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Abstract

Underwater image enhancement is an ill-posed inverse
problem due to wavelength-dependent absorption, scatter-
ing, and spatially varying illumination. The problem fur-
ther becomes complicated by the lack of paired supervision
and the ambiguity of visually plausible restorations. Ex-
isting unsupervised methods often rely on heuristic priors
or pixel-wise constraints that fail to preserve multi-scale
structural consistency. In this work, we propose Adaptive
Multi-Scale Structural Consistency Loss (AdaMSCoL), a
novel unsupervised training objective that enforces struc-
tural fidelity across spatial scales. AdaMSCoL integrates
cross-scale patch correlation, self-reconstruction consis-
tency, and adaptive prior regularization to jointly preserve
local structures, global intensity distributions, and percep-
tual naturalness. Our experiments on multiple underwater
benchmarks demonstrate that AdaMSCoL significantly im-
proves structural preservation, color realism, and percep-
tual quality compared to existing unsupervised objectives,
emphasizing it as a strong generic loss for underwater im-
age enhancement tasks.

1. Introduction

Underwater image enhancement (UIE) plays a crucial role
in enabling reliable underwater vision for applications such
as marine exploration, autonomous underwater robotics,
and biological monitoring [20, 22, 31]. Unlike in-air
imaging, underwater imaging is inherently challenging due
to wavelength-dependent absorption and scattering, which
cause severe color distortion, low contrast, haze, and the
loss of fine structural details [11, 39, 57]. These degra-
dations not only reduce perceptual quality but also signif-
icantly impair the performance of downstream vision tasks,
including object detection, semantic segmentation, and fea-
ture tracking [21, 48]. Consequently, robust UIE methods
are essential to ensure both visually appealing reconstruc-
tions and reliable task performance in diverse underwater

conditions.
Classical UIE approaches typically rely on physical mod-
els of light propagation or hand-crafted priors to invert the
degradation process [11, 14, 19]. These methods estimate
parameters such as attenuation coefficients, backscatter, and
transmission maps, or apply heuristic enhancement rules
derived from domain knowledge. While such methods can
yield satisfactory results in controlled or laboratory envi-
ronments, they struggle to generalize to real-world under-
water scenes where water types, depth, turbidity, and il-
lumination vary widely [16, 33]. The limited adaptability
of prior-based methods often leads to residual color casts,
over- or under-enhanced regions, and loss of structural de-
tails in complex scenes.
Recently, deep learning–based approaches have demon-
strated improved robustness and flexibility by learning en-
hancement mappings directly from data [8, 9, 17, 30, 49].
Despite their success, most existing methods adopt de-
terministic training with pixel-wise losses or single-scale
structural metrics such as SSIM [53]. While these objec-
tives encourage local or global reconstruction fidelity, they
fail to adequately capture the multi-scale and spatially vary-
ing nature of underwater degradations. As a result, en-
hanced images often suffer from over-smoothing, texture
distortion, or unnatural color artifacts, particularly in re-
gions with severe scattering or complex illumination pat-
terns [22, 58]. The abovementioned limitation emphasizes
the need for objectives that explicitly model structural con-
sistency across multiple spatial scales while preserving per-
ceptual realism.
To address these challenges, we propose Adaptive Multi-
Scale Structural Consistency Loss (AdaMSCoL), a novel
unsupervised training objective which enforces structural
fidelity at both local and global levels. AdaMSCoL inte-
grates three complementary mechanisms. First, cross-scale
patch correlation aligns local structures across multiple res-
olutions, ensuring that fine-grained edges and textures are
preserved consistently. Second, self-reconstruction con-
sistency maintains global intensity distributions and spa-
tial layouts, preventing unnatural distortions and ensur-



ing photometric stability. Third, adaptive prior regular-
ization encourages perceptually natural color distributions
and smooth transitions, while preserving important edges.
Upon jointly modeling structural information across scales
and combining it with photometric and prior constraints,
AdaMSCoL mitigates the intrinsic ambiguity of underwater
image enhancement and produces visually plausible, struc-
turally coherent outputs. Our AdaMSCoL is extensively
evaluated on multiple challenging underwater benchmarks,
for instance, EUVP [22], LSUI [37] and UIEBD [31]. Ex-
perimental results demonstrate that our method consistently
outperforms prior unsupervised objectives, producing both
higher perceptual quality and better structural fidelity. For
instance, on the EUVP dataset, AdaMSCoL improves SSIM
from 0.771 to 0.838 (+0.067) and reduces mean absolute de-
viation (MAD) from 94.62 to 70.22 (-24.40), showing sub-
stantial improvements over state-of-the-art approaches.
Our contributions are as follows:

• We introduce AdaMSCoL, a novel unsupervised loss
function that enforces adaptive multi-scale structural con-
sistency to address the ill-posed and ambiguous nature of
underwater image enhancement.

