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Abstract Water-related optical image enhancement (WOIE) poses a sig ni cant challenge due to the complex and variable underwate r
environment. Existing methods often oversimplify the unde rwater imaging degradation process, neglecting the e ects of medium noise
and target motion on image feature distribution. Additiona lly, reliance on reference gradients from original and synt hesized ground-truth
images leads networks to local optima. To address these limi tations, we propose a dynamic gradient-guided network (DGN et) for WOIE.
DGNet introduces a feature reconstruction and re-learning (FRR) module based on a channel combination inference (CCI) strategy and
a frequency response smoothing (FRS) module. These compone nts reduce the impact of noise and target motion on ne-grain ed features.
During training, DGNet dynamically updates pseudo-labels with predicted images and introduces a dynamic gradient opt imization space
guided by white balance, enabling the network to escape sadd le points and explore a broader solution space. Experiments on multiple
public datasets show that DGNet outperforms the latest meth ods, achieving a PSNR of 25.6 dB and an SSIM of 0.929 on the UIEB
dataset. In addition, extensive qualitative experiments h ave demonstrated that DGNet exhibits precise control over ne-grained features,
highlighting its practical utility. The code will be public ly available.
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1 Introduction

Controlled image generation and restoration are widely applied in area such as image inpainting I], super-resolution
[2], dehazing B], deraining [4], desnowing b], and low-light enhancement p]. These methods improve image quality
under challenging conditions and provide generalizability assistanceof downstream tasks such as object detection,
image classi cation [7], and image matching. However, water-related optical image enhazement (WOIE) presents a
more complex challenge that involves multiple degradation factors sch as noise, marine snow, and low visibility 8,9].
These factors make WOIE more intricate and demanding than singledegradation image enhancement.
Underwater scenes su er from multiple degradation factors causd by the absorption and scattering properties
of the water medium [10{12]. These e ects result in high noise levels, uneven illumination, low contast, blurred
details, and color changes in water-related optical images, making ithallenging to capture clear optical information
critical for underwater exploration tasks [8,13,14]. Such adverse conditions create signi cant di culties for human
perception and computer vision systems. Current deep learning4sed approaches to WOIE typically employ su-
pervised learning frameworks, which rely on paired datasets to lear the transformation from degraded to clear
images [L5]. However, due to the inherent limitations of optical devices and thecomplexity of underwater imaging,
obtaining clear water-related optical images or ideal reference inges for restoration remains a signi cant challenge.
Existing methods face signi cant challenges in WOIE. (1) Lack of clear images.  Obtaining clear images in
underwater scenarios is inherently di cult, and the quality of availab le reference images in existing datasets is often
suboptimal. Arti cially synthesized images representing underwate degradation fail to capture the diversity and
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Figure 1 (Color online) Semantic segmentation under complex lighti ng conditions. lllustrates the ability of semantic segment ation to distin-
guish between objects and backgrounds. Notably, ground-tr uth fails to correct background misclassi cation, as indic ated by the red arrows.
Conversely, the Our-L model e ectively addresses misclass i cation caused by light spots.

complexity of underwater conditions, resulting in poor performance in diverse and natural underwater scenesllg, 17].
(2) Inaccurate ground-truths. Using the best outputs from existing enhancement methods as gumd-truth
benchmarks limits supervised learning models to the constraints of wrrent methods. This introduces unwanted
semantic alterations and distorts the natural characteristics ofunderwater images, thereby reducing the model's
ability to generalize to authentic underwater scenarios 18]. These challenges highlight the intrinsic di culties
of creating e ective datasets for WOIE and the limitations of relying solely on existing data for model training
and validation. (3) Inappropriate parameter con gurations. Previous methods [L9, 20] adopt parameter
con gurations that are poorly suited to speci ¢ application scenarios. For example, transformer-based method<2[1,
22], which are known for their substantial computational demands, pesent deployment challenges in environments
with limited computational resources, such as underwater robots Furthermore, methods [21, 23] that combine
downsampling and residual concatenation require specic input or atput sizes, requiring stitching algorithms
to manage multiple outputs. This constraint severely limits the adaptability and deployment e ciency of these
networks, which cannot meet the real-time demands of underwateexploration and monitoring tasks.

To address the challenges of WOIE, we propose dynamic gradientgded network (DGNet), a novel lightweight
network speci cally designed for dynamic gradient-guided underwaer optics enhancement. Existing methods often
struggle with low-quality data and complex degradation factors in underwater scenes, limiting their e ectiveness and
generalization capabilities. DGNet is designed to overcome these limitaons by incorporating self-updating pseudo-
labels that generate dynamic gradients combined with reference gdient supervision during backpropagation (as
illustrated in Figure 1). This approach preserves computational e ciency during inference, making DGNet suitable
for real-world applications. The pseudo-labels are generated usingontrast limited adaptive histogram equalization
(CLAHE), enabling the network to focus on the primary causes of inage degradation, independent of traditional
ground-truth (GT) references. By dynamically adjusting the gradient space with each training iteration, DGNet
guides the network to escape local optima, such as saddle pointsnd explores a broader solution space, leading to
more e ective enhancement results.

We propose the feature reconstruction and re-learning (FRR) ad frequency response smoothing (FRS) modules to
e ectively mitigate irregular noise and improve feature reconstrudion. The FRR module performs channel masking
operations in unconventional RGB domains, reconstructs featue distributions, and addresses irregular noise. The
FRS module smooths motion noise and low-frequency features, guitf the network to focus on low-frequency regions
and adjust color changes based on FRR-processed features. gither, these modules e ectively reduce artifacts and
improve overall image quality. Extensive experiments on the UIEB ddaset validate the e ectiveness of DGNet.
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Figure 2 (Color online) Performance comparison between state-of-t he-art methods and our methods on the UIEB T90 dataset [ 29]. The
vertical axis represents PSNR, the horizontal axis represe nts computational complexity (GFLOPs), and the ball size in dicates the parameter

size. Our method achieves state-of-the-art results.

Our-S (0.2M) and Our-L (0.7M) achieve PSNRs of 25.1 dB and 25.6 dB, igni cantly exceeding existing state-of-
the-art methods [19, 20, 23{28]. Moreover, DGNet demonstrates superior parameter e ciency and computational
performance, making it highly applicable for resource-constrainedcenarios such as underwater robotics. The results
(see Figure2 [29]) con rm the potential of DGNet for a wide deployment in underwate r exploration and monitoring
tasks.

The key contributions of this paper are as follows.

(1) We propose a DGNet for WOIE that employs a pseudo-label stréegy to generate dynamic gradients. This
mechanism guides the network to focus on crucial degradation faars, enhancing adaptability in diverse underwater
scenarios. Pseudo labels dynamically adjust the gradient space witleach epoch, providing the network with
additional momentum to explore a wider gradient space for optimal esults.

(2) Our FRR module constructs channel masks during training usingthe channel combination inference (CClI)
strategy, which uses the unmasked channels to analyze the potgal features of the masked channel, learn the
objective laws embedded in the training data, and improve the ne-gained perception of the features. Unlike
traditional denoising or data-driven-based general modules, FRRmitigates noise by addressing deviations from the
overall feature distribution rather than focusing on speci ¢ noise types. In particular, this process does not incur
additional space complexity for denoising, which means it avoids the ioreased risk of over tting.

(3) Our network is simple yet e ective, with minimal parameters, designed to address the practical challenges
of underwater environments. Our-S and Our-L models achieve frme rates of 186.5 and 98.4 FPS on a V100 GPU
for 256 256 images. Our-S achieves 31.2 FPS for 64840 images, making it suitable for object detection, and
36.7 FPS for 480P images for human visual perception. Extensive eerimental results show that our method
outperforms the GT, enhancing human and machine vision.

(4) Our method exhibits broad applicability and plug-and-play functio nality. By integrating the dynamic gradient
and FRR modules, we extend the latest state-of-the-art WOIE méhods. Quantitative results indicate that the
extended versions outperform their respective baselines, withduany additional parameter tuning. This shows
a signi cant enhancement in the performance of WOIE, further validating the e ectiveness of our approach in
improving existing methods.

2 Related work

2.1 Underwater data-driven methods

The performance of WOIE methods depends on the capture of rdaand diverse feature information, which is
mainly in uenced by the quality of available underwater datasets. These datasets can be broadly divided into two
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categories: synthesized datasets3p, 31] and authentic datasets [L7,32]. Synthesized datasets typically consist of
terrestrial scenes with manually generated degradation, o eringadvantages such as large amounts and easier label
creation. In contrast, authentic datasets more accurately re ect the complexities of underwater imaging, but they
often su er from lower label quality and are more costly to collect.

