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Abstract

Underwater detection is crucial for the autonomous operation of Autonomous Under-
water Vehicles (AUVs). However, underwater environments pose significant challenges,
including severe image degradation, complex target deformation, and densely distributed
small objects. Most existing methods treat image enhancement as an independent pre-
processing module and rely on fixed-shape convolution kernels for feature extraction,
which often leads to inconsistent optimization objectives and limited capability in handling
irregular targets and fine-grained small-object details. To address these issues, we propose
an End-to-End Adaptive Underwater Detection framework (E2E-AUD). Specifically, a
lightweight image enhancement module, UnitModule, is embedded into the detection
network so that enhancement can be jointly optimized with detection and directly serve
downstream feature learning. In addition, linear deformable convolution (LDConv) is
introduced into the backbone to adaptively model polymorphic targets, while Haar wavelet
downsampling (HWD) is adopted to preserve boundary and texture information through
frequency-domain analysis. Experiments on the DUO and URPC datasets demonstrate
that E2E-AUD achieves superior performance over both general-purpose and underwater-
specific detectors. Specifically, on the DUO dataset, our model reaches 86.2% mAP50 and
67.8% mAP50-95, outperforming the recent YOLOv12 by 3.0% and 2.7%, respectively. On
the highly turbid URPC dataset, it achieves 84.3% mAP50 and 50.8% mAP50-95, surpassing
the competitive underwater-specific detector LEFEN by notable margins in strict localiza-
tion metrics. Furthermore, E2E-AUD maintains a real-time inference speed of 21.8 FPS with
highly constrained computational complexity (9.4 GFLOPs), proving its exceptional balance
between detection accuracy and deployment efficiency compared to previous methods.

Keywords: underwater object detection; end-to-end learning; physics-aware enhancement;
wavelet-based downsampling; deformable convolution

1. Introduction

Underwater object detection (UOD) is increasingly important for marine-resource
exploration, underwater robotic operations, and ecological monitoring [1]. Accurate and
real-time UOD is essential not only for marine-biodiversity conservation but also for Au-
tonomous Underwater Vehicles (AUVSs) performing complex tasks [2]. However, underwa-
ter scenes are substantially more challenging than terrestrial environments. Although deep
convolutional neural network (CNN)-based detectors have achieved strong performance
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on terrestrial datasets, their accuracy often deteriorates when they are directly applied to
underwater imagery. This degradation arises primarily from three characteristics of the
underwater environment. First, wavelength-dependent absorption, together with forward
and backward scattering caused by suspended particles, produces color casts, low contrast,
haze, and blurred details [3,4]. Second, many underwater targets, including sea cucumbers
and starfish, have irregular and deformable morphologies that are difficult to represent
using fixed geometric priors [5]. Third, underwater targets are frequently small and densely
distributed. Their fine-grained textures can therefore be lost during CNN downsampling,
resulting in missed detections [6,7].

Recent studies on underwater optical wireless communication (UOWC) and the Inter-
net of Underwater Things (IoUT) further demonstrate that aquatic optical propagation is
strongly affected by water type, wavelength-dependent absorption and scattering, turbu-
lence, and ambient noise [8-11]. Although these studies focus on communication-channel
modeling rather than visual object detection, they provide useful physical context for un-
derstanding why underwater imagery exhibits spatially varying attenuation, contrast loss,
and color distortion. These environmental variations motivate the use of physics-aware
enhancement in underwater detection systems.

Existing approaches to these challenges can be broadly divided into two categories:
image-enhancement methods and end-to-end detection methods. Traditional enhancement
approaches restore underwater images by inverting physical degradation models, such
as the Jaffe-McGlamery model [12]. However, their effectiveness depends on accurately
estimating optical parameters that are difficult to obtain under real-world conditions.
Data-driven enhancement methods based on CNNs or generative adversarial networks
(GANSs), including WaterGAN [13] and UWCNN [14], learn color correction from synthetic
data. Unpaired enhancement and color-transfer methods, such as FUnIE-GAN [15] and
Water-Color Transfer [16], reduce the dependence on paired training samples. Nevertheless,
enhancement networks are typically optimized independently of the downstream detector.
As a result, visually improved images may contain artifacts or feature distortions that are
detrimental to detection [17]. A second line of research improves the detector itself through
stronger backbones, attention mechanisms, and multi-scale feature fusion [18]. For example,
LMEFEN [19] preserves fine-grained features during downsampling, whereas ResNet-RS [20]
improves the representation of blurred boundaries. However, most detectors still rely
on conventional convolutions with fixed sampling grids, which cannot readily adapt to
irregular target contours [21]. Moreover, strided convolution and pooling inevitably discard
information from small objects during downsampling [22].

These limitations reveal two closely related gaps. First, image enhancement and object
detection are usually optimized as separate stages, even though the restored image should
ultimately support the downstream recognition task. Second, conventional detection net-
works remain limited in their ability to preserve small-object details and model deformable
underwater targets.

To address these issues, we propose an End-to-End Adaptive Underwater Detection
framework (E2E-AUD). The main contributions of this work are as follows:

(1) We embed a lightweight differentiable enhancement unit, termed UnitModule, at the
front end of the detector. By combining a physics-inspired underwater degradation
model with data-driven learning, UnitModule is jointly optimized with the detection
objective, allowing enhancement to directly support discriminative feature extraction.

(2) We replace conventional stem downsampling with Haar wavelet downsampling
(HWD). By exploiting multi-resolution wavelet decomposition, HWD preserves and
separates high-frequency boundary and texture information, thereby enriching the
low-level representation of small targets.
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(3) We incorporate linear deformable convolution (LDConv) into the network. LDConv
learns dynamic sampling offsets and adapts the receptive pattern to irregular target
geometries, improving the representation of underwater organisms with diverse poses
and deformable structures.

Experiments on the DUO and URPC datasets show that E2E-AUD improves de-
tection accuracy while maintaining competitive inference efficiency under challeng-
ing underwater conditions, including color distortion, target deformation, and dense
small-object distributions.

In summary, this paper proposes E2E-AUD, an End-to-End Adaptive Underwater
Detection framework designed to simultaneously overcome complex optical degradation
and non-rigid target deformation. By unifying physics-aware image enhancement (Unit-
Module), frequency-domain detail preservation (HWD), and dynamically adaptive feature
extraction (LDConv), our approach effectively bridges the gap between image restoration
and object detection, achieving state-of-the-art accuracy on multiple challenging under-
water datasets. The remainder of this paper is organized as follows. Section 2 reviews
related work. Section 3 describes the proposed framework and its main components.
Section 4 presents the experimental settings and results. Section 5 concludes the paper and
discusses future directions.

2. Related Work
2.1. Underwater Image Enhancement and Restoration

The goal of underwater image enhancement and restoration is to recover clear visual
information from degraded observations. Over time, they have been deeply transformed in
their approach from physical-model-based methods to data-based frameworks and, most
recently, to task-based methods.

Physical Model-based Methods: The basis of these methods is the mathematical mod-
eling of the optical imaging process occurring in the underwater environment. Other than
the popular Jaffe-McGlamery model or any other simplified version, more significant
works like Du et al. [23] proposed an approach, which is based on the theory of Retinex, to
separate the illumination and reflectance information; Zhuang et al. [24] applied physical
absorption and scattering models in combination to improve the contrast. Furthermore,
various variants that achieve restoration by estimating background light and transmission
maps [25] have also demonstrated clear physical interpretability. Although these methods
have explicit physical interpretation, their performance is strongly influenced by the preci-
sion of parameter estimation, which restricts their applicability to complex and dynamic
underwater conditions.