• AdaMSCoL integrates cross-scale patch correlation, self-
reconstruction consistency, and adaptive prior regulariza-
tion, enabling the network to preserve both local textures
and global intensity distributions.

• Our AdaMSCoL shows substantial improvements on var-
ious datasets, e.g., SSIM +0.067, MAD -24.40, and
UIQM +1.279, emphasizing the efficacy of our method.

2. Related Work
Underwater image enhancement is significantly important
in marine exploration, robotics, and vision-based under-
water applications. Existing methods [2, 3, 26, 44, 50]
are broadly categorized into prior-based, model-free, deep
learning-based, and probabilistic-based approaches. Each
category leverages different assumptions and strategies,
showing distinct trade-offs between interpretability, perfor-
mance, and robustness.

2.1. Prior-Based Methods
Prior-based methods exploit physical models of underwater
image formation and handcrafted priors to estimate degra-
dation parameters such as light attenuation, scattering, and
backscatter, and subsequently reconstruct enhanced images.
Common priors include the red channel prior [19], under-
water dark channel prior [11], and light attenuation prior
[48], which provide visual cues for estimating scene trans-
mission and illumination.
Several works estimate depth or transmission maps us-
ing absorption and blurriness cues to restore clean images
through underwater imaging models [39]. Extensions of the
dark channel prior have been proposed for extreme imaging

conditions [38]. More sophisticated models differentiate
between direct transmission and backscatter coefficients,
enabling accurate restoration, especially when RGBD in-
formation is available [1].
Although physically grounded, these approaches often
struggle in complex underwater environments where spa-
tially varying water properties, illumination changes, and
unknown scene geometry violate model assumptions.

2.2. Model-Free Methods
Model-free methods enhance underwater images with-
out explicitly modeling physical degradation, focusing in-
stead on pixel-level manipulation and feature enhance-
ment. Classical techniques include Contrast-Limited Adap-
tive Histogram Equalization (CLAHE) [18], White Balance
(WB) [13], and Retinex-based methods [27, 41], which re-
distribute pixel intensities and correct color distortions to
improve contrast and visibility [11].
Fusion-based, multi-scale, and optimization-driven meth-
ods have further advanced model-free underwater image en-
hancement, including adaptive color correction, contrast fu-
sion frameworks, wavelet-based fusion, fuzzy set-based ap-
proaches, and frequency–spatial domain fusion [4, 6, 23,
29, 40, 52, 59]. These techniques selectively enhance high-
frequency details, sharpen edges, and improve both color
fidelity and perceptual quality. By combining spatial and
frequency cues, they enhance texture, contrast, and satura-
tion without relying on physical priors.
Despite their simplicity and computational efficiency,
model-free methods remain challenged in complex under-
water environments, where non-uniform illumination, scat-
tering, and spatially varying turbidity limit robustness and
generalization.

2.3. Deep Learning-Based Methods
Deep learning-based methods have demonstrated supe-
rior performance by automatically learning complex rep-
resentations for underwater image enhancement. Key ap-
proaches include Convolutional Neural Networks (CNNs),
transformer-based networks, and Generative Adversarial
Networks (GANs), which model nonlinear underwater
degradations effectively [60]. Encoder–decoder CNNs are
widely adopted for denoising and color restoration, while
lightweight CNNs leverage scene-specific priors for im-
proved performance [45].
Attention mechanisms, multi-scale fusion, and transformer-
based diffusion models have further improved structural
preservation and perceptual fidelity [12, 60]. Adaptive at-
tention networks refine image details while maintaining
global consistency [35], and contrastive adversarial learning
approaches optimize perceptual quality alongside down-
stream task performance [34]. GAN-based methods gen-
erate synthetic underwater data and support unsupervised
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Figure 1. Illustration of our proposed end-to-end training pipeline incorporating novel Adaptive Multi-Scale Structural Consistency Loss
(AdaMSCoL) training objective for underwater image enhancement task.

or semi-supervised enhancement, with cascaded attention
modules and dual-discriminator architectures improving
noise suppression and long-range spatial modeling [10, 51].
Hybrid approaches integrate physical priors with deep net-
works. For instance, degradation information explicitly ex-
tracted and leveraged to guide restoration [49]. These strate-
gies demonstrate the potential of combining data-driven
learning with physics-informed guidance to improve robust-
ness, generalization, and fidelity.