Data-driven WOIE methods are classi ed into unsupervised, semi-apervised, and fully supervised approaches
based on their dataset utilization. Unsupervised methods, such asVaterGAN [ 16] and HAAM-GAN [ 33] employ
generative adversarial networks (GANS) to generate realistic uderwater scenes, reducing the dependence on costly
labeled datasets. Semi-supervised methods, such as Semi-UIR4], combine supervised learning with contrastive
learning to leverage labeled and unlabeled data for image enhancentenin contrast, fully supervised methods
[23, 34, 35] rely heavily on the quality and distribution of datasets, which can limit their performance in specic
scenarios.

The e ectiveness of WOIE methods is limited by the quality of the available datasets, making it di cult to address
these challenges solely through data collection strategies. Unsupased methods encounter di culties in verifying
the accuracy of learned imaging relationships due to the lack of relidle GT. However, supervised methods are prone
to over tting, and the low quality of real-world data further compr omises the generalization and e ectiveness of the
model.

2.2 Lightweight and e ective WOIE methods

WOIE enables underwater exploration robots to optimize limited computational resources across multiple functions.
Traditional WOIE methods [ 35{39] demonstrate notable success in speci ¢ contexts by decompogjrthe degradation
process into distinct stages, such as color distortion, noise, andrightness variation. However, these methods often
fail to consider the impact of enhancements on downstream visionasks. In contrast, deep learning-based approaches
typically employ underwater imaging models to describe the imaging metanism, emphasizing subjective aspects
like color correction and brightness improvement. However, thes@approaches frequently neglect the challenge of
noise, particularly backscattering. Although some methods employdata augmentation to address noise, they often
fail to accurately capture the noise characteristics in underwate environments.

The primary goal of WOIE is to improve the recognition, localization, and segmentation of underwater scenes
by robots, requiring computational e ciency in enhancement processes. However, many previous studies overly
emphasize image quality, employing computationally intensive architetures such as Transformers 21, 40] as the
primary framework. This focus often neglects the need for lightweght enhancement methods suited to resource-
constrained environments, such as underwater robotics. More@r, many existing methods fail to address complex
scenarios involving multiple interrelated degradation factors and faus on visible aspects, such as brightness and
color correction, while underestimating the impact of noise on machie vision. Consequently, approaches such
as P20, 21] with high parameter counts or low computational e ciency are impr actical for the specic challenges
posed by underwater environments.

3 Proposed method

We propose a novel network with critical components to addresshie challenges posed by complex degradation fac-
tors, such as noise and the limited availability of high-quality underwater datasets. The overall framework of DGNet
is illustrated in Figure 3. Speci cally, the FRR module is designed to handle irregular noise, illumiration incon-
sistencies, and color bias by reconstructing degraded features\dditionally, the FRS module removes underwater
motion noise, reduces artifacts, and improves network training e ciency. Our approach integrates dynamic gradi-
ents generated from pseudo-labels to enhance performance omiguality datasets. These dynamic gradients guide
the network to focus on deeper degradation features, facilitatig more e ective image restoration and improving
overall robustness across diverse underwater scenes.

3.1 Feature reconstruction and re-learning

Underwater degradation factors are complex and variable, posingigni cant adaptation challenges for networks due
to their diverse characteristics. Many existing WOIE methods neglet noise [36,41] or require extensive computa-
tional resources to model noise distributions 42]. Networks with high parameter counts are more susceptible to
over tting, making it challenging to eliminate erroneous representations introduced by complex degradation and
failing to support downstream high-level vision tasks.
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Figure 3 (Color online) Overall framework of DGNet. The dual-module design includes FRR to mitigate noise and degradation and FR S to
re ne feature representations. FRR incorporates CCI and fe ature smoothing module (FSM), with further elaboration in F igure 4. A dynamic
gradient is generated from the predicted image and compleme nted by a reference gradient, providing dual supervision to improve performance.
FRS includes CBM and the Sense block. The CBM consists of a con volutional, batch normalization (BN) layer with MiSH activ ation function.
The Sense block employs xed-weight Laplacian convolution for feature re nement, as illustrated in Figure 5. The operation c' represents
channel concatenation, the operation 's' represents using the Sigmoid function, and the operation * ' represents element-wise multiplication.

To address these challenges, we propose a novel channel pixeleirédnce strategy that leverages principles from
the underwater imaging model and image sampling mechanisms. Eaclhannel in an RGB image captures the same
scene but shows di erent statistical properties. Under noise-fee conditions, the feature expressions align with the
light attenuation model; however, noise introduces undesired featres into the RGB channels. Our channel pixel
inference strategy capitalizes on the principle that pixels represeting non-primary colors are typically present in at
least two channels. By omitting speci ¢ channel pixels, the networkutilizes the learned attenuation model to infer
the true pixel values. This approach is also e ective for primary cola pixels, which are typically exclusive to a single
channel; the network deduces these values from the surroundinigcal context, ensuring accurate reconstruction and
robust noise reduction.

We propose a CCI block that infers the real pixel values across alliree channels by performing pairwise com-
binations. The structure of the CCI block is shown in Figure 4(a). Given an input image Fi, with dimensions
[B; C; H; W ], the convolutional combinations in the CCI block balance between big overly localized and exces-
sively global. This design aligns with our strategy of inferring and resbring primary color pixels from neighboring
regions. The CCI block is de ned as follows:

Fc = Concat([Fin ; Fin ]); (1)
C: =GCB g=3 ;N (Fc); (2)
B¢ = Concat([Cs ;Fin ]); 3)

where GCB denotesN; grouped convolutional combinations, with the number of groups seto 3 (this is a more
optimized speci ¢ approach), corresponding to the number of chanels that need to be inferred (as RGB channels);
denotes the MiSH activation function. The inferred reconstructed pixels C; are concatenated with the original
pixels to yield the nal output tensor B;. We opt for concatenation instead of addition because grouped cwolu-
tions inhibit the interchange of gradient information, preventing th e full execution of the inference and restoration
of primary color pixels from neighboring regions. The network does at e ectively capture local features that en-
compass all three RGB channels, speci cally validated by subsequérablation studies. We use concatenation to
complete the nal restoration in the subsequent stage module, wih the entire strategy summarized as follows:

Bf = Concat(R%GB%RGB)); (4)
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Figure 4 (Color online) Detailed components of the FRR module. lllus trates the internal structure featuring (a) CCl and (b) FSM. The blue
block represents the CBM that consists of a convolution, BN | ayer with MiSH activation function. Notably, group convolu tion replaces standard
convolution in the CCI for improved e ciency. The operation “c' represents channel concatenation, and the operation °s ' represents using the
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=
)
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Figure 5 (Color online) Structure of the Sense block. It features Lap laConv with xed-weight Laplace convolution and is designe d to enhance
feature detection and re nement within the block. The opera tion “+' represents element-by-element addition, and the o peration 's' represents
the Sigmoid function.
Fout = CBM N, (Bf); (5)

where N, is the number of CBM blocks in the FSM block. Degradation factors, sich as irregular noise will be
removed after the FRR module.

3.2 Smoothing high-frequency Laplacian

Enhancing water-related optical images poses signi cant challenge due to complex noise interferences and the
scarcity of clear, paired underwater datasets. The movement othe water body, camera, or photographer can
distort image features, causing pixel displacement and creating aidision e ect. This issue is particularly severe in
deep-sea environments, where it severely compromises the acate representation of pixel features and introduces
artifacts. Current WOIE methods face di culties in e ectively addr essing these distortions, resulting in suboptimal
enhancement quality, especially in cases of severe degradation. Righances in feature distribution introduce
artifacts in enhanced images. To address this issue, we employ theaplacian operator to smooth the low-frequency
regions within the features impacted by artifacts and realign the fature distribution with the actual scene. In
Figure 5, the Sense block is the foundational element of the FRS module, whicplays a crucial role in improving
overall image quality by reducing artifact-induced distortions.

The input image Fi, is processed through a Laplacian operator convolution kernel withxed weights, which
assigns greater weight to high-frequency features, and can beedcribed as

Fhigh = Fin ~ W; (6)
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where w represents the Laplacian weights, which are set as non-trainable gzameters, focusing on the pervasive
feature extraction pattern, the kernel weights are xed as nontrainable parameters and are not updated by the loss
function during training, thus alleviating dataset-speci ¢ dependence.

The high-frequency region is subtracted from a feature map extcted by a 3 3 convolution, using tensor subtrac-
tion to generate a low-frequency attention mapA. This low-frequency attention map is then sent to a convolutional
group to perform feature smoothing. Finally, the low-frequency map, weighted by a Sigmoid function, is combined
with the original input Fj, to generate the nal smoothed imageS. This process can be described as follows:

Frorma = CBM( Fin ); (8)
A = MiSH(BN( Fnormai I:high DE (©)
S = Fjy + Sigmoid(Conv(CBM( A))): (20)

In summary, we analyze the features of the water body and desiga xed-weight Laplacian operator to e ciently
and quickly separate the high-frequency features from the sp&@l domain while smoothing the rest of the features.
Compared to other frequency processing methods, FRS with a xd Laplace operator requires no additional operator
support on the edge device. This approach enables a more accueginterpretation of object edges, ensures smoother
transitions of image colors, and solves edge artifacts in the WOIE+hanced image, as illustrated in Figure6.

