on image
processing, pp. 4376–4389, 2019a.

Chongyi Li, Saeed Anwar, and Fatih Porikli. Underwater scene prior inspired deep underwater
image and video enhancement. Pattern Recognit., 2020.

Hanyu Li, Jingjing Li, and Wei Wang. A fusion adversarial underwater image enhancement network
with a public test dataset. arXiv preprint arXiv:1906.06819, 2019b.

Haotian Liu, Chunyuan Li, Qingyang Wu, and Yong Jae Lee. Visual instruction tuning. In NeurIPS,
2023.

Shiben Liu, Huijie Fan, Qiang Wang, Zhi Han, Yu Guan, and Yandong Tang. Wavelet-pixel domain
progressive fusion network for underwater image enhancement. Knowledge-Based Systems, pp.
112049, 2024a.

Shuaixin Liu, Kunqian Li, Yilin Ding, and Qi Qi. Underwater image enhancement by diffusion
model with customized clip-classifier. Pattern Recognition, pp. 112232, 2025.

11



594
595
596
597
598
599
600
601
602
603
604
605
606
607
608
609
610
611
612
613
614
615
616
617
618
619
620
621
622
623
624
625
626
627
628
629
630
631
632
633
634
635
636
637
638
639
640
641
642
643
644
645
646
647

Under review as a conference paper at ICLR 2026

Ziwen Liu, Mingqiang Li, Congying Han, Siqi Tang, and Tiande Guo. Stdnet: Rethinking dis-
entanglement learning with information theory. IEEE Trans. Neural Networks Learn. Syst., pp.
10407–10421, 2024b.

Ilya Loshchilov and Frank Hutter. SGDR: stochastic gradient descent with warm restarts. In ICLR,
2017.

Yang Ou, Alireza Esmaeilzehi, M. Omair Ahmad, and M. N. S. Swamy. Uadiff: A deep underwa-
ter image enhancement network using generative diffusion prior and uncertainty-aware learning.
IEEE Trans. Geosci. Remote. Sens., pp. 1–14, 2025.

Karen Panetta, Chen Gao, and Sos Agaian. Human-visual-system-inspired underwater image quality
measures. IEEE Journal of Oceanic Engineering, pp. 541–551, 2015.

Lintao Peng, Chunli Zhu, and Liheng Bian. U-shape transformer for underwater image enhance-
ment. IEEE Trans. Image Process., pp. 3066–3079, 2023.

Yan-Tsung Peng and Pamela C Cosman. Underwater image restoration based on image blurriness
and light absorption. IEEE transactions on image processing, pp. 1579–1594, 2017.

Ethan Perez, Florian Strub, Harm de Vries, Vincent Dumoulin, and Aaron C. Courville. Film: Visual
reasoning with a general conditioning layer. In AAAI, pp. 3942–3951, 2018.

Dustin Podell, Zion English, Kyle Lacey, Andreas Blattmann, Tim Dockhorn, Jonas Müller, Joe
Penna, and Robin Rombach. SDXL: improving latent diffusion models for high-resolution image
synthesis. In ICLR, 2024.

Sangeeta Rani, Subhash Chand Agrawal, and Anand Singh Jalal. Multilevel approach for bright spot
removal, fine detail restoration, and color correction in underwater imagery. Journal of Electronic
Imaging, pp. 033038–033038, 2025.

Robin Rombach, Andreas Blattmann, Dominik Lorenz, Patrick Esser, and Björn Ommer. High-
resolution image synthesis with latent diffusion models. In CVPR, pp. 10674–10685, 2022.

KH Sanila, Arun A Balakrishnan, and MH Supriya. Underwater image enhancement using white
balance, usm and clhe. In SYMPOL, pp. 106–116, 2019.

Xiaowen Shi and Yuan-Gen Wang. Cpdm: Content-preserving diffusion model for underwater
image enhancement. Scientific Reports, pp. 31309, 2024.

Jingyu Song, Haiyong Xu, Gangyi Jiang, Mei Yu, Yeyao Chen, Ting Luo, and Yang Song. Frequency
domain-based latent diffusion model for underwater image enhancement. Pattern Recognit., pp.
111198, 2025.