2.4. Probabilistic-Based Methods

Probabilistic-based approaches explicitly model uncertainty
to handle noise, disturbances, and modeling errors in un-
derwater imaging. Unlike deterministic approaches, they
represent latent variables as probability distributions, cap-
turing diverse and ambiguous degradations. Variational au-
toencoders (VAEs) and conditional VAEs (cVAEs) map in-
put images into latent probabilistic spaces and reconstruct
images using reconstruction and regularization objectives
[28, 47].
Such frameworks have been effective in background mod-
eling, motion generation, and image denoising [5, 32, 55].
In underwater enhancement, uncertainty-aware frameworks
predict pixel-level uncertainty maps to improve robustness
under challenging conditions [15]. Advanced strategies
such as distributional uncertainty modeling and probabilis-
tic adaptive normalization improve generalization across
environments by dynamically aligning latent feature distri-
butions, mitigating domain shifts, and capturing the inher-
ent ambiguity of underwater image formation.

3. Methodology
We formulate underwater image enhancement as a condi-
tional probabilistic generation problem to address the lack
of paired supervision and the ambiguity of visually plausi-
ble restorations. Inspired by [42], given a degraded image
I ∈ RH×W×3, we model a distribution over plausible en-
hanced outputs J :

p(J | I) =
∫

p(J | I, z) p(z | I) dz, (1)

where the latent variable z captures enhancement uncer-
tainty and the inherent ambiguity of underwater restoration.
In the absence of paired supervision, we construct pseudo-
reference images R on-the-fly using a stochastic augmen-
tation pipeline [43]. Specifically, input images are trans-
formed via randomized contrast stretching, gamma correc-
tion, and saturation adjustments to generate diverse candi-
dates, which are further refined using statistically guided
color correction (Gray World and White Patch) and normal-
ization in RGB, HSI, and Lab color spaces. This provides
weak supervisory signals that encourage plausible color
and intensity distributions. Empirically, this strategy sta-
bilizes optimization and improves convergence. Our back-
bone then adopts a conditional variational framework with a
dual-branch U-Net encoder–decoder that learns a posterior
qϕ(z | I,R) and a prior pθ(z | I). The decoder fθ synthe-
sizes enhanced images conditioned on latent samples:

Ĵ = fθ(I, z). (2)

To model diverse enhancement styles, uncertainty is in-
jected via probabilistic adaptive instance normalization,



where channel-wise statistics (µ, σ) ∼ pθ(µ, σ | I) modu-
late intermediate features. At inference time, multiple latent
samples {zk}Kk=1 yield candidate outputs {Ĵk}Kk=1, from
which the final result is selected via likelihood estimation
or learned ranking. The proposed training objective, which
enforces structural and perceptual consistency while regu-
larizing the latent space, is described next.

3.1. Adaptive Multi-Scale Structural Consistency
Loss

Underwater images suffer from complex, spatially varying
degradations, where simple pixel-wise losses fail to capture
local structures. To address this, we propose an Adaptive
Multi-Scale Structural Consistency Loss (AdaMSCoL) for
our unsupervised training objective.

3.1.1. Cross-Scale Patch Correlation Loss (CSPC)
Our CSPC loss preserves local structures and global edges
by explicitly measuring patch-wise correlations across mul-
tiple resolutions. Let I = {Ii}Ni=1 denote the set of ob-
served underwater images and Ĵ = {Ĵi}Ni=1 their restored
counterparts. For each image Ii at scale k, we extract over-
lapping patches Pk

i,x ⊂ Ω centered at pixel x and compute
local patch statistics. For a patch Pk

i,x, let EP [·] denote
patch-wise averaging. We define the patch-wise means

µk
i,x = EP [Ii] , µ̂k

i,x = EP

[
Ĵi

]
, (3)

the corresponding variances

σk 2
i,x = EP

[
(Ii − µk

i,x)
2
]
, σ̂k 2

i,x = EP

[
(Ĵi − µ̂k

i,x)
2
]
,

(4)
and the cross-covariance

σk
îi,x

= EP

[
(Ii − µk

i,x)(Ĵi − µ̂k
i,x)

]
. (5)

Each patch is then normalized (using Eqs. (3), (4) and (5))
to zero-mean, unit-variance vectors:

ṽk
i,x =

Ii(Pk
i,x)− µk

i,x

σk
i,x + ϵ2

, ˆ̃vk
i,x =

Ĵi(Pk
i,x)− µ̂k

i,x

σ̂k
i,x + ϵ2

, (6)

where ϵ2 is a small constant for numerical stability. The
patch correlation score combines (using Eq. (6)) contrast-
normalized similarity with luminance alignment:

Sk
i (x) = (ṽk

i,x · ˆ̃vk
i,x) ·

2µk
i,xµ̂

k
i,x + ϵ1

(µk
i,x)

2 + (µ̂k
i,x)

2 + ϵ1
, (7)

where ϵ1 prevents division by zero. Our score (Eq. (7))
ensures that local patterns are aligned in both contrast and
luminance. To enforce cross-scale consistency, we penalize
misalignment between patches at adjacent resolutions:

Lcross =

N∑
i=1

K−1∑
k=1

1

|Ω|
∑
x∈Ω

∥∥Ĵi(Pk
i,x)− Ups(Ĵi(Pk+1

i,x ))
∥∥2
2
.

(8)

Here, Ups (·) denotes upsampling. Finally, the CSPC loss
aggregates the patch correlations (from Eq. (7)) and cross-
scale regularization (from Eq. (8)):

LCSPC =

N∑
i=1

K∑
k=1

αk
1

|Ω|
∑
x∈Ω

(
1− Sk

i (x)
)
+ λLcross, (9)

where αk balances contributions from each scale and λ con-
trols cross-scale regularization.

3.1.2. Self-Reconstruction Consistency Loss (SRC)
To prevent degenerate enhancements and preserve intensity
fidelity, we enforce a multi-scale self-reconstruction con-
straint. Let Dk denote a downsampling operator on image
height H and width W to scale k:

Dk : RH×W×3 → RHk×Wk×3,

Hk = H/2k−1, Wk = W/2k−1.

The SRC loss is defined as:

LSRC =

K∑
k=1

γk
∥∥Dk(Ĵi)−Dk(Ii)

∥∥
1
, (10)

where γk > 0 is a scale-specific weight and ∥·∥1 denotes the
element-wise ℓ1 norm. This enforces that enhanced outputs
preserve the overall intensity structure of the input.

3.1.3. Adaptive Prior Loss (APR)
To regularize the enhanced images, we combine color con-
stancy (CE) and spatial variation (SV) losses. Let Ĵc

i denote
the c-th channel of Ĵi, and let

J̄c
i =

1

HW

∑
x∈Ω

Ĵc
i (x) (11)

be its spatial mean. The color constancy loss (using Eq.
(11)):

LCE =
∑
c<c′

(J̄c
i − J̄c′

i )2, (12)

which encourages globally balanced channel intensities.
The spatial variation loss (using Eq. (11)) is:

LSV =
1

|Ω|
∑
x∈Ω

∥∇Ĵi(x)∥1, (13)

where ∇Ĵi(x) ∈ R3×2 contains horizontal and vertical gra-
dients at pixel x, encouraging local smoothness while pre-
serving edges. The combined adaptive prior loss (using Eq.
(12) and Eq. (13)) is then:

LAPR = LCE + η LSV, (14)

where η > 0 balances spatial smoothness.



3.1.4. Proposed AdaMSCoL
Our proposed AdaMSCoL is an unsupervised training ob-
jective that integrates all three components: cross scale
patch correlation (Eq. (9)), reconstruction loss (Eq. (10)),
and adaptive prior loss (Eq. (14)) as follows:

Ltotal = Ψstruct · LCSPC +Ψrecon · LSRC +Ψprior · LAPR,
(15)

where Ψstruct,Ψrecon,Ψprior (set to 0.5, 0.3, and 0.2 in our
experiments) are fixed weighting coefficients that balance
structural, reconstruction, and prior constraints. Although
the weights are fixed, the formulation is adaptive in that it
integrates complementary constraints operating across mul-
tiple spatial scales and statistical levels. Eq. (15) ensures
that the network preserves local and global structures, main-
tains intensity fidelity, and produces visually natural en-
hancements. We note that the term “adaptive” refers to the
multi-component and multi-scale nature of the loss rather
than dynamic weight learning.