3.3 Dynamically optimized pseudo-labeling strategies

Due to the limitations of hardware devices and complex environments obtaining large and diverse real under-
water pair datasets remains a signi cant challenge. Additionally, syrthetic underwater optical images inevitably
su er from arti cial artifacts. Existing WOIE methods address th ese issues by contrastive learning (HCLR) and
semi-supervised learning (Semi-UIR). However, these training stategy-based methods typically rely on xed or
infrequently updated labels and ignore the inherent limitations of netwvork convergence in the reference gradient
space (as shown in FigurerZ(a)). Consequently, these approaches only partially alleviate the poblem (i.e., speeding
up the blue path in Figure 7(b)) and fail to address the constraints imposed by data quality onmodel convergence
(the cost of escaping saddle points in the reference space remainigh).

We propose a novel dynamic optimization pseudo-labeling strategy d address the limitations of low-quality
data on model performance. This strategy generates dynamic gsido-labels based on the predicted imagé€pyreq
and updates them after each batch iteration according to the latest state of the model. This process generates
a continuously evolving dynamic gradient that guides the network to optimize the direction that aligns with the
pseudo-label generation mechanism. The dynamic gradient is combé&ad with the reference gradient from the GT
labels, working together during model parameter updates to help lhe training process e ectively avoid poor local
optima, such as saddle points, as demonstrated by the red path dckly escaping the saddle point in Figure7(b).
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The total gradient r G; of the superposition of the reference gradient G, and the dynamic gradient G4 in N
batch updates is denoted as

1 X (i).
rGt:rGr+ﬁ r Gy, (12)
i=1

wherer G; represents the xed reference gradient from the GT labels, and Gg) denotes the dynamic gradient

generated during thei-th batch update. When N =1, i.e., during a single iteration, r Ggl) can be interpreted as a
stochastic perturbation. According to the stochastic gradient Langevin dynamics #3], such perturbations can help
the network escape saddle points by pushing the optimization procgs along directions of negative curvature. A\
increases, the average of the accumulated dynamic gradients bieg to align with the underlying regularities of the
pseudo-label generation strategy. This implies that the dynamic gadient component is not merely introducing noise
but acts as a structured guiding signal. It encourages the modeld converge toward solutions that are consistent with
the intended enhancement principles, such as global contrast bateing or white balance adjustment. Therefore,
by combining the reference gradientr G, with the dynamic gradient r Gg'), our method achieves dual bene ts:
(1) it enhances robustness under poor or imperfect supervisiorgnd (2) it allows the network to e ectively escape
undesirable local minima or saddle points. This synergy ultimately leadsto improved convergence stability and
overall improved performance.

In this work, we employ CLAHE [44] as an example method for pseudo-label generation to guide the el to
learn an equalization principle that aligns more closely with the uniform illumination assumption [44]. The CLAHE
method is de ned as follows:

s = UnMerge(l); (12)
le = HE(Is); (13)
lc =Clip( le); (14)
Pyt = Merge(l¢); (15)

where we de ne the pseudo-labels as dynamic GTPy as the pseudo-label of applying CLAHE to the predicted
images! . UnMerge() denotes to split into multiple sub-regions|s, HE() denotes the histogram equalization, Clip()
restricts the limiting contrast, and Merge() eventually merge multip le sub-regions.

The proposed dynamic optimization pseudo-labeling strategy overames the limitations of relying on original
images, GT annotations, or static pseudo-labels, instead of genating labels dynamically based on current network
predictions. This approach di ers fundamentally from existing methods. First, in our pseudo-labeling strategy,
labels are dynamically adjusted at a high frequency according to thenetwork optimization direction, preventing
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the network from getting trapped in local optima. Second, the psado-labels generated through CLAHE o er

superior equalization e ects. The abundant pseudo-labels ensur¢hat the dynamic gradients consistently guide
feature equalization, providing balanced supervision during full-scée training. Moreover, the pseudo-labels guide
equalization across all three channels. Combined with the “channel ask' of the FRR module, they compensate for
grayscale, improving white balance during training, which is the pixel dstribution pattern of the reference image.

Our pseudo-labels continuously guide the network toward equalizegbredictions across multiple training iterations.

Together with the FRR module, this enhances the correct gradiens aligned with the desired white balance, while
minimizing the impact of incorrect gradients. Experimental results demonstrate that this pseudo-label generation
strategy accelerates network training and improves accuracy (& detailed in Subsection4.4.4).

3.4 Loss function

We propose two gradient spaces to guide network training and impree accuracy.

3.4.1 Reference gradient

L, loss function evaluates the prediction error between each pixel ahe predicted image and the reference image,
and it is a part of the reference gradient. Lssiy loss primarily assesses the structural similarity #5] between the
predicted image and the GT in the paired dataset, providing luminance contrast, and structure gradients for the
reference gradient.

L= Li($;GT)+  Lssm(¥;GT); (16)

where and are the weights of each lossy #lenotes the predicted image, and. represents the integrated loss
function.

3.4.2 Dynamic gradient

Dynamic tuning loss L 4 is primarily used to dynamically adjust the gradient space of the netvork. It establishes
pseudo-labels on dynamic predicted images and utilizes the mean ablate error (MAE) to evaluate the pixel-level
loss between the predicted and pseudo-label images, as de ned 1§§2){( 15).

La = MAE(YY; Pg.); (17)
Liotan = Lt + Lg; (18)
where is the weight of L, Liotar represents the integrated loss function. represents the current state of the

model, which changes after a batch update. In full training ( will be updated tens of thousands of times), the
model can be optimized by the relationshipf :

Lg Lgs (29)
=0

Iilrln Lg; (20)

where the relation f is de ned by the pseudo-label generation method that tends to coamon features, i.e., the
equalization principle more aligned with the uniform illumination assumption, which works with the proposed FRR
module to enhance the white balance e ect of the proposed model.

To maximize the e ectiveness ofL 4, during the initial training phase, the weight of L, should be lower than
that of L3, with the reference gradient dominant in the training stage. As training progresses, the in uence of
the reference gradient gradually decreases, and the dynamic giant increasingly guides the network. When the
network becomes trapped in a local optimum,L 4 reconstructs the dynamic gradient based on the current gradien
predictions to help the network escape the local optimum without inairring excessive computational costs, thus
quickly converging to a global optimum. Furthermore, the dynamic direction of L, always points toward white
balance, ensuring that the predicted image lighting and high-level smantic features in the RGB channels align with
real-world scenes.
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4 Experiments

This section provides a detailed description of the experimental sefp, including quantitative and qualitative analy-
ses. We conduct comparative experiments with state-of-the-armethods and GT images to evaluate the performance
of DGNet. In addition, we perform ablation studies to validate the e ectiveness of each component of DGNet. These
experiments comprehensively demonstrate DGNet's superior pesfmance and potential to surpass the GT in special
scenes.

4.1 Implementation details

The proposed DGNet is evaluated in two con gurations to accommodte di erent computational constraints and
application requirements. The rst con guration, Our-S is a strea mlined version with N; = 3 and N, = 3, where
the maximum channel capacities for the FRR and FRS modules are seb 32 and 16, respectively, optimizing for
limited computational resources. The second con guration, OurL is a larger model with N; =6 and N, =6, and
the maximum channel settings for both the FRR and FRS modules aré4, designed for high-performance computing
environments. N; = 3 and N, = 3 refer to the parameters shown in Figure4. Experiments are conducted on a
system running Ubuntu 20.04 with an Intel Xeon Gold 6330 CPU and anNVIDIA RTX 3090 24 GB GPU. Our
method uses Python 3.10 and PyTorch 2.1.0 with CUDA 11.8 support. Alditionally, we verify the training and
inference on the NVIDIA V100-32G GPU.

To enhance the generalization of our model, we adopt the exponeiat moving average (EMA) strategy coupled
with a dynamic input size adjustment protocol. Initially, the model wa s trained on images resized to 256256 pixels,
gradually increasing to 400 400 pixels during the training period. This progressive resizing apprach exposes the
model to a wider range of spatial resolutions, improving its adaptalility to varying image sizes. We employ the
AdamW optimizer for optimization, which combines the bene ts of Adam's adaptive learning rate with e ective
weight decay regularization. The learning rate is initialized at 1e 3 to balance rapid convergence with training
stability. A batch size of 5 optimizes GPU memory utilization while maintain ing su cient gradient estimation
accuracy. A global seed value of 0 is set to ensure reproducibility,rsuring consistent model parameter initialization
and batch selection during training.