Related research on UOWC and IoUT channel modeling has systematically inves-
tigated the effects of absorption, scattering, water type, optical turbulence, background
noise, and transmitter configuration on underwater light propagation [5-8]. These studies
primarily address communication-link performance, including received power, signal-to-
noise ratio, and bit error rate. Nevertheless, the reported environmental dependencies are
also relevant to underwater visual perception because they explain the physical origins of
attenuation, haze, and color distortion. In this work, we use this broader physical context
to motivate task-oriented image enhancement, while limiting the scope of the proposed
framework to underwater object detection.

Deep Learning-based Methods: Due to the emergence of the data-driven paradigm,
CNNs and GANs have been rising in popularity over time. UWCNN [14] was trained
with enhancement networks on synthetic datasets and Water-GAN [13] and FDCE-Net [26]
were optimized to improve visual quality with the help of adversarial learning. Never-
theless, most of them require either synthetic data or very carefully matched real-world
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data, whereas it is very hard to obtain a high-quality pair of underwater images. More
significantly, the approaches usually consider pixel-level (e.g., PSNR, SSIM) or perceptual
measures as optimization goals. The improved outcomes might look appealing to the eye
but be mismatched in terms of the discriminative feature representation needed to perform
downstream high-level vision tasks [17].

Task-Oriented Enhancement Methods: Scientists have recently started using the ap-
proach of task-oriented enhancement methods. The strategies may consist of joint training
of the module of enhancement (task network [27]) or addition of constraints specific to
particular tasks to the loss function [28,29]. Nevertheless, current joint optimization models
typically lack lightweight modeling of underwater color degradation mechanisms. In
addition, more than half of the models incorporate the enhancement module as a relatively
intricate sub-network, which adds to the model complexity and the complexity of training.

2.2. Object Detection and Its Underwater Applications

The two-stage paradigm (Faster R-CNN series) and the one-stage paradigm (YOLO se-
ries, SSD) form the latest mainstream detectors. Of these, the most famous of all, the YOLO
series, with its outstanding performance on the task of achieving a good balance between
accuracy and speed [30,31], has become a model of choice in a computationally restricted
environment like underwater robots. Furthermore, DETR [32] and its variants have also
entered the detection domain as Transformer architectures with strong global modeling
ability. Still, they are not used in practice due to their great computational complexity.

To overcome the issues of the underwater setting, scientists have made multi-fold
advances in detection networks. They involve creating a multi-scale feature fusion structure
to address the scale changes (e.g., S-FPN [33,34]), adding an attention mechanism to
concentrate on blurred objects [35], and taking advantage of data augmentation to create
artificial degraded environments with enhanced robustness [36]. However, most of these
enhancements have been limited to the backend of the detection network. Regarding input
image quality degradation, they typically adopt an attitude of “offline preprocessing” or
“passive adaptation,” failing to achieve a deep coupling of enhancement and detection at
the architectural level.

2.3. Network Design for Deformation Adaptation and Detail Preservation

Two significant challenges in the current detection problems are variable body postures
of non-rigid underwater organisms and the decay of boundaries of small things. The ability
to model geometrically complicated deformations is greatly improved with Deformable
Convolutional Networks (DCN), which can introduce learnable offsets at every sample
point of the convolution kernel to allow the receptive field to adaptively fit into the target
structures [37]. The latest DCNv4 [38] has achieved further breakthroughs in computational
efficiency. In order to overcome information loss due to downsampling, scientists have
started taking advantage of the multi-resolution nature of wavelet transformations to break
down and save details of high frequencies in frequency space, as it was used in super-
resolution [39,40] and downsampling layers that detect objects [41]. These techniques are
efficient to protect edge textures of small objects against total removal when contracting
the feature maps.

3. Methodology
3.1. Overall Architecture

Underwater object detection can be formulated as a mapping learning problem within
a degraded domain D. Given a degraded underwater image X € RF*W>3 the image not
only contains the target objects O but is also subject to nonlinear interference from depth-
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dependent transmission rates t and background light A. Traditional approaches attempt
to address this via independent enhancement networks E(-) and detection networks D(-),
formulated as § = D(E(I)).

However, this cascaded paradigm neglects the distributional alignment between
enhanced features and detection-oriented features. In order to overcome this drawback, an
integrated framework is proposed in this paper, known as E2E-AUD. As shown in Figure 1,
with YOLOvV13 [42] as the base, the framework reconstructs the detection flow by tightly
integrating three major components:
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Figure 1. Overall architecture diagram of the E2E-AUD model.

Input-level: The introduced UnitModule [43] will integrate the reverse implementation
of the underwater optical imaging model into the front end of the network. This module
adaptively produces latent clear representations that are specific to the next detector by
unsupervised joint training.

Stem-level: We are using HWD [44] instead of the conventional strided convolution.
Using the orthogonal decomposition nature of the wavelet transform, HWD provides
a lossless spatial high-frequency coding in frequency domain channels as opposed to
high-rate downsampling, where the problem of feature dissipation of small objects is
significantly addressed.

Feature-level: At the deep layers of the backbone network, we use LDConv [21].
LDConv adaptively learns how to capture complex geometric deformations of non-rigid
organisms through a mechanism of linearly increasing sampling points.

The model takes raw underwater imagery as an input, where it is initially exposed to
the adaptive quality improvement of the UnitModule. Afterward, important textures are
saved on the Haar wavelet downsampling layer. Lastly, deformation robust features are
obtained by the backbone network using the LDConv and target localization and categoriza-
tion are performed through the neck and detection heads with multi-scale prediction heads.
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3.2. UnitModule

UnitModule is a lightweight and differentiable image enhancement unit. The main
concept of this unit is to combine a classical model of underwater optical imaging with the
deep neural networks. It is able to alleviate the sub-optimal bottleneck of the conventional
approach known as the enhance-then-detect paradigm by allowing joint optimization with
the detector.

3.2.1. Physical Modeling and Network Implementation

The degradation process of underwater images is typically described by the Jaffe-McGlamery
underwater optical imaging model. This model decomposes the total irradiance
I(x) received by the detector into the direct attenuation component and the background
scattering component:

I(x) = J(x)t(x) + A(1 = £(x)) (1)

As shown in Equation (1), x denotes the pixel coordinates, J(x) € [0,1] represents
the clear scene radiance to be restored, A € (0,1) is the global background light (often
referred to as background light), and ¢(x) € (0, 1) is the wavelength-dependent medium
transmission map. By constraining #(x) and A to the open interval (0,1) via Sigmoid
activations in the network implementation, the model inherently avoids the numerical
instability caused when ¢(x) — 0.

To recover J(x) from the degraded image I(x), the theoretical inverse transformation
is formulated as:

= A )

Equation (2) provides an analytical inversion of the underwater imaging model. How-
ever, directly applying this inverse transformation during network training may cause
numerical instability when the estimated transmission value approaches zero. Moreover,
accurately estimating the physical transmission map from a single underwater image re-
mains challenging because the degradation process is affected by complex and spatially
varying environmental conditions.

