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Abstract

Underwater images often exhibit dominant blue-green hues
due to wavelength-dependent light attenuation. While exist-
ing enhancement methods have achieved promising perfor-
mance, they typically overlook the subjective nature of vi-
sual preferences. To address this gap, we propose SDUIE,
a level-aware Semi-supervised Diffusion framework for Un-
derwater Image Enhancement that enables dual control
through both quantitative and textual inputs. SDUIE-Quant
allows continuous, numerical adjustment of enhancement
levels via low-rank adaptation weight merging within a
dual-branch diffusion model. This model comprises a su-
pervised branch trained on synthetic underwater-terrestrial
pairs and a self-supervised branch designed to preserve
the natural hues of real-world underwater scenes. Build-
ing on this, SDUIE-Text introduces intuitive, language-
guided control by aligning semantic prompts with visual
enhancement effects, leveraging the learned fusion weights.
This dual-modality design offers both precise control and
flexible, user-preferred enhancement. Experimental re-
sults demonstrate that SDUIE achieves state-of-the-art re-
sults while better preserving the aesthetic qualities often
missed by conventional methods. The source code is in
https://github.com/Xiaofeng-life/SDUIE.

1. Introduction
Underwater photography is an essential topic for ocean ex-
ploration and documentation. However, due to the influ-
ence of water molecules and suspended particles, under-
water images often suffer from color cast [19, 23, 25, 31,
41, 48, 49, 51, 56]. Underwater light transmission exhibits
strong wavelength dependence, where rapid attenuation of
red and yellow wavelengths contrasts with relatively stable
green and blue transmission, resulting in the characteristic
blue-green hue of underwater imagery [17, 22, 33, 54].
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Currently, underwater image enhancement methods
mainly divide into two types, namely the non-deep learning-
based [2, 10, 32, 39, 40, 66, 70] and deep learning-based al-
gorithms [1, 16, 45]. The non-deep learning-based methods
primarily adopt digital image processing algorithms, imag-
ing models, statistical observations, and prior assumptions
[34, 60, 70]. However, due to the complexity of the real-
world underwater scenes, the color correction performance
of prior-based methods may be limited [5, 67].

The deep learning-based algorithms mainly employ neu-
ral networks to learn the mapping from distorted to clean
images [43, 47]. Various network architectures have been
carefully designed. For instance, approaches based on the
CNN [28], Transformer [31, 41], GAN [50], Flow [61], and
Diffusion mechanisms [42, 62]. Meanwhile, objective met-
rics [8, 29] for evaluation have been explored for the as-
sessment of enhancement algorithms [21, 27, 65]. Quanti-
tative and visual evaluations indicate that underwater vision
research has been advanced by these well-designed algo-
rithms. However, as stated in [4, 5, 18], algorithms that only
provide fixed outputs may be inadequate for addressing the
inherently ill-posed nature of underwater imaging.

To provide diverse enhancement results, CECF [5] and
PWAE [18] explore style controllable outputs under differ-
ent guidance images. However, they lack explicit control
over the enhancement degree, which is a key factor influ-
encing human perception. As established by [4], preser-
vation of appropriate blue-green tones is crucial for main-
taining underwater image characteristics, given the sub-
stantial variation in human preferences. For enhancement
methods with the fixed-level enhancement result, they may
suffer from the limitation of under-enhancement or over-
enhancement [4]. Therefore, [4] designs a multi-domain
translation method to generate images with different en-
hancement levels, but its latent space represents a broad
range of style informations. Besides, it cannot accept text-
mode instructions. These constraints highlight the ongoing
challenge, which can adaptively adjust enhancement levels
according to human perceptual requirements.
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Figure 1. The enhancement results obtained by SDUIE-Quant under different fusion factors α and SDUIE-Text under different prmopts.
Unlike existing methods that provide fixed outputs, SDUE enables dual control through both quantitative and textual inputs.