Given the variability in the ability of di erent methods to handle images o f the original sizes, we established a
uniform output image size of 256 256 for methodological comparison consistency (as discussed in&ection 4.2).
However, we retained the original image resolution to conduct comarative analyses with GT images (as detailed
in Subsection4.3). This approach ensures fair comparisons between methods whileceounting for their inherent
limitations in handling various image sizes.

4.2 Comparison with SOTA methods

4.2.1 Datasets and evaluation metrics

In our experimental evaluation, we utilize four publicly available datasets: the underwater image enhancement
benchmark (UIEB) [29], which contains 890 real underwater images with GT images (T90) ad an additional 60
unpaired images (C60); the U4546] consists of 45 real underwater scenes; the underwater coloast set (UCCS) [47],
which features 100 images per scene across three distinct colorifsh (blue-shift, green-shift, and blue-green shift);
and the Z700 dataset, consisting of 700 real underwater sceneBor the UIEB dataset, we divide the paired images
into two subsets: a training set of 800 images (training 800) and a Vidation set of 90 images (T90). The training
800 subset is used for model training, T90 serves as the validatiores and the remaining datasets (U45, UCCS,
and Z700) are used as test sets to evaluate the generalizability ofllamethods. We adopt three full-reference
metrics: mean squared error (MSE), peak signal-to-noise ratio (BNR) [48], and structural similarity (SSIM) [ 45,
to comprehensively evaluate the performance of DGNet and mease the di erences between enhanced images and
GT. Additionally, we employ two widely used no-reference underwate image metrics: underwater image quality
measure (UIQM) [49] and underwater color image quality evaluation metric (UCIQE) [50], to quantify color, clarity,
and contrast.

To ensure a fair comparison and address the output dimension limitabns of certain methods (e.g., URSCT 1],
Ushape R1], Lit-Net [ 52], etc.), we standardize the input and output dimensions to 256 256 pixels for all methods.
DGNet uses the default bilinear interpolation method provided by Torchvision for resizing. For the other methods,
we primarily use the resizing techniques implemented in their original cdebases, ensuring that the delity of these
resizing methods is at least equal to or greater than that of the tehnique employed by DGNet.



Zhou J C , et al. Sci China Inf Sci June 2026, Vol. 69, Iss. 6, 162104:11

2 7 % )
eS8 . potss N ; ‘_g‘ 3 A ot -

Raw | Uranker SMBL | 1.015 UWCNN | 0.349 Ucolor | 0.704 NAFNet | 1.149

=
=

-UIR | 1.113 X 0 e | 0.653 HCLR | 1.081

ReX-Net | 1.345

Figure 8 (Color online) Visual comparison of di erent methods on UIE B dataset. The comparison uses the URanker score, which indi cates the
quality of the recovery results (higher scores represent be tter performance). Red represents the best score, and green represents the second-best.
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Figure 9 (Color online) Visual comparison and NIQE scores of dieren t methods on UCCS (top) and U45 (bottom) datasets. NIQE score
represents the natural quality of the image (lower scores in dicate better quality). Red represents the best score, and g reen represents the

second-best.

4.2.2 Qualitative comparisons

We compare our methods (Our-S and Our-L) with 15 state-of-theart techniques using representative scenes from
multiple datasets, as shown in Figures8{12. The URanker score and NIQE evaluate restoration quality and
naturalness, respectively.

In Figure 8, Our-S and Our-L achieve the best perceptual quality, addressig the severe blue color cast with
URanker scores of 1.198 (second best) and 1.296 (best). Otheretiods struggle with fog removal, and traditional
approaches like SMBL B6] show over-enhancement. Figuré® shows the color cast correction, where Our-S and Our-
L perform better than learning-based methods prone to over tting (e.g., MFEF [19], Semi-UIR [24], ReX-Net [25]).
These methods exhibit distortions due to the reliance on synthesiz& GT, while our dynamic gradient approach
yields more natural and perceptually accurate results, re ectedin superior NIQE scores.

To demonstrate the performance of di erent methods in extremeunderwater conditions, we select a highly chal-
lenging scene with severe blueness and objects that blend into theabkground. The enhancement results are shown
in Figure 10, with URanker scores used to assess restoration quality. Scendaracteristics are analyzed using the
image-to-text model WD14-ViT-Tagger-v2Y, which provides percentage-based indicators of key features.déally,

1) https://huggingface.co/SmilingWolf/wd-v1-4-vit-tagg er-v2.
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Figure 10 (Color online) Restoration results on the severe blue color cast. The URanker score assesses recovery quality (higher s cores indicate
better results). Red represents the best score, and green re presents the second-best. The WD14-ViT-Tagger-v2 image-t o-text generation model
is also used to characterize the restored images.

Figure 11 (Color online) Visual results of di erent methods for ne-g rained feature control. We zoom in on the details and show the di erences
in the circle box.

underwater elements should remain intact, the blue theme minimized,and object properties like sh/swimming
and no humans/side should be made more prominent. The main challergyis to remove the blue tint without
a ecting critical features, such as the black shark, especially withfew distinguishable background objects, which
poses a signi cant test for WOIE methods. Our-S and Our-L achiee the highest URanker scores of 0.507 and 0.453,
respectively. Both methods e ectively enhance the black regions fothe shark without losing details, preserving the
object's critical features. In contrast, UIEC"2 [27], a curve-based method, partially compromises the characteriste
of the shark while correcting color bias, due to its limited ability to inter pret intrinsic object features. Non-learning-
based methods like SMBL B€] introduce errors. Our-L performs best in several attributes kased on image-to-text
analysis, scoring highest for the labels for the sh, no human, andisle labels, and reducing the blue theme label
to 24% (from 91% in RAW). Although Our-S scores 44% for swimming, Bghtly higher than Our-L (42%), UIEC"2
misidenti es an incorrect attribute, Sharp teeth, due to over-tu ning. These results show that both Our-S and Our-L
preserve features and reduce color bias, outperforming other ethods in complex underwater scenarios.
Controlling the generation of ne-grained features is crucial for performance. Figure 11 highlights subtle dif-
ferences in feature processing between methods. Although moshethods reduce color bias, only SMBL 36,
ReX-Net [25], Our-S, and Our-L excel in distinguishing subjects from backgromds and improving the colors of
clothing and stone statues. Other methods do not capture local dtails, leading to unnatural or inaccurate colors,
which a ects overall visual quality. Figure 11 shows the superiority of Our-S and Our-L in generating ne-grained
features, underscoring the e ectiveness of our approach for etailed and high- delity image restorations. Figure
12 shows the di erences in semantic processing between the methodgsing SAM [53] to extract semantic features
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Figure 12 (Color online) Visual result of semantic feature di erence s across SOTA methods in the severely greenish scenario. The metric
represents the percentage of areas not semantically segmen ted using the SAM method [ 53]. The top shows the prediction recovery plots for each
method, and the bottom corresponds to the SAM segmentation o utput for each prediction recovery plot.

and measure the percentage of unsegmented regions. Our-L isettonly method that surpasses GT, with 12.19%
unsegmented regions (an improvement of 10.55%, demonstratindié best performance. Compared to Our-S, Our-
L improves image quality by better understanding features and cotrolling ne-grained detail generation. This
superior performance highlights the robustness and e ectivenesof Our-L in challenging scenarios.

4.2.3 Quantitative comparisons

Tables 1 and 2 compare our method with 15 state-of-the-art approaches. Bdt Our-S and Our-L methods achieve
higher scores across datasets. In the UIEB T90 dataset, Our-Loutperforms Semi-UIR (CVPR'23) [24] by
0.808 dB in PSNR and 3.1% in SSIM and improves over Lit-Net $2] by 2.406 dB in PSNR and 2.2% in SSIM.
Our-S achieves the highest UCIQE, UIQM, and URanker scores, wh Our-L second in UCIQE, UIQM, and third
in URanker. Although our methods perform moderately in NIQE, they excel in overall enhancement due to the
typical distribution of the T90 dataset. Unlike traditional methods that focus on correcting statistical biases, our
method provides superior visual quality.

From Tables 1 and 2, our method consistently achieves top results in most metrics. In prticular, on the
challenging C60 dataset, our method excels in UCIQE and UIQM, dempstrating superior recovery of color and
light. As seen in the T90 dataset, many competing methods experiete a sharp decline in NIQE scores on the more
complex C60 dataset. For example, SMBL 36], which performs best in T90, shows a signi cant performance drop
with a decrease of 1.975 in NIQE. In contrast, our method maintainsrobust performance, achieving the best and
second-best results in multiple metrics and e ectively handling challerying underwater scenarios.

