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Abstract: Underwater video enhancement aims to improve the visibility and frame quality of un-
derwater videos, which is crucial for marine and lake research and exploration. However, existing
methods primarily rely on image enhancement algorithms that independently enhance individual
frames, neglecting the frame-to-frame continuity and style similarity relationships inherent in under-
water videos. Moreover, current methods require excessive parameters and slow training processes
to accommodate 4K video enhancement. To address these challenges, we propose the Dual-path
Underwater Video Restoration Network(DUVR-Net), which first enhances the middle frame and then
transfers the enhancement effect to adjacent frames through a dual-path approach using residual
compensation and transformed convolution kernels for inter-frame information transmission. Without
the need to enhance each frame independently,our model requires only approximately 90k parameters.
Experiments on real underwater videos demonstrate that our network can effectively accomplish 4K
underwater video enhancement with impressive results.

Keywords: underwater video enhancement; residual patches; transformation convolution kernels;
dual-channel processing

1. Introduction

Water is a crucial medium for human exploration and research, covering approximately 71% of
Earth’s surface. Underwater video recording plays a vital role in marine biology research, underwater
archaeology, and ecological surveys [1-4]. However, due to the physical properties of water, such as
light absorption, scattering, suspended particles, and other factors,underwater videos typically suffer
from poor visibility, color distortion, and low contrast [5], which significantly hinder their practical
applications. Traditional underwater video enhancement methods primarily rely on image processing
algorithms to enhance each frame independently. While these methods have achieved some success in
improving video quality, they face several key challenges. First, processing each frame independently
ignores the inherent temporal continuity and style consistency between frames in a video, which
may lead to temporal artifacts and inconsistent enhancement effects. The emergence of UVEB [6]
provides a large-scale (4K) high-resolution underwater video enhancement dataset and introduces
UVE-Net, which converts current frame information into convolution kernels and passes them to
adjacent frames to achieve effective inter-frame information exchange. However, the UVE-Net model
is massive, requiring substantial computational resources and parameters, resulting in slow training
processes and limited practical applications.

To address these limitations, we propose a novel underwater video enhancement framework that
efficiently processes video sequences while maintaining temporal coherence. Our method introduces a

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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dual-channel mechanism that first divides long video sequences into multiple shorter image sequences
for input. For each image sequence, we extract the middle frame and enhance it using multi-scale and
multi-channel attention mechanisms. The multi-channel processing better extracts image color features
for enhancement, while multi-scale processing captures image details at different scales to enhance
image detail enhancement. After enhancing the middle frame of the image sequence, the enhancement
effect is propagated to adjacent frames through two complementary pathways. The effectiveness of
our dual-channel mechanism is demonstrated in Figure 1, where we compare our method against
existing approaches (UVE-Net [1] and PRWNet [7]) on a challenging underwater scene. As shown,
our method better preserves the natural color and detail of underwater structures while effectively
removing blur and color distortion present in the original frames.

PRWNet

UVE-Net

Ours

SN

Figure 1. Visual results of different enhancement methods on a real underwater video.

In DUVE-Net, the first pathway is the residual-based repair pathway. Within the same short image
sequence, frames exhibit temporal continuity and style consistency, so the enhancement effects needed
for other frames share similarities with the enhancement effects obtained from the middle frame.
Therefore, the enhancement effects needed for other frames can be derived from the middle frame’s
enhancement effects through inter-frame relationships. By calculating the difference between the
enhanced and original middle frame, we obtain the enhancement effect residual of the middle frame.
Considering the differences between frames, we calculate the inter-frame residual by comparing the
middle frame with remaining adjacent frames. By applying convolution to the inter-frame residual as
weight parameters for the middle frame’s enhancement effect residual, we can obtain independent
enhancement effects for each frame, which can be added to the corresponding original frames to
achieve enhanced results. The residual-based repair pathway effectively transmits the enhancement
effects of the middle frame.