To this end, we propose a level-aware Semi-supervised
Diffusion framework for Underwater Image Enhancement
(SDUIE) with dual-modality controllability for balancing
enhancement effects as shown in Fig. 1. The SDUIE-Quant
enables continuous adjustment of enhancement intensity via
low-rank adaptation weight merging [11, 59], which adopts
a semi-supervised training strategy under a shared latent
space diffusion model. The SDUIE-Text can perceive hu-
man instructions to generate enhanced images with differ-
ent levels by utilizing the level-aware image-text pairs ob-
tained by SDUIE-Quant. This dual-modality approach pro-
vides flexible enhancement tuning while maintaining robust
performance across diverse underwater scenes. The overall
contributions of this paper include
• We design a diffusion-based semi-supervised underwater

image enhancement framework SDUIE, which supports
both precise quantitative control (SDUIE-Quant) and in-
tuitive text manipulation (SDUIE-Text) of enhancement
levels. Quantitative and visual evaluation on real-world
underwater images verifies its effectiveness.

• We propose a dual-branch latent space diffusion net-
work for precise numerical control of enhancement lev-
els, namely SDUIE-Quant, where one branch maintains
hue consistency across domains while the other performs
enhancement. Our synthetic-to-real adaptation strategy
combines physically-based underwater image synthesis
with shared latent space training on both synthesized and
real-world data for better generalization.

• We introduce a prompt-guided modulation method for
semantic manipulation of enhancement levels, namely
SDUIE-Text, which establishes direct mappings between
natural language instructions and visual enhancement ef-
fects. It leverages the learned fusion representations and
image-prompt pairs that provided by SDUIE-Quant, ex-
tending our framework’s controllable enhancement capa-
bilities to semantic-level operation.

2. Related Work
Non-deep learning-based algorithms. Underwater image
enhancement represents a long-standing challenge in com-
puter vision research [39, 68]. Based on image processing
algorithms, statistical assumptions, and prior knowledge of

underwater imaging, a variety of effective algorithms have
been proposed [34, 60, 70]. ULAP [39] designs an under-
water light attenuation prior, which can facilitate underwa-
ter depth estimation and thus solve for clear images from
imaging models. HLRP [70] proposes a hyper-laplacian re-
flectance prior, which turns a complex underwater image
enhancement issue into simple subproblems. However, due
to the complexity of the real world, prior-based methods
may have limited correction capabilities [5, 67].

Deep learning-based algorithms. The data-driven learn-
ing capacity of deep neural networks has propelled sub-
stantial progress in underwater image enhancement, with
diverse network architectures being developed [19, 23, 25,
31, 41, 48, 49, 51, 56, 69]. Shallow-UWNet [28] uses naive
convolution and cross-layer connections to build an end-
to-end underwater image enhancement network. Semi-UIR
[13] utilizes the teacher-student knowledge-guided strategy
to update the parameters of the asymmetric illumination-
aware multi-scale network. SMDR-IS [55] proposes syn-
ergistic multi-scale detail refinement based on the intrin-
sic supervision, which can achieve multi-scale detail refine-
ment and minimize the interference from irrelevant infor-
mation. HCLR-Net [67] designs a hybrid attention module
to extract and process underwater distortion features, along
with a contrast regularization strategy that can promote
high-quality feature learning. CPDM [38] takes the diffu-
sion model as its fundamental model and builds a content-
preserving framework to improve the scene restoration ef-
fect through content-aware training. DM-UIE [42] applies
the Transformer architecture to conditional denoising diffu-
sion probabilistic models and designs a non-uniform sam-
pling strategy. WF-Diff [62] combines the Fourier trans-
form and diffusion model [37, 44, 46] to improve the ability
to restore details. Existing image enhancement algorithms
have achieved impressive quantitative evaluation perfor-
mance on baseline datasets. However, a topic that has been
rarely studied is how to provide users with diverse enhance-
ment results with specific semantics, thereby satisfying the
subjective evaluation preferences of different users.

Algorithms that can provide diverse outputs. Under-
water image enhancement is an ill-posed problem, where
the perfect enhancement result may not exist. In addition

37424



Algorithm 1 SDUIE-Quant Training & Inference

1: Initialize:
LoRA weights: θ = {θA, θB}
Encoder Paths: {Eie, Eir} equip {θieE , θirE }
Diffusion Path: U equip θU
Decoder Paths: {Die,Dir} equip {θieD , θirD}
Discriminate Paths: Kie by Θie