Additionally, as illustrated in Figure 2 and Table 2, our method demonstrates a smaller parameter size and
computational complexity than other state-of-the-art methods. Both Our-S and Our-L achieve optimal performance
in metrics, computational e ciency, and parameter counts. Our-L performs best with su cient computational
resources, while the reduced complexity makes our method highly #able for practical applications. Moreover,
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Table 1 Quantitative comparisons of di erent methods on the UIEB T9 0, and C60 datasets at a resolution of 256 256 pixels. The best results
are in bold, whereas the second-best results are underlined

Method UIEB T90 UIEB C60
PSNR" RMSE# SSIM" UCIQE " UIQM " URanker " NIQE # UCIQE " UIQM " URanker " NIQE #

SMBL (TB'20) 16.491 0.161 0.771 0.604 2.552 1.402 4298 0.584 2.006 0.893 6.093
UWCNN (PR'20) 17.749 0.137 0.812 0.546 3.033 1.332 4.396 0.5 20 2.546 0.476 6.317
UIEC"2-Net (SPIC'21) 22.833 0.079 0.904 0.605 3.015 1.446 4 .292 0.584 2.611 1.422 5.637
Ucolor (TIP'21) 20.955 0.097 0.865 0.580 3.059 1.521 4.381 0 553 2.482 0.841 6.476
PUIE (MC) (ECCV'22) 22.134 0.082 0.896 0.581 3.049 1.789 5.8 27 0.558 2.521 1.104 5.980
PUIE (MP) (ECCV'22) 18.258 0.126 0.781 0.532 2.930 1.631 5.7 82 0.513 2.398 0.339 6.570
NAFNet (ECCV'22) 22.050 0.086 0.830 0.592 3.044 1.991 4.663 0.559 2.751 1.142 5.978
Restormer (CVPR'22) 22.942 0.079 0.869 0.599 3.015 2.048 4. 465 0.570 2.688 1.391 6.082
URSCT (TGRS'22) 22.092 0.093 0.882 0.566 3.021 2.102 5.651 0 .585 2.688 1.328 6.784
MFEF (EAAI'23) 22.913 0.078 0.886 0.600 3.062 2.050 4.229 0.566 2.652 1.332 5.735
Semi-UIR (CVPR'23) 24.815 0.063 0.901 0.605 3.032 2.152 4.9 63 0.583 2.663 1.564 6.449
ReX-Net (ESWA'23) 23.029 0.079 0.875 0.598 2.980 1.960 4.42 0 0.570 2.654 1.242 6.100
Ushape (TIP'23) 21.129 0.094 0.784 0.569 3.079 1.535 4.481 0 545 2.659 0.866 5.824
Lit-Net (ArXiv'24) 23.217 0.077 0.909 0.597 3.011 1.886 55 57 0.571 2.616 1.249 6.671
HCLR (1JCV'24) 24.652 0.066 0.927 0.607 3.028 2.179 4.408 0.582 2.701 1.442 5.861
Our-S 25.067 0.063 0.925 0.611 3.100 2.198 4.538 0.592 2.731 1.645 5.462
Our-L 25.623  0.060 0.929 0.610 3.081 2.170 4.439 0.592 2.736 1.607 5.473

Table 2 Quantitative comparisons of di erent methods on the UCCS, U 45, and Z700 datasets a resolution of 256 256 pixels. The best results

are in bold, whereas the second-best results are underlined

UCCS u4s Z700
Method #GMac  #Param (M)
UCIQE " uiQgMm " URanker " NIQE # UCIQE " uiQM " UCIQE " uiQM "
SMBL (TB'20) { { 0.549 2.552 0.721 4.647 0.602 2.416 0.561 3.0 84
UWCNN (PR'20) 2.64 0.40 0.498 3.025 0.975 4.680 0.546 3.079 0 .508 2.974
UIEC"2-Net (SPIC'21) 26.1 0.53 0.544 2.992 1.311 4.658 0.60 8 3.145 0.577 2.996
Ucolor (TIP'21) 31.6 157 0.550 3.019 1.089 4.962 0.573 3.159 0.550 3.059
PUIE (MC) (ECCV'22) 30.1 1.40 0.536 3.003 1.153 4.770 0.578 3 199 0.562 3.075
PUIE (MP) (ECCV'22) { { 0.489 2.758 0.289 5.078 0.563 3.186 0. 548 3.083
NAFNet (ECCV'22) 4.22 7.37 0.544 2.913 1.099 5.033 0.594 3.0 87 0.571 3.011
Restormer (CVPR'22) 164 26.1 0.546 2.980 1.095 4.775 0.600 3 .097 0.576 3.073
URSCT (TGRS'22) 48.3 114 0.536 2.939 1.034 4.963 0.596 3.18 9 0.566 3.072
MFEF (EAAI'23) 141 2.79 0.556 2.977 1.434 4.689 0.606 3.157 0 .584 2.981
Semi-UIR (CVPR'23) 39.1 1.68 0.557 3.079 1.590 4.686 0.606 3.185 0.591 2.900
ReX-Net (ESWA'23) 1.66 6.26 0.540 2.897 1.245 5.240 0.597 3. 128 0.573 3.058
Ushape (TIP'23) { 31.6 0.548 3.028 0.960 4.871 0.567 3.105 0. 543 3.083
Lit-Net (ArXiv'24) 17.9 0.55 0.548 3.066 1.234 4.713 0.603 3.096 0.572 3.020
HCLR (1JCV'24) 402 4.87 0.553 3.031 1.304 4.813 0.607 3.065 0.603 2.945
Our-S 15.0 0.23 0.565 3.016 1.524 4.605 0.607 3.219 0.595 3.089
QOur-L 48.5 0.74 0.569 3.011 1.482 4.598 0.610 3.212 0.593 3.061

Our-S delivers high-speed inference, achieving 186.6 FPS for 25856, 36.7 FPS for 480P images, and 31.2 FPS
for 640 640 images that support real-time performance. Other methodssuch as Semi-UIR 24] and U-shape R1]
require additional data or post-processing steps, making directrhme rate comparisons di cult.

4.3 Comparison with ground-truth images

4.3.1 Datasets and evaluation metrics

We evaluated our method against GT from the UIEB T90 dataset usirg twelve state-of-the-art no-reference im-
age quality assessment (NRIQA) metrics. These include NIQE (SPL'B, [54]), URanker (AAAI'23, [ 34]), MUSIQ
(Iccv21, [55]), NIMA (TIP'18, [ 56]), ILNIQE (TIP'15, [ 57]), UIQM, UCIQE, BRISQUE, HyperlQA (CVPR'20,
[58]), PaQ-2-PiQ (CVPR'20, [59]), CLIP-IQA (AAAI23, [ 60]), and TOPIQ-NR [ 61]. These metrics cover a range
of aspects, including natural scene statistics, aesthetics, undeater-speci ¢ quality, human perception simulation,
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Figure 13 (Color online) Visualization comparison on UIEB T90 datase t [29]. (a) Raw image; (b) GT; (c) Our-S; and (d) Our-L.

semantic understanding, and distortion detection. CLIP-IQA+ ut ilizes Vision Transformer Large 14, achieving
superior performance across datasets, while TOPIQ-NR{1] leverages FLive dataset weights to address diverse dis-
tortions. Except for UIQM and UCIQE, all evaluation metrics were computed using the IQA-PyTorch repository?,
ensuring a uni ed and comprehensive evaluation.

4.3.2 Qualitative comparisons

Figure 13 visually compares the UIEB T90 dataset across ve common degraation scenarios. In S1, showing severe
green bias, Our-S, and Our-L e ectively remove the color cast, impoving saturation and contrast. The GT fails to
eliminate the yellowish tint in the red-framed area, limiting object visibilit y, while our methods reveal ner textures
in the yellow-framed area. S2 shows a shallow-water turbidity imagepur method achieves a better de-hazing e ect
compared to the GT image, which only addresses color bias. In S3, ounethod removes the greenish tint and
restores natural colors without introducing noise. S4 and S5 showluish scenes with low contrast and saturation,
which the GT image does not signi cantly improve. In the red-framed area of S4, our method accurately restores
the actual colors. Similarly, in S5, our method provides superior refration, with better contrast and saturation,
aligning with human visual perception.

To assess color restoration, we analyze a close-up and a distaniew image in Figure 14. Visually, our method

2) https://github.com/chaofengc/IQA-PyTorch.
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Figure 14 (Color online) Color correction visualization on UIEB T90 d ataset. (a) Raw image; (b) GT; (c) Our-S; and (d) Our-L. lllus trates
RGB intensity maps via pie charts for each image, with the hig hlighted segment indicating the highest intensity. As pert he gray world hypothesis,
a more uniform distribution among the RGB components indica tes superior image restoration.

is challenging to distinguish from the GT, but the RGB intensity distribu tion provides clarity. For the close-up

image (top), our method maintains a lower green channel intensity ompared to the original and GT images,
e ectively correcting the greenish bias. In the distant-view image (pottom), the original image shows green and red
biases, while the GT only reduces the red bias. Our method balanceshé& RGB distribution, mitigating biases, and

demonstrating more accurate color restoration in complex scenaos.