To address these issues, we adopt a learnable blending mechanism inspired by the
composition form of the underwater imaging model. Rather than treating Equation (3) as
a mathematically equivalent reformulation of Equation (2), we use it as a numerically
stable approximation:

J(x) = 1(x) - (1= #(x)) + A-#(x) 3)

In Equation (3), the network does not directly predict the physical transmission rate
but instead predicts an enhancement weight map #(x) and a background light correction
vector A. This design enables the module to adaptively balance original pixel information
with background correction information, thereby effectively removing haze while avoiding
the introduction of artificial artifacts.

As shown in Figure 2, the UnitModule consists of three collaborative sub-networks:
the UnitModule Backbone (UnitBackbone), the Transmission Head (T-Head), and the
Atmosphere Head (A-Head).

UnitBackbone: To be more precise, the UnitBackbone consists of a lightweight archi-
tecture, namely a Stem containing two convolution layers (stride 2, consisting of channel
numbers C_s1 = 32 and C_s2 = 64) and two Large Kernel Blocks (LK Blocks). The LK Block
is inspired by RepLKNet [45] that uses 1 x 1 convolution to compress channels and then
applies a K x K depth-wise separable convolution. This design improves the receptive
field and nonlinear expressive ability via structural re-parameterization.
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Figure 2. Architecture diagram of UnitModule.

T-Head: The objective of T-Head is to acquire the local degradation features that are
related to depth. It receives the output features and forecasts the transmission map by two
layers of upsampling and convolutions. A Sigmoid activation function is used in the last
output layer to limit the output feature map to the (0, 1) interval.

A-Head: The A-Head is used to predict the overall optical properties of the image.
First, it compresses the input features into a 1 x 1 x C global descriptor using Global
Average Pooling (GAP) and then it consists of two Fully Connected (FC) layers. Lastly, it
produces a 3-dimensional vector, which represents the background light parameters in the
R, G, and B channels separately.

3.2.2. Unsupervised Joint Loss Function

Due to the scarcity of paired real-world “underwater-clear” datasets, supervised pixel-
fidelity losses (e.g., L1 or MSE) cannot be applied. Therefore, the UnitModule adopts an
unsupervised learning strategy. Its optimization objective extends beyond mere visual
clarity; instead, through joint training, it aims to generate enhanced images | that minimize
the task loss of the detector. The total loss function is formulated as a linear combination of
the detection task loss and a physical-prior-guided unsupervised enhancement loss:

Ltotul = Ldet(]) + )\Lenh (]/ f) (4)

As shown in Equation (4), L (]) represents the localization and classification loss
of the detector, and L,,, ( I, f) denotes the specifically designed unsupervised enhance-
ment loss. As formulated below, L,,; comprises three components that constrain the
enhancement process from the dimensions of color, texture, and category, respectively:

Lepp = wy Lcc + wZLtv + wSLuc (5)

As shown in Equation (5), (w1, wp, w3) = (0.1,0.01,0.1), these coefficients are non-
negative balancing hyperparameters used to account for the different numerical scales of
the auxiliary loss terms. They are not probability weights and are therefore not required to
sum to one.

Color Consistency Loss (L¢c): As shown in Equation (6), this loss is fundamentally
derived from the classical Gray-World Hypothesis, which posits that the average reflectance
of surfaces in a natural scene tends to be achromatic (gray). By mathematically enforcing
the average intensity of the RGB channels (j), i3, j») to reach equilibrium, this term effi-
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ciently neutralizes the severe bluish-green color casts typical of underwater environments
without requiring reference images.”

Lee = (1 =) + (s = p 2+ (s = pp)? (6)

Texture Smoothness Loss (L¢y): As shown in Equation (7), estimating the transmission
map f(x) in unconstrained scenarios often leads to high-frequency noise or checkerboard
artifacts. To mathematically mitigate this, we introduce a Total Variation (TV) constraint. By
minimizing the gradient operators Vj and V, the TV loss enforces piecewise smoothness
in the estimated transmission map while preserving sharp structural edges, which is critical
for maintaining object contours for the downstream detector.

Lo = 3 (|VaE(x)| + [Vok(x)]) )
X
As shown in Equation (7), V}, and V, denote the gradient operators in the horizontal
and vertical directions, respectively.
Assisting Color Cast Loss (Ly): As defined in Equation (8), this term utilizes the
pseudo-labels y .40 generated by the Color Cast Predictor. It is calculated as the cross-
entropy loss between the predicted probabilities and the pseudo-labels:

K
Lie == . ¥yteualo® (v) ®)
=1

In Equation (8), pE’C‘% denotes the predicted probability output by the Color Cast
Predictor (CCP), indicating the likelihood that the input image belongs to the k-th color
cast category. K represents the total number of predefined color cast categories, and

®) s the corresponding ground-truth probability from the pseudo-label generated by

Yy pseudo
the UCRT strategy.

3.3. Haar Wavelet Downsampling

Standard convolutional downsampling inevitably leads to the loss of high-frequency
information exceeding the Nyquist frequency. To address the characteristic weak textures of
tiny underwater objects, we introduce a HWD module based on Multiresolution Analysis
(MRA), the structure of which is illustrated in Figure 3.

A vw N
.5,0)
Hy(z2) A 2'2

Approximate component

—

Ho(z1) (low frequency)

HW
H,(27) 12 H G50

Horizontal direction Batch
Haar Wavelet Transform high frequency) normalization Output
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= = — HW
Ho(22) 12 v || G50 ReLU G €D
Vertical direction

L

Hi(z1) (high frequency)

'~ >

H W
Hy(2,) D G750 "-

7
Diagonal direction v
(high frequency) "

Figure 3. Framework diagram of HWD module. Hj represents low-pass filtering, H; represents
high-pass filtering, and z; and z, represent the two spatial dimensions in the image respectively.
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The Haar wavelet transform is founded on the linear combination of the one-
dimensional scaling function ¢(x) and the wavelet function ¥ (x); it should be noted
that rather than describing physical wave propagation in an aquatic medium, these are
purely mathematical 1D scalar functions used as discrete filters in digital image processing.
They are applied separably to the spatial dimensions of the feature map:

P (x) = ém(x) + émm %)
P1(x) = \1@%,0(96) - \1@

As shown in Equation (9a,b), ¢jx(x) = V2, ¢ (2j x — k) defines the multi-scale basis
functions. For a two-dimensional feature map X € R*W*C the transformation generates

$1,1(x) (9b)

four sub-band components:
Haar(X) = {A,H,V,D} (10)

Here in Equation (10), A € R x%xC represents the low-pass filtering result, preserv-
ing the global structure, while H, V, D € R *%xC capture high-frequency edge textures
in the horizontal, vertical, and diagonal directions, respectively. Unlike traditional image
processing that outputs four independent images, we adopt a “Space-to-Channel Rear-
rangement” strategy, concatenating the calculated four components along the channel
dimension: X,,,45.4 = Concat(A, H,V, D). Consequently, the dimensions of the feature
map become % X % x C, and the spatial high-frequency information is explicitly encoded
into channel features.

To fuse features of different frequencies and regulate the channel dimension, we intro-
duce a1 x 1 convolution layer after the encoding block, followed by Batch Normalization
(BatchNorm) and the SiLU activation function, as shown in Equation (11):

Yout = U(BN(Conlel(Xencoded))) (11)

This convolution layer acts as a “learnable frequency selector.” During backpropaga-
tion, the network can adaptively adjust the attention weights assigned to the low-frequency
structure (A) or high-frequency edges (H, V, D) according to the specific requirements of
the underwater detection task. This mechanism effectively suppresses noise interference
caused by suspended particles while simultaneously enhancing the texture response of
the targets.

