
Frontiers in Marine Science

OPEN ACCESS

EDITED BY

Lin Liu,
Ministry of Natural Resources, China

REVIEWED BY

Weichao Pan,
Shandong Jianzhu University, China
Haodi Zhu,
Zhejiang University, China

*CORRESPONDENCE

Chao Zhang
dyc.zhangchao@gmail.com

RECEIVED 18 April 2026
REVISED 18 May 2026
ACCEPTED 19 May 2026
PUBLISHED 03 June 2026

CITATION

Zhang C, Li X, Wu S, Zhang Z, Cao X,
Xia T and Yu W (2026) An underwater
dual-modal denoising detection
network for illumination fluctuation and
dense occlusion scenes.
Front. Mar. Sci. 13:1859313.
doi: 10.3389/fmars.2026.1859313

COPYRIGHT

© 2026 Zhang, Li, Wu, Zhang, Cao, Xia
and Yu. This is an open-access article
distributed under the terms of the
Creative Commons Attribution License
(CC BY). The use, distribution or
reproduction in other forums is
permitted, provided the original
author(s) and the copyright owner(s) are
credited and that the original publication
in this journal is cited, in accordance
with accepted academic practice. No
use, distribution or reproduction is
permitted which does not comply with
these terms.

TYPE Original Research

PUBLISHED 03 June 2026

DOI 10.3389/fmars.2026.1859313
An underwater dual-modal
denoising detection network
for illumination fluctuation
and dense occlusion scenes

Chao Zhang1*, Xingkun Li2, Shuang Wu3, Zhongfeng Zhang3,
Xiangyang Cao1, Tiantian Xia3 and Wenlong Yu1

1College of Transport Geography, Shandong Jiaotong University, Jinan, China, 2School of Physical
Sciences, Qingdao University, Qingdao, China, 3College of Land Resources and Surveying Engineering,
Shandong Agriculture and Engineering University, Jinan, China
Background: Underwater object detection is a critical enabling technology for

intelligent ocean exploration. However, light scattering and absorption in

underwater environments cause significant RGB image degradation and texture

loss, leading to weak foreground feature representation and limited detection

accuracy in densely occluded scenes.

Methods: To address these challenges, this paper proposes the Underwater Dual-

modal Detection Network (UW-DualDet), which incorporates depth information to

compensate for RGB degradation and enhance detection performance. Two plug-

and-play modules are designed: the Underwater Denoise Feature Fusion (UDFF)

module suppresses dual-modal noise and adaptively exploits the complementarity

between RGB texture and depth geometry to mitigate single-modality failure under

extreme illumination, while the Underwater Feature Enhancement Module (UFEM)

improves feature representation and multiscale semantic perception through multi-

scale depthwise separable convolutions and a multi-dimensional weighting

mechanism. Furthermore, a Gaussian-filterenhanced YOLO26 detection head

(D26Head) is introduced to reduce missed and false detections in densely

occluded scenarios by balancing positive sample coverage and localization

accuracy through a dual-branch optimization strategy, while also suppressing

feature noise.

Results: UW-DualDet achieves a mean Average Precision (mAP) of 86.7%,

outperforming all compared state-of-the-art methods. It demonstrates superior

robustness across three representative scenarios: 88.2% AP₅₀ in clear water, 79.6%

AP₅₀ in turbid environments, and 75.3% AP₅₀ in low-light deep water. The model

maintains an inference speed of 116 FPS, meeting real-time operational requirements.

Discussion: The proposed method effectively addresses the core challenges of

underwater object detection by leveraging multimodal complementarity and

task-specific optimization. It provides robust technical support for underwater

intelligent operations and ecological monitoring. Future work will focus on

improving depth estimation accuracy and extending the model to more

extreme underwater environments.

KEYWORDS

deep learning, feature enhancement, multimodal feature fusion, multimodal object
detection, underwater object detection
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1 Introduction

The ocean is a crucial component of Earth’s environment,

containing abundant biological resources, mineral reserves, and

energy assets Zhao et al. (2025); Cai et al. (2025); Xu et al. (2025);

Rao et al. (2025). It also serves as a critical setting for ecological

conservation and the autonomous operation of underwater intelli-

gent systems Gao et al. (2024); Hua et al. (2023a); Zhao et al. (2023);

Zhang et al. (2024). As a core task in underwater visual perception,

object detection enables accurate localization and classification of

submerged targets Chen et al. (2024a). It thus provides essential

support for applications such as marine resource exploration and

ecological monitoring, while promoting the intelligent and auton-

omous development of ocean exploration Jian et al. (2024); Wang

et al. (2023b).

Unlike terrestrial environments, underwater scenes are severely

affected by light absorption and scattering Fu et al. (2023); Jin et al.

(2022); Han et al. (2025). As a result, acquired RGB images often

exhibit significant degradation, including blurred edges, texture loss,

reduced contrast, and color distortion. Additionally, underwater illu-

mination varies dramatically, and image quality differs markedly

between sunlit near-surface environments and dim deep-water condi-

tions. Dense target distributions, mutual occlusions among marine

organisms, and obstructions caused by reefs further complicate feature

extraction and detection accuracy. As shown in Figure 1, these factors

make conventional terrestrial detection models highly susceptible to

feature representation failure and significant performance degradation

in underwater environments.

In current underwater object detection research, single-modal

methods remain the dominant paradigm. These approaches typically

rely on detection frameworks like YOLO and Faster R-CNN, enhanc-

ing model adaptability to degraded underwater RGB images through

techniques such as image enhancement, channel and spatial attention,

and multi-scale feature fusion Song et al. (2023); Guo et al. (2024);

Zhang and Gao (2025); Li and Peng (2025). However, they still depend

exclusively on RGB information and cannot fundamentally compen-

sate for feature loss caused by scattering and absorption in water. As a

result, their detection accuracy and robustness remain limited in

complex underwater environments with extreme illumination varia-

tions and high turbidity Chen et al. (2022); Wang et al. (2023a, 2025).

Advances in underwater sensing technology have enabled depth

images to provide geometric and spatial information that RGB images
Frontiers in Marine Science 02
alone cannot capture Yang et al. (2024). This information complements

the texture and semantic cues in RGB data. Accordingly, RGB-depth

multimodal fusion has become an important direction in underwater

object detection Yang et al. (2025). However, most existing multimodal

approaches rely on basic fusion strategies, such as channel concatena-

tion or element-wise addition, without addressing the inherent noise in

underwater bimodal data. These methods often amplify noise and

introduce feature redundancy during fusion. Moreover, they generally

lack task-specific feature enhancement modules and optimized detec-

tion heads suited to underwater scenes. This limits their effectiveness in

challenging conditions, such as dense occlusion and extreme

illumination changes, and prevents the full exploitation of cross-

modal complementarity.

To address the limitations of existing underwater object detection

methods, such as insufficient feature representation in single-modal

models, inefficient multimodal fusion, and poor adaptability to com-

plex scenes, this paper proposes UW-DualDet, an end-to-end RGB-

depth bimodal detection network for underwater environments. The

network takes synchronized RGB and depth images as input and uses

two parallel backbone branches with independent parameters to extract

texture-semantic features from the RGB modality and geometric-

structural features from the depth modality, respectively. This design

preserves the intrinsic characteristics of both modalities, avoiding the

loss of complementary information and noise amplification associated

with early fusion. At corresponding scales, a dedicated underwater

denoising feature fusion module, UDFF, is introduced to hierarchically

fuse bimodal features. By suppressing modality-specific noise and

dynamically assigning fusion weights via an adaptive gating mecha-

nism, UDFF enhances cross-modal complementarity and mitigates

feature degradation under extreme illumination and noisy underwater

conditions. The fused multi-scale features are passed to a bidirectional

feature pyramid for cross-level information interaction. In addition, an

underwater feature enhancement module, UFEM, is incorporated to

strengthen fine-grained details and global semantic representations of

low-contrast and small-scale targets, improving adaptability to multi-

scale underwater objects. Finally, the enhanced features are fed into a

dual-branch detection head, D26Head, which integrates two comple-

mentary detection paradigms and a denoising interaction unit to jointly

optimize classification and localization. This design effectively reduces

missed detections and false positives in densely occluded scenarios,

enabling accurate end-to-end underwater object detection. The main

contributions of this paper are summarized as follows:
FIGURE 1

Challenges in underwater object detection: (a) blurry and camouflage targets; (b) dense and occluded targets.
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• An end-to-end RGB-depth bimodal object detection network,

UW-DualDet, is proposed for complex underwater scenes. The

model follows a fully optimized architecture consisting of

bimodal parallel feature extraction, multi-scale hierarchical

denoising fusion, feature pyramid enhancement, and

dualbranch high-precision detection. This architecture addresses

the information limitations of traditional single-modal methods

and the low fusion efficiency of existing multimodal approaches,

providing a new framework for underwater object detection.

• A plug-and-play underwater denoising feature fusion module,

UDFF, is designed. UDFF combines a Gaussian denoising unit

with an adaptive gating mechanism to dynamically exploit the

complementarity between RGB texture cues and depth geomet-

ric information while suppressing modality-specific noise. This

design alleviates single-modal feature failure under extreme

illumination and reduces noise amplification during fusion.

• An underwater feature enhancement module, UFEM, is intro-

duced. Built onmulti-scale depthwise separable convolutions and

a multi-dimensional weighting mechanism, UFEM enhances

fine details and global semantic representations for low-contrast

and small-scale targets with minimal computational overhead. It

compensates for feature loss caused by scattering and absorption,

improving the model’s adaptability to targets of different scales.

• A dual-branch detection head, D26Head, is developed. It

integrates one-to-one and one-to-many detection paradigms,

incorporating a denoising interaction unit to jointly optimize

classification and localization. As a result, it reduces missed

detections and false positives in densely occluded underwater

scenes, improving detection accuracy beyond conventional

heads in complex environments.

• A multimodal underwater object detection dataset, containing

synchronized RGB and depth images, is constructed. The

effectiveness of the proposed modules and the overall model

is validated through comparative and ablation experiments. The

results show that UW-DualDet achieves a mean Average

Precision (mAP) of 86.7% and demonstrates strong detection

performance and robustness in three representative underwater

scenarios: bright, dim, and densely populated scenes. These

findings highlight its practical potential for applications such as

underwater intelligent operations and marine ecologi-

cal monitoring.

The rest of this paper is structured as follows. The Section 2

reviews studies on underwater object detection as well as relevant

work on multimodal feature enhancement and fusion. In section 3,

the relevant theories of UDFF, UFEM and D26Head methods are

introduced. The overall structure, which describes UW-DualDet.

Section 4 presents the experiments conducted with related methods

on the datasets. Finally, Section 5 concludes the paper.
2 Related works

2.1 Underwater object detection

Object detection methods for complex underwater scenes can

be broadly categorized into three approaches: lightweight methods
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based on one-stage networks, high-accuracy methods using two-

stage networks, and feature enhancement methods utilizing

Transformer architectures Gao et al. (2024); Song et al. (2023);

Guo et al. (2024).