The second pathway is the convolution-based repair pathway, which generates adaptive convolu-
tion kernels from the enhanced middle frame to process the original adjacent frames. Each original
frame independently uses the enhanced middle frame to generate convolution kernels for convolution,
allowing the middle frame’s detail information to be transmitted to each frame. This design achieves
effective inter-frame information transfer. The convolution-based repair pathway focuses more on the
details in the enhancement effect transmission, reducing the impact of inter-frame differences.

The main contributions of our work can be summarized as follows:

1. We propose a novel underwater video enhancement framework that explicitly considers
inter-frame relationships, ensuring temporal consistency in enhancement results.
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2. We introduce a dual-channel mechanism combining residual-based repair pathway and
convolution-based repair pathways, which effectively propagates enhancement information from
middle frames to adjacent frames.

3. Our method achieves remarkable parameter efficiency, requiring only ~ 90k parameters while
maintaining high-quality enhancement effects for 4K underwater videos.As shown in Figure 2, our
DUVR-Net achieves superior PSNR performance with significantly fewer parameters compared to
existing methods.

4. Extensive experiments on real underwater videos demonstrate the effectiveness of our method
in terms of both visual quality and computational efficiency.
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Figure 2. Comparison of recent state-of-the-art methods and our method.

2. Related Work
2.1. Underwater Image Enhancement Methods

Underwater Image Enhancement methods can be broadly categorized into physical model-based
methods, physical model-free methods, and deep learning-based methods. Physical model-based
methods construct models by considering image degradation factors in specific environments, thereby
reversing or compensating for degradation effects and improving image quality [8-10]. Physical
model-free methods directly adjust image pixel values through histogram equalization [11] and color
balance, bypassing the complex optical propagation models to enhance underwater images through
direct manipulation of pixel intensity distributions and color characteristics. With the successful
application of deep learning in computer vision tasks, various innovative architectures have emerged.
Notable networks include WaterNet [12], which employs adaptive filters [13] and CNNs [14] for
quality improvement; Ucolor [15], which utilizes medium transmission-guided multi-color space
embedding; and FA+Net [16], which incorporates color enhancement and pixel attention modules.
Transformer-based [17] solutions such as U-shape [18] have also demonstrated excellence in capturing
global features and handling long-range dependencies. Recent lightweight networks developed
based on generative adversarial networks, such as Fspiral GAN10 [19], are more suitable for resource-
constrained environments. Although these networks have made significant progress, challenges still
persist in color distortion correction, texture preservation, and computational efficiency. In the field of
UIE, balancing quality and efficiency remains a more critical issue.

2.2. Underwater Video Enhancement Methods

Early underwater video enhancement methods primarily extended single-frame image enhance-
ment algorithms to video processing through frame-by-frame processing. Although some methods
improved efficiency through fast filtering algorithms or lightweight deep networks, this independent
frame processing often led to temporal artifacts and inter-frame flickering. To address these issues,
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researchers began exploring temporal relationships between frames. For instance, Ancuti et al. [20]
introduced temporal bilateral filtering to achieve inter-frame smoothing, while Li et al. [21] extended
video dehazing algorithms to underwater scenarios. Qing et al. [22] proposed a spatiotemporal infor-
mation fusion method to estimate consistent transmission maps and background light. Meanwhile,
recent advances in video restoration have provided new insights for underwater video enhance-
ment. Researchers have proposed various models to capture inter-frame relationships and aggregate
temporal information, including optical flow estimation, deformable convolutions, and cross-frame
attention layers. Notable examples include Shift-Net14 [23], which introduces grouped spatiotemporal
displacement to implicitly capture inter-frame correspondences, and UVE-Net [6], which innovatively
transforms frame information into convolution kernels for efficient inter-frame information exchange.
Inspired by these approaches, we propose DUVR-Net, a dual-path method that simultaneously utilizes
residual compensation and transformative convolution kernels for underwater video enhancement.