3.4. LDConv

Most of the targets of detection in underwater settings consist of non-rigid species and
have very changeable geometric patterns and irregular shapes. The Fixed-Square Sampling
Grid limits the Traditional Standard Convolution to a fixed-size square grid that would
not allow efficient alignment of the effective receptive field with the actual boundary of
the target. Therefore, substantial background noise is added in the feature extraction stage,
which causes reduction in the accuracy of boundary location.

In order to address these geometric restrictions, we present LDConv, an innovative
operator that can perfectly model an irregular target using dynamic sampling point offset,
as shown in Figure 4. The most important innovation of LDConv is that it separates lies
in the decoupling of the convolutional kernel size from the number of parameters. This
allows a linear increase in the number of parameters rather than a quadratic increase
in conventional convolutions and thus becomes very effective in capturing the intricate
variation in poses of underwater creatures.

https://doi.org/10.3390 /jmse14121067
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Figure 4. Framework diagram of LDConv module.

For a given input feature map X € RF*W*C the output of LDConv at position py is
defined as follows:

N
y(po) = Y wu - X(po+ pn+ Apn) (12)
n=1

As shown in Equation (12), N denotes the total number of sampling points, w,, repre-
sents the weight of the n-th sampling point, p, is the predefined initial coordinate offset,
and Ap,, is the learnable offset dynamically derived from the feature map.

Unlike the Deformable Convolutional Network (DCN), which fixes the number of
sampling points at k*, LDConv can have any arbitrary integer. This means that as the
parameter count P increases, it does so linearly with N (P « N). This flexibility provides
the network with the ability to acquire more precise feature representations by changing
N without suffering significant computational costs.

In order to allow irregular convolutional kernels to have structured sampling grids,
LDConv uses an arbitrary-sized convolution algorithm to create the initial sampling co-
ordinates P,. This algorithm first constructs a regular sampling grid and then produces
irregular sampling coordinates of other points, subsequently joining them to obtain a
combined sampling grid. The initial sampling coordinates of LDConv are generated using
the structured procedure provided in Appendix A. Given the number of sampling points
N, the procedure constructs the initial coordinate set Py, which is subsequently combined
with the learned offsets before bilinear interpolation and feature aggregation.

In Algorithm A1, the parameter C guarantees that the generated coordinates are sym-
metrically distributed and normalized around the origin (0, 0). Furthermore, by explicitly
defining a random seed S, we ensure that the continuous uniform distribution used for
the irregular offsets (x,,y,) produces a deterministic geometric layout across identical
configurations, facilitating strict reproducibility.

The feature extraction process of LDConv involves a highly coordinated data flow,
taking N = 5 in Figure 4 as an example. As illustrated, the process bifurcates into two
parallel streams from the input feature map X € RF*W*C_ First, in the coordinate gen-
eration stream, initial sampling shapes (P;) are generated based on the value of N using
Algorithm Al. The focus here is to generate the corresponding sampling coordinates on the
feature map for a kernel with N parameters. Second, in the offset learning stream, the learn-
able spatial offsets for the respective kernel are obtained via a standard 3 x 3 convolution
operation, yielding an offset field of dimension (H, W,2N). This tensor is then reshaped
to explicitly match the N spatial coordinates (x,y). These offsets are added to the orig-
inal coordinates to generate new, convolution-specific sampling coordinates (Deformed
coordinates in Figure 4). This step emphasizes the generation of diverse sampling shapes
for convolutions at different spatial positions on the feature map. Finally, in the feature
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aggregation phase, features at the corresponding deformed continuous locations are ac-
quired through bilinear interpolation and resampling. These resampled features are then
processed by a sequence of operations, including a convolution layer, Normalization, and a
SiLU activation function, before being reshaped and rearranged to output the final feature
map of dimension (H, W, C).

In our proposed model architecture, we implement a hierarchical substitution strategy:
In the shallow layers (high resolution): we employ LDConv with N = 7 to preserve fine-
grained detailed features. In the deep layers (low resolution): we utilize LDConv with
N = 9 to enhance semantic perception and global modeling capabilities.

4. Experiments and Results
4.1. Implementation Details

The hardware and software configurations are essential elements during the investiga-
tion of deep learning that have a direct effect on the model performance and experimental
reproducibility. To provide a clear and strict experimental setting, a summary of the detailed
hardware and software specifications applied in the current paper is given in Table 1.

Table 1. Hardware and software configurations.

Configuration Parameter
Operating system Ubuntu 22.04
Accelerated environment Cuda 12.1
Language Python 3.11
Framework Pytorch 2.3.0
GPU RTX4090 (24 GB)

The purpose of the standard training protocol followed by us was to make it easier
to compare the proposed UW-YOLO-Bio with any of the baseline approaches in a fairer
and more equitable manner. This protocol was designed carefully so that it could work as
per the best practices in object detection research and be optimized for use in underwater
situations. The configuration includes some major hyperparameters, including the training
epochs, resolution of input, data augmentation strategies, and optimizers. Through such
standardization of these variables, we reduced possible confounders and ensured validity
of the comparative findings. Table 2 contains a list of detailed hyperparameters used
in training.

Table 2. Training hyperparameters and configurations.

Parameter Value Notes
Epoch 200
Input Size 640 x 640 After resizing
. Mosaic (dose = 10), Random Flip, HSV .
Augmentation Hue/Saturation/Value/adjustment Standard YOLO augmentation
Optimizer SGD Momentum = 0.9 Weight Decay = 0.0005
Learning Rate Scheduler Linear decay from 0.01 to final LR = 0.01 x 0.01
NMS IoU Threshold 0.7
Validation IoU Threshold 0.5 For mAP calculation

4.2. Comprehensive Evaluation Framework

To rigorously benchmark the proposed detector, several evaluation metrics are uti-
lized based on the confusion matrix. True Positives (TP), False Positives (FP), and
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False Negatives (FN) serve as the fundamental variables. These metrics correspond to
Equations (13)—(16), respectively.

TP
o TP 1
Precision TP+ EP (13)
TP
Recall = TP+ EN (14)

Precision evaluates the proportion of True Positives among all predicted positives,
while Recall assesses the model’s ability to retrieve all ground-truth instances.

—1
AP = / R)dR ~ Z P,AR(i (15)

The Precision—-Recall (P-R) curve is plotted to visualize the equilibrium between P and
R. The AP value, calculated as the area under the P-R curve, represents the detection
accuracy for an individual class, where n represents the total number of discrete recall
thresholds. The index i denotes the i-th threshold operating point on the P-R curve. P is
the measured precision at the i-th point, and AR; = R; — R;_1 represents the change in
Recall between consecutive points.

Y&, AP,

AP =
" C

(16)

As the primary metric for object detection, mAP is computed by taking the arithmetic
mean of AP scores across all detected categories, offering a comprehensive measure of the
algorithm’s multi-class performance.

4.3. Datasets

The proposed method was tested on two standard underwater datasets, DUO [46] and
URPC [47]. These datasets contain various underwater problems such as hazing effects,
significant color distortion, light interference as well as intricate background clutter, making
them good validating datasets.