One-stage detection algorithms, exemplified by the YOLO

series, have become the dominant architecture for underwater

engineering applications due to their favorable balance between

accuracy and speed. Existing research primarily focuses on two

areas: customized optimization for aquaculture scenarios and

lightweight design with small-object enhancement for general

underwater scenes. Yu et al. (2025) proposed TMAE-YOLO,

which achieves cross-frame feature compensation and multi-scale

feature optimization via a temporal multi-frame aggregation

module and a top-down progressive fusion feature pyramid. To

address small-object feature loss and severe sample imbalance in

turbid water, Tu et al. (2025) proposed YOLOv10-UDFishNet. This

method significantly improves detection accuracy and recall of

diseased fish through comprehensive pipeline optimization, includ-

ing auxiliary-branch backbone enhancement, highlevel feature-

guided adaptive fusion, and loss function refinement. Wei et al.

(2026) developed YOLO-LD to meet the real-time monitoring

needs for dead fish in recirculating aquaculture systems with

mixed cultures. This model balances speed and accuracy by recon-

structing the backbone network and introducing a global-local

interactive feature fusion module along with a lightweight detection

head. Zhou et al. (2025) introduced UW-YOLO-Bio, which bal-

ances detection accuracy and speed via a global context perception

module, efficient downsampling, and a regional context feature

pyramid. Ye et al. (2025) proposed YOLOv11-MSE, integrating a

multi-scale dilated attention module with a lightweight Slim-Neck

architecture to handle dense underwater small targets and severe

category imbalance. Sun et al. (2025) introduced AGS-YOLO,

which significantly improves detection performance under limited

computational resources by optimizing multi-scale attention, light-

weight convolution, and a cross-scale feature enhancement net-

work. Yin et al. (2026) proposed TFDF-YOLO to address target

edge degradation and localization bias through a spatial-frequency

decoupling module, multi-scale fusion strategy, and optimized

anchor-box regression loss. This design satisfies the need for precise

positioning in underwater wireless power transfer docking for

unmanned underwater vehicles (UUVs). Overall, YOLO-based

one-stage detection methods effectively balance detection accuracy

and real-time performance in underwater scenes and have become

the dominant solution for underwater engineering applications.

However, these methods rely solely on single-modal optical images,

which degrade severely in underwater environments characterized

by extreme turbidity, low illumination, and strong scattering.

Consequently, their detection performance is compromised, limi-

ting adaptability to complex and dynamic real-world underwa-

ter scenarios.

Two-stage detection algorithms, represented by the R-CNN

series, offer higher accuracy and robustness in complex underwater

scenes due to their refined feature processing and object discrim-

ination capabilities Song et al. (2023). As a result, they have become

the dominant architecture for high-precision underwater detection

tasks. Song et al. (2023) proposed Boosting R-CNN, which
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integrates a RetinaRPN region proposal network, a probabilistic

inference pipeline, and a reweighted hard-example mining strategy

to enable deep fusion of two-stage detection information

and effective error correction. Zhao et al. (2021) developed

Composited FishNet, a composite detection framework based on

Cascade R-CNN, to address fish detection and species recognition

in low-quality underwater videos. This framework suppresses

underwater background interference using a composite backbone

network, optimizes multi-scale feature fusion with an enhanced

path aggregation network, and alleviates sample imbalance through

a composite loss function. Two-stage methods, with more refined

detection processes, substantially improve detection accuracy in

complex underwater environments. However, their inherent two-

stage computational framework results in substantially higher

computational overhead, making it difficult to meet real-time

operational requirements for underwater robots. Additionally,

these methods still rely on single-modal optical images, which

cannot guarantee stable and robust detection in extreme underwa-

ter conditions.

Transformer architectures, with their ability to model global

context and capture long-range dependencies, offer a promising

avenue for feature enhancement in underwater object detection and

have become a hot research topic in recent years. To address the

detection of arbitrarily oriented targets in complex underwater

environments, Gao et al. (2024) proposed PE-Transformer. This

method uses CSWin-Transformer as the backbone, strengthens

bidirectional fusion of high- and low-level features through a path

enhancement module, employs Cross-PAFPN to optimize multi-

scale feature interaction, and introduces an adaptive point-repre-

sentation detection head for precise target detection. To tackle few-

shot detection in underwater sonar images with sample scarcity,

category imbalance, and the presence of weak, small, and blurred

targets, Yang et al. (2026) proposed FS2-DETR. This method

enhances feature representation and category discrimination for

weak and small targets through a decoder-guided feature enhance-

ment and compensation mechanism, dual-level visual prompt

enhancement, and a multi-stage progressive training strategy.

Transformer architectures significantly improve global feature

modeling in underwater detection and show clear advantages in

few-shot learning and target occlusion scenarios. However, these

methods are primarily optimized for single-modal data, such as

optical or sonar images alone, and cannot fully resolve imaging

failure in extreme underwater environments through multimodal

complementarity. Research on multimodal information comple-

mentarity is crucial for improving underwater object detec-

tion performance.

2.2 Underwater images feature fusion

Recent studies have increasingly explored feature fusion strat-

egies to enhance the representational capacity of underwater object

detection networks. Chen et al. (2026) proposed ITT-YOLO, which

integrates a triple-branch parallel attention module with a triple

feature encoding module for multiscale feature aggregation. The

attention module combines global self-attention, multi-scale local

attention, and identity-preserving pathways, thereby improving the
Frontiers in Marine Science 04
network’s ability to capture complementary contextual information.

Li et al. (2025b) developed SGL-YOLO by introducing a global-local

cross-layer aligned BiFPN. This structure incorporates both global

and local spatial attention branches, enabling the model to capture

long-range dependencies and fine-grained spatial details during

cross-scale feature fusion. Lv and Pan (2025) proposed LUOD-

YOLO, which employs a dynamic local-global feature fusion

attention mechanism based on adaptive pooling. In this method,

local and global attention maps are integrated through dynamically

learned weights, while bidirectional compensation paths further

enhance cross-scale feature interaction. Liang et al. (2025) proposed

RCF-YOLO, in which positional information is embedded into

channel features through a coordinate enhancement attention

module. The model further improves feature extraction using

receptive field attention convolution, which adaptively adjusts

convolutional kernel weights according to the spatial characteristics

of different receptive fields. Li et al. (2025a) introduced UAED-Net,

which establishes deep interactions between image enhancement

and object detection tasks through a task-adaptive feature interactor

that dynamically generates fusion weight maps. In addition, its

multi-dimensional cross-scale fusion module encodes and inte-

grates features along the channel, width, and height dimensions.

Jin et al. (2026) proposed HATBformer, which, although primarily

designed for underwater image enhancement, demonstrates effec-

tive feature integration through a detail enhancement branch that

fuses coordinate-aware features to restore degraded image details.

Although these studies have advanced attention-based, cross-

scale, and task-interactive feature fusion, they remain limited to

single-modal RGB inputs. Under severe turbidity or low-illumina-

tion conditions, RGB textures may be substantially degraded, and

fusion strategies operating solely within the RGB modality cannot

recover information that is absent from the original input. In

contrast, depth images can provide complementary geometric and

structural cues that are less dependent on visual texture, yet such

information remains insufficiently explored in existing underwater

detection frameworks. To address this limitation, we propose UW-

DualDet, a dual-modal underwater detection framework that inte-

grates RGB texture information with depth-based geometric cues.

Specifically, the proposed Underwater Denoise Feature Fusion

(UDFF) module adaptively fuses RGB and depth features while

explicitly suppressing noise interference. Furthermore, the

Underwater Feature Enhancement Module (UFEM) strengthens

the fused representations through multi-scale convolution and

multi-dimensional weighting. These two modules jointly alleviate

the inherent limitations of single-modal RGB fusion and improve

the robustness of underwater object detection under degraded

visual conditions.

2.3 Multimodal feature enhancement
and fusion

In complex underwater environments characterized by low

illumination, turbidity, and strong scattering, single-modality

RGB imaging is highly susceptible to texture degradation, severe

contrast loss, and target information loss. These factors substan-

tially degrade detection performance and limit the achievable
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accuracy of models relying solely on single-modal data Xu

et al. (2025).

In contrast, multimodal data, such as RGB-infrared and RGB-

depth, provide complementary information on appearance, spatial

structure, and environmental contours, compensating for the lim-

itations of a single modality at the data level Yang et al. (2025). As a

result, multimodal feature enhancement and fusion have become a

central research focus for overcoming performance bottlenecks in

complex scenes and improving model robustness. The primary

objective is to enable efficient fusion of complementary cross-modal

information, while suppressing redundant inter-modal interference

and enhancing discriminative target features, ultimately improving

detection accuracy.

To address the low efficiency of multimodal feature fusion, Li

et al. (2023) and Cao et al. (2023) proposed lightweight cross-modal

fusion modules, both named CSSA. These modules were designed

around coordinated optimization in both channel and spatial

domains. Specifically, an ECAbased channel switching mechanism

enables efficient cross-channel interaction between RGB and infra-

red features, while a parameter-free spatial attention module

enhances foreground targets and suppresses redundant background

noise. With minimal computational overhead, these methods

achieve efficient multimodal fusion and feature enhancement,

improving both detection accuracy and inference efficiency.

To tackle inter-modal interference and feature loss during

cross-modal fusion, Chen et al. (2024b) proposed RI-YOLO, an

end-to-end RGB-infrared multimodal detection framework. The

framework constructs a full-chain feature fusion and enhancement

system. First, the G&M-DI module performs twostage fusion of

global and interdependent characteristics across the two modalities,

enhancing intra-modal features. Then, the AWI module adaptively

fuses deep multi-scale features, reducing redundant crossmodal

interference and exploiting bimodal complementarity more effec-

tively. These components together enable full-chain target feature

enhancement and provide an efficient strategy for optimizing end-

to-end multimodal detection frameworks.

To address the challenges in complex underwater scenes,

including the limited representational capacity of a single RGB

modality, difficulties in modeling both pixel-level details and high-

level semantic information, and severe underwater background

interference, Yang et al. (2025) proposed UMIS-YOLO, a multi-

modal instance segmentation framework based on the YOLO

architecture. The framework uses a dualbackbone hierarchical

multi-scale cross-modal fusion system. Two parallel backbones

extract texture-color features from RGB images and boundary-

structural features from depth images, respectively. The FDFEF

module maps bimodal features into the frequency domain, where

adaptive cross-modal fusion of amplitude and phase components

occurs after modality-specific denoising and enhancement.

Additionally, the RFF module achieves cross-level fusion between

shallow bimodal features and deep semantic features through

residual connections. By combining frequency-domain adaptive

enhancement with spatial-domain residual detail enhancement,

the method strengthens multidimensional target features while

suppressing underwater background noise. As a result, it achieves

deep complementary fusion and discriminative enhancement of
Frontiers in Marine Science 05
RGB-depth features, significantly improving accuracy and robust-

ness in instance segmentation in complex underwater scenes.

Overall, existing studies have made substantial progress in

multimodal feature enhancement and fusion. However, for under-

water object detection tasks with unique scene characteristics,

existing methods still exhibit three major limitations. First, most

fusion schemes are primarily designed for RGB-infrared modalities

and show limited adaptability to the heterogeneous characteristics

of underwater RGB-depth data. Consequently, they cannot effec-

tively address modality-specific issues such as texture degradation

in RGB images and edge noise in depth maps. Third, existing

underwater multimodal fusion methods mainly focus on pixel-level

optimization for instance segmentation, lacking dedicated solutions

for underwater object detection, particularly in scenarios with a

high proportion of small targets and severe feature degradation.