3. Methods
3.1. Overview of DUV R-Net

The input to DUVR-Net consists of consecutive frames {x; € X3*H Xw}fik

t_j from an underwater
video, where t denotes the index of the middle frame, and T = 2k + 1 represents the total number of
input frames. The output of DUVR-Net comprises enhanced consecutive underwater video frames
{y; € Y3*H Xw}fii - The operation of DUVR-Net can be formulated as shown in Equation (1):

{yi = DUVR_Net(x;) }'*F 1)
X and Y denote the original low-quality underwater videos and their corresponding enhanced
versions, respectively. The overall architecture of DUVR-Net is illustrated in Figure 3.

3.2. Middle Frame Enhancement Module

The Middle Frame Enhancement Module primarily focuses on enhancing individual middle
frames, with its network architecture specifically designed for image-mode enhancement. To address
the challenges of contrast deficiency and color distortion during the enhancement process, we adopt the
enhancement strategy from FA+Net [16], implementing a dual-branch enhancement mode comprising
multi-channel and multi-scale pathways during middle frame enhancement. The multi-channel branch
transforms the input into features with varying channel dimensions to better capture color feature
distributions across RGB channels. In the multi-scale branch, the input is converted into features
with different heights and widths, utilizing 1 X 1 convolutions to perform consecutive processing of
individual image pixels, which not only reduces the parameter burden but also better captures color
information for each pixel. The information fusion of the dual branches is accomplished through In-
verse Fourier Transform [24], with a hyperparameter « controlling the fusion ratio between spatial and
frequency domain information.Subsequently, the fused features undergo fine-grained enhancement
through the serial application of multi-scale modules and spatial attention mechanisms, ultimately
producing the enhanced middle frame.

3.3. Video Enhancement Module

The video enhancement module takes as input a sequence of consecutive frames from a short
underwater video, along with their corresponding enhanced high-quality intermediate frame. The
output is the enhanced consecutive underwater video frames corresponding to this input sequence.The
enhancement is achieved by propagating information from the enhanced middle frame to the remaining
frames through residual and Transformation convolution kernels.
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Figure 3. The overall architecture of DUVR-Net is composed of a middle frame enhancement stage and a global
enhancement stage. The core components of the network comprise: (a) Video Enhancement Module performs the
overall frame quality improvement through a dual-path mechanism; (b) Middle Frame Enhancement Module
focuses on processing and enhancing the center frame; and (c) Dual-channel Information Transmission implements
inter-frame information exchange through two parallel paths: residual value transmission and transformation
convolution kernels, enabling effective feature propagation across frames.

3.3.1. Residual Repair Model

The Residual Modification Model (RMM) aims to extract the enhancement effects obtained from
the middle frame and modify these effects according to the differences between each frame and the
middle frame, subsequently applying the modified results to the input frame sequence. The RMM
takes as input both a consecutive frame sequence requiring enhancement and its enhanced middle
frame. By extracting, customizing, and propagating the enhancement effects instead of enhancing each
frame individually, this approach significantly reduces the model’s computational complexity and
parameter count.

The key operations of RMM are as follows, given the feature {x; € X3*! XW}t+ _i and the
enhanced middle frame £; derived from x;.

Middle frame enhancement residual(R7) extraction:

Ry =% — x4 (2)
Inter-frame residual(Rjy) calculation:
Ry = {x; — x %, 3)
Residual modulation(R3),® represents Element-wise multiplication:

Rz = expand(R1) ® Ry (4)
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Enhancement effect integration:
OutRMM =X+ R3 (5)
In summary, the complete processing of RMM can be expressed as:
Outrym = X+ {expand(£; — x¢) © (x; — x¢) fifﬁk (6)

3.3.2. Transformation Convolution Kernel Model

The transformation convolution kernel converts the enhanced intermediate frame into a 3x3
convolution kernel through Dynamic Convolution Kernels Generation (DCLG) and applies convolution
operation to the current frame, thereby obtaining information from the enhanced intermediate frame
and achieving inter-frame information transfer.The process of TCKM can be expressed as:

Outrckm = DCLG(#) * {x; 11, )

where {xi}fif_k represents the features of the input consecutive frames. £; represents the en-

hanced middle frame derived from x;. (*) represents convolution.