Yi Tang, Hiroshi Kawasaki, and Takafumi Iwaguchi. Underwater image enhancement by
transformer-based diffusion model with non-uniform sampling for skip strategy. In ACM MM,
pp. 5419–5427, 2023.

Junjie Wen, Guidong Yang, Benyun Zhao, Dongyue Huang, Lei Lei, Bo Zhang, Zhi Gao, Xi Chen,
and Ben M Chen. A semi-supervised domain-adaptive framework for real-world underwater
image enhancement. IEEE Transactions on Geoscience and Remote Sensing, 2025.

Jiayi Wu, Tianfu Wang, Md Abu Bakr Siddique, Md Jahidul Islam, Cornelia Fermüller, Yiannis
Aloimonos, and Christopher A. Metzler. Single-step latent diffusion for underwater image restora-
tion. CoRR, abs/2507.07878, 2025.

Haisheng Xia, Binglei Bao, Fei Liao, Jintao Chen, Binglu Wang, and Zhijun Li. A patch-based
method for underwater image enhancement with denoising diffusion models. IEEE Trans. Cy-
bern., pp. 269–281, 2025.

Wending Xiang, Ping Yang, Shuai Wang, Bing Xu, and Hui Liu. Underwater image enhancement
based on red channel weighted compensation and gamma correction model. Opto-Electronic
Advances, pp. 180024–1, 2018.

12



648
649
650
651
652
653
654
655
656
657
658
659
660
661
662
663
664
665
666
667
668
669
670
671
672
673
674
675
676
677
678
679
680
681
682
683
684
685
686
687
688
689
690
691
692
693
694
695
696
697
698
699
700
701

Under review as a conference paper at ICLR 2026

Xinwei Xue, Jincheng Yuan, Tianjiao Ma, Long Ma, Qi Jia, Jinjia Zhou, and Yi Wang. Degradation-
decoupled and semantic-aggregated cross-space fusion for underwater image enhancement. Inf.
Fusion, pp. 102927, 2025.

Haosen Yang, Adrian Bulat, Isma Hadji, Hai X. Pham, Xiatian Zhu, Georgios Tzimiropoulos, and
Brais Martı́nez. FAM diffusion: Frequency and attention modulation for high-resolution image
generation with stable diffusion. In CVPR, pp. 2459–2468, 2025.

Miao Yang and Arcot Sowmya. An underwater color image quality evaluation metric. IEEE Trans-
actions on Image Processing, pp. 6062–6071, 2015.

Chen Zhao, Weiling Cai, Chenyu Dong, and Chengwei Hu. Wavelet-based fourier information
interaction with frequency diffusion adjustment for underwater image restoration. In CVPR, pp.
8281–8291, 2024.

Jingchun Zhou, Chunjiang Liu, Bing Long, Dehuan Zhang, Qiuping Jiang, and Ghulam Muhammad.
Degradation-decoupling vision enhancement for intelligent underwater robot vision perception
system. IEEE Internet of Things Journal, 2025.

13



702
703
704
705
706
707
708
709
710
711
712
713
714
715
716
717
718
719
720
721
722
723
724
725
726
727
728
729
730
731
732
733
734
735
736
737
738
739
740
741
742
743
744
745
746
747
748
749
750
751
752
753
754
755

Under review as a conference paper at ICLR 2026

A APPENDIX

In the appendix, we mainly give more details to further validate our proposed method. Specifically,
we analyze different caption conditions and plot the visualization of the feature modulation param-
eters to show how they dynamically guide the diffusion process. In addition, we also give more
qualitative results for both ablation study and comparison with state-of-the-art methods to show the
subjective performance of our model in various scenarios.