To address these limitations, this paper proposes UW-DualDet,

an underwater RGB-depth bimodal detection network specifically

designed for the key challenges of underwater scenes. First, the

underwater feature enhancement module, UFEM, is introduced to

strengthen the representation of low-contrast and small underwater

targets while suppressing background noise caused by water scat-

tering. Second, the underwater denoising feature fusion module,

UDFF, is designed to achieve adaptive complementary fusion of

RGB texture and depth structural information, effectively reducing

redundant cross-modal interference. Overall, the proposed method

substantially improves detection accuracy and robustness in ex-

treme underwater scenes, providing an effective solution for mul-

timodal object detection in complex underwater environments.
3 Materials and methods

In this section, a network overview is provided in Section 3.1,

following which the proposed Underwater Denoise Feature Fusion

(UDFF) is described in Section 3.2. The proposed Underwater

Feature Enhancement Module(UFEM) is explained in Section 3.3.

The proposed Denoise YOLO26 Detection Head (D26Head) is

explained in Section 3.4.

3.1 Underwater dual-modal
detection network

Object detection in underwater environments faces significant

challenges: light absorption and scattering lead to color distortion,

reduced contrast, and blurred details in RGB images, while depth

images in turbid water are prone to noise and missing regions,

limiting the effectiveness of single-modality scene understanding.

To address these issues, this study proposes an underwater

RGB-D multimodal object detection model. Built upon the end-to-

end detection framework, the proposed model incorporates an

Underwater Denoise Feature Fusion module (UDFF), a D26Head,

and an Underwater Feature Enhancement Module (UFEM). A

dual-layer fusion strategy is adopted at P4 and P5 to enable effective

interaction between RGB and depth features. Furthermore, the

denoising detection head D26Head supports end-to-end inference
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without Non-Maximum Suppression (NMS). The overall architec-

ture is illustrated in Figure 2.

Given an input RGB image IRGB ∈ R3�H�W , the monocular

depth estimation model DepthAnythingV2-Large generates a

single-channel relative depth map IDepth _ raw ∈ R1�H�W . To

match the input dimensionality of the dual-parallel backbone

network, the single-channel depth map is replicated along the

channel dimension to obtain a three-channel depth input IDepth ∈
R3�H�W . The RGB and depth backbones share the same convolu-

tional downsampling architecture, comprising five hierarchical

levels from P1 to P5. The feature map at the l-th level is defined

in Equation (1):

F (l)
RGB = F(l)

RGB(IRGB), F (l)
Depth = F(l)

Depth(IDepth), l ∈ 3, 4, 5f g (1)

Where, F(l) denotes the feature extraction function at the l-th

stage of the YOLO26 backbone, which comprises convolutional

layers, C3k2 modules, and a Spatial Pyramid Pooling Fast (SPPF)

structure. The SPPF module incorporates residual connections to

enhance gradient flow. Due to the presence of noise in underwater

depth maps, this study introduces an Underwater Denoising

Feature Fusion (UDFF) module at the P4 and P5 levels. This

module performs cross-modal fusion of RGB and depth features

while suppressing depth noise. Let FRGB(l) and FDepth(l) denote

the input features. The UDFF module first applies Gaussian filtering

and adaptive thresholding to denoise the depth features, and then

performs feature interaction via cross-modal channel attention,

producing the fused feature. These processes can be computed in

Equation (2):

F (l)
fuse = UDFF F (l)

RGB,F (l)
Depth

� �
, l ∈ 4, 5f g (2)

The internal mechanism of the UDFF module can be described

as follows. First, a denoising operator D is applied to the depth

features, i.e., ~FDepth = D(FDepth), where D consists of Gaussian

filtering and adaptive thresholding. Subsequently, the RGB features
Frontiers in Marine Science 06
and the denoised depth features are projected into a shared channel

dimension C, and a cross-modal attention matrix A ∈ RC�C is

computed. The fused features are then obtained via residual

connections, which can be mathematically expressed in Equation

(3):

A = Softmax
Q

∥Q ∥
·

K
∥K ∥

⊤� �
,

F (l)
fuse = Projout(g · AV + F RGB)

(3)

Where, Q, K, and V denote the query, key, and value tensors

obtained from the projected RGB and depth features, respectively; g
is a learnable fusion parameter, and Projout aligns the output

channels with the RGB branch. After UDFF-based fusion, the P4
and P5 levels yield the fused features F (4)

fuse and F (5)
fuse, which are

further processed through the C3k2 and C2PSA modules to extract

semantic information, resulting in the enhanced fused features F P4

and F P5 .

To fully leverage multi-scale information, the model employs a

bidirectional feature fusion neck composed of a Feature Pyramid

Network (FPN) and a Path Aggregation Network (PAN), wherein

an Underwater Feature Enhancement Module (UFEM) replaces

conventional convolutions for feature refinement. Let the input

feature be X ∈ RC�H�W . UFEM first captures local details via

depthwise separable convolutions and then incorporates an

Efficient Multi-scale Attention (EMA) mechanism to enhance

salient regions in underwater scenes, producing the enhanced

feature. The process can be computed in Equation (4):

X enhanced = UFEM(X ) = EMA(DWConv(X )) + X (4)

Where, DWConv denotes depthwise separable convolution,

and EMA refers to the Efficient Multi-scale Attention mechanism,

which computes channel attention and multi-scale spatial attention

in parallel, adaptively weighting the fusion of global contextual

information and local details. Within the neck network, the FPN
FIGURE 2

The structure of underwater dual-modal detection network.
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path performs progressive upsampling from F P5 and fuses features

with F P4 and RGBP3, while the PAN path aggregates features from

all levels in a bottom-up manner. UFEM refines the features at each

fusion node, resulting in enhanced multi-scale feature maps: YP3,

YP4, and YP5.

Finally, the three-scale feature maps are fed into D26Head,

which adopts a dual-branch mechanism enabling end-to-end in-

ference. Let the input features be Y ∈ YP3,YP4,YP5. The detection

head consists of a one-to-many branch for training and a one-to-

one branch for inference. During training, both branches compute

losses in parallel. The one-to-one branch utilizes Hungarian match-

ing to enforce strict one-to-one label assignment, guiding the

network to learn de-duplication capability. During inference, only

the one-toone branch is retained, producing a fixed number of

candidate boxes ∈ RN�6, where N = 300. Each candidate box

contains bounding box coordinates, object confidence, and class

probabilities. The prediction process can be defined as Equation (5):

P = D26Headinfer(YP3,YP4,YP5) (5)

This architecture suppresses underwater depth noise via UDFF

and enhances salient feature regions in underwater scenes through

UFEM. Combined with the end-to-end detection capability of

YOLO26 Sapkota et al. (2025), it achieves efficient and robust

multi-modal object detection in complex underwater environments.

3.2 Underwater denoise feature fusion

The Underwater Denoising Feature Fusion (UDFF) module is a

core component specifically designed for underwater RGB-D multi-

modal feature fusion. Built upon the classical cross-modal attention

mechanism, it is optimized to address the degradation and noise

characteristics commonly observed in underwater depth images. In

underwater environments, depth images are often affected by

scattering, absorption, suspended particles, and inaccurate depth

estimation, leading to non-Gaussian noise, missing values, blurred
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structures, and outlier regions. Directly using such degraded depth

images in feature fusion may severely interfere with cross-modal

information interaction and weaken the reliability of RGB-D

representation learning. To mitigate this issue, UDFF introduces

lightweight denoising preprocessing, numerical stability enhance-

ments, and optional local spatial attention, thereby refining under-

water depth features and enabling more robust cross-modal fusion.

As shown in Figure 3, let the inputs be the RGB feature XRGB ∈
RB�CRGB�H�W and the depth feature XDepth ∈ RB�CDepth�HmesW .

UDFF first applies denoising preprocessing to the depth features.

The denoising operator D combines Gaussian filtering with adap-

tive thresholding: the depth features are first smoothed using a

Gaussian filter to suppress high-frequency noise. Next, within a

local 3 × 3 neighborhood, the mean µ and standard deviation slocal

are computed. An adaptive threshold is set as Equation (6):

t = m + 2slocal (6)

Outlier points exceeding this threshold are replaced with the

local mean. This process effectively suppresses outlier noise in

underwater depth maps while preserving edge structures. The

process can be defined in Equation (7):

~XDepth = D(XDepth) (7)

Subsequently, the RGB features and the denoised depth features

are projected into a shared channel space Ccommon via 1 × 1

convolutions, yielding the projected features FRGB and FDepth.

The cross-modal attention mechanism captures the correlations

between RGB and depth features along the channel dimension.

First, the features are reshaped into sequential form to construct the

query Q, key K, and value V tensors. To prevent numerical

instability, both the query and key are L2-normalized.

Subsequently, the channel attention matrix is computed and nor-

malized by applying the Softmax function along the channel

dimension. The process can be computed in Equation (8):
FIGURE 3

The structure of underwater denoise feature fusion (UDFF).
frontiersin.org

https://doi.org/10.3389/fmars.2026.1859313
https://www.frontiersin.org/journals/marine-science
https://www.frontiersin.org


Zhang et al. 10.3389/fmars.2026.1859313
A = Softmaxdim=−1 clamp Q̂ · K̂ ⊤, 0, 1
� �� �

(8)

where Q̂ and K̂ denote the L2-normalized query and key,

respectively. The clamp operation truncates negative correlation

values to zero and is designed to suppress noise-induced conflicting

signals between the RGB and depth modalities in underwater

environments. As discussed below, negative correlations in under-

water cross-modal data are more likely to arise from noise and

artifacts than from genuine complementary information, and

removing them improves fusion robustness. The attention infor-

mation is obtained via A · V, which is then reshaped back to the

spatial dimensions and fused with the original projected RGB

features through a residual connection. The processes can be

defined as Equation (9):

F fused = g · Attn(F RGB,FDepth) + F RGB (9)

where, g is a learnable fusion parameter, initialized to 0, which

ensures that the original feature distribution is preserved during the

early stages of training.

To enhance the perception of local salient regions in underwater

scenes, UDFF incorporates a lightweight spatial attention mecha-

nism. This branch computes the mean and maximum values along

the channel dimension, concatenates them, and passes the result

through a 3 × 3 convolution followed by a Sigmoid activation to

generate a spatial weight map. The map is subsequently used to

reweight and enhance the fused feature. The process can be

formulated as Equation (10):

F enhanced = F fused + gspatial · (F fused ⊙ Sigmoid(Conv3�3

(Cat(MeanðF fusedÞ, MaxðF fusedÞÞ))))
(10)

where, gspatial is a learnable spatial attention weight, ⊙ denotes

element-wise multiplication, and Cat represents channel-wise con-

catenation. This design effectively emphasizes critical regions of
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underwater objects, thereby enhancing the discriminative capability

of the features.

Finally, the enhanced feature is projected to the RGB branch

channel dimension via the output projection Projout, producing the

final fused feature. The process can be defined in Equation (11):

Y = Projout(F enhanced) (11)

Through this design, the UDFF preserves the lightweight and

efficient properties of cross-modal attention while incorporating

depth feature denoising and spatial attention enhancement. It

specifically addresses the degradation of underwater depth features

and improves the model’s perception of salient underwater targets,

providing high-quality fused feature representations for subsequent

multi-scale feature fusion and object detection.