To evaluate perceptual performance, we use the SAM methodbp] for semantic segmentation of complex under-
water scenes. We assess image restoration quality with two metricghe semantic area ratio and the unsegmented
area ratio. In Figure 15, the results show that the GT image incorrectly enhances irrelevanfeatures, leading to
a 26.03% decrease in the semantic area ratio and an 11.10% increaseuimsegmented areas. Our method shows
better performance, with Our-L increasing the semantic area raio by 11.7%. Our-S reduces the unsegmented area
to 7.07%, achieving nearly complete coverage of primary regions. Atbugh Our-L shows a slight increase in the
unsegmented area ratio (by 2.96%) due to specularities, our methds signi cantly outperform the GT, highlighting
the e ectiveness of our dynamic gradient strategy in enhancing imge quality and correcting de ciencies in reference
images.

Visualization results for details in dark textures in Figure 16. Although the GT appears to be superior in overall
visual quality, our method signi cantly enhances texture details in dark areas with better contrast. In contrast, the
GT su ers from over-enhancement, making dark areas overly brigpt (as seen in the red and yellow framed regions),
suggesting that the details in the dark areas of the restored imageare compromised. Our method surpasses GT in
semantic segmentation and dark area enhancement, highlighting tt minimizing loss relative to reference images
is not always ideal, particularly in underwater vision tasks where highquality GT data is di cult to obtain.
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Figure 15 (Color online) Semantic segmentation comparison on UIEB T9 0 dataset. (a) Raw water-related optical image, followed by semantic
segmentation results: (b) input and (c) GT from UIEB dataset pairs, and predictions from (d) Our-S model and (e) Our-L mod el. The rst
row quanti es segmentation coverage (segmented area/tota | area), where a higher value indicates better performance. The second row assesses
unsegmented area coverage (unsegmented area/total area), where a lower value re ects improved segmentation accuracy and model performance.
Figure 16 (Color online) Comparison of image dark enhancement e ects . (a) Raw image; (b) GT; (c) Our-S; and (d) Our-L. The top row

shows subjective images from each method. The bottom row vis ualizes dark textures, where brighter areas indicate darke r regions in the original
images. The bottom row provides zoomed-in views of selected areas, illustrating each method's enhancement of dark text ures.

4.3.3 Quantitative comparisons

In Table 3, we compare the performance of the Our-S and Our-L models withhat of the GT. The results show that
Our-S performs the best, followed closely by Our-L, with both modds exceeding GT in multiple evaluation metrics.
Our method achieves the best results on multiple advanced evaluatiomethods, e ectively addressing various types
of natural and arti cial distortions. However, the URanker, MUS 1Q, and UCIQE scores are slightly lower than
the GT scores, which can be attributed to several factors. The Ranker dataset contains only 890 images3], a
variant of UIEB, leading to training weights that do not cover all dist ortion scenarios or are more biased towards
the GT. MUSIQ ne-tunes image quality and aesthetic quality datasets without employing data augmentation to
include more distortion scenarios and subjective volunteer scoreorrections. Additionally, UCIQE focuses on color
and does not account for diverse distortion scenarios.

Comparison of the overall summary results (total) with the Table 1, the Our-L model achieves the highest score,
with a PSNR score of 25.623 and a total score of 4.5, surpassing ti&T, which has a total score of 4. In contrast, the
Our-S model with a total score of 8 signi cantly outperforms Our-L and GT. This shows that aiming for a smaller
pixel-level loss compared to the GT is misguided. GT images often re et outcomes similar to terrestrial scenes and
can be awed in detail and color restoration. These results furthe validate that our proposed dynamic gradient
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Table 3 Performance comparison with GT images (original size). The best and second-best results are indicated in bold and under lined,
respectively.

NIQE # URanker " MUSIQ " NIMA # ILNIQE # UIQM " UCIQE " BRISQUE # HyperlQA " PaQ-2-PiQ " Clip-IQA+ " TOPIQ-NR " Total "

GT 3.794 1.603  52.342 5123 25136 2.765  0.619 24.505 0.379 72.514 0.379 0.682 4
Our-S 3.713 1.589 51.848 5.019 23.979 3.012 0.609 25.017 0.412 72.798 0.380 0.685 8.5
Our-L  3.666 1.568 52.073 5.050 24.521 2.991  0.609 24.190 0.410 72.528 0.376 0.684 5.5

Table 4 Ablation study for FRR and FRS modules. The best and second-b est results are indicated in bold and underlined, respectiv ely.

Operation PSNR " SSIM* uiQgm " UCIQE "
Instead ALL 15.892 0.732 1.780 0.595
w/o CCI 25.231 0.925 3.073 0.608
FRR w/o FSM 23.164 0.916 3.055 0.601
w/o Sigmoid 24.869 0.922 3.045 0.604
w/o FRR 24.916 0.922 3.077 0.610
Instead 16.468 0.715 1.538 0.620
w/o Lapla 25.256 0.924 3.065 0.610
FRS w/o SenB 25.111 0.923 3.051 0.610
w/o FRS 25.040 0.920 3.051 0.611
Instead 16.111 0.721 1.597 0.610
ALL 25.623 0.929 3.081 0.610

strategy guides the model toward results more closely aligned with thman and machine perception, overcoming the
limitations of poor-quality GT data and achieving superior image restaration.

4.4 Ablation study

We perform a series of ablation studies to evaluate the impact of crital components within our network. These
studies involve qualitative and quantitative assessments of the vithcomponents of the network, focusing on Our-L
(as Our-L follows the same design and strategy as Our-S). Specially, we examine various integration strategies
and the role of distinct modules. To further validate the e ectiveness of our proposed module, we explore a scenario
in which the proposed module is replaced by a standard convolution lagr of the same structure, under identical
conditions, a scenario we refer to as \Instead". This experimentasetup comprehensively highlights the e cacy and
integration strategy of our method.

4.4.1 E ectiveness of FRR

Our FRR module is designed to correct color. As shown in Figure§(a) and (b), the FRR module e ectively removes
color casts. The results of the ablation study shown in Table4 demonstrate that the FRR module signi cantly
improves the restoration and reconstruction of characteristics resulting in a 0.7 dB increase in PSNR and a 0.007
improvement in SSIM.

4.4.2 E ectiveness of FRS

The FRS module employs xed-weight Laplacian convolution and excelsat extracting low-frequency features and
reducing artifacts. As shown in Table 4, the FRS signi cantly improves PSNR by 11.5 and SSIM by 0.2, outper-
forming other convolution groups. The "Remove' experiment furtrer highlights the critical contribution of FRS to
enhancing model performance. Additionally, tests with the Laplacian convolution and smoothing module con rm
the e cacy of our method. A comparison between Figures6(b) and 17(f) vividly showcases the FRS to reduce
blurring and artifacts, especially around object edges.

4.4.3 E ectiveness of L4

Our loss function L 4, enhances contrast and light balance, accelerates network traing and enables the network to
avoid local optima. In Tables 5 and 6, setting the loss weight at 0.35 optimizes the PSNR, SSIM, and UCIQHEnetrics
of the network. IncreasingL 4 weight correlates with improved UIQM values, indicating its e ectiven ess in adjusting
contrast and light balance. Furthermore, employing L4 yields a PSNR value of 0.219 dB higher than omitting fit,
demonstrating its utility in e ciently guiding the network towards the global optimum. Figure 17 illustrates
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Table 5 Ablation study on loss function combinations. Compares the e ectiveness of various loss function combinations. The be st and
second-best results are indicated in bold and underlined, r espectively.
Loss PSNR SSIM UiQM UCIQE
w/o Li 25.133 0.931 3.053 0.608
w/o L ssim 25.201 0.912 3.125 0.611
wio Ly 25.404 0.927 3.064 0.610
ALL 25.623 0.929 3.081 0.610
Figure 17 (Color online) Ablation study visual comparison on UIEB T90 . (a) Raw image; (b) instead FRR; (c) w/o FRR; (d) w/o Lgs
(e) GT; (f) instead FRS; (g) w/o FRS; and (h) Our-L. Images are marked with red boxes to indicate areas of error enhancement s and with
yellow boxes for areas of excellent enhancements. The PSNR s core for each image is displayed in the upper right corner, pr oviding a quantitative

measure of enhancement quality.