3.2. Deep Perceptual Feature Consistency Loss
While low-level pixel and structural losses enforce local fi-
delity, they fail to capture high-level semantic and percep-
tual attributes of natural images. To encourage perceptu-
ally meaningful reconstructions, we impose a deep feature
consistency constraint using a pretrained VGG16 network.
Although the VGG16 network is pretrained on ImageNet,
prior work [43] has shown that its intermediate features gen-
eralize well to low-level vision tasks, providing effective
perceptual guidance even in domain-shifted scenarios such
as underwater imaging. Let ϕl(·) denote the activation map
extracted from the l-th layer of a fixed model pretrained on
ImageNet. Given an observed underwater image Ii and its
enhanced counterpart Ĵi, we define the perceptual discrep-
ancy as:

Lperc(Ii, Ĵi) =
1

CHW

∥∥∥ϕl(Ii)− ϕl(Ĵi)
∥∥∥2
2
, (16)

where C, H , and W denote the channel and spatial dimen-
sions of the feature map. Notably, similar perceptual losses
have been widely adopted in prior work [43].

3.3. Latent-Space Normalization Loss
To stabilize unsupervised training and enforce structured la-
tent representations, we regularize the latent distributions of
features corresponding to structure (u) and style (s) against
standard Gaussian priors:

Llatent = DKL
(
q(u|Fi) ∥ p(u)

)
+DKL

(
q(s|Fi) ∥ p(s)

)
,

(17)
where q(·|Fi) is the posterior estimated from feature map
Fi, and p(·) is the standard Gaussian prior. DKL denotes
KL divergence. This loss prevents unstable training and
mode collapse.

3.4. Total Loss
Our complete training loss for unsupervised underwater im-
age enhancement consists of: (i) the proposed AdaMSCoL
(Eq. (15)), (ii) deep feature consistency (Eq. (16)), and (iii)
latent space normalization (Eq. (17)) components as fol-
lows:

Ltotal = λ1Ltotal + λ2Lperc + λ3Llatent, (18)

with weights λ1 = 1.0, λ2 = 0.1, and λ3 = 0.01. The
aforementioned formulation achieves a trade-off between
structural fidelity, pixel-level consistency, perceptual qual-
ity, color realism, smoothness, and latent stability for chal-
lenging underwater image enhancement tasks.

(a) EUVP Dataset (b) UIEBD Dataset

Figure 2. Qualitative comparison on underwater image en-
hancement benchmarks across various approaches. Apart from
AdaMSCoL (Ours), input, and ground truth, other images are ob-
tained from [43].

4. Experimental Details
In this section, we describe the datasets used for training
and evaluation in Sec. 4.1, followed by the evaluation met-
rics in Sec. 4.2. We then present quantitative and quali-
tative comparison results with state-of-the-art methods in
Sec. 4.4. Finally, detailed ablation studies analyzing the
contribution of individual components and hyperparameters



Table 1. Quantitative comparison on various datasets (EUVP [22], LSUI [37], UIEBD [31]). Reference-based metrics: PSNR↑, SSIM↑,
MAD↓, GMSD↓. Non-reference metrics: UCIQE↑, UIQM↑. − indicates that results are unavailable. Metrics differ across methods, as
they are extracted and merged from different works [43, 46].

Method EUVP [22] LSUI [37] UIEBD [31]
PSNR ↑ SSIM ↑ MAD ↓ GMSD ↓ PSNR ↑ SSIM ↑ UCIQE ↑ UIQM ↑ PSNR ↑ SSIM ↑ UCIQE ↑ UIQM ↑

CLAHE [18] 18.97 0.726 138.6 0.090 – – – – 20.64 0.821 – –
IBLA [39] 22.62 0.719 97.78 0.068 – – – – 17.56 0.614 – –
PIFM [14] 20.17 0.747 113.5 0.071 – – – – 23.62 0.852 – –
PUIE-Net [24] 21.01 0.770 94.55 0.052 20.38 0.831 0.542 3.134 23.74 0.844 0.546 3.359
RGHS [19] 21.13 0.753 98.40 0.056 – – – – 23.57 0.803 – –
UCM [48] 20.91 0.767 99.37 0.062 – – – – 22.03 0.815 – –
UDCP [11] 15.80 0.572 136.8 0.098 13.83 0.553 0.571 2.104 13.47 0.548 0.588 1.942
ULAP [57] 21.91 0.730 108.4 0.071 – – – – 18.95 0.718 – –
USLN [40] 20.87 0.771 94.62 0.050 – – – – 24.04 0.849 – –
Raw [22] – – – – 21.32 0.765 0.539 2.660 19.17 0.749 0.534 2.698
ACDC [56] – – – – 18.58 0.724 0.543 3.359 20.27 0.817 0.552 3.300
P2CNet [16] – – – – 12.24 0.446 0.534 1.774 12.79 0.457 0.525 1.927
TCTL-Net [25] – – – – 15.14 0.658 0.547 2.071 15.56 0.721 0.574 2.119
AdaMSCoL (Ours) 21.98 0.838 70.22 0.092 21.64 0.846 0.358 3.865 19.91 0.859 0.333 2.992