3.3 Underwater feature
enhancement module

The Underwater Feature Enhancement Module (UFEM) is an

efficient module specifically designed to address feature degradation

in underwater environments. Underwater images often suffer from

contrast reduction and blurred details due to scattering and

absorption, hindering traditional feature extraction methods from

effectively capturing salient regions. As illustrated in Figure 4,

UFEM incorporates an Efficient Multi-scale Attention (EMA)

mechanism to perform multi-scale contextual modeling and joint

channel–spatial enhancement of underwater features, thereby im-

proving the model’s perception of underwater targets.

Let the input feature be X ∈ RB�Cin�H�W UFEM first expands

the channel dimension to 2C via a 1 × 1 convolution, where C = Cin ·

e, and e denotes the expansion factor (default: 0.5). The process can

be defined as Equation (12):

Xexp = Conv1�1(X) ∈ RB�2C�H�W (12)
FIGURE 4

The structure of underwater feature enhancement module (UFEM).
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Subsequently, the expanded feature is split along the channel

dimension into two parts, X0 and X1, each containing C channels.

The branch X1 is then passed through n UFEBlockmodules for deep

feature extraction. The process can be computed as Equation (13):

X(k)
1 = UFE _ Block(X(k−1)

1 ), k = 1, 2,…, n (13)

where, X(0)
1 = X1. All intermediate features are concatenated

with the initially split features along the channel dimension. The

process can be defined in Equation (14):

Xcat = Concat(X0,X
(0)
1 ,X(1)

1 ,…,X(n−1)
1 ) ∈ RB�(2+n)C�H�W (14)

Finally, the channel dimension is projected back to the target

dimension Cout via a 1 × 1 convolution, yielding the enhanced

feature. The process can be computed as Equation (15):

Y = Conv1�1(Xcat) ∈ RB�Cout�H�W (15)

The UFE_Block serves as the core building unit of the UFEM

module. Its design follows the C3k2 architecture, enabling effective

extraction of underwater features through multi-branch feature

reuse and progressive feature enhancement. Within the

UFE_Block, the input f first undergoes two stages of channel-wise

semantic filtering to obtain f1, which can be formulated as Equation

(16):

f 1 = Conv1�1(Conv1�1(f )) (16)

The feature f1 is processed through parallel channel-wise

weighting and multi-scale weighting, enabling multi-dimensional

semantic enhancement of the feature. These processes can be

expressed as Equations 17–19:

W1 = Sigmoid(Conv1�1(AvgPool(f 1))) ∈ RB�C�1�1 (17)
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W2 = Sigmoid(Conv1�1(Concat(DWC3�3(f 1),DWC5�5(f 1))))

∈ RB�1�H�W

(18)

f enhancement = f 1*W1*W2 (19)

where, the weight w1 ∈ RB�C�1�1 is the channel attention

weight, and the weight w2 ∈ RB�1�H�W is the spatial attention

weight. f enhancement ∈ RB�C�H�W . The weight-enhanced underwa-

ter features are then added to the original features via a residual

connection, preserving the original foreground semantic informa-

tion in underwater scenes. The process can be computed as

Equation (20):

f out = f enhancement + f ∈ RB�C�H�W (20)

Through this design, the UFEM module mitigates feature

degradation in underwater object detection and provides robust

feature representations for accurate target localization and classifi-

cation. By capturing multi-scale contextual information through

depthwise separable convolutions and progressive feature reuse,

UFEM enhances the model’s ability to perceive underwater targets

of varying sizes, particularly small targets that are easily obscured by

background noise. The integrated EMA mechanism jointly models

channel-wise and spatial feature dependencies, adaptively enhanc-

ing the saliency of low-contrast targets while suppressing back-

ground interference caused by water scattering and suspended

particles. This design improves the discriminative capacity of

features for blurred and partially visible underwater targets. It

also facilitates cross-scale information interaction in the subsequent

feature pyramid network and supports accurate bounding-box

regression and classification in the detection head.
FIGURE 5

The structure of denoise YOLO26 detection head (D26Head).
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3.4 Denoise YOLO26 detection head

The D26Head detection head is developed based on the end-to-

end detection architecture of YOLO26 Sapkota et al. (2025). While

retaining the dual-branch training mechanism and the simplified

Distribution Focal Loss, it incorporates a Gaussian denoising

preprocessing step prior to feature input to enhance robustness

against noisy features in underwater environments.

The D26Head architecture is shown in Figure 5. Let the input to

the detection head be a set of multiscale feature maps Y =

YP3,YP4,YP5, where YP3 ∈ RB�C3�H3�W3 , YP4 ∈ RB�C4�H4�W4 ,

and YP5 ∈ RB�C5�H5�W5 correspond to feature maps at small,

medium, and large scales, respectively. To suppress noise intro-

duced by underwater environments, D26Head first applies

Gaussian denoising preprocessing to each scale feature map. For

an arbitrary scale feature Y ∈ RB�C�H�W , the denoising operation

is implemented via convolution with a Gaussian kernel, producing

the smoothed feature ~Y The process is defined in Equation (21):

~Y = Y*Gs , Gs (u, v) =
1

2ps 2 e
−u2+v2

2s2 (21)

where, Gs denotes the Gaussian kernel, s is a configurable

parameter, and ∗ represents the convolution operation. This oper-

ation effectively suppresses high-frequency noise in the feature

maps while preserving structural information, thereby providing

cleaner feature inputs for the subsequent detection head.

After denoising, the feature maps ~Y are fed into two parallel

branches: a One-to-many Head and a One-toone Head. Both heads

share an identical internal structure, each consisting of a feature

transformation stage followed by parallel classification and regres-

sion sub-branches. The denoised feature ~Y is first processed

through two consecutive 3 × 3 convolutional layers, each compris-

ing a convolution operation followed by Batch Normalization and

SiLU activation. This transformation is expressed as Equation (22):

Preg = Conv1�1(SiLu(BN(Conv3�3(SiLU(BN(Conv3�3(~Y)))))))

(22)

where Conv3×3, Conv1×1 denote the 3 × 3 and 1 × 1 convolution

operation. BN represents Batch Normalization, and SiLU(x) = x ·

s(x) is the sigmoid linear unit activation function. The transformed

feature Preg ∈ RB�4�H�W represents the final output of the regres-

sion branch, which encodes the spatial prediction information of

the underwater objects and the four output channels represent the

predicted bounding box coordinates (bx, by, bw, bh).

The classification sub-branch processes ~Y through a 3 × 3

depthwise separable convolution followed by a 1 × 1 convolution to

predict class probabilities at each spatial location. The depthwise

separable convolution consists of a depthwise convolution and a

pointwise convolution, which can be expressed as Equation (23):

Fmid = Conv1�1(DWC3�3(~Y)) (23)

where DWC3×3 denote the 3 × 3 depthwise convolution. The

final class prediction is processed as Equation (24):

Pcls = Conv1�1(DWC3�3(Fmid)) ∈ RB�Ncls�H�W (24)
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where Ncls denotes the number of underwater object classes.

The one-to-many branch and the one-to-one branch share

identical structures but differ in their label assignment strate-

gies. The one-to-many branch adopts a conventional label

assignment strategy, where each ground-truth object is matched

with multiple positive samples, thereby providing abundant

supervisory signals for network training. In contrast, the one-

to-one branch employs the Hungarian matching algorithm to

achieve strict one-to-one label assignment, in which each

ground-truth object is matched with only the best prediction,

thereby enforcing the network to learn de-duplication capabil-

ity. During training, for the one-to-many branch, the loss

function Lone2many is formulated as a weighted combination of

classification loss and regression loss. Similarly, for the one-to-

one branch, the loss function Lone2one also consists of classifi-

cation and regression terms, but the cost matrix is computed

using Hungarian matching. The overall training loss is com-

puted in Equation (25):

Ltotal = Lone2many + Lone2one (25)

In the regression branch, D26Head adopts the simplified

Distribution Focal Loss design of YOLO26 by setting regmax = 1,

directly predicting bounding box coordinates without requiring

complex distribution modeling. For the predicted bounding box

b = (bx, by, bw, bh) and the ground-truth box b̂ = (b̂ x , b̂ y , b̂ w, b̂ h), the

regression loss is defined as Equation (26):

Lreg = 1 − GIoU(b, b̂ ) (26)

The classification branch employs the Binary Cross-Entropy

(BCE) loss. For the predicted class probability p and the ground-

truth label p̂ , the classification loss is computed in Equation (27):

Lcls = −p̂ log  (p) − (1 − p̂ ) log  (1 − p) (27)

During inference, D26Head retains only the one-to-one branch

and directly outputs a fixed number of candidate boxes. For each

scale of feature maps, the outputs of the regression and classification

branches are decoded to obtain predicted bounding box coordinates

and class confidences. Predictions from all scales are then merged,

and the top N candidates with the highest confidence scores

(N = 300) are selected as the final outputs, where each candidate

comprises the bounding box coordinates, object confidence, and

class label, represented as P ∈ RN�6. Since the one-to-one branch

has learned deduplication capability during training via Hungarian

matching, no Non-Maximum Suppression (NMS) is required

during inference, enabling truly end-to-end detection and signifi-

cantly reducing inference latency.

By incorporating Gaussian denoising preprocessing into the

YOLO26 detection head, D26Head effectively enhances robustness

against underwater feature noise. Combined with the dual-branch

training mechanism and simplified regression design, it maintains

efficient end-to-end inference while achieving precise underwater

object detection. This design enables D26Head to better adapt to

complex underwater environments, providing an efficient and

reliable solution for underwater object detection tasks.
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4 Experimental results

4.1 Multimodal underwater dataset

The upper bounds of accuracy, generalization capability, and

robustness of underwater object detection algorithms are highly

dependent on the modality completeness, scene coverage, category

diversity, and annotation quality of the training dataset. Current

mainstream public underwater object detection datasets face two

major limitations: (1) most datasets provide only RGB images,

lacking complementary modalities that enrich the available infor-

mation, and (2) existing datasets predominantly focus on nearshore

aquaculture species, with limited representation of coral reef eco-

systems, underwater operations, and other scenarios. Additionally,

these datasets lack sufficient samples under challenging conditions

such as extreme turbidity, low illumination, and severe occlusion.

To address these limitations, this paper constructs a large-scale,

multi-scenario, fully category-aligned RGB-Depth bimodal under-

water object detection dataset. This dataset comprehensively covers

key challenges in underwater object detection applications and

provides high-quality data to support the training and performance

evaluation of the proposed UW-DualDet bimodal detec-

tion network.

4.1.1 Data acquisition and scenario coverage

To ensure the realism of scenarios and the comprehensiveness

of category coverage, this study acquires raw RGB images from two

primary sources: in-situ underwater imaging and publicly available

datasets. As a result, the constructed dataset encompasses three core

underwater scenarios and 10 object categories.