3.4. Loss Function

We calculate the loss of the middle frames and video as the total loss function L:

£ = Lenar(s, £) + Leercep (e, 1) + A | Lonar{ i 2} + L{ 0,20 Y ®)

where Lcp,, refers to Charbonnier Loss [25], Lperceprefers to Perceptual Loss [26], Lyrefers to Ly
Loss [27]. {yi}f:ffkis the GT of sample{xi}f»iffk , and y; is the GT of x;.A is a weighting parameter
that controls the contribution of video-related losses, and its value increases as the number of epochs
grows.

4. Results

4.1. Settings
4.1.1. Dataset

We used the large-scale high-resolution Underwater Video Enhancement Baseline (UVEB) [6]
released on July 7, 2024, as our data source. The UVEB dataset comprises videos from multiple
countries, encompassing various scenes and video degradation types to accommodate diverse and
complex underwater environments. Due to the extensive size of the UVEB dataset, we utilized the first
150 pairs of video sequences in our experiment, consisting of 150 source videos and 150 target videos.
By extracting one frame every six frames, we obtained a total of 16,836 images, including 8,418 source
image sequences and 8,418 target image sequences. The ratio of training set to test set was set at 9:1,
resulting in 7,563 images for training and 855 images for testing.

4.1.2. Implementation Details

Our experiments are implemented using the PyTorch [28] framework with two NVIDIA Tesla
V100-SXM2-16GB GPUs. We use an ADAM optimizer for network optimization. The initial learning
rate is set to 4 x 10~%. The total number of epochs is 100. The batch size is 4, and the patch size of
input video frames is 512x512, with each sequence containing either 3 or 5 frames.

4.2. Comparisons with State-of-the-Art Methods
4.2.1. Quantitative Comparison

In quantitative measurement, we use peak signal-to-noise ratio (PSNR), structural similarity index
(SSIM), and mean square error (MSE) [29] as metrics for image quality. Floating point operations
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(FLOPs) [30] and parameter count (Params) [31] serve as indicators of model efficiency and perfor-
mance. From these quantitative results, our method outperforms others in terms of image quality. As
shown in Table 1, for 4K video, our model uses the minimal computational and parameter resources,
in the same order of magnitude as FA+Net, which has the smallest model size in image processing
tasks. DUVRNet has only 1/350 of the parameter count of UVE-Net while improving the PSNR metric
by 3.19dB, demonstrating the superiority and feasibility of this algorithm

Table 1. Experimental results on UVEB dataset.The top two results in each column are marked in red and blue,

respectively.
Methods PSNRT SSIM* MSE| FLOPs| Params|
UDCP [32] 12.08 0.749 1.454 - -
WaterNet [14] 16.31 0.797 1.161 193.70G 24.81M
PRW-Net [7] 20.79 0.823 0.981 223.40G 6.30M
UWNet [33] 18.28 0.782 1.314 304.75G 0.22M
PUIE [34] 22.79 0.810 0.937 423.05G 1.40M
FA+Net [16] 23.06 0.855 0.895 9.36G 0.009M
UVE-Net [6] 25.48 0.910 0.862 732.02G 33.19M
DUVRNet(Ours) 28.67 0.951 0.825 12.15G 0.096M

4.2.2. Qualitative Comparison

As shown in Figure 4, we visually compared our network enhancement results with other methods.
Due to its simple network structure, PRW-Net cannot adequately restore underwater images, resulting
in enhanced images with low saturation. The enhancement results presented by PRW-Net appear
unnatural in color and generally too dark. In contrast, our method demonstrates superior ability in
removing color distortion while restoring appropriate brightness levels.

n

Blur PRWnet PUIE Shallow-UWNet FA+Net UVENet Ours GT

Figure 4. Visual comparisons with state-of-the-art methods on real underwater scenes.

4.3. Ablation Studies
4.3.1. Effectiveness of Middle Frame Enhancement Module

To explore the impact of the middle frame enhancement module on the entire network, we
replaced it with a residual neural network and examined the effects of this substitution. As shown in
Table 2, MFEM represents the Middle Frame Enhancement Module in the model. Comparing columns
(a) and (d) in the Table 2, MFEM enables the network to achieve better quality improvement with fewer
parameters. Additionally, as demonstrated in Figure 5, our implemented MFEM exhibits superior
capability in recovering color and brightness information in the images.