are provided in Sec. 4.5. We note that results for approaches
are taken directly from their existing works [46? ], where
only a subset of metrics (e.g., PSNR, SSIM, or UIQM) are
provided. To ensure fair and reproducible comparison, we
restrict our evaluation to the metrics reported in prior work
and avoid recomputing results under potentially different
experimental settings. Consequently, certain metrics such
as GMSD and UCIQE are not available for all methods.
Despite this limitation, our method demonstrates consistent
improvements across the commonly reported metrics, indi-
cating robust performance gains.

4.1. Datasets
We evaluate AdaMSCoL on three publicly available un-
derwater image datasets: EUVP [22], UIEBD [31], and
LSUI [37]. These datasets include diverse water types, illu-
mination conditions, and degradation levels. Only UIEBD
[31] is used for unsupervised training, while all datasets
are used for evaluation to assess generalization. Notably,
we follow the same testing dataset partitioning as existing
methods [42].

4.2. Evaluation Details
Quantitative performance is measured using full-reference
metrics such as PSNR [53], SSIM [53], MAD [7], and
GMSD [54], and no-reference perceptual metrics such as
UIQM [36] and UCIQE [36]. Qualitative analysis evaluates
structural fidelity, color realism, and perceptual naturalness.

4.3. Implementation Details
All models are implemented in PyTorch and trained on an
NVIDIA RTX 4060 Ti. Inputs are processed as patches of
size 256×256, with a batch size of 10 for 500 epochs using
the Adam optimizer at a learning rate of 1×10−4 with stan-
dard momentum. Data augmentation includes random flips

and rotations, and learning rates decay progressively for sta-
ble convergence. During inference, multiple latent samples
are drawn to produce diverse enhancement candidates, with
the final output selected via likelihood-based ranking.

4.4. Result Comparison with State-of-the-Arts
We compare the proposed AdaMSCoL against a com-
prehensive set of state-of-the-art underwater image en-
hancement methods, including traditional image process-
ing approaches, physical model–based methods, and recent
learning-based techniques. Specifically, we consider rep-
resentative baselines such as CLAHE [18], UDCP [11],
UCM [48], ULAP [57], PIFM [14], and recent deep learn-
ing methods including PUIE-Net [24] and USLN [40]. We
first present qualitative comparisons on the EUVP [22]
and UIEBD [31] datasets, as shown in Fig. 2. Tradi-
tional enhancement methods such as CLAHE and UDCP
tend to over-amplify contrast and introduce color distor-
tion, particularly in scenes dominated by green or blue
wavelengths. These methods lack explicit modeling of
wavelength-dependent attenuation, resulting in unnatural
color balance and loss of visual realism. Model-based ap-
proaches such as PIFM and ULAP improve overall vis-
ibility by compensating for light scattering and attenua-
tion; however, they often leave residual haze and amplify
noise in low-visibility regions due to inaccurate parame-
ter estimation and limited adaptability to complex environ-
ments. Learning-based methods, such as PUIE-Net, UCM,
and USLN, produce more visually pleasing results com-
pared to traditional approaches, benefiting from their ability
to learn enhancement mappings directly from data. Nev-
ertheless, these methods still exhibit limitations in chal-
lenging regions, including incomplete color correction,
over-smoothing of fine textures, and inconsistent structural
restoration. In contrast, our AdaMSCoL produces visu-