The in-situ data acquisition focuses on nearshore aquaculture, a

key application for underwater object detection, and is conducted in

coastal aquaculture zones. As shown in Figure 6, the captured

targets include four key economic marine species: echinus, holo-

thurian, starfish, and scallop, which align with the core detection

categories of the dataset. The acquisition system employs a
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professional underwater industrial camera equipped with a dedi-

cated deep-water waterproof housing and an underwater white

balance correction filter. Recording parameters are standardized to

a resolution of 1920 × 1080 and a frame rate of 30 fps, with shooting

depths ranging from 0.5 m to 15 m, covering typical operational

depths in nearshore aquaculture. Raw images are extracted from

recorded underwater videos through uniform-interval keyframe

extraction. A strict sample screening process removes frames

affected by motion blur, ghosting artifacts, and overexposure or

underexposure. Ultimately, 5,000 high-quality in-situ images are

retained, providing realistic and scenario-consistent nearshore

aquaculture imagery.

To further enhance category coverage, scene diversity, and

dataset scale, and to supplement categories not covered by in-situ

acquisition, this study collects additional underwater image and

video data from compliant public sources, including the Kaggle

platform, the National Oceanic and Atmospheric Administration’s

(NOAA) marine imagery repository, and marine science outreach

resources. This process supplements six additional object categories:

fish, corals, diver, cuttlefish, turtle, and jellyfish, thus fully covering

the 10 predefined detection categories of the dataset. The collected

raw data undergo the same rigorous screening and preprocessing

pipeline as the in-situ data, including deduplication, deblurring,

removal of invalid samples, and lens distortion correction. A total of

7,000 compliant and valid images are retained, enriching rare

category samples and non-aquaculture scenarios, such as coral

reef ecosystems and underwater operations, as well as challenging

conditions, including extreme turbidity, ultra-low illumination, and

severe occlusion. The detection scenarios of the expanded under-

water dataset are shown in Figure 7. This significantly enhances the

dataset’s scene diversity and category richness.

Through these acquisition and filtering processes, the dataset

ultimately retains 12,000 valid RGB images, comprehensively cov-

ering three core application scenarios: nearshore aquaculture, coral

reef ecological protection, and underwater engineering operations.

This provides a solid foundation for subsequent bimodal data

construction and annotation.
FIGURE 6

Four types of targets captured by the underwater camera: echinus, starfish, scallop, and holothurian.
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4.1.2 Specific underwater sub-scenario dataset

All scenario-specific evaluation subsets used in this study were

constructed exclusively from the independent test set of our self-

built underwater RGB-pseudo-depth dataset, without introducing

any external datasets. The distribution of underwater targets across

the three sub-scenario datasets is illustrated in Figure 8. To ensure

independent and fair performance evaluation, all subsets were

strictly mutually exclusive. That is, no image appeared in more

than one subset, thereby reducing potential bias in cross-scenar-

io comparisons.

The clear-water scenario subset consisted of underwater images

captured under uniform natural illumination, with no visible

turbidity, sharp target textures, and well-preserved edge details.

This subset contained 820 test images and was used to establish the

model’s baseline detection performance under optimal underwater

imaging conditions. The low-light deep-water scenario subset

comprised images acquired under insufficient ambient illumination,

characterized by low overall brightness, a low signal-tonoise ratio,

and targets partially obscured by dark backgrounds. This subset

included 560 test images and was designed to evaluate the model’s

robustness to severe low-light degradation, a common and critical

challenge in deep-sea observation and nighttime underwater in-

spection. The dense-occlusion scenario subset contained underwa-

ter images with more than three overlapping targets, mutual

occlusion among marine organisms, or targets partially obscured

by reefs and other background structures. This subset included 650

test images and was used to assess the model’s ability to detect

partially occluded targets, which is essential for practical
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applications such as intensive aquaculture monitoring and biodi-

versity surveys in coral reef ecosystems.

4.1.3 RGB-depth bimodal data construction

To construct depth modality data that is spatially aligned with

RGB images, this study explicitly employs the high-precision mo-

nocular depth estimation model DepthAnything-V2-Large Yang

et al. (2024) to generate estimated relative pseudo-depth maps for

all RGB images, rather than using depth data captured by physical

underwater depth sensors. It is important to clarify that our dataset is

therefore an RGB-pseudodepth bimodal dataset, not a hardware-

synchronized RGB-D dataset. This approach was adopted out of

necessity due to the extreme scarcity of large-scale, high-quality,

temporally and spatially synchronized RGB-D datasets captured by

physical underwater depth sensors, which remains a fundamental

bottleneck limiting the development of multimodal underwater

object detection research. More comprehensive discussions of the

limitations are provided in Supplementary Section S2 of the

Supplementary Materials.

All raw images are first uniformly resized to a resolution of

1080 × 1080 and undergo preprocessing steps, including underwater

white balance correction, contrast enhancement, and de-scattering, to

improve the stability of depth estimation. The preprocessed images

are then fed into the depth model to generate single-channel depth

maps, ultimately producing bimodal image pairs that are fully aligned

with the RGB modality. As shown in Figure 7, the generated depth

maps effectively capture spatial position, contour structure, and

relative distance of targets, compensating for the limitations of
FIGURE 7

The expanded underwater dataset includes four detection scenarios: dense-target, dim, turbid, and bright scenes, each accompanied by the
corresponding Depth images aligned with the RGB images.
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underwater RGB images, such as texture degradation and target

blurring under turbid and low-light conditions. This provides stable

structural information for bimodal detection.

All depth map generation experiments are conducted on an

NVIDIA RTX 4090–24 GB GPU using batch inference, ensuring

both efficiency and consistency in data generation. The monocular

depth estimation model DepthAnything-V2-Large generates a

single-channel relative depth map IDepth _ raw ∈ R1�H�W . To

match the input dimensionality of the dual-parallel backbone

network, the single-channel depth map is replicated along the

channel dimension to obtain a three-channel depth input IDepth ∈
R3�H�W . The model then uses two independent backbone networks

to extract multi-scale features from the RGB image and the

replicated three-channel depth map. The dataset partitioning strat-

egy and the proportion of each object category can be found in

Supplementary Section S1 of the Supplementary Materials.

4.2 Implementation details

All experiments in this study are conducted under a unified

hardware and software environment to ensure fairness and repro-

ducibility. The hardware platform includes an NVIDIA RTX 4090–

24 GB GPU, a 16-core Intel Core i9 processor, and 64 GB of

memory. The deep learning framework is built upon PyTorch 2.3

and CUDA 12.1, with Ubuntu 22.04 as the operating system.

The model training and evaluation configurations follow the

official YOLOv11 settings Kotthapalli et al. (2025). The input image

resolution is set to 640 × 640, with a training batch size of 16. The

optimizer used is stochastic gradient descent (SGD) Tian et al.

(2023), with an initial learning rate of 1 × 10−2. A cosine annealing

learning rate schedule is adopted, with a weight decay coefficient of

5 × 10−4 and a maximum of 300 training epochs.

Data preprocessing includes random horizontal flipping,

random scaling, and Mosaic augmentation, aimed at improving

the model’s generalization capability in complex underwa-

ter environments.
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4.3 Experimental evaluation metrics

This study constructs a comprehensive evaluation framework

from three perspectives: detection accuracy, model complexity, and

inference efficiency, to systematically assess the overall performance

of the UWDualDet network. All metrics are defined according to

commonly adopted standards in the object detection field, ensuring

fairness and comparability of the experimental results.

For detection accuracy, mAP50 (mean Average Precision at an

IoU threshold of 0.5) is used as the primary evaluation metric to

measure overall detection performance. It is complemented by

mAP50:95, precision, and recall, which evaluate the model’s multi-

scale localization capability, false positive control, and missed

detection suppression, respectively.

Regarding model complexity and real-time performance, the

number of parameters (Params) and floatingpoint operations

(GFLOPs) are used to quantify the model’s lightweight character-

istics and computational cost. Inference efficiency and hardware

adaptability are evaluated using frames per second (FPS), per-frame

inference latency, and peak GPU memory usage, with all metrics

measured under a unified hardware and software environment.
4.4 Experiments on multimodal
underwater dataset

4.4.1 Ablation study on the effectiveness of the
bimodal architecture

To validate the effectiveness of the RGB-Depth bimodal fusion

architecture and the rationale behind the dual-backbone parallel

feature extraction design, this study compares detection perfor-

mance under different modality inputs and baseline fusion archi-

tectures. The experimental results are presented in Table 1.

From the results, it is clear that the detection performance of the

single RGB modality significantly outperforms that of the single
FIGURE 8

The heatmap of the distribution of underwater target counts across sub-scenario datasets.
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Depth modality, indicating that texture and color information in

RGB images are crucial for underwater object classification and

recognition. However, single-modality models show clear perfor-

mance limitations in complex underwater scenarios.

The simple bimodal fusion approach, based on early channel

concatenation of RGB and Depth, yields only a 1.2% improvement

in AP50. This is primarily because early fusion introduces interfer-

ence between modality-specific features, preventing the effective

exploitation of the complementary characteristics of bimodal data.

In contrast, the dual-backbone parallel feature extraction architec-

ture proposed in this study achieves a 2.3% improvement in AP50.

This design employs two independent branches to separately

extract appearance features from the RGB modality and spatial

features from the Depth modality, effectively avoiding early-stage

cross-modal interference. It preserves the intrinsic advantages of

both modalities and lays a solid foundation for subsequent fine-

grained cross-modal fusion and feature enhancement.
4.4.2 Ablation study on the effectiveness of core
modules

To validate the independent contributions and synergistic

effects of the three core modules proposed in this study: UFEM

(Underwater Feature Enhancement Module), UDFF (Underwater

Denoising Feature Fusion Module), and D26Head (denoising

detection head)—ablation experiments are conducted using the

dual-backbone parallel architecture as the baseline under controlled

settings. The experimental results are presented in Table 2.

From the results, it can be observed that incorporating the UFEM

module alone improves the model’s AP50 by 1.0% and AP75 by 1.1%,

without introducing additional parameters or computational

overhead. This demonstrates that UFEM effectively enhances feature

representations of underwater small objects and low-contrast targets

while suppressing background noise caused by water scattering,

thereby improving the model’s ability to capture fine-grained details.

When the UDFF module is introduced independently, the model
Frontiers in Marine Science 14
achieves a 1.6% improvement in AP50 and a 1.7% increase in AP75,

with only a marginal overhead of 0.1M parameters and 0.3G FLOPs.

This indicates that UDFF enables adaptive complementary fusion

between RGB texture information and depth structural information,

effectively mitigating fusion interference caused by modality

heterogeneity, and serving as a key component for accuracy improve-

ment. Replacing the detection head with D26Head alone yields a 0.8%

gain in AP50 and a 0.9% gain in AP75, effectively alleviating the

optimization conflict between classification and regression tasks under

challenging underwater conditions such as blur and occlusion, thereby

further improving localization precision and classification accuracy.

When all three modules are jointly applied, the model achieves

86.7% AP50 and 52.8% AP75, representing a substantial 3.2%

improvement in AP50 over the baseline. Notably, the combined

performance gain exceeds the sum of individual improvements,

demonstrating strong complementarity and synergistic effects

among the modules. From the perspectives of feature enhancement,

cross-modal fusion, and detection optimization, the three modules

collectively enhance underwater object detection performance. The

complete model contains 19.0 M parameters and 40.7 GFLOPs,

representing only a slight increase of 0.2 M parameters and 0.9

GFLOPs compared to the baseline, achieving significant accuracy

gains while maintaining a favorable balance between performance

and model efficiency.