K , Kir by Θir
K

2: Training Phase:
3: for step = 1 to Total Steps do
4: Sample {yi}Bi=1 ∼ p(y), {xir}Bi=1 ∼ p(xr)
5: # Image Enhancement:
6: Compute {yi}Bi=1 → {xis}Bi=1 # Eq. 3
7: Compute xs → Eir → U → Die → ŷxs
8: Update θirE , θU , θ

ie
D via ∇Liep # Eq. 4

9: Compute y → Kie and ŷxs → Kie
10: Update θirE , θU , θ

ie
D ,Θ

ie
K via ∇Liea # Eq. 5

11: # Hue Preservation:
12: for x ∈ {xs, xr} do
13: Compute x→ Eir → U → Dir → x̄
14: Compute x→ Kir and x̄→ Kir
15: Update θirE , θU , θ

ir
D ,Θ

ir
K # Eq. 6, 8, 9, 11

via∇(
∑
Lirp,x + λ2

∑
Lira,x)

16: end for
17: Compute y → Eie → U → Die → ȳ
18: Compute y → Kie and ȳ → Kie
19: Update θieE , θU , θ

ie
D ,Θ

ie
K # Eq. 7, 10

via ∇(
∑
Lirp,y + λ2

∑
Lira,y)

20: end for
21: Inference Phase:
22: Require image xr, fusion factor α ∈ [0, 1]
23: Compute S(θieD , θ

ir
D ;α)→ Dm # Eq. 13

24: Compute xr → Eir → U → Dm → ŷα
25: return ŷα

to the above studies that provide a single enhancement re-
sult, recent studies have attempted to design algorithms that
can provide diverse visual results. PWAE [18] designs a
Wasserstein autoencoder network that can obtain a 2D la-
tent space style representation, which generates restoration
results of corresponding styles through different style guid-
ance images. Utilizing the separation of color and content,
CECF [5] uses images with long-wavelength color as guid-
ance to obtain color-adjustable underwater enhancement ef-
fects of organisms. UIESS [4] proposes to control the de-
gree of image enhancement by manipulating the style la-
tent space. However, the latent space of UIESS represents
a wide range of style information. Different from the re-
search of UIESS, PWAE, and CECF, this paper explores
how to utilize the prior knowledge of the pre-trained diffu-
sion model to implement both precise numerical control and
intuitive semantic manipulation of the enhancement level
during the enhancement process.

3. Methods
A. Overall framework. Fig. 2 presents the overall frame-
work of our SDUIE. SDUIE-Quant employs a dual-branch
design with separate reconstruction and enhancement de-
coders for preserving natural tones while enhancing the im-
age. It bridges the synthetic-real domain gap by combining
physically-guided underwater image simulation with shared
latent space training. The synthetic and real-world under-
water dataset are denoted as Sxs = {xis}Ni=1 and Sxr =
{xir}Mi=1. The real-world terrestrial dataset is Sy = {yi}Ni=1.
And xs, xr, y ∈ RH×W×C , where H , W , and C denote
height, width, and channels, respectively. The encoder Eie
is responsible for the feature encoding of y, while the Eir
is used for the encoding of xs and xr. The decoder Die is
used for image enhancement of simulated underwater im-
ages (xs) and hue preservation of terrestrial images (y). Dir
is employed to the hue preservation of simulated (xs) and
real-world (xr) underwater images. Encoders {Eie, Eir}
and decoders {Die,Dir} share the same UNet U in latent
space. The fixed prompt of SDUIE-Quant is denoted as p,
while the prompt representing different enhancement levels
of SDUIE-Text is marked as pα.

The encoder E ′

ir, latent space diffusion model U ′
,

and decoder D′

ie of SDUIE-Text are initialized from the
SDUIE-Quant. Building on the enhanced images obtained
by SDUIE-Quant and the constructed human instructions
pairs, SDUIE-Text learns text-semantic to enhancement-
level mappings through image-text matching fine-tuning,
enabling natural language-based control of enhancement.
B. Preliminary. The proposed SDUIE takes the diffusion
model [30, 36] as the backbone, and fine-tunes the pre-
trained model by low-rank adaptation (LoRA) [6]. The la-
tent space diffusion model [35] is trained by