ally superior results, achieving more accurate color recov-
ery, improved contrast, and clearer structural details. Im-
portantly, our method preserves fine textures while avoid-
ing over-enhancement artifacts due to multi-scale structural
consistency objective which is effective in handling diverse
underwater degradations.
We further evaluate our method quantitatively on three chal-
lenging underwater benchmarks: EUVP [22], LSUI [37],
and UIEBD [31] (Table 1). Our comparison is con-
ducted against CLAHE [18], IBLA [39], PIFM [14], PUIE-
Net [24], RGHS [19], UCM [48], UDCP [11], ULAP [57],
USLN [40], Raw [22], ACDC [56], P2CNet [16] and
TCTL-Net [25]. On the EUVP dataset, our method achieves
the SSIM of 0.838, surpassing the strongest competing
method by a significant margin of +0.067. In addition, our
approach obtains the lowest MAD value of 70.22, improv-
ing by -24.33 compared to prior methods. These results
show that AdaMSCoL achieves superior structural recon-
struction and reduces pixel-level deviation from reference
images, emphasizing its ability to preserve spatial consis-
tency. On the LSUI dataset, our method achieves the best
performance across multiple metrics, including the PSNR
of 21.64 (+0.32 improvement), the SSIM of 0.846 (+0.038
improvement), and the perceptual quality score with a
UIQM of 3.865 (+0.506 improvement). Similarly, on the
UIEBD dataset, our method achieves the highest SSIM of
0.859, improving over existing approaches by +0.07. These
gains show that AdaMSCoL significantly enhances struc-
tural similarity and perceptual quality while maintaining
competitive PSNR. Although it strongly improves SSIM,
MAD, and UIQM, performance on metrics like GMSD and
UCIQE is occasionally weaker, reflecting a trade-off be-
tween structural fidelity and contrast- or distribution-based
measures, where optimizing for perceptual realism may not
align with gradient- or global statistical metrics.

4.5. Ablation Study
We conduct an ablation study to evaluate the effectiveness
of each component in the proposed training objective and to
analyze the influence of key hyperparameters on enhance-
ment performance. Specifically, in Sec. 4.5.1, we detail the
contribution of the individual AdaMSCoL terms by vary-
ing the structural, reconstruction, and prior weights. In
Sec. 4.5.2, we analyze the impact of the perceptual loss
weight on balancing semantic feature alignment and pixel-
level fidelity. We primarily adopt partial ablation by vary-
ing the relative contribution of each component to maintain
stable optimization dynamics. Additionally, we include a
full ablation setting where AdaMSCoL is entirely removed
(λ1 = 0) to quantify its overall contribution.

4.5.1. Effect of AdaMSCoL Components
We analyze the contribution of each component in
AdaMSCoL. For this purpose, we vary the weights of the

structural (Ψstruct), reconstruction (Ψrecon), and prior (Ψprior)
terms. As shown in Table 2, the performance metrics PSNR
and SSIM are influenced differently by each component. In-
creasing Ψprior does not consistently improve PSNR, as the
highest prior weight (Ψprior = 0.5) does not yield the best
performance. Instead, a moderate prior weight contributes
to stable performance, indicating that prior regularization
helps maintain global color and illumination consistency
under challenging underwater conditions. However, ex-

Table 2. Effect of various AdaMSCoL components on reconstruc-
tion quality.

Ψstruct Ψrecon Ψprior PSNR (dB) ↑ SSIM ↑
0.2 0.3 0.5 19.74 0.8589
0.2 0.5 0.3 19.61 0.8498
0.5 0.3 0.2 19.91 0.8598
0.3 0.5 0.2 19.71 0.8495

cessive emphasis on either the prior or reconstruction term
slightly reduces SSIM, showing a trade-off between global
photometric regularization and local structural fidelity. In
contrast, higher Ψstruct values lead to a more balanced im-
provement, enhancing edge preservation and structural con-
sistency without negatively affecting pixel-level accuracy.
The reconstruction term, Ψrecon, primarily impacts low-level
photometric fidelity, and excessive weighting slightly sup-
presses the benefits of structural guidance. Among the
tested configurations, Ψstruct = 0.5, Ψrecon = 0.3, and
Ψprior = 0.2 achieves the best overall performance, yield-
ing a PSNR of 19.91 dB and the SSIM of 0.8598. This con-
firms that effective underwater image enhancement requires
a careful balance between structural preservation and pho-
tometric regularization.

4.5.2. Effect of Perceptual Loss
We analyze the effect of the perceptual loss weight λ2 on
enhancement performance, as detailed in Table 3. The per-
ceptual loss introduces high-level feature supervision, and
its weighting (λ2) directly controls the balance between se-
mantic consistency and pixel-level reconstruction accuracy.
As λ2 varies, PSNR and SSIM exhibit complementary be-
havior, showing the trade-off between photometric fidelity
and structural alignment.