4.4.3 Internal ablation of the UDFF module

The UDFF module consists of four key components: Gaussian

denoising, adaptive thresholding, crossmodal channel attention,

and spatial attention. To quantify the contribution of each compo-

nent, we conducted ablation experiments starting from the baseline

channel concatenation fusion strategy. The experimental results are

presented in Table 3. Gaussian denoising alone improves AP50 by

0.5% and AP75 by 0.5% without introducing any additional param-

eters or computational overhead. This demonstrates that underwa-

ter depth maps often contain substantial high-frequency noise

caused by suspended particles, light scattering, and depth degrada-

tion. Simple Gaussian smoothing can effectively suppress such local

noise, thereby purifying depth features and improving the quality of

RGB-D feature fusion. Adaptive thresholding further improves

AP50 by 0.4% and AP75 by 0.4%. This improvement indicates that

underwater depth images may contain severe outlier regions and

abnormal depth responses, which cannot be completely removed by

Gaussian filtering alone. The adaptive thresholding strategy effec-

tively suppresses these outliers while preserving important struc-

tural and edge information in the depth map. Cross-modal channel
TABLE 1 Ablation analysis on the effectiveness of the bimodal architecture.

RGB Depth Dual AP50 AP75 Params FLOPs

✓ ✗ ✗ 81.2 46.3 18.5 M 39.2 G

✗ ✓ ✗ 74.5 41.8 18.5 M 39.2 G

✓ ✓ ✗ 82.4 47.5 18.6 M 39.4 G

✓ ✓ ✓ 83.5 48.6 18.8 M 39.8 G
The best performance metrics are highlighted in bold.
TABLE 2 Ablation analysis on the effectiveness of core modules.

UFEM UDFF D26Head AP50 AP75 Params FLOPs

✗ ✗ ✗ 83.5 48.6 18.8 M 39.8 G

✓ ✗ ✗ 84.5 49.7 18.8 M 39.8 G

✗ ✓ ✗ 85.1 50.3 18.9 M 40.1 G

✗ ✗ ✓ 84.3 49.5 18.9 M 40.0 G

✓ ✓ ✓ 86.7 52.8 19.0 M 40.7 G
The best performance metrics are highlighted in bold.
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attention brings 0.5% AP50 and 0.6% AP75 improvement with only a

marginal increase in computational cost. This verifies that adaptive

feature fusion based on channel correlation is far more effective

than simple channel concatenation, as it can dynamically exploit the

complementarity between RGB texture information and depth

geometric cues. Spatial attention provides an additional 0.2%

AP50 and 0.2% AP75 improvement. This component enhances the

model’s perception of local salient regions in underwater scenes,

which is particularly beneficial for detecting small, blurred, and low-

contrast targets.

To systematically evaluate the contribution of each component

in the UDFF module and specifically validate the effectiveness of the

clamp operation, we conducted internal ablation experiments. As

shown in Table 4, the baseline was a dual-backbone architecture

using simple channel-concatenation fusion, which achieved an AP50
of 83.5%.

The results show that each component of the UDFF module

incrementally improved overall performance. Gaussian denoising

alone improved AP50 by 0.5% by suppressing high-frequency

random noise in the depth maps. Adding adaptive thresholding

further improved AP50 by 0.7% by removing non-Gaussian outlier

noise that could not be eliminated by Gaussian filtering alone.

Incorporating the clamp operation provided additional improve-

ments of 0.4% in AP50 and 0.5% in AP75, confirming its important

role in robust cross-modal fusion.

This performance gain supports our design rationale: in under-

water environments, negative correlations between RGB and depth

features are more likely to arise from noise, artifacts, and modality

misalignment than from genuine complementary information. By

truncating these negative correlations to zero, the clamp operation

suppresses noise-induced conflicting signals while preserving pos-

itive complementary relationships between RGB texture and depth

geometry. This design improves the reliability of the crossmodal

attention mechanism, enabling the model to better exploit the
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complementarity between the two modalities in highly degraded

underwater scenes.

4.4.4 Internal ablation of the UFEM module

The UFEM module is built upon two core designs: multi-scale

depthwise separable convolutions and the Efficient Multi-scale

Attention (EMA) mechanism. To evaluate their independent con-

tributions, we conducted ablation experiments by replacing con-

ventional convolutions in the neck network with different

components. The experimental results are presented in Table 5.

Multi-scale depthwise separable convolutions improve AP50 by

0.5% and AP75 by 0.6% without increasing parameters or compu-

tational complexity. This is because depthwise separable convolu-

tions can capture richer multi-scale contextual information than

standard convolutions, which is crucial for detecting underwater

targets of different sizes. EMA mechanism alone achieves a 0.7%

AP50 and 0.8% AP75 improvement. The EMAmechanism computes

channel attention and multi-scale spatial attention in parallel, which

effectively enhances the discriminative representation of low-con-

trast targets and suppresses background noise caused by water

scattering. When both components are combined, the performance

improvement exceeds the sum of individual improvements, dem-

onstrating strong synergistic effects. The multi-scale convolutions

provide rich local features, while the EMA mechanism adaptively

weights these features to highlight salient target regions.

4.4.5 Ablation study on different attention
mechanisms

To further evaluate the effectiveness of the proposed attention

mechanism, we conducted a comparative ablation study against

several widely adopted attention modules, including SE, CBAM,

ECA, and CA, under the same dual-backbone parallel architecture

as the baseline.

As shown in Table 6, the baseline model without an attention

mechanism achieves an AP50 of 83.5% and an APsof 39.2%. All

attention mechanisms consistently improve performance over the

baseline, demonstrating the general benefit of attention-based

feature refinement for underwater object detection. Specifically,

SE and ECA provide moderate gains, increasing AP50 to 84.1%

and 84.2%, respectively, while introducing negligible additional

computational cost. CBAM and CA achieve slightly higher perfor-

mance, with CA reaching an AP50 of 84.4% and an APsof 42.6%.

This result indicates that spatial positional encoding is particularly

beneficial for detecting small underwater targets. The proposed
TABLE 3 Internal ablation analysis of the UDFF module.

GD AT CMA SA AP50 AP75 Params FLOPs

✗ ✗ ✗ ✗ 83.5 48.6 18.8 M 39.8 G

✓ ✗ ✗ ✗ 84.0 49.1 18.8 M 39.8 G

✓ ✓ ✗ ✗ 84.4 49.5 18.8 M 39.8 G

✓ ✓ ✓ ✗ 84.9 50.1 18.9 M 40.0 G

✓ ✓ ✓ ✓ 85.1 50.3 18.9 M 40.1 G
The best performance metrics are highlighted in bold. GD denotes Gaussian Denoising. AT
indicates Adaptive Thresholding. CMA presents Cross-Modal Channel Attention. SA denotes
Spatial Attention.
TABLE 4 Ablation analysis on the clamp operation.

Gaussian denoising Adaptive thresholding Clamp operation AP50 AP75 Params FLOPs

✗ ✗ ✗ 83.5 48.6 18.8 M 39.8 G

✓ ✗ ✗ 84.0 49.1 18.8 M 39.8 G

✓ ✓ ✗ 84.7 49.8 18.9 M 40.1 G

✓ ✓ ✓ 85.1 50.3 18.9 M 40.1 G
The best performance metrics are highlighted in bold.
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EMS attention module achieves the best overall performance,

attaining an AP50 of 84.5% and an APsof 43.8%. These values

represent improvements of 1.0 and 4.6 percentage points over the

baseline, respectively.

Notably, EMS achieves these gains without increasing the

number of parameters or computational complexity relative to

the baseline, maintaining 18.8 M parameters and 39.8 GFLOPs.

This result indicates a favorable balance between accuracy improve-

ment and model efficiency. The superior performance in small-

object detection suggests that EMS effectively enhances fine-grained

feature representations, which are critical for detecting small and

occluded targets in complex underwater scenes. These results

demonstrate that the proposed EMS attention module is more

effective than existing attention mechanisms as a feature refinement

component for underwater object detection.

4.4.6 Internal ablation of the D26Head module

The D26Head module introduces two key improvements over

the original YOLO26 head: Gaussian denoising preprocessing and

the dual-branch training mechanism. To verify their effectiveness,

we conducted ablation experiments by removing each component

sequentially. The experimental results are presented in Table 7.

Gaussian denoising preprocessing improves AP50 by 0.4% and AP75
by 0.4%. This component suppresses high-frequency noise in the

feature maps introduced by underwater environments, providing

cleaner inputs for the detection head and reducing false detections.

One-to-many branch is critical for model training. Removing this

branch leads to a significant performance drop of 0.6% AP50
and 0.6% AP75. This is because the one-to-many branch

provides abundant gradient signals during training, which

helps the network quickly learn the general features of underwater

targets and accelerates convergence. Oneto-one branch is

essential for end-to-end inference. Removing this branch

results in a severe performance degradation of 1.8% AP50 and

1.7% AP75. This branch learns de-duplication capability through
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Hungarian matching during training, eliminating the need for NMS

post-processing and significantly reducing missed detections in

densely occluded scenes.

4.4.7 Ablation study on cross-modal fusion
strategies

To validate the effectiveness of the P4/P5 dual-level mid-stage

fusion strategy adopted in this study, detection performance under

different fusion positions and levels is compared. The experimental

results are presented in Table 8.

The results demonstrate that the proposed P4/P5 dual-level

mid-stage fusion strategy achieves the best detection performance.

Early-stage fusion leads to severe degradation of modality-specific

shallow features, resulting in an AP50 of only 82.3%, which is

significantly lower than that of other fusion strategies. Fusion at a

single level fails to fully exploit the semantic complementarity of

bimodal data across different scales, providing limited improvement

for underwater small object detection. Among these strategies,

fusion at the P4 level outperforms fusion at the P5 level, indicating

that mid-level features are more suitable for cross-modal fusion in

underwater scenarios.

In contrast, the proposed P4/P5 dual-level mid-stage fusion

strategy not only avoids the loss of shallow detail features caused

by early fusion, but also leverages the complementary characteris-

tics of bimodal data across multiple semantic scales through fusion

at two deeper levels. With only a marginal increase in computa-

tional overhead, this strategy achieves the highest improvement in

detection accuracy, thereby demonstrating its effectiveness

and superiority.
4.4.8 Ablation study on robustness in extreme
scenarios

To validate the effectiveness of the proposed core modules

under adverse underwater conditions, the test set is divided into

three typical sub-scenarios: clear water, heavy turbidity, and low-

light deep water. Detection performance of the baseline model and

the full model is evaluated separately across these scenarios. The

experimental results are presented in Table 9.

From the results, it can be observed that the baseline dual-

backbone model suffers from severe performance degradation

under extreme underwater conditions: its AP50 drops from 85.3%

in clear water to only 61.3% in heavy turbidity and 58.7% in low-
TABLE 5 Internal ablation analysis of the UFEM module.

Multi-scale
DWConv

EMA AP50 AP75 Params FLOPs

✗ ✗ 83.5 48.6 18.8 M 39.8 G

✓ ✗ 84.0 49.2 18.8 M 39.8 G

✗ ✓ 84.2 49.4 18.8 M 39.8 G

✓ ✓ 84.5 49.7 18.8 M 39.8 G
The best performance metrics are highlighted in bold.
TABLE 6 Ablation results of different attention mechanisms.