L = EE(x),p,ε∼N(0,1),t[‖ε− εθ(zt, t, τθ(p))‖22], (1)

where t, zt, ε, εθ, and τθ are the time step, latent variable,
noise from Gaussian N(0, 1), estimated noise, and domain
specific encoder, respectively. E(x) is the encoder for the
input image x. The weight matrixW ∈ Rn×m of the pre-
trained model can be updated toW∗ =W +BA by LoRA,
where B ∈ Rn×r, A ∈ Rr×m and r denotes the rank. The
merge of LoRAs [63] with balance factors ζie and ζir is

W∗ =W + (ζie × BieAie + ζir × BirAir). (2)

C. Training and inference of SDUIE-Quant. During
SDUIE-Quant training, the model’s parameter updates are
guided by both simulated (xs) and real-world (xr) under-
water images. The framework employs a dual-path archi-
tecture: (1) an image enhancement path, which learns to
transform simulated underwater images into ground-truth-
like outputs, and (2) a hue preservation path, which is ded-
icated to self-reconstruction tasks. The complete training
and inference workflow operates as follows.
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Figure 2. Training and inference of the Proposed SDUIE Framework. Our framework comprises two key components: SDUIE-Quant for
precise numerical control, and SDUIE-Text for semantic-level control via natural language. They are built upon a shared latent space and
a synthetic-to-real adaptation strategy, which utilizes both synthetic and real-world data to achieve robust enhancement.

C.1 Image enhancement path. For training the image en-
hancement decoder, high-quality reference images are es-
sential. We utilize real-world terrestrial images as ground
truth labels, generating corresponding underwater images
through a physics-based simulation pipeline. This employs
a color distortion-aware imaging model [58] built upon es-
tablished underwater imaging principles [7, 9], mathemati-
cally formulated as:

xs(c) = η(c) ◦ [y(c) ◦ e−βd + L(c) ◦ (1− e−βd)], (3)

where ◦ represents pixel-wise multiplication and c indicates
the channel index. The model incorporates four key param-
eters: depth map d ∈ RH×W , scattering coefficient β ∈ R1,
environmental light L ∈ R3, and color distortion vector
η ∈ R3 (derived from manually selected underwater color
patches). Following standard underwater enhancement ap-
proaches, SDUIE-Quant performs color correction through
its enhancement path Eir → U → Die when processing
simulated images. The transformation is optimized using
a pixel-wise (subscript p) loss function between enhanced
outputs and ground truth references, formulated as:

Liep,xs = E(xs,y)∼p(xs,y)||Die(U(τθ(p), Eir(xs)))− y||1.
(4)

Moreover, to optimize the quality of enhanced outputs, we
implement joint training of the discriminator Kie and dif-
fusion model, with the adversarial (subscript a) loss formu-
lated as:

Liea,xs = Ey log[Kie(y)]+Exs log[1−Kie(Die(Hsir))], (5)

whereHsir = U(τθ(p), Eir(xs)).
C.2 Hue preservation path. While the image enhancement
path demonstrates strong performance on synthetic data, its
generalization to real-world underwater images may be con-
strained by the domain gap. To bridge this limitation, we in-
corporate a self-reconstruction mechanism that enables the
encoder and diffusion model in latent space to learn authen-
tic underwater patterns through dual processing pathways:
Eir → U → Dir and Eie → U → Die. The reconstruction
losses for both simulated (xs) and real-world (xr, y) images
are formally defined as:

Lirp,xs = Exs∼p(xs)||Dir(U(τθ(p), Eir(xs)))− xs||1, (6)

Lirp,y = Ey∼p(y)||Die(U(τθ(p), Eie(y)))− y||1, (7)

Lirp,xr = Exr∼p(xr)||Dir(U(τθ(p), Eir(xr)))− xr||1. (8)

By sharing the diffusion model U across all encoder-
decoder pairs, our framework achieves latent space align-
ment between synthetic and real-world image representa-
tions. Furthermore, we employ adversarial training to op-
timize the reconstruction process across various domains,
with the corresponding loss formulated as:
Lira,xs = Exs log[Kir(xs)] + Exs log[1−Kir(Dir(Hsir))], (9)

Lira,y = Ey log[Kie(y)] + Ey log[1−Kie(Die(Hrie))], (10)

Lira,xr = Exr log[Kir(xr)] + Exr log[1−Kir(Dir(Hrir))], (11)

where Hrie = U(τθ(p), Eie(y)), Hrir = U(τθ(p), Eir(xr)),
and Kir denote the discriminator for hue preservation path.
C.3 Total losses. The overall loss function is derived from
the joint optimization objectives of both the image enhance-
ment and hue preservation pathways, formulated as:

Lall =Liep,xs + Liea,xs + λ1(Lirp,xs + Lirp,y + Lirp,xr )
+ λ2(Lira,xs + Lira,y + Lira,xr ),

(12)
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(a) Input (b) MIP (c) SMBL (d) IBLA (e) ULAP (f) HLRP (g) Semi-UIR

(h) UIE-DM (i) CECF (j) HCLRNet (k) CDF (l) MFEN (m) Ours-Quant (n) Ours-Text

Figure 3. Visual comparisons of SDUIE with other underwater image enhancement methods.

where λ1 and λ2 are the weight factors. During the train-
ing process, we update the parameters of different networks
alternately. The details of the training process are given in
Algorithm 1.
C.4 Inference stage. During inference, SDUIE-Quant pro-
cesses the real-world underwater image xr to extract latent
space features ziexr = U(τθ(p), Eir(xr)). Enhancement de-
gree control is achieved through LoRA weight merging be-
tween the two decoders, balancing feature strengths from
both the image enhancement and hue preservation. Spheri-
cal interpolation [15] is used to replaces the second term in
Eq. 2 for specific layers. Given layer weights ωie in Die
and ωir in Dir, the merging weight Dm is obtained by:

S(ωie, ωir;α) = ωir
sin((1− α)θ)

sin θ
+ ωie

sin(αθ)

sin θ
, (13)

where θ = arccos(ωie · ωir). The fusion factor α ∈ [0, 1]
controls the ratio between components, with α = 0 corre-
sponding to pure hue preservation by Dir and α = 1 repre-
senting complete enhancement by Die.
D. Training and inference of SDUIE-Text. Build-
ing on SDUIE-Quant, SDUIE-Text extends the frame-
work by adding prompt-conditioned enhancement capabil-
ity. SDUIE-Text consists of three components initialized
from SDUIE-Quant: encoder E ′

ir, diffusion model U ′
, and

decoder D′

ie. The training process employs an interpolated
dataset Sŷ = {ŷα, pα} with enhancement levels generated
via LoRA merge, where text prompts pα follow the format
“Enhance this image by level.”. This design enables
SDUIE-Text to associate text descriptions with specific en-
hancement effects. The training and inference workflow
proceeds as follows.
D.1 Training stage. During the training of SDUIE-Text, xr
is sampled from Sxr and an enhancement level ŷα is ran-

domly sampled from Sŷ . Through this enhancement pro-
cess, SDUIE-Text is able to learn different levels of en-
hancement degrees represented by the prompt pα. The pixel
wise loss and adversarial loss under the discriminator K′

ie
are formulated as L

ie′
p,ŷ = E(xr,ŷα)||D

′
ie(H

′
ir)− ŷα||1, (14)

Lie
′

a,ŷ = Eŷα log[K
′
ie(ŷα)] + Exr log[1−K

′
ie(D

′
ie(H

′
ir))], (15)

whereH′

ir = U ′
(τθ(pα), E ′

ir(xr)).
D.2 Inference stage. During the inference process of
SDUIE-Text, users can change the degree of color enhance-
ment directly through the prompt template, such as “En-
hance this image by level.”. Other calculations during
inference are consistent with SDUIE-Quant.

4. Experiments
Data preparation. The real-world indoor images are se-
lected as labels [64]. 1001 pairs of images are synthesized
using Eq. 3. The datasets used for comparison enhance-
ment results include UCCS [24], EUVP [14] (the test set),
U45 [20], and challenging-60 [19].
Comparisons and evaluations. Comparisons methods in-
clude MIP [2], SMBL [40], IBLA [32], ULAP [39], HLRP
[70], Semi-UIR [13], UIE-DM [42], CECF [5], HCLRNet
[67], CDF [57], and MFEN [3]. The training data of the
learning-based algorithms are from [19]. Since CECF and
HLRP can only perform fixed-size inference, the calcula-
tion of metrics is unified to 256× 256. The widely adopted
UIQM [29], UCIQE [52], and URANKER [8] are used as
evaluation metrics.
Implementation details. The batch size is set to 1. The
Adam optimizer is used. The LoRA ranks [12, 26, 53] of
UNet U and VAE (encoders and decoders) are set to 8 and
4, respectively. The weight factors λ1 and λ2 are set to
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Table 1. Quantitative evaluation results, where red and blue denote the best and second best.