A.1 ANALYSIS OF DIFFERENT CAPTION CONDITIONS

Here, we mainly illustrate the effect of different caption sources on semantic guidance for SDXL
in Fig. 6. When directly applying pre-trained LLaVA with underwater or enhanced (PUGAN Cong
et al. (2023)) inputs, the generated captions usually contain redundant information or hallucinated
content (e.g., “black and white style,” “blurry blue background”), which provide weak or even mis-
leading color cues. In contrast, captions from our fine-tuned LLaVA are more concise and more
explicit about color difference (e.g., “coral richer orange-brown” or “water more blue”), and are
closer to the clean-domain semantics. To build reliable supervision, we use GPT-4 to generate the
ideal captions, which aims to describe consistent and domain invariant color shifts. Compared to
pre-trained LLaVA with clean inputs, captions from GPT-4 are more accurate and less misleading
towards irrelevant arts. Therefore, the results demonstrate that when using GPT-4 generated super-
vision to fine-tune LLaVA, we can get reliable semantic color alignment, which greatly improves
the controllability and fidelity of diffusion based UIE.

Input
G

T

Overall caption with pre-trained LLaVA  for underwater input: 
The image features a close-up view of a large sea animal, possibly a jellyfish or a sea anemone, 
floating in the ocean. The animal is surrounded by water, and its body is covered in white spots. The 
creature appears to be resting on the ocean floor, with its body occupying a significant portion of the 
image. The scene is captured in a black and white style, which adds a sense of depth and contrast to the 
image. The focus on the sea animal and its intricate details creates a captivating and artistic 
representation of the underwater world.

Overall caption with pre-trained LLaVA  for enhanced input (PUGAN): 
The image features a close-up view of a sea creature, possibly a jellyfish or a sea anemone, sitting in 
the water. The creature is positioned in the center of the frame, with its body occupying a significant 
portion of the image. The creature's body is covered in a pattern of white spots, giving it a unique and 
intricate appearance. The background of the image is a blurry blue, which adds to the focus on the sea 
creature and creates a sense of depth in the scene. The overall style of the image is artistic and captures 
the beauty of the underwater world.

Color difference caption with fine-tuned LLaVA for underwater input:
The image shifts from a muted tone to a more vibrant and saturated appearance. Coral @ center: richer 
orange-brown.  Water @ background: more blue. Sunlit area @ top-left: brighter white.  Coral surface 
details @ center: enhanced contrast and color depth. 

Color difference caption with GPT-4 with  for paired underwater and GT input:
The image shifts from a muted, warm cast to a clearer and cooler tone. Jellyfish @ center: deeper 
brown with more contrast. Background water @ entire frame: less green, more blue. Reflections @ left: 
brighter white.

Overall caption with Pre-trained LLaVA  for GT input:
The image features a close-up view of a large sea creature, possibly a jellyfish or a sea anemone, 
floating in the ocean. The creature is positioned in the center of the frame, with its body occupying a 
significant portion of the image. The creature's body is covered in numerous small white spots, giving 
it a unique and intricate appearance. The background of the image is a deep blue, emphasizing the 
vastness of the ocean and the creature's presence in its natural habitat. The overall style of the image is 
artistic and captivating, showcasing the beauty and complexity of the sea creature.

Color caption with GPT-4 for GT input:
A cool-toned underwater scene dominated by blues and browns. Jellyfish @ center: dark brown with 
pale white spots. Water @ background: muted blue-green. Object @ top-right: bright yellow.

Enhanced

Figure 6: Analysis of different captioning strategies on semantic guidance for SDXL.

The visual results in Fig. 7 present the effectiveness of using fine-tuned LLaVA captions as semantic
guidance for UIE. In each example, the input underwater image shows heavy color distortion, while
the ground truth provides the desired clean appearance. The captions produced by our fine-tuned
LLaVA accurately capture localized color differences (e.g., “diver’s wetsuit @ center: deeper black,”
“coral @ midground: pinkish hue,” “water @ entire frame: less green, more natual tones”), which
serve as domain-invariant semantic cues. When these captions are employed to guide SDXL for
high-quality generation, the enhanced outputs (last column) closely align with the ground truth in
both global color balance and localized corrections. Overall, the figure highlights that textual color
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difference captions effectively bridge the gap between degraded underwater inputs and clean-domain
reconstructions, ensuring both fidelity and controllability.