Attention
mechanism

AP50 APs
Params
(M)

GFLOPs

Baseline 83.5 39.2 18.8 39.8

SE Zhong et al. (2020) 84.1 41.5 18.8 39.9

CBAM Woo et al. (2018) 84.3 42.1 18.9 40.0

ECA Wang et al. (2020) 84.2 41.8 18.8 39.7

CA Hou et al. (2021) 84.4 42.6 18.9 40.1

EMS (Ours) 84.5 43.8 18.8 39.8
fro
The best performance metrics are highlighted in bold.
TABLE 7 Internal ablation analysis of the D26Head module.

GD OTM OTO AP50 AP75 Params FLOPs

✗ ✓ ✓ 83.9 49.1 18.9 M 40.0 G

✓ ✗ ✓ 83.7 48.9 18.9 M 40.0 G

✓ ✓ ✗ 82.5 47.8 18.9 M 40.0 G

✓ ✓ ✓ 84.3 49.5 18.9 M 40.0 G
The best performance metrics are highlighted in bold. GD denotes Gaussian Denoising. OTM
indicates One-to-many branch. OTO presents One-to-one branch.
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light deep water. After adding the proposed core modules, the

complete UW-DualDet model achieves significant performance

improvements across all scenarios. Specifically, it achieves an

AP50 of 88.2% in clear water, 79.6% in heavy turbidity, and 75.3%

in low-light deep water, representing improvements of 2.9%, 18.3%,

and 16.6% respectively compared to the baseline model. Removing

the UDFF module results in a 5.5% drop in AP50 in the heavy

turbidity scenario, while removing the UFEM module leads to a

5.0% decrease in AP50 in the low-light deep water scenario,

demonstrating the critical role of these modules in enhancing the

model’s robustness to extreme underwater imaging conditions.

4.4.9 Performance analysis of UW-DualDet

To validate the advancement, robustness and applicability of the

proposed UW-DualDet, this paper conducts systematic fair com-

parisons with mainstream SOTA methods across general-purpose

singlemodality, underwater-specific single-modality and underwa-

ter bimodal fusion models, with all experiments under identical

configurations to ensure fairness.

As shown in Table 10, UW-DualDet achieves comprehensive

leading performance on all detection accuracy metrics, with a core

AP50 of 86.7%, and outperforms all competing methods on AP75
and AP50:95. This demonstrates that the proposed bimodal archi-

tecture, UFEM and UDFF effectively improve underwater target

feature discriminability and localization accuracy, and fully exploit
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the complementary characteristics of RGB and depth modalities. As

shown by the heatmap rendering in Figure 9, in terms of target

perception capability under dim and turbid backgrounds, UW-

DualDet can localize underwater targets more accurately than

YOLOv11 and UMIS-YOLO.

Compared with general-purpose single-modality models, UW-

DualDet achieves 10.5%, 4.4%, 3.9% and 3.6% AP50 improvements

over Faster R-CNN, YOLOv13, DEIM and Define, respectively. The

core advantage of our bimodal design is that it compensates for the

information loss of RGB modality in harsh underwater environ-

ments via depth structural information, breaking the performance

ceiling of singlemodality methods that rely solely on easily degraded

RGB appearance features. For underwater-specific single-modality

models, UW-DualDet outperforms Boosting R-CNN, UW-

YOLOv8 and FMSPP by 7.2%, 3.2% and 2.5% in AP50 respectively,

with a larger leading margin on stricter metrics. It also surpasses the

underwater bimodal models UMIS-YOLO(v12) and ICAFusion by

1.9% and 1.4% in AP50, verifying that our lightweight modules have

higher feature fusion efficiency than existing bimodal methods. The

proposed UW-DualDet achieves an F1-score of 86.9%, which is

2.2% higher than the best-performing comparison method

ICAFusion. This indicates that our method achieves a better balance

between false positive and false negative detections, effectively

reducing both missed detections and false alarms in complex

underwater scenes.
TABLE 8 Ablation analysis on cross-modal fusion strategies.

P1/P2 P4 P5 P4/P5 AP50 Params FLOPs

✓ ✗ ✗ ✗ 82.3 18.7 M 39.5 G

✗ ✓ ✗ ✗ 85.2 18.9 M 40.1 G

✗ ✗ ✓ ✗ 84.8 18.9 M 40.1 G

✗ ✗ ✗ ✓ 86.7 19.0 M 40.7 G
The best performance metrics are highlighted in bold.
TABLE 9 Ablation analysis on robustness in extreme scenarios.

Method Clear water
AP50

Heavy
turbidity
AP50

Low-light
deep water

AP50

Baseline 85.3 61.3 58.7

None UFEM 86.1 72.4 70.3

None UDFF 86.5 74.1 72.6

UW-DualDet 88.2 79.6 75.3
The best performance metrics are highlighted in bold.
TABLE 10 Comparative experimental analysis of performance against SOTA models.

Method AP50 AP75 AP50:95 Precision Recall F1-scores

Faster R-CNN Girshick (2015) 76.2 42.5 39.6 78.5 72.3 75.3

YOLOv11s Khanam and Hussain (2024) 81.2 46.3 46.3 82.4 78.6 80.5

YOLOv12s Tian et al. (2025) 81.7 47.1 46.8 83.1 79.2 81.1

YOLOv13s Lei et al. (2025) 82.3 47.6 47.2 83.5 79.8. 81.6

DEIM-s Huang et al. (2025) 82.8 48.3 47.8 84.2 80.3 82.2

D-fine-s Peng et al. (2024) 83.1 48.5 48.1 84.1 80.6 82.5

Boosting R-CNN Song et al. (2023) 79.5 44.2 41.3 81.3 76.5 78.8

UW-YOLOv8 Guo et al. (2024) 83.5 48.7 48.5 84.8 81.2 83.0

FMSPP Hua et al. (2023b) 84.2 49.6 49.2 85.3 81.8 83.5

UMIS-YOLO Yang et al. (2025) 84.8 50.3 50.1 85.9 82.5 84.2

ICAFusion Shen et al. (2024) 85.3 51.2 50.7 86.4 83.1 84.7

UW-DualDet 86.7 52.8 52.8 88.2 85.6 86.9
The best performance metrics are highlighted in bold.
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4.4.10 Special robustness verification in complex
underwater scenarios

To validate the detection stability of the proposed method in

real-world complex underwater environments, this study conducts

comparative experiments across three typical underwater scenarios:

clear water, heavy turbidity, and low-light deep water. The AP50
results of different algorithms under each scenario are presented

in Table 11.

In the clear-water scenario, all algorithms maintain relatively

strong detection performance. The proposed UW-DualDet achieves

an AP50 of 88.2%, slightly outperforming the best-performing

comparison method, UMIS-YOLO, demonstrating robust baseline
Frontiers in Marine Science 18
detection capability under favorable conditions. As illustrated in

Figure 10 and Figure 11, UW-DualDet can accurately localize

underwater targets at various scales in bright underwa-

ter environments.

In contrast, under extreme underwater conditions such as heavy

turbidity and low-light deep water, singlemodality detection algo-

rithms exhibit significant performance degradation. Conventional

single-modality methods achieve an average AP50 of only 62.0% in

heavy turbidity and 60.7% in low-light deep water. Even underwa-

ter-specific optimized single-modality models reach only 65.3% and

62.2% AP50, respectively, under these challenging conditions. By

comparison, the proposed UW-DualDet achieves an AP50 of 79.6%

in heavy turbidity, outperforming the best competing method
FIGURE 9

Comparative visualization of heatmap rendering perception.
TABLE 11 Comparative analysis of performance in complex underwater scenes.

Method Clear water AP50 Heavy turbidity AP50 Low-light deep water AP50

Faster R-CNN Girshick (2015) 80.5 58.3 55.2

YOLOv11s Khanam and Hussain (2024) 85.3 61.3 58.7

YOLOv12s Tian et al. (2025) 85.8 62.6 69.5

YOLOv13s Lei et al. (2025) 86.1 63.7 60.3

DEIM-s Huang et al. (2025) 86.0 64.1 60.5

D-fine-s Peng et al. (2024) 85.9 65.2 61.2

Boosting R-CNN Song et al. (2023) 83.2 60.5 57.4

UW-YOLOv8 Guo et al. (2024) 86.2 64.5 62.2

FMSPP Hua et al. (2023b) 86.3 65.3 60.3

UMIS-YOLO Yang et al. (2025) 87.9 72.4 71.2

ICAFusion Shen et al. (2024) 86.5 74.4 72.6

UW-DualDet 88.2 79.6 75.3
The best performance metrics are highlighted in bold.
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(ICAFusion) by 5.2 percentage points. In the low-light deep water

scenario, it achieves an AP50 of 75.3%, exceeding ICAFusion by

2.7% AP50. The proposed method consistently outperforms all

competing algorithms across both extreme scenarios. According

to the detection results presented in Figure 12 and Figure 13, UW-
Frontiers in Marine Science 19
DualDet can still maintain robust detection performance under

extreme conditions.

These results demonstrate that the proposed RGB–Depth

bimodal architecture effectively compensates for the loss of texture

information in the RGB modality under turbid and low-light
FIGURE 10

Detection performance of UW-DualDet in bright underwater environments.
FIGURE 11

Performance comparison of the model in bright underwater environments. (a) indicates the missed and false detections of the baseline model,
(b) shows the detection results of the baseline model, and (c) presents the detection results of UW-DualDet.
frontiersin.org

https://doi.org/10.3389/fmars.2026.1859313
https://www.frontiersin.org/journals/marine-science
https://www.frontiersin.org


Zhang et al. 10.3389/fmars.2026.1859313
conditions by leveraging structural information from the depth

modality. Combined with feature enhancement and denoising

fusion modules, the model significantly improves detection sta-

bility and environmental robustness in complex underwa-

ter scenarios.
Frontiers in Marine Science 20
4.4.11 Multi-scale underwater object detection
performance analysis

To evaluate the adaptability of the proposed method to under-

water targets of different scales, this study follows the standard
FIGURE 12

Detection performance of UW-DualDet in dim underwater environments.
FIGURE 13

Performance comparison of the model in dim underwater environments. (a) indicates the missed and false detections of the baseline model,
(b) shows the detection results of the baseline model, and (c) presents the detection results of UW-DualDet.
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definitions of the COCO dataset and divides test objects into three

categories: small objects (pixel area< 322, APS), medium objects (322

≤ pixel area< 962, APM), and large objects (pixel area ≥ 962, APL).

Comparative experiments are conducted with mainstream algo-

rithms, and the results are presented in Table 12.

From the experimental results, it can be observed that light-

weight models in the YOLO series do not exhibit a linear perfor-

mance improvement trend with newer versions in underwater

scenarios. YOLOv12s shows only marginal improvement over

YOLOv11s, while YOLOv13s even demonstrates a slight perfor-

mance decline. This indicates that general detection optimizations

designed for natural scenes provide limited gains in underwater
Frontiers in Marine Science 21
environments characterized by turbidity and low contrast, and

cannot effectively adapt to the unique properties of underwa-

ter targets.