When λ2 is small (e.g., 0.01), the perceptual constraint
has limited influence, and optimization is dominated by re-
construction objectives, resulting in reasonable pixel-level
accuracy (PSNR 19.72 dB) but lower structural similarity
(SSIM 0.854), indicating insufficient recovery of fine struc-
tural and textural details. Increasing λ2 to 0.03 improves
both PSNR and SSIM to 19.89 dB and 0.857, showing
that moderate perceptual supervision helps preserve struc-
tural information while maintaining photometric consis-



Table 3. Effect of perceptual loss weight λ2.

λ2 PSNR (dB) ↑ SSIM ↑
0.01 19.72 0.854
0.03 19.89 0.857
0.05 19.91 0.859
0.07 19.76 0.851
0.09 19.70 0.851

tency. The best performance occurs at λ2 = 0.05, where
PSNR and SSIM reach their maximum values of 19.91 dB
and 0.859, respectively. This demonstrates that perceptual
guidance enhances semantic and structural fidelity without
compromising low-level reconstruction, with SSIM high-
lighting the role of feature-level supervision in preserving
structure in underwater images prone to texture degradation
and contrast loss. Further increasing λ2 degrades perfor-
mance: at 0.07, PSNR and SSIM drop to 19.76 dB and
0.851, and at 0.09, PSNR decreases to 19.70 dB while SSIM
remains 0.851, indicating that excessive perceptual weight-
ing overemphasizes feature alignment, reducing pixel-level
accuracy and structural fidelity.

0.009 0.01 0.03 0.05 0.1
3

17.5

18.0

18.5

19.0

19.5

20.0

20.5

PS
N

R
 (d

B
)

19.65

19.91 19.89

18.01
18.12

Best 3

Other 3

SSIM

0.78

0.80

0.82

0.84

0.86

0.88

0.90

SS
IM

0.8485
0.8598

0.8577

0.7945 0.7933

Figure 3. Effect of latent regularization.

4.5.3. Effect of Latent Regularization
We analyze the effect of the latent regularization weight λ3

on enhancement performance. This hyperparameter con-
trols the degree of constraint on the learned latent rep-
resentation, promoting structured and smooth feature em-
beddings that improve generalization and stabilize train-
ing. However, excessive weighting can degrade recon-
struction quality. As shown in Fig. 3, varying λ3 signifi-
cantly impacts PSNR and SSIM, reflecting the trade-off be-
tween reconstruction fidelity and latent space consistency.
When λ3 is very small (e.g., 0.009), weak regularization al-
lows greater flexibility in encoding image-specific details,
yielding strong pixel-level reconstruction (PSNR 19.65 dB,
SSIM 0.8485) but less structured latent representations,
slightly reducing spatial consistency. Conversely, larger
values (e.g., 0.05–0.1) overly constrain the latent space, de-

grading PSNR (18.01–18.12 dB) and SSIM (0.793–0.795)
and producing overly smooth reconstructions with dimin-
ished detail. A moderate regularization of λ3 = 0.01 bal-
ances these effects, maintaining stable latent representa-
tions while preserving fine structural details and photomet-
ric variations, achieving the highest PSNR of 19.91 dB and
SSIM of 0.8598.
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Figure 4. Effect of AdaMSCoL on the network performance.

4.5.4. Impact of AdaMSCoL Loss
We conduct an ablation study to analyze the significance
of each loss component in our training objective (Fig. 4).
When setting λ1 = 0 (removing AdaMSCoL), the perfor-
mance decreases to PSNR 18.01 and SSIM 0.8304, demon-
strating that AdaMSCoL plays a key role in improving both
structural similarity and reconstruction accuracy. These re-
sults emphasize that AdaMSCoL contributes significantly
to the overall performance of the proposed method.

5. Conclusion
We proposed Adaptive Multi-Scale Structural Consistency
Loss (AdaMSCoL), a novel unsupervised loss for under-
water image enhancement that enforces adaptive multi-
scale structural consistency, combining cross-scale patch
correlation, self-reconstruction consistency, and prior-based
regularization. Our experiments across multiple bench-
marks demonstrate that AdaMSCoL consistently improves
structural fidelity, color realism, and perceptual quality, e.g.,
SSIM +0.067, MAD -24.40, and UIQM +1.279, outper-
forming existing unsupervised objectives. In future work,
we will explore extending AdaMSCoL to multi-modal un-
derwater image enhancement tasks, such as jointly lever-
aging RGB, depth, or sonar data, and integrating it with
diffusion-based frameworks to further improve generaliza-
tion, enhance structural and color fidelity, and ensure con-
sistent perceptual quality.
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