DUO (Detection in Underwater Objects): This publicly accessible benchmark is par-
ticularly tailored to underwater object detection challenges. It has 7782 images, which
contain 74,515 instances of annotations divided into four main marine specimens. The
dataset has been divided as follows: training set (5447 images), validation set (778 images)
and test set (1557 images). DUOQ is especially useful when it comes to evaluating model
performances in relation to low contrast, multi-scale target variants, and clutter and con-
tains multi-resolution images (ranging from 586 x 482 up to 3840 x 2160 pixels). It can
be extensively applied in creating visual systems of Autonomous Underwater Vehicles
(AUVs). In the context of the physical imaging model introduced in Equation (1), the
images in the DUO dataset exhibit highly variable background light vectors (A), typically
dominated by blue and green wavelengths due to specific depth absorption. Furthermore,
the varying imaging distances result in fluctuating transmission rates (t(x)), leading to
the diverse multi-scale target contrast and clutter observed in this dataset. The dataset is
available at: https://github.com/chongweiliu/DUO (accessed on 3 June 2026).

URPC (Underwater Robot Perception Challenge): The URPC dataset has been gen-
erated based on realistic activities within the field of the Zhangzidao Marine Ranch in
Dalian, China. The dataset consists of 5543 photos, which are annotated using four eco-
nomically important marine animals. The information divides the training (3880 images),
validation (554 images), and test (1109 images) sets. Its application includes areas such
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as smart use and management of fish farms and automatic harvesting of fish. The in situ
images represent serious problems, particulate interference (marine snow) and heavy object
overlap. This set will be used as a major tool that would be used to train the perception
systems of underwater robots in working conditions. Mapped to our physical formulas, the
URPC dataset represents a scenario of extreme optical degradation. The severe particulate
interference (marine snow) physically translates to an intense and unpredictable scattering
component (A(1 —t(x))), while the heavy turbidity forces the global transmission rate
(t(x)) to diminish sharply, thereby burying object structural details within the background
noise. The dataset can be accessed at: https:/ /github.com/mousecpn/DG-YOLO (accessed
on 3 June 2026).

4.4. Ablation Study
4.4.1. Parameter Sensitivity Analysis of LDConv

In order to ensure that the proposed LDConv is effective and find the best hyperpa-
rameters, quantitative experiments were performed on the DUO dataset, with the baseline
architecture being YOLOv13n. Specifically, we investigated the influence of the number of
sampling points, denoted by N, on detection performance. Here, N represents the number
of sampling positions used by LDConv rather than the side length of a conventional square
convolution kernel. In a conventional K x K convolution kernel, the number of sampling
points is fixed as K2. In contrast, LDConv allows N to be set as an arbitrary positive integer.
Therefore, the number of parameters increases approximately linearly with N rather than
quadratically with the side length of a square convolution kernel. The results are summa-
rized in Table 3. The results demonstrate a positive correlation between detection accuracy
(mAPsp) and the number of sampling points. As N increases from 5 to 11, the model’s
performance shows a steady upward trend, peaking at 82.9% for both N = 10 and N = 11.
This represents a significant improvement over the baseline’s 81.1%. This enhancement
is attributed to the expanded effective receptive field provided by a larger N, which aug-
ments the network capability to model the complex geometric deformations of irregular
underwater targets. Conversely, inference speed (FPS) exhibits a strong negative correlation
with N. The FPS suffers a precipitous decline from 31.8 at N = 5 to 17.8 at N = 11 due
to the increased computational cost of offset generation. Notably, the parameter count
(Params) increases only marginally in a linear fashion with N, validating the parameter
efficiency of the LDConv design.

Table 3. Sensitivity ablation experimental data with different sampling points (N).

LDConv  Precision (%) Recall (%) AP50 (%) AP50-95 (%) Params (%) FPS

baseline 84.1 73.3 81.1 60.8 2.57 18.8
5 81.2 69.9 79.2 58.6 2.507 31.8
6 83.2 71.2 80 59.4 2.518 29.7
7 86.8 74.5 81.5 61 2.529 29.1
8 91.1 72 82.4 60 2.541 25.3
9 90.9 75.5 82.7 62.3 2.552 23.1
10 91.1 75.6 82.9 62.5 2.565 20.5
11 91.3 75.8 82.9 62.5 2.588 17.8

The experimental data reveals a significant accuracy-speed trade-off. We identified
two distinct equilibrium points at N = 7 and N = 9, where the model achieves an
optimal balance between performance gains and computational overhead. Consequently,
to maximize the strengths of LDConv, we adopt a Hierarchical Substitution Strategy in our
final architecture:
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e  Shallow Layers (High Resolution): We employ LDConv with N = 7. Since shallow lay-
ers are responsible for extracting fine-grained spatial details, a moderate N preserves
crucial texture information while ensuring high inference efficiency.

e  Deep Layers (Low Resolution): We utilize LDConv with N = 9. In deep layers where
features are semantically rich but spatially coarse, a larger N is deployed to expand
the receptive field and enhance global semantic perception.

4.4.2. Ablation Experiments of Three Different Modules

In order to assess the contribution of individual elements and their synergistic interac-
tion in the context of the proposed elements in the framework of the so-called E2E-AUD, we
performed a thorough ablation experiment on the DUO and URPC datasets. The research
was conducted on three main modules of the module: the physics-aware UnitModule, the
frequency-domain HWD, and the geometry-adaptive LDConv.

The identical protocols were used to train all models, strictly following the hyperpa-
rameters and hardware specifications described in Section 4.1. The baseline model was
established using YOLOv13n and then each successive integration of respective proposed
modules. In order to make sure that the results were statistically reliable, the results pre-
sented are averages of several independent experiments. The quantitative comparison
results are listed in Table 4.

Table 4. Results of ablation experiment data from three different modules.

Dataset  UnitModule HWD LDConv Precision (%) Recall (%) mAP50 (%) mAP50-95 (%) FPS
84.1 73.3 81.1 60.8 18.8

vV 87.2 73.5 83.5 64.1 18.2

v 89.4 76 83.1 62.5 18.7

Vv 90.9 75.5 82.7 62.3 23.1

puo vV v 89.8 75.9 85.5 65.1 18.6

Vv Vv 91.1 75.8 84.9 66.5 221

Vv Vv 89.9 76 85.8 67.2 22.7

v Vv v 91.2 76.1 86.2 67.8 218

81.0 75.2 77.9 45.8 18.2

v 83.1 76.0 80.5 46.7 17.9

URPC v 82.5 759 81.1 46.2 18.1
Vv 83.0 77.2 83.5 48.2 20.6

vV Vv Vv 84.5 78.6 84.3 50.8 20.2

(Note: Rows 5-7 for URPC are omitted for brevity in this snippet but strictly follow the same trend as DUO in
the full analysis.) Bold indicates optimal performance. A check mark symbol indicates that the corresponding
module is used.

The implementation of the UnitModule was associated with a significant increase in
detection accuracy, as shown in Table 4. On DUO, UnitModule alone increased precision
by 3.1 and mAP50 by 2.4 relative to the baseline. This performance improvement confirms
our theoretical argument in Section 3.2 that color distortion and hazes can be effectively
reduced using the inverse physical imaging model. Through the creation of the latent
clear representation J(x) (as formulated in Equation (3)), the UnitModule matches the
distribution of features of degraded inputs with the domain of the detector. By adap-
tively balancing the original pixel information with the estimated transmission map ¢(x)
and background light A, it eliminates False Negatives related to low contrast by a large
margin. Although a slight decrease in FPS (from 18.8 to 18.2) was observed due to the
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additional computational overhead of the T-Head and A-Head, the trade-off is justified by
the substantial accuracy gains.