Method Challenge-60 U45 UCCS EUVP
UIQM UCIQE URANKER UIQM UCIQE URANKER UIQM UCIQE URANKER UIQM UCIQE URANKER

MIP 3.627 0.537 0.099 3.875 0.570 0.110 2.465 0.506 -0.597 2.904 0.562 0.495
SMBL 3.863 0.579 0.870 3.544 0.602 0.771 4.048 0.565 1.853 3.470 0.608 1.298
IBLA 3.474 0.577 0.441 2.770 0.592 0.522 2.480 0.531 -0.216 2.898 0.579 0.929
ULAP 4.152 0.567 -0.081 3.550 0.596 -0.126 2.810 0.517 -0.086 3.705 0.587 0.801
HLRP 4.392 0.644 1.370 4.908 0.601 1.364 4.760 0.646 1.299 4.491 0.655 1.917
Semi-UIR 4.098 0.576 1.417 4.431 0.599 2.032 4.049 0.549 1.335 3.660 0.597 1.818
UIE-DM 3.874 0.563 1.531 4.097 0.597 1.983 4.166 0.567 1.468 3.652 0.598 1.897
CECF 4.127 0.572 1.501 4.354 0.591 2.013 4.286 0.553 1.474 3.681 0.590 1.792
HCLRNet 4.100 0.565 1.253 4.293 0.602 1.970 3.935 0.537 1.088 3.680 0.586 1.706
CDF 3.757 0.571 1.467 3.851 0.593 1.873 3.971 0.552 1.549 3.490 0.588 1.880
MFEN 4.263 0.578 1.400 4.427 0.605 1.994 4.280 0.557 1.408 3.940 0.595 1.790
SDUIE-Quant 5.010 0.598 1.850 5.501 0.600 2.478 5.351 0.563 2.481 4.966 0.604 2.292
SDUIE-Text 4.750 0.611 1.895 4.991 0.620 2.492 5.320 0.558 2.297 4.728 0.609 2.373

Figure 4. Visual results of SDUIE-Quant under different fusion factor α.

1. The total steps for SDUIE-Quant and SDUIE-Text are
10000 and 5000, respectively. The learning rate is 0.0001.

4.1. Comparison with other enhancement methods
The quantitative results in Table 1 demonstrate that the per-
formance of SDUIE is competitive compared to existing
underwater image enhancement algorithms. Meanwhile,
the results obtained by SDUIE-Quant and SDUIE-Text are
quite close (for fair comparison, the enhancement level of
SDUIE-Quant and SDUIE-Text are set to 1.0 and “ten”
in the experiments). Fig. 3 compares the visual effects of
the proposed SDUIE with other underwater image enhance-
ment algorithms. More visualization results are in the Sup-
plementary Materials. The visual results show that MIP,
IBLA, and ULAP may not effectively deal with the blue
effect of underwater images. SMBL, HLRP, and CECF
tend to be with under-enhancement. The brightness of the
enhanced images for blue scenes by UIE-DM and HCLR-
Net is reduced. The color correction capabilities of exist-
ing methods have certain limitations. Overall, the proposed
SDUIE has a better enhancement effect on color and de-
tails. Quantitative and visual results verify the effectiveness
of the proposed method.

4.2. Level-aware enhancement results
Analysis of SDUIE-Quant. Fig. 4 illustrates the pro-
gressive enhancement effects achieved by varying the fu-
sion factor α. Two key observations emerge: (1) en-