Color difference caption with fine-tuned LLaVA:
The image shifts from a greenish tint to a more balanced, natural color. 
Diver's glove @ center: deeper black. Submersible @ center-left: 
brighter white with red stripes. Hand @ center-right: more natural 
skin tone. Seabed @ bottom: warmer brown. Water column @ entire 
frame: less green, more blue. 

Input OursGT

Color difference caption with fine-tuned LLaVA:
The image shifts from a muted, reddish tint to a more vibrant and 
balanced color palette. Diver's wetsuit @ center: deeper black. Diver's 
mask @ center: bright silver. Snorkel tube @ center: vibrant yellow. 
Sand @ bottom-right: light beige. Water @ entire frame: clearer with 
a blue tint. Orange structure @ top-right: more vivid orange. Bubbles 
@ near diver: bright white. 

Color difference caption with fine-tuned LLaVA:
The image shifts from a muted, cool tone to a more vibrant and 
colorful appearance. Fish @ center: bright blue with vivid red.  Coral 
@ midground, center: pinkish hue.  Coral @ background, top-left: 
light beige.  Coral @ bottom-right: golden highlights.  Coral @ along 
right edge: deeper brown. Rocks @ bottom-left: enhanced warm 
brown. Water @ entire frame: less green, more natural tones. 

Figure 7: Visual examples with color difference caption generated by fine-tuned LLaVA on UIEB.

A.2 VISUAL COMPARISONS FOR ABLATION STUDY

The visual results for ablation study in Fig. 8 shows that Case1 brings severe color deviation.
Case2–3 reduce distortion yet introduce unnecessary artifacts. Case4 alleviates artifacts but appears
unnatural. Case5 and Case6 enhance details and smoothness respectively, though with residual
imbalance. Case7 achieves the best trade-off in color fidelity and structure preservation, producing
results closest to the ground truth, thus confirming the effectiveness of the proposed model.

Input

GTCase7

The image features a beautiful underwater scene with a blue and white sea creature, possibly a sea horse or a blue fish, sitting on the ocean floor. The creature is 
surrounded by a variety of rocks and coral, creating a vibrant and colorful environment. In addition to the main blue and white creature, there are several other fish 
visible in the scene, some of which are located near the top right corner of the image. The fish are of different sizes and colors, adding to the overall diversity and 
richness of the underwater landscape.

Case1 Case2 Case3 Case4

Case5 Case6

Figure 8: The visual comparisons for ablation study.

A.3 ANALYSIS OF FEATURE MODULATION PARAMETERS

Here, we give a more detailed analysis of the learned γ and β in the adaptive degradation-aware
feature modulation module. As illustrated in Fig. 9, we select 10 feature channels to present the
corresponding value variation of γ and β during the denoising process. It is observed that the
features of different channels can be scaled and shifted to varying degrees after transformation.
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Figure 9: The distribution curves of γ and β during the denoising process. Zoom in for better view.

A.4 QUALITATIVE RESULTS

In this subsection, we provide additional visual comparisons between our method and state-of-the-
art methods on UIEB, EUVP, C60 and U45 datasets. As illustrated in Fig. 10, Fig. 11, Fig. 12 and
Fig. 13, our results show more clear or comparable recovery performance compared to other SOTA
methods both in color fidelity and the texture details.

A.5 USE OF LLMS

Large Language Models (LLMs) were used to aid in the writing and polishing of the manuscript.
Specifically, we used an LLM to assist in refining the language, improving readability, and ensuring
clarity in various sections of the paper. The model helped with tasks such as sentence rephrasing,
grammar checking, and enhancing the overall flow of the text.

It is important to note that the LLM was not involved in the ideation, research methodology, or
experimental design. All research concepts, ideas, and analyses were developed and conducted by
the authors. The contributions of the LLM were solely focused on improving the linguistic quality
of the paper, with no involvement in the scientific content or data analysis.
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Figure 10: Visual comparisons of our CoDe with other state-of-the-art methods on UIEB dataset.
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Figure 11: Visual comparisons of our CoDe with other state-of-the-art methods on EUVP dataset.
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Figure 12: Visual comparisons of our CoDe with other state-of-the-art methods on C60 dataset.
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Figure 13: Visual comparisons of our CoDe with other state-of-the-art methods on U45 dataset.
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