Table 6 Ablation study on the weight of L 4. Evaluate the impact of varying the weight of L4 on performance. The best and second-best
results are indicated in bold and underlined, respectively
Weight PSNR SSIM uiQMm UCIQE

0.00 25.404 0.927 3.064 0.610

0.35 25.623 0.929 3.081 0.610

0.70 25.522 0.928 3.093 0.607

1.00 24.742 0.925 3.112 0.605

1.50 17.030 0.736 3.377 0.590

that the Our-L model exhibits enhanced light performance compaed to predictions without L4, particularly in
the background lighting aws highlighted in the yellow box. Additionally, our restored result displays improved
contrast, color balance, and texture de nition compared to GT.

Our analysis highlights the critical roles of the FRR and FRS modules, éong with their respective strategies,
as essential components of our network, enabling it to achieve a A& of 25.6 dB, as shown in Figurel7. When
these modules are replaced with equivalent standard convolution lagrs, while the other settings remain unchanged,
the PSNR drops to nearly 10 dB. Furthermore, usingL 4 further enhances white balance and color delity through
its dynamic gradient mechanism, helping the network to converge tosuperior solutions. The in uence of dynamic
gradients on training is further discussed in Subsectior4.4.4

4.4.4 Training e ciency

To evaluate the impact of L 4 during training, we plot the training curves with and without incorpor ating L 4 into
the overall loss function, as shown in Figurel8. We use the MSE score curve to demonstrate the pixel-level loss
during the training phase (MSE = MAE 2), alongside the PSNR score curve as an objective measure of nevk
performance.

As seen in Figure18, the use ofL ; signi cantly reduces MSE. In particular, optimal performance is achieved
within approximately two-thirds of the total training epochs when L, is applied, indicating that L, e ectively
accelerates the training process. Furthermore, the network wit L, exhibits a consistent upward trend in PSNR,
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Figure 18 (Color online) Training curves for model evaluation. MSE sc ores, with lower scores indicating better performance, and PSNR
scores, where higher scores denote superior image quality.

while the network without L, shows a drop in PSNR after 100 epochs, due to being stuck in a locaptmum.
These experimental results demonstrate that the proposed. ; e ectively accelerates network training. Its dynamic
nature helps the network escape saddle points and seek a betteolstion space when it encounters local optima.

4.5 Extended in WOIE

To verify the generalization of the DG-Net strategy, we extend it to the latest WOIE methods: Lit-Net [52] and
HCLR-Net [10]. Using the plug-and-play characteristics of the dynamic gradient ad FRR modules, we construct
DG-Lit and DG-HCLR models without making additional adjustments t o the original networks. Speci cally, we
integrate the FRR module, which provides denoising and feature regnstruction capabilities, into the front end
of Lit-Net and HCLR-Net (as shown in Figure 4), which serves as the backbone. The dynamic gradient, which
accelerates training and escapes saddle points, is incorporated otthe original loss function. Combining these
elements improves the tting capacity of the network and ensuresthat the generated images adhere more closely
to the principles of white balance. The construction details are as fthows.

DG-Lit with L2 loss. Lit-Net is a lightweight network that uses the L2 metric (Euclidean distance) as the
pixel-level loss. To validate the e ectiveness of our method for mosWOIE methods (with DG-Net using the L1
metric), we developed the dynamic gradient-guided version of Lit-Net, called DG-Lit. In DG-Lit, we employ the
FRR module (N1 = 6, N> = 6 and the maximum channel set to 64) as the backbone. Additionally L is added
to the original loss of Lit-Net with a weight of 0.35. And L,  representsL using Our-L to generate pseudo-
labels. The network is trained for 400 epochs, with other hyperpaameter settings remaining identical to the original
Lit-Net.

DG-HCLR with contrastive learning. Contrastive learning is a common technique for improving model
generalization under sparse data conditions. It leverages positivand negative sample strategies to strengthen the
network's ability to learn from unknown distributions. However, the HCLR-Net framework [10] cannot guarantee
robust performance under extreme conditions. To study whethe the dynamic gradient strategy can improve the
performance of contrast-based learning methods, we developddG-HCLR. Consistent with DG-Lit, we use the
FRR module (N; = 6, N, = 6, with a maximum of 64 channels, matching the settings with Our-L) as the
backbone. Additionally, L, was added to the original loss function of HCLR-Net with a weight of Q35, consistent
with the settings in this paper. And L,  representsL, using Our-L to generate pseudo-labels. Except for these
modi cations, all other con gurations remain the same as the original HCLR-Net.

The experimental results for di erent combinations are shown in Table 7, where the baseline refers to the original
Lit-Net and HCLR-Net, respectively. For Lit-Net, which uses the L 2 metric and has fewer parameters, adding
the dynamic gradient signi cantly improves the network's tting cap ability, with increases in both the UCIQE
score, which represents color quality, and the NIQE score, whiche ects natural statistical characteristics. For
HCLR-Net [10], which has ten times the parameters of Lit-Net, the tting capabilit y shows a smaller improvement,
but the NIQE score also improves. These results demonstrate thathe dynamic gradient e ectively optimizes the
generative performance of both networks, ensuring consistegiowvith natural statistical properties.

When the dynamic gradient is combined with the low-cost, high-perfemance FRR module (which has only
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Table 7 Quantitative comparison of applicability extension exper iments with 256 256 pixels. We generated pseudo-labels using HE, CLAHE,
and Our-L and veri ed the tness of each generation method to FRR. The best and second-best results are indicated in bold a nd underlined,
respectively.
Description #GMac #Param (M) PSNR " RMSE # SSIM " uiomMm " UCIQE " NIQE #
Baseline (Lit-Net) 17.9 0.55 22.636 0.081 0.870 2.990 0.600 4.405
w/ Ly HE 17.9 (+0.0%) 0.55 (+0.0%) 23.015 0.079 0.888 3.010 0.593 5 .580
+ FRR 30.9 (+72.6%) 0.76 (+38.2%) 23.244 0.074 0.883 3.074__ 0.617 5.307
w/ L4 CLAHE 17.9 (+0.0%) 0.55 (+0.0%) 22.942 0.080 0.868 2.956 0.6 07 4.353
+ FRR 30.9 (+72.6%) 0.76 (+38.2%) 23.441 0.074 0.874 3.037 0.612 4.337
w/ Ly Our-L 17.9 (+0.0%) 0.55 (+0.0%) 23.245 0.077 0.907 3.012 0.607 5.452
+ FRR 30.9 (+72.6%) 0.76 (+38.2%) 23.403 0.073 0.906 3.117 0.611 5.309
Baseline (HCLR-Net) 402 4.87 24.652 0.066 0.927 3.028 0.607 4.408
w/ Ly HE 402 (+0.0%) 4.87 (+0.0%) 24.804 0.065 0930 3.046 0.610 4.452
+ FRR 415 (+3.1%) 5.09 (+4.5%) 24860 0.064 0.923 3.022 0.612 4.416
w/ Ly CLAHE 402 (+0.0%) 4.87 (+0.0%) 24.631 0.065 0.930 3.040 0.604 4.391
+ FRR 415 (+3.1%) 5.09 (+4.5%) 24.916 0.064 0.923 3.058 0.612 4.427
w/ Ly Our-L 402 (+0.0%) 4.87 (+0.0%) 24.712 0.065 0.922 3.101 0.597 4.634
+ FRR 415 (+3.1%) 5.09 (+4.5%) 24.846 0.063 0.922 3.083 0.610 4.485
Figure 19 (Color online) MSE curves of di erent components of DG-Lit. The curve is visualized for the training with a batch size of 5

12.95 GMac and 217.78k parameters), the performance of DG-Litrad DG-HCLR is comprehensively improved.
Speci cally, the PSNR scores for DG-Lit and DG-HCLR increased by 0805 dB and 0.264 dB, respectively, and
both achieved optimal results in white balance (UIQM) and color quality (UCIQE). However, the NIQE score of
DG-HCLR showed a decline compared to the baseline. We believe thatis may be due to the over tting of certain
features caused by the larger number of parameters. Under theonstraints of contrastive learning, the e ect of the
dynamic gradient was suppressed, which weakened its ability to guidéhe FRR module in reconstructing natural
features.

To verify the impact of diverse pseudo-labeling strategies on othemethods, HE and Our-L (with excellent
performance and excellent real-time performance) are used as didonal examples of pseudo-labeling strategies,
and the chosen methods have extremely fast processing speeds, not add too much extra training overhead, and
cover both traditional and deep learning methods. Ultimately, the tting results are found to be similar to those
using the CLAHE pseudo-label generation method, with a smaller gapn several metrics, which is a side-e ect of
the dynamic gradient strategy itself, rather than the pseudo-label generation method.