The HWD module proved to be very effective in reconstructing fine-grained data. In
the case of the URPC dataset, which has a feature set of densely spaced small targets, the
HWD module autonomously increased mAP50 by 3.2% on URPC (77.9% to 81.1%). It is ver-
ified that the high-frequency directional components (H, V, D from Equation (10))—which
capture crucial edges and textures—are encoded into the channel dimension without loss,
thereby preventing the feature dissipation typically caused by strided convolution. It is
worth noting that HWD had the largest Recall improvement rate of single modules on DUO
(+2.7%), implying that the frequency-sensitive approach is the most important towards
reducing the number of small marine life missed during detection.

One of the most significant findings of the experiment was that the LDConv has a
double benefit. The benefits are robustness and efficiency improvement. LDConv inde-
pendently improved mAP50-95 by 1.5% on DUO, proving its effectiveness in modeling
non-rigid biological deformations through the learnable dynamic sampling offsets (APy
defined in Equation (12)). In contrast to traditional deformable convolutions that generally
lead to higher latency, our implementation of LDConv increased the inference speed. The
FPS of the DUO dataset increased by 18.8 (Baseline) to 23.1 (LDConv). The empirically con-
firmation of this validates the efficacy of the linear parameter growth mechanism (P o N)
presented in Section 3.3, which is the concept of detaching kernel size with parameter count,
enabling larger receptive fields with less computational complexity.

The given modules exhibit a definite synergistic effect of 1 + 1> 2. UnitModule + HWD
is concentrating on Quality + Detail. An mAP50 of 85.5% was attained with this model by
first optimizing the image quality, followed by the preservation of the restored details as
the downsampling is done. The ultimate model consists of the three modules performed
at state-of-the-art (SOTA). The full model reached a precision of 91.2% and an mAP50 of
86.2 on the DUO dataset, which is an overall increase in precision and an increase in
mAP50 of 7.1% and 5.1% respectively over the baseline. The improvements across the
URPC data (mAP50 improved by 6.4%, from 77.9% to 84.3%) were consistent, indicating
the power of generalization of the framework to various degrees of water quality and
target distribution.

To sum up, the proposed method will not only greatly improve the accuracy of the
detection due to physics-inspired improvement and frequency-domain analysis but also
preserve a high real-time rate because of the effective construction of LDConv. It confirms
that the E2E-AUD is applicable to be used in practice on AUVs.

4.5. Comparative Analysis with State-of-the-Arts

In order to benchmark the effectiveness of the E2E-AUD in a rigorous manner, we
have used thorough comparative analysis with two types of baseline methods:

Generic Object Detectors: The traditional two-stage architecture (Faster R-CNN [48],
Cascade R-CNN [49]) and the current state-of-the-art one-stage architecture, YOLO series
(YOLOWVS [50], YOLOV10 [51], YOLOv11 [52], and the latest YOLOv12 [53]).

Underwater-Specific Detectors: These include LEFEN [19], DJL-Net [54], ERL-Net [55],
Boosting R-CNN [56] and GCC-Net [57], all of which are designed to work in the underwa-
ter setting specifically.

All comparative experiments were conducted with DUO and URPC datasets using
the same training protocols and hardware configurations to be able to fairly evaluate
the results.
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4.5.1. Performance on DUO Dataset

The DUO dataset is characterized by complex lighting and diverse target scales. The
quantitative results are summarized in Table 5.

Table 5. Comparison results of different models on the DUO dataset.

Method Type Precision (%) Recall (%) mAP50 (%) mAP50-95 (%) FPS
Faster R-CNN 79.1 68.2 80.5 59.2 114
Cascade R-CNN 824 71.9 80.9 60.2 11.6
YOLOvVS 85.7 74.4 829 62.7 21.9
Generic
YOLOv10 85.9 74.3 83.2 62.9 20.1
YOLOv11 83.4 75.7 83.7 64.1 20.5
YOLOv12 84.9 75.4 83.2 65.1 19.5
LEFEN 89.2 75.1 86.0 66.3 19.4
DJI-Net 88.7 75.6 84.2 65.5 18.1
ERL-Net 86.5 74.0 81.4 67.5 19.1
Underwater
Boosting R-CNN 90.9 75.1 80.6 66.9 12.5
GCC-Net 89.1 74.2 81.6 66.3 16.4
ours 91.2 76.1 86.2 67.8 21.8

Bold indicates optimal performance.

As we have presented in Table 5, our model exhibits a significant advantage over
generic detectors. To be more precise, it reaches an mAP50 of 86.2% and an mAP50-95 of
67.8%, which is 3.0% and 2.7% better than the most recent YOLOv12, respectively. Al-
though two-stage models such as Cascade R-CNN may have good accuracy (in terms of
mAP50 80.9%), they cannot perform at real-time speeds (11.6 FPS). By comparison, our
model has an extremely high inference rate of 21.8 FPS, similar to YOLOvS (21.9 FPS) but
with much greater precision (+3.3% on mAP50). It means that our approach strikes a better
balance between accuracy and latency.

When compared to the domain-specific algorithms, we have demonstrated that our
E2E-AUD has greater robustness and precision. While the LEFEN may be a tough com-
petitor with an mAP50 of 86.0%, our model has outperformed it with all the main metrics,
with 2.0-percentage points higher precision (91.2% versus 89.2%) and 1.5-percentage points
higher mAP50-95 (67.8% compared to 66.3%). This means that our physics-aware UnitMod-
ule can also efficiently mitigate the domain shift due to changing water turbidity, and allows
the detector to more confidently recognize objects among background noise. It is of note
that ERL-Net demonstrates very high localization ability (mAP50-95 of 67.5). Nevertheless,
it shows much worse performance in mAP50 (81.4), which is 4.0 percentage points lower
than our model. This indicates the fact that while ERL-Net fits well to easy targets, it fails to
find many of the harder ones. On the other hand, our model is the best performer in terms
of both measures, which confirms that the geometry-adaptive LDConv accurately identifies
non-rigid biological targets, which are often not detected by conventional convolution
kernels. Moreover, our model does it without sacrificing speed. At an inference rate of
21.8 FPS, it is significantly faster than Boosting R-CNN (12.5 FPS) and GCC-Net (16.4 FPS),
which makes it suitable to use with latency-sensitive underwater robots.

4.5.2. Performance on URPC Dataset

The URPC dataset presents challenges such as dense small object distribution and
heavy turbidity. The results are presented in Table 6.
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As shown in Table 6, our model has very good generalization abilities, with optimal
results across all the available metrics: precision (84.5%), Recall (78.6%), mAP50 (84.3%)
and mAP50-95 (50.8%). It is also interesting that our approach is significantly better (+3.1%)
than YOLOvV12 in terms of mAP50 and is slightly superior (+2.7%) in the case of mAP50-95.
This large discrepancy indicates the weakness of standard CNN designs to manage extreme
underwater degradation. We have an effective UnitModule solution to counteract such
environmental disruptions so that the detector can perceive finer details.

Table 6. Comparison results of different models on the URPC dataset.