In terms of scale-specific performance, all algorithms maintain

stable performance for large object detection, with relatively small

differences among models. The proposed UW-DualDet achieves an

APLof 86.3%, which is only 1.1% higher than the second-best model,

ICAFusion, indicating that most methods can reliably detect large-

scale underwater targets. For medium-sized objects, the proposed

method achieves an APMof 72.3%, outperforming the best compet-

ing model, ICAFusion, by 0.7%, and exceeding general single-

modality models by nearly 10% on average, demonstrating a

consistent performance advantage. For small object detection,

which represents a core challenge in underwater scenarios, the

proposed method exhibits the most significant advantage. It

achieves an APSof 47.9%, outperforming the best-performing gen-

eral single-modality model (Define-s) by 8.8%, the best underwater-

specific single-modality model (FMSPP) by 4.4%, and the best

bimodal model (ICAFusion) by 1.2%. Furthermore, as presented

in Figures 14, 15, shows that UW-DualDet can maintain stable

detection performance for densely occluded targets as well as

underwater targets at different scales.

These results demonstrate that the proposed RGB–Depth

bimodal architecture and feature enhancement design effectively

leverage spatial contour information from the depth modality to

compensate for weak texture representation of small underwater

targets in RGB images, which are often obscured by background

noise. This significantly enhances small-object feature representa-

tion while maintaining strong detection performance across mul-

tiple scales, thereby addressing the core challenge of multi-scale

underwater object detection.
TABLE 12 Comparative analysis of multi-scale underwater object

detection performance.

Method APS APM APL

YOLOv11s Khanam and Hussain (2024) 35.2 62.4 79.5

YOLOv12s Tian et al. (2025) 35.8 62.7 79.8

YOLOv13s Lei et al. (2025) 35.5 62.5 79.6

DEIM-s Huang et al. (2025) 38.2 64.5 81.2

Dfine-s Peng et al. (2024) 39.1 65.2 81.5

Boosting R-CNN Song et al. (2023) 34.5 60.3 78.6

UW-YOLOv8 Guo et al. (2024) 41.3 66.8 82.4

FMSPP Hua et al. (2023b) 43.5 68.2 83.1

UMIS-YOLO Yang et al. (2025) 45.2 70.4 84.6

ICAFusion Shen et al. (2024) 46.7 71.6 85.2

UW-DualDet 47.9 72.3 86.3
The best performance metrics are highlighted in bold.
FIGURE 14

Detection performance of UW-DualDet for densely occluded underwater targets.
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4.4.12 Model complexity and real-time
performance analysis

To validate the deployment feasibility of the proposed UW-

DualDet and objectively analyze real-time performance differences

between underwater multimodal and single-modality detection

models, this study adopts floating-point operations (GFLOPs)

and parameter count (Params) as metrics for model complexity.

Frames per second (FPS), measured under a unified input resolu-

tion of 640 × 640 with single-batch inference, is used as the metric

for real-time performance. All evaluations are conducted under a

consistent hardware environment. The comparison results with

mainstream single-modality and multimodal detection methods

are presented in Table 13.

From the comparison results, a common pattern in underwater

multimodal detection can be observed: under the same baseline

architecture, multimodal detection models generally exhibit signif-

icantly lower inference speed than single-modality models. Taking

different versions of the YOLO series as examples, the single-

modality YOLOv8m achieves an inference speed of 128 FPS,

whereas its multimodal counterpart, UMIS-YOLOv8m, increases

GFLOPs from 110 to 130 and parameters from 27M to 39M due to

dual-input processing and cross-modal fusion, resulting in a

reduced FPS of 83, corresponding to a 35.2% decrease in real-

time performance. Similarly, YOLOv11m achieves 132 FPS in the

single-modality setting, whereas UMIS-YOLOv11m drops to 72

FPS, a 45.5% decrease. For YOLOv12m, the single-modality model

reaches 108 FPS, while UMIS-YOLOv12m achieves only 56 FPS,

corresponding to a 48.1% reduction. This phenomenon arises from

the inherent requirement of multimodal models to process both
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RGB and depth inputs simultaneously, where additional dual-

branch feature extraction and cross-modal fusion modules inevita-

bly introduce extra computational overhead, significantly reducing

inference speed and constituting a core bottleneck in current

underwater multimodal detection research. As an RGB–Depth

multimodal detection model, the proposed UW-DualDet follows

this general trend. Its inference speed of 116 FPS shows a 12.1% gap

compared to the single-modality YOLOv11m (22M parameters, 132

FPS) of similar scale, primarily due to the inherent computational

cost of dual-modality inputs. However, compared to existing

mainstream multimodal detection models, UW-DualDet achieves

a substantial improvement in lightweight design and real-time

performance. In terms of model complexity, UW-DualDet contains

only 19M parameters, which is approximately 46%–49% of the

UMIS series multimodal models, and requires only 40.7 GFLOPs,

corresponding to 26.6%–31.3% of their computational cost, while

also being significantly lower than all compared single-modality

models. In terms of real-time performance, the 116 FPS of UW-

DualDet is 1.40×, 1.61×, and 2.07× that of UMIS-YOLOv8m,

UMIS-YOLOv11m, and UMIS-YOLOv12m, respectively, and

even surpasses the inference speed of single-modality YOLOv12m

and ASF-YOLO.

As shown in Table 14, all single-modal detection methods only

report the inference performance of the detection model itself,

excluding the depth map generation step. In contrast, the perfor-

mance metrics of all multi-modal methods cover the complete end-

to-end pipeline from RGB image input to final detection result

output. The experimental results demonstrate that UW-DualDet

achieves comprehensive leading real-time performance among

multi-modal detection methods. Its end-to-end inference latency
FIGURE 15

Detection performance of UW-DualDet for multi-scale targets in turbid environments.
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is only 8.6 ms/frame, which is 28.3% lower than that of the best-

performing comparison method UMIS-YOLOv8m. The end-to-end

FPS reaches 98, representing a 36.1% improvement over UMIS-

YOLOv8m. Furthermore, the peak GPU memory consumption of

UW-DualDet is only 2.4 GB, which is 36.8%–42.9% lower than that

of the UMIS series models. Most importantly, the inference latency

of UW-DualDet is very close to that of single-modal YOLOv8m (7.8

ms) and YOLOv11m (7.6 ms), effectively alleviating the

common trade-off in multi-modal detection where accuracy

improvements are accompanied by a dramatic increase in compu-

tational complexity.

As shown in Table 15, the results show that the proposed

modules introduce minimal additional computational overhead,

with 0.2M additional parameters and 0.9G additional GFLOPs, and

1.0ms additional per-frame latency. This fully verifies the light-

weight, plug-and-play characteristics of the proposed modules,

which can be easily integrated into other detection frameworks

with negligible performance loss.
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Combined with the previously reported accuracy results, UW-

DualDet not only significantly outperforms all competing methods

in detection accuracy, but also effectively alleviates the common

trade-off in underwater multimodal detection, where accuracy

improvements are typically accompanied by substantial increases

in computational complexity and reductions in real-time perfor-

mance. The proposed method narrows the real-time performance

gap between multimodal and single-modality models, achieving a

strong balance between detection performance and deployment

efficiency in real-world underwater scenarios. The limitations of this

work and a comprehensive discussion of future research

directions are presented in Supplementary Section S2 of the

Supplementary Materials.
5 Conclusion

This paper proposes an underwater bimodal denoising detec-

tion network to address key challenges in complex underwater

environments, such as image degradation and feature suppression

due to illumination fluctuations and water scattering, as well as high

missed-detection rates and limited scene robustness caused by

dense target occlusion. The proposed framework is specifically

designed to address three critical issues in underwater object

detection: feature enhancement, multimodal denoising fusion, and

occluded target detection.

Specifically, the method consists of three core modules. First,

the Underwater Feature Enhancement Module (UFEM) is intro-

duced to mitigate feature degradation caused by illumination

fluctuations and water scattering. UFEM incorporates multi-scale

feature interaction, illumination-adaptive correction, and back-

ground noise suppression to effectively enhance the discriminative

representation of targets under challenging lighting conditions.

Second, the Underwater Denoising Feature Fusion (UDFF)

module is designed to address residual intra-modal noise, severe

cross-modal interference, and underutilization of complementary

information. It performs adaptive alignment and fusion of RGB

texture-color cues with depth-based spatial-structural information,

fully leveraging bimodal complementarity. Third, the occlusion-

aware detection head, D26Head, is introduced to improve detection

performance in densely occluded scenes. By incorporating spatial

contour priors from the depth modality and constructing a residual

feature mining branch for occluded targets, it significantly enhances

detection accuracy and recall in dense occlusion scenarios.

Extensive ablation and comparative experiments on a self-

constructed underwater RGB-Depth object detection dataset
TABLE 13 Comparative analysis of model real-Time performance and

computational complexity.

Method GFLOPs FPS Params

YOLOv8m Kukartsev et al. (2024) 110 128 27M

YOLOv11m Khanam and Hussain (2024) 123 132 22M

YOLOv12m Tian et al. (2025) 123 108 22M

ASF-YOLO Kang et al. (2024) 155 47 48M

UMIS-YOLOv8m Yang et al. (2025) 130 83 39M

UMIS-YOLOv11m Yang et al. (2025) 150 72 40M

UMIS-YOLOv12m Yang et al. (2025) 153 56 41M

UW-DualDet 40.7 116 19M
The best performance metrics are highlighted in bold.
TABLE 14 Comparative analysis of model real-time performance.

Method Inference
latency

End-to-
end FPS

Peak GPU
memory (GB)

YOLOv8m Kukartsev
et al. (2024)

7.8 – 3.2

YOLOv11m Khanam
and Hussain (2024)

7.6 – 3.0

YOLOv12m Tian et al.
(2025)

9.3 – 3.1

ASF-YOLO Kang et al.
(2024)

21.3 – 4.5

UMIS-YOLOv8m
Yang et al. (2025)

12.0 72 3.8

UMIS-YOLOv11m
Yang et al. (2025)

13.9 63 4.0

UMIS-YOLOv12m
Yang et al. (2025)

17.9 49 4.2

UW-DualDet 8.6 98 2.4
End-to-End FPS: Frames per second measured for the complete end-to-end pipeline,
including both monocular depth map generation using the DepthAnything-V2-Large
model and subsequent object detection inference. Peak GPU Memory (GB): Maximum
GPU memory consumption during the entire inference process. Inference Latency (ms/
frame): Total end-to-end inference latency per image, measured as the time elapsed from
inputting an RGB image to obtaining the final detection results.
TABLE 15 Module-level computational overhead.

Module Additional
params (M)

Additional
GFLOPs

Additional
latency

UDFF 0.1 0.2 0.3

UFEM 0.0 0.0 0.2

D26Head 0.1 0.7 0.5

Total 0.2 0.9 1.0
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demonstrate the effectiveness of the proposed network. The method

achieves an mAP50 of 86.7%, outperforming mainstream single-

modal and multimodal state-of-the-art approaches. In representa-

tive illumination-challenging scenarios, including low-light deep

water and highly turbid conditions, the network attains AP50 scores

of 75.3% and 79.6%, respectively. It also achieves an AP50 of 88.2%

in clear water conditions, which includes overexposure sub-scenar-

ios where the model maintains consistent performance, demon-

strating strong robustness and environmental adaptability across

diverse underwater imaging conditions. In dense occlusion scenar-

ios, the network achieves an AP50 of 72.4% for occluded targets,

surpassing the best comparable method by 3.6%. In addition, the

network operates at 116 FPS, meeting the real-time requirements of

practical applications such as underwater intelligent inspection and

robotic operations.
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