The proposed dynamic gradient strategy combined with the CCl-based FRR module shows signi cant potential
for the WOIE task. As shown in the MSE curve of DG-Lit in Figure 19, adding a dynamic gradient signi cantly
reduces the MSE value, especially when working in synergy with the FR module. This indicates that the proposed
method can be widely applied to a wide range of WOIE scenarios. Whettr using L1 or L2 as the pixel-level
loss function or dealing with networks of di erent computational complexities, this method can achieve further
performance optimization, delivering superior enhancement resut.
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Table 8 Exploring frequency of dynamic gradient ( L4). The frequency of pseudo-label update is adjusted by setti ng the batch size in the
hyperparameters, where @ represents batch size, scaling LR represents using the linear scaling rule, and keeping LR rep resents maintaining a
consistent learning rate.

Method Metric @1 @2 @4 @5 @6 @8 @10 @16 @20

PSNR " 25.003 25.445 25.061 25.067 25.02 24.836 24.788 24.674 245 01
Our-S SSIM " 0.924 0.924 0.923 0.925 0.921 0.920 0.919 0.918 0.917
(scaling LR) UCIQE " 0.613 0.610 0.611 0.611 0.611 0.610 0.611 0.613 0.613
uliom " 3.095 3.097 3.097 3.100 3.100 3.110 3.105 3.102 3.098

PSNR " 25.292 25.155 25.074 25.067 25.090 24.881 24.950 25.008 24. 931
Our-S SSIM " 0.921 0.921 0.922 0.925 0.921 0.921 0.921 0.920 0.920
(keeping LR) UCIQE " 0.609 0.611 0.611 0.611 0.611 0.611 0.609 0.612 0.612
uiQgM 3.105 3.095 3.103 3.100 3.101 3.092 3.103 3.097 3.094

PSNR " 25.127 25.597 25.624 25.623 25.714 25.733 25.411 25.379 25. 098
Our-L SSIM " 0.926 0.922 0.924 0.929 0.923 0.925 0.926 0.921 0.922
(scaling LR) UCIQE " 0.611 0.609 0.608 0.610 0.608 0.609 0.609 0.610 0.612
uliom " 3.091 3.083 3.069 3.081 3.071 3.070 3.090 3.080 3.085

PSNR " 25.466 25.526 25.203 25.623 25.396 25.648 25.631 25.794 25. 704
Our-L SSIM " 0.927 0.922 0.922 0.929 0.926 0.924 0.923 0.928 0.924
(keeping LR) UCIQE " 0.609 0.609 0.607 0.610 0.610 0.607 0.607 0.608 0.608
uiQgM 3.087 3.078 3.079 3.081 3.086 3.083 3.078 3.072 3.086

5 Analysis and discussion

In this section, we conduct a series of experiments to validate theabustness of our method in practical applications.
Given the focus on practical applications, the evaluation relies solelyon the original images without introducing
additional data or variations. This approach limits restricted or non-end-to-end methods, ensuring a fair and
realistic assessment of our method's performance in practical soarios.

5.1 Exploring frequency of dynamic gradient

Numerous experiments have demonstrated the positive and active ect of the proposed dynamic gradient for
underwater image enhancement, but the frequent update of paelo-labels makes us concerned about the introduction
of a large amount of noise, to assess whether the dynamic gradienitroduces a detrimental e ect on the network
training, we conduct a series of experiments in this section to chargthe frequency of pseudo-label update in the
dynamic gradient by changing the batch size.

To ensure the validity of the experiments, we tested the two strakgies of scaling the learning rate and keeping
the learning rate unchanged for di erent common batch sizes (bath size, bs). According to the results shown in
Table 8, changing the batch size should theoretically not a ect the nal convergence performance of the network
when the learning rate is adjusted using a linear scaling strategy. Hmever, our experiments show that the tting
performance of the network decreases as the frequency of dymic gradient updates decreases. Speci cally, for the
smaller scale model, Our-S, the best performance is achieved at a toh size of 2, while for the larger scale model,
Our-L, the best t is exhibited when the batch size lies in the range of4 to 8. In addition, to further validate the
rigour of the experimental results, we also compared the case ofekping the learning rate constant. In this case,
Our-S again demonstrates a similar trend, i.e., the pattern of chang in performance with batch size is consistent
with the previous one. However, for Our-L, the data exhibits somevolatility, generally showing that the update
frequency has a less signi cant e ect on performance comparedad the other hyperparameters.

In summary, we can conclude that a lower dynamic gradient update fequency hurts the network tting perfor-
mance, and that the noise introduced by a suitable update frequeey is positive for network training, which is in
line with theoretical expectations. It is also observed that the update frequency has a relatively small impact on
the network performance.

5.2 Point match

We perform keypoint matching experiments B2] with Our-L to validate the enhancement e ects of our method,
which are crucial for subsequent advanced tasks. We select saety blue-green biased scenes for the keypoint
matching experiments, as depicted in Figures20(a) and (b). The enhanced results show a respective increase of
14.4% and 43% in the number of matching points. In Figure20(b), our method enhances the matching points



Zhou J C , et al. Sci China Inf Sci June 2026, Vol. 69, Iss. 6, 162104:23

Figure 20 (Color online) Point match comparison in severely greenish (top) and bluish (bottom) scenes. (a) Raw images and (b) Our- L results
with match points (MP) indicated. Our method signi cantly i mproves the match points at di erent viewpoints compared to the original image.

Figure 21 (Color online) Stylistic consistency on the LLFF dataset [ 17]. Images from dierent viewpoints of the same scene are used to
evaluate stylistic uniformity. Scores computed using ( 21) are shown in the top-right corner. Lower values indicate be tter stylistic alignment
across views; the optimal scores are highlighted in yellow.

of images with inconsistent viewpoints, improving key features in foeground and background. Combined with
semantic segmentation experiments, this demonstrates that oumethod improves the semantic coherence of features
and enhances human visual perception and the perceptual chacteristics of machine vision.

5.3 Stylistic consistency comparison

Maintaining stylistic consistency is essential for underwater exploation. To this end, we use various viewpoint
images from the LLFF dataset [L7] as our test set and conduct comparisons with three leading methds: NAFNet
(ECCV'22) [26], Restormer (CVPR'22) [20], and Semi-UIR (CVPR'23) [24]. The comparative analysis of the
enhancement e ects is shown in Figure2l. Under the gray world assumption [63], image restoration aims to
normalize the color distribution across the image, aiming for the aveage color to be gray. Based on the gray-world
assumption B3], image restoration aims to have the average color of all pixels convge toward a neutral gray, which
means that the average values of the R, G, and B color channels shlal be approximately equal. To quantitatively
assess the color restoration e ect in images, we propose utilizing # standard deviation of the channel means as
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Figure 22 (Color online) Error enhancement in challenging scenarios on the UWbundle dataset [ 64]. (a) Raw image; (b) Restormer [  20];
(c) NAFNet [ 26]; (d) Semi-UIR [ 24]; (e) Our-L.

the color metric:

<

yob
score = % (i Nz (21)

wherer} g;ﬁ represent the mean value of the RGB channel and' represents the mean value of all channels. score is
displayed in the upper right corner of the image, which provides a coarete measure to evaluate the balanced color
distribution.

Our-L maintains stylistic consistency across images of the same ste taken from dierent angles, achieving
the smallest variance in scores with a maximum-minimum di erence of oty 1.26. Our-L achieves a signi cant
improvement over the original image's di erence of 1.98, and is substntially better than the di erences observed in
other methods: 4.09 for Restormer20], 2.98 for NAFNet [26], and 4.24 for Semi-UIR R4]. All other methods exhibit
more signi cant deviation from the original image, highlighting the sup erior performance of Our-L in maintaining
a consistent image restoration style across di erent viewpoints.

5.4 Failure cases

While our method signi cantly reduces the need for parameters anccomputational resources, it exhibits limitations
in speci ¢ unconventional scenarios, which future work could addess. Speci cally, for those involving special scenes
or custom lenses, the recovery performance of our method dexases, as illustrated in Figure22. This limitation
likely arises from the network being trained solely on the UIEB datasé [29], which lacks the unconventional data
necessary to handle particular scenarios.

In recovering two example images, Our-L mitigates color deviations \Wwere other methods fail. However, a
noticeable deviation in pixel recovery becomes more pronounced gsxels move away from the camera's center,
which suggests that the network struggles with pixel distortion in o-center regions under certain conditions. To
address this limitation, future work will focus on improving the diversity of training data, incorporating more
unconventional scenes and imaging setups. Diverse datasets ag&pected to improve the robustness of the WOIE
method across a wider range of imaging conditions.

6 Conclusion

In this work, we propose a lightweight and e cient deep learning modd to enhance water-related optical images,
signi cantly improve visual quality, and reduce noise to enhance gesralizability. Our dynamic gradient guidance

strategy ne-tunes the restoration process, o ering a novel gproach to WOIE tasks. Comparative experiments
demonstrate that our method outperforms the Semi-UIR method (CVPR'23) by achieving a higher PSNR (25.1)
with 88.3% fewer parameters and 61.7% increase in computational eciency, making it suitable for real-time un-

derwater exploration.
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