Method Type Precision (%) Recall (%) mAP50 (%) mAP50-95 (%) FPS
Faster R-CNN 72.1 71.2 78.5 422 11.3
Cascade R-CNN 75.4 74.9 78.9 43.2 11.6
YOLOVS 78.7 77.4 80.9 45.7 21.9
Generic

YOLOv10 78.9 77.3 81.2 45.9 20.1
YOLOv11 76.4 78.1 81.7 471 20.5
YOLOv12 77.9 78.4 81.2 48.1 19.5
LEFEN 82.2 78.1 84.0 493 194
DJI-Net 81.7 78.6 82.2 48.5 18.1
ERL-Net 79.5 77.0 79.4 50.5 19.1

; Underwater
Boosting R-CNN 83.9 78.1 78.6 49.9 12.5
GCC-Net 82.1 77.2 79.6 49.3 16.4
ours 84.5 78.6 84.3 50.8 21.2

Bold indicates optimal performance.

In comparison to specialized models such as GCC-Net (mAP50 79.6%) and DJI-Net
(mAP50 82.2%), our architecture has a clear performance benefit of +4.7% and +2.1%
respectively. In comparison with even the very competitive LEFEN (mAP50 84.0%), our
model achieves a significant advantage in terms of mAP50-95 (+1.5%). This measure is
especially vital when performing robotic-grasping problems. The repeated dominance
of our DUO and URPC datasets guarantees that our “E2E-AUD” is not tailored to some
particular water state but has high resilience to different marine conditions.

In order to visually compare the differences between our model and other models on
different indicators, we have plotted radar charts on the test data from two datasets, as
shown in Figure 5.

— Boosting R.CNN . — Boosting RCNN
Cascade R-CNN Radar - URPC Cascade R-CNN
Recall() — Ot

Radar - DUO

(a) (b)

Figure 5. Radar plots comparing the performance of different models on the two datasets: (a) DUO
and (b) URPC.
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4.5.3. Discussion on Marine Physical and Biological Interpretability

The comparative results presented above demonstrate that E2E-AUD consistently out-
performs both generic state-of-the-art detectors and previous underwater-specific models
(e.g., LEFEN, GCC-Net). This superiority is not merely a result of increased parameter
capacity, but is fundamentally rooted in the strong physical and biological meanings em-
bedded within our architecture. From the perspective of marine optical physics, traditional
purely data-driven models often struggle with domain shifts caused by varying water types.
By explicitly integrating the Jaffe-McGlamery degradation model into the UnitModule,
our framework dynamically simulates and reverses the depth-dependent transmission
attenuation (¢(x)) and atmospheric backscattering (A) at the feature level. This physical
prior allows the network to maintain high discriminability in highly turbid conditions (as
seen in URPC), where models lacking explicit optical physics constraints suffer severe per-
formance drops. From the perspective of marine biological morphology, benthic organisms
of high economic value (such as holothurians and starfish) are predominantly soft-bodied
invertebrates characterized by extreme non-rigid deformations. Previous architectures
rely on fixed geometric convolution kernels, which inherently contradict the polymorphic
nature of marine life. The LDConv module addresses this biological reality by adaptively
simulating the irregular contours of these organisms through dynamically learned sam-
pling offsets. Consequently, E2E-AUD not only achieves higher quantitative localization
accuracy (mAP50-95) but also offers a highly interpretable solution tailored specifically for
the complex realities of marine robotic perception.

4.6. Confusion Matrix

In order to visualize the capabilities of the model in its classification performance and
determine particular failure modes, we drew the confusion matrices in their normalized
form on the DUO and URPC datasets, as it is depicted in Figure 6. The columns in such
matrices are the Ground Truth labels, whereas the rows are the Predicted labels. Further,
the diagonal elements denote the Recall of any given category, as the lowest row signifies
the False Negative rate and the final column depicts the False Positive distribution.

Confusion Matrix on DUO - Normalized Confusion Matrix on URPC - Normalized
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Figure 6. Normalized confusion matrices of the proposed algorithm on the test sets. (a) Confusion
matrix on the DUO dataset. (b) Confusion matrix on the URPC data.

Figure 6a shows the classification performance on the DUO dataset. The starfish and
Echinus models have excellent performance, with Recall rates of 0.91 and 0.90 respectively.
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Off-diagonal cell values of marine species are nearly all 0.00, suggesting that the proposed
approach has acquired highly discriminative characteristics and has reduced inter-class
confusion to negligible levels. It confirms the efficacy of the HWD block in maintaining
different frequency-domain textures. The primary problem is the scallop group; the Recall
is quite low, 0.66, and the False Negative rate is also high, 0.34. It is due to the natural
behavior of scallops that tend to bury themselves in sand or blend into their surroundings
and they are comparatively very small. By examining the final column, we see that 59% of
the wrong positive results were wrongly categorized as Echinus. It implies that complex
backgrounds on the DUO set have great morphological resemblance to sea urchins, at times
misleading the detector.

Figure 6b shows the findings of the URPC dataset, which has greater turbidity. The
model achieves high Recall values concerning Echinus (0.90) and starfish (0.85), and scallop
(0.81). It is interesting to note that the scalability of the module is much better in URPC than
in DUO; hence, it can be indicated that the UnitModule is effective in increasing the contrast
level of scallop shells in turbid water, which makes them easier to identify. The smallest
value of Recall is seen with respect to the Holothurian at 0.72, with a miss value of 0.28.
There are no stiff geometric structures in Holothurians and their soft, pliable bodies can
easily assimilate into the surroundings. Although our LDConv module makes deformation
modeling better, the highly developed camouflage of sea cucumbers is still a significant
problem. As with DUO, the majority of errors involve Echinus as the misclassified category
(0.47). This consistent trend across datasets indicates that distinguishing sea urchins from
background clutter remains a key direction for future optimization, potentially requiring
more aggressive hard-negative mining strategies.

Generally speaking, the confusion matrices demonstrate the fact that the “E2E-AUD”
has a relatively high level of classification accuracy. The errors can mostly be found within
the domain of Background—-Foreground confusion (missing out the camouflaged targets or
detecting the background clutter), not inter-class confusion. It is affirming that the feature
extractor of the model is robust and semantically correct, which confirms the soundness of
the design rationale of combining frequency-domain analysis with physics-based enhance-
ment. Furthermore, the confusion matrices implicitly reveal the operational boundaries and
failure cases of the E2E-AUD framework under extreme underwater scenarios. First, under
extreme occlusion—such as scallops buried deeply in the sandy seabed (Figure 6a)—the
lack of visible geometric contours causes the LDConv to fail to generate effective sampling
offsets, leading to False Negatives. Second, under severe turbidity and camouflage—such
as holothurians in the URPC dataset (Figure 6b)—the excessive suspended particles can
disrupt the physical priors of the UnitModule, causing soft-bodied targets to completely
blend into the background. Finally, while the model demonstrates strong robustness across
DUO and URPC, testing on unseen-domain conditions (e.g., highly anomalous artificial
lighting or unexplored deep-sea topographies) remains a challenge, as extreme domain
shifts can bias the global atmospheric light estimation ($A$) in the A-head. Addressing
these specific failure modes through multi-modal sensing and domain-adaptive learning
will be a primary focus of our future work.