hancement intensity scales proportionally with α values,
and (2) the dominant blue-green hue systematically tran-
sitions toward terrestrial images. These visual results con-
firm SDUIE-Quant’s capability to generate controllable en-
hancement outputs across a continuous adjustment. Ta-
ble 2 presents the corresponding quantitative analysis using
UIQM, UCIQE, and URANKER metrics. The data reveals
a strong positive correlation between α values and objec-
tive scores, demonstrating that enhancement intensity can
be effectively calibrated. This dual validation (visual and
metric-based) confirms the SDUIE-Quant’s effectiveness in
producing tunable enhancement results.
Analysis of SDUIE-Text. The text-guided enhancement
capability of SDUIE-Text is demonstrated in Fig. 5, where
varying prompts produce corresponding enhancement ef-
fects. This visual evidence confirms the model’s success-
ful interpretation of semantic instructions for enhancement.
Quantitative analysis in Table 3 reveals a consistent posi-
tive correlation between the enhancement level specified in
the prompts and the measured objective metrics. The pro-
gressive improvement in evaluation scores with increasing
enhancement intensity further validates the effectiveness of
SDUIE-Text’s prompt-based control mechanism.
Objective assessment. As mentioned in the section Intro-
duction, there may be subjective diversity when evaluating
the degree of enhancement levels, resulting in different pref-
erences for over-enhancement and under-enhancement. To
this end, we select different real-world underwater scenes
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Table 2. Evaluation results under different fusion factors of SDUIE-Quant.

Data Metrics 0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

UCCS

UIQM ↑ 1.501 1.662 1.905 2.252 2.740 3.395 4.073 4.609 4.996 5.239 5.351
UCIQE ↑ 0.488 0.488 0.490 0.496 0.506 0.519 0.529 0.538 0.550 0.558 0.563

URANKER ↑ -1.415 -1.228 -0.924 -0.469 0.157 0.905 1.545 1.993 2.274 2.422 2.481

EUVP

UIQM ↑ 2.135 2.259 2.483 2.798 3.208 3.697 4.172 4.529 4.810 4.950 4.966
UCIQE ↑ 0.506 0.508 0.515 0.527 0.544 0.561 0.572 0.581 0.591 0.599 0.604

URANKER ↑ -0.520 -0.341 -0.031 0.391 0.900 1.429 1.798 2.005 2.132 2.225 2.292

Figure 5. Visual results of SDUIE-Text under prompts with different semantics of enhancement levels.

Table 3. Evaluation results under different levels of SDUIE-Text
on the EUVP dataset.

Metrics one two three four five

UIQM ↑ 2.659 2.784 3.071 3.362 3.873

UCIQE ↑ 0.535 0.546 0.564 0.577 0.591

URANKER↑ 0.382 0.670 1.154 1.544 1.941

Metrics six seven eight nine ten

UIQM ↑ 4.182 4.369 4.547 4.703 4.728
UCIQE ↑ 0.597 0.601 0.604 0.607 0.609

URANKER↑ 2.149 2.247 2.306 2.348 2.373

with various color cast effects and employ SDUIE-Text to
generate the enhanced images with different enhancement
levels. Four volunteers with no image processing experi-
ence participated in the image quality evaluation (because
the purpose of this experiment is to verify the subjective in-
consistency of different volunteers, and the results in Fig. 6
have verified this, we did not look for more volunteers).
The results in Fig. 6 show that human subjective choices
are not as stable as objective evaluation metrics. Humans
may subjectively support that appropriate retention of blue-
green tones can maintain the beauty of the image.
The change of red channel under different enhancement
levels. As the underwater depth increases, the proportion
of the red component in the image gradually decreases.
Therefore, an important purpose of the underwater image
enhancement algorithm is to enhance the intensity of the
red channel. Fig. 7 calculates the change in the mean pixel
value of the red channel. The results show that with the in-
crease of the enhancement levels, the red component can be
effectively enhanced.
Summary. Quantitative and visual results verify that
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Figure 6. Subjective scores of the best enhancement effects for
different scenes (x-axis).
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Figure 7. The pixel mean of red channel under different α (x-axis).
With the increase of the enhancement levels, the red component
can be effectively enhanced.

Table 4. Quantitative ablation results.

Metrics w/o SS w/o IS w/o AT Ours
UIQM ↑ 5.220 4.152 5.173 5.351
UCIQE ↑ 0.560 0.563 0.559 0.563

URANKER ↑ 2.204 1.606 1.771 2.481

SDUIE-Quant and SDUIE-Text can effectively control the
enhancement levels of underwater images.

4.3. Ablation study and discussions
Analysis of the semi-supervised processes. In the training
process of SDUIE, a semi-supervised method combining
synthetic and real-world images is adopted. Fig. 8 shows
that after removing the semi-supervised training (w/o SS),
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Table 5. Inference speeds of different methods.