4.3.2. Effectiveness of RRM and TCKM

The results in columns (b), (c) and (d) of Table 2 verify the effectiveness of RRM and TCMK. From
columns (b) and (d), we observe that the introduction of the RRM module not only reduces the MSE
from 1.935 to 0.882 but also accelerates the inference time. The visual results in Figure 5 demonstrate
that the absence of RRM and TCKM modules may lead to imprecise enhancement effects, resulting in
artifacts such as ghosting and color distortion. The incorporation of both RRM and TCKM modules
contributes to faster and better enhancement performance.
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@  ®  (© ) GT

Figure 5. Visual comparison of ablation results.

Table 2. Ablation studies of major components.

@ (B (© (d)
MFEM v v v
RRM v v v
TCKM v v v
PSNR 2500 2511 2712 2867
MSE 1979 1935 1239 0.825
FLOPs 1034 13.05 1279 12.156
Params(G) 548 10.18 11.04 0.096

5. Discussion

Compared to traditional frame-by-frame processing methods, DUVR-Net not only has a smaller
model parameter count but also demonstrates the capability to process 4K videos. The model shows
considerable potential in practical applications such as marine research and underwater archaeology.
It can provide high-quality input for downstream tasks like underwater object detection. Although
DUVR-Net is specifically tailored for underwater videos, its network architecture is still based on
image enhancement networks. The dual-channel mechanism primarily functions to propagate image
enhancement effects to adjacent frames. Therefore, in specific scenarios (such as scenes with intense
motion), there might be certain limitations. Future work will focus on incorporating other advanced
technologies (such as adaptive parameter adjustment) to make the model more adaptable to multi-
environmental tasks. Additionally, attention will be paid to optimizing the enhancement strategy for
intermediate frames.

6. Conclusions

In this paper, we present DUVR-Net, a lightweight model for 4K underwater video enhancement
that aims to overcome the limitations of previous frame-by-frame enhancement methods. Our approach
employs a dual-channel strategy that effectively reduces computational complexity by separately
transmitting enhanced color content with attention mechanisms and restored details. DUVR-Net
currently has the smallest parameter count among underwater video enhancement models, while
experiments validate its superior performance in underwater video enhancement tasks. We believe
that DUVR-Net provides new design concepts and directions for underwater video enhancement, with
practical applications in marine research and underwater archaeology.


https://doi.org/10.20944/preprints202503.1817.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 25 March 2025 d0i:10.20944/preprints202503.1817.v1

90f 10

Author Contributions: Author Contributions: Conceptualization, X.C. and Y.W.; methodology, X.C., YYW. and
T.W.; validation, YW., J.L. and Y.Y.; data curation, X.C. and K.-T.L.; writing original draft preparation, X.C. and
Y.W.; writing—review and editing, X.C., Y.W. and Y.G.; visualization, Y.Y. and T.W.,; supervision, X.C. and Y.G.;
project administration, X.C. All authors have read and agreed to the published version of the manuscript.

Funding: This research was partially supported by the Jiangsu Provincial Science and Technology Project:
Industrial Foresight and Key Core Technologies—Competitive Project under grant No. BE2022132.

Institutional Review Board Statement: Not applicable.
Informed Consent Statement: Not applicable.
Data Availability Statement: Data will be available upon request.

Acknowledgments: Special thanks to researchers from Ocean University of China and Hong Kong University of
Science and Technology for providing Underwater Video Enhancement Benchmark.

Conflicts of Interest: The authors declare no conflict of interest.

Abbreviations

The following abbreviations are used in this manuscript:

UVEB  Underwater Video Enhancement Benchmark
RRM Residual Repair Model

TCKM  Transformation Convolution Kernel Model
MSM Multi Scale Model

MCM  Multi Channel Model

FFM Feature Fusion Model

PA Position Attention

DCLG Dynamic Convolution Kernels Generation
MFEM  Middle Frame Enhancement Module
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