Method MIP SMBL IBLA ULAP HLRP

Time (ms) 312.5 306.3 391.8 549.2 163.3

Method HCLR UIE-DM CDF MFEN SDUIE

Time (ms) 83.5 205.4 42.3 34.6 83.4
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Figure 8. Ablation study of the semi-supervised (w/o SS) and im-
age synthesis (w/o IS).

the color correction ability is obviously limited, and the
clarity of the scene is reduced. Meanwhile, Table 4 also
verifies the importance of the semi-supervised training.
Analysis of our synthetic dataset. To make the enhance-
ment results close to terrestrial imaging, we construct a sim-
ulated dataset using terrestrial images. To verify the effec-
tiveness of this data simulation process, we train SDUIE on
the UIEB dataset [19] rather than our image synthesis (w/o
IS) pipeline. The visual results in Fig. 8 show that with-
out IS, the color cast with blue effects in the image cannot
be effectively suppressed. Moreover, quantitative results in
Table 4 also demonstrate the necessity of IS.
Analysis of adversarial losses. We remove theKie andKir
for adversarial training (w/o AT) and display the quantita-
tive results in Table 4, which suggests that adversarial loss
is beneficial to the quality of generated images. The visual
results is in Supplementary Materials.
Spherical interpolation and linear interpolation. The in-
terpolation process of SDUIE-Quant uses spherical inter-
polation to merge the two LoRA weights for convolution
layers. In order to verify which method is better, we com-
pare the visual effects obtained by spherical interpolation
and linear interpolation as shown in Fig. 9. Visual results
show that linear interpolation may cause overexposure in
local areas of the image, while spherical interpolation ex-
hibits better smoothness for brightness gradients. More vi-
sual results under different underwater image datasets are in
the Supplementary Materials.
Evaluation of the inference speed. The evaluation results
of inference speeds for different underwater image enhance-
ment algorithms are presented in Table 5. SDUIE achieves
a competitive inference speed, which is attributable to its
efficient single-step diffusion design.
Diversified level description templates. To further investi-
gate the impact of prompts on SDUIE-Text’s performance,
the SDUIE-Text is trained using 100 description templates,

(a) Input (b) Linear (c) Spherical

Figure 9. Comparison of the visual effects of different interpola-
tion methods, where α = 0.6.

Table 6. Results under different prompts on U45 dataset.

Metrics T0 T1 T2 T3 T4 T5

UIQM ↑ 4.991 4.968 4.957 4.986 4.916 4.945

UCIQE ↑ 0.620 0.623 0.619 0.620 0.622 0.620

URANKER↑ 2.492 2.325 2.577 2.694 2.435 2.497

with additional tested prompt-level templates is constructed
for evaluation, including “T0: Enhance this image by
level.” (Table 1), “T1: Refine the underwater picture to
achieve levels of enhancement.”, and “T2: Raise un-
derwater image clarity to level for a better look.”. T3,
T4 and T5 are in the Supplementary Materials. Correspond-
ingly, we evaluate the level control performance of SDUIE-
Text. Table 6 shows the metric values obtained with dif-
ferent prompt templates (with the level of ten). The re-
sults demonstrate that SDUIE-Text can effectively perform
the enhancement process under different prompts. We fur-
ther experiment with two additional large language mod-
els to construct the prompt set. The UIQM, UCIQE, and
URANKER metrics on Challenge-60 are (1) 4.744, 0.610,
and 1.894, and (2) 4.749, 0.611, and 1.896, respectively.
The results indicate that the performance across different
language models is comparable.

5. Conclusions

In this paper, different from existing studies, we study how
to control the degree of enhancement of underwater images.
A novel semi-supervised diffusion framework for underwa-
ter image enhancement, named SDUIE, is proposed. The
SDUIE-Quant enables continuous enhancement adjustment
through low-rank adaptation weight merging. The dual-
branch architecture of SDUIE-Quant combines synthetic
data learning with real-world image reconstruction through
a shared latent space, effectively maintaining underwater
scene characteristics. The SDUIE-Text is trained under
the fusion results obtained by low-rank weight merging
and provides semantic-level control via natural language
instructions. Experimental results demonstrate the frame-
work’s effectiveness in producing high-quality enhance-
ments while preserving natural underwater color tones.
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