4.7. Vision Comparison and Qualitative Analysis
4.7.1. Comparison of SOTA Models

To intuitively validate the superiority of the proposed framework in complex under-
water environments, we selected five representative challenging scenarios for qualitative
analysis, as shown in Figure 7. The comparison includes the general-purpose detector
YOLOV13, the underwater-specific model LEFEN, and the proposed E2E-AUD.
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(I) Background

(II) YOLOv13 (IIT) LEFEN (IV) Our model

Figure 7. Qualitative comparison of detection results across five representative challenging under-
water scenarios (a—e). The four columns from left to right represent the Ground Truth, YOLOV13,
LEFEN, and the proposed “End-to-End Underwater Specialist”, respectively. Scenarios (a,b): Turbid
Environments and Small Object Detection. Scenarios (¢,d): Complex Background Interference and
Edge Target Capture. Scenario (e): Extreme Camouflage and Severe Occlusion.

When there are heavy turbidity and faint minor objects, the robustness of standard
and current underwater models is obviously inadequate. Based on Scenario (a), the
YOLOV13 has a relatively large number of False Negatives (missed detections) of starfish.
At the same time, the LEFEN model provides a False Positive because of the interference
with the background noise and it mistakes a non-existing starfish. On the contrary, our
model, using the UnitModule to invert the aquatic degradation procedure adaptively, and
thereby improve image contrast, attains zero misses and false alarms. Due to the blurring
of the background that causes feature dissipation, Scenario (b) makes both YOLOv13 and
LEFEN misidentify the background noise as an Echinus. Moreover, LEFEN identifies a
nonexistent starfish falsely. We use the HWD module to provide lossless detail of texture
in the frequency domain, and our model shows better discrimination ability and high
detection performance.

Irrelevant background factors often cause feature confusion. Scenario (c) shows that a
lot of False Negatives are generated by YOLOv13 with dense seaweed, whereas LEFEN is
prone to category misclassification, although it produces the detection boxes. The proposed
model does not just obtain the right classification of all the targets, but its localization
accuracy is much better. It can be explained by the LDConv module, which adjusts the
receptive field to the real morphology of objects automatically. Moreover, the model can
also be seen to capture parts of targets that are at the edge of the field of view, as shown by
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Scenario (d). As a result of poor modeling of incomplete features, YOLOv13 cannot detect
the partially visible target; however, both our model and LEFEN can capture edge target,
which confirms the strong feature perception of the proposed framework.

Scenario (e) simulates the most severe underwater-detection circumstances: intense
target-camouflage and mutual occlusion. While all models show vulnerabilities in con-
frontation with starfish that are nearly indistinguishable to the environment, there is
a difference between the performances of the models with regard to the camouflaged
holothurian. YOLOvV13 does not detect the target at all, and LEFEN incorrectly catego-
rizes it. Incorporating the physics-aware improvement of the UnitModule and dynamic
modeling of non-rigid objects under LDConv, our model is able to correctly identify the
holothurian by bounding boxes, which tightly cover the target contour.

As shown by the visualization outcome, the presented model has particular benefits
regarding background noise suppression, visual degradation reduction, and deformation
irregularity sensing. This achievement can be explained majorly by the fact that these three
elements were tightly coupled in the physical domain, frequency domain, and geometric
domain, respectively. It provides strong precision of detection with a powerful performance
even under very extreme conditions of the underwater environment.

4.7.2. Interpretability Analysis via Grad-CAM Visualization

To further investigate the internal decision-making process and the ability to perceive
the proposed model within the complex underwater environment, we have used Gradient-
weighted Class Activation Mapping (Grad-CAM) to represent the feature activation maps
of the last backbone layer. As seen in Figure 8, there was comparative analysis between the
original images, our proposed E2E-AUD and the baseline YOLOv13. These results indicate
that there are great differences in the distribution of attention and features that are selected.

YOLOV13 has diffuse and fragmented activation patterns across all test samples (a—c).
As depicted in (III) of Figure 8a,c, the high-activation areas (red regions) of YOLOv13 tend to
wander out of the center of the target and spread to the neighboring background like a reef
edge or turbid water. Our model, on the other hand, is extremely densely activated, with
its characteristics being very compact. Geometric centroids are tightly contained within
the core red zones. It gives a very strong empirical confirmation that LDConv module,
through learning dynamic offsets, allows the field of reception to dynamically adjust itself
to the irregular outlines of marine creatures, which leads to considerable improvement in
the precision of the feature localization.

Suspended particles and fluctuating light conditions in water can provoke inaccurate
responses in the presence of features. Under Scenarios (b) and (c), YOLOv13 generates
significant pseudo-activations (distributed extensively as bluish and greenish noise) on
background reef areas and turbid waters. However, our model has a very low level of
activation (deep blue), indicating its higher ability to suppress noise. This is mainly due
to physics-based reversal of degradation indicators by the UnitModule and filtering of
high-frequency noise through the HWD, which enables the network to retrieve highly
discriminative target features under environmental disturbance.

In the situation where the targets are weakly textured due to the irregular illumination,
such as Scenario (c), our model has a strong activity crest (dark red) in the target area,
which is not as present in YOLOv13. Such indication indicates that by the lossless image
detail encoding made available to HWD, the proposed framework does well to maintain
the fundamental image texture information when downsampling and thus enhances the
semantic perception of small and blurry objects in the network.
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(I) Origin (I) E2E-AUD (IIT) YOLOV13

Figure 8. Grad-CAM visualization of the feature activation maps for the final backbone layer across
different underwater scenes (a—c). (I). Original input images with varying levels of turbidity and
lighting interference. (II). Heatmaps generated by the proposed E2E-AUD. (III). Heatmaps generated
by the baseline YOLOv13.

The Grad-CAM analysis shows that our model has high interpretability and robustness.
With tight correlation between the physical, frequency and geometric domains by means of
the UnitModule, HWD and LDConv, the framework can successfully focus on target-related
features and filter out non-trivial underwater clutter, guaranteeing consistent behavior in
tough conditions of marine environments.

4.8. Computational Complexity and Embedded-Device Feasibility

A crucial requirement for deploying object detection models on Autonomous Un-
derwater Vehicles (AUVs) is strictly bounded computational complexity. AUVs operate
on limited battery power and rely on low-power embedded computing boards rather
than high-end desktop GPUs. To comprehensively assess the deployment feasibility of
E2E-AUD, we evaluate its complexity using hardware-independent metrics: Floating Point
Operations (GFLOPs), parameter count (Params), and static Model Size.

As detailed in Table 7, the baseline YOLOv13n requires 8.1 GFLOPs and 2.6 M pa-
rameters. The integration of the physics-aware UnitModule and the frequency-domain
HWD module introduces a marginal computational overhead. However, owing to the
linear parameter scaling design of the LDConv module (P « N), the total complexity of the
proposed E2E-AUD framework is highly constrained, demanding only 9.4 GFLOPs and
2.8 M parameters, with a total storage footprint of approximately 6.2 MB.

Mainstream AUV perception systems are typically equipped with edge Al accelerators,
such as the NVIDIA Jetson Xavier NX or Jetson Orin Nano series. These embedded
platforms provide compute capacities ranging from 21 to 40 TOPS (Tera Operations Per
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Second) and possess 8 GB to 16 GB of memory. The 6.2 MB memory requirement of
E2E-AUD is completely negligible for such devices. Furthermore, a computational load of
9.4 GFLOPs is well within the real-time processing threshold of these edge platforms. When
further optimized using deployment frameworks like NVIDIA TensorRT or ONNX Runtime
with FP16 precision, the E2E-AUD is theoretically capable of running at over 30 FPS on an
edge device with a power consumption of under 15 W. This confirms that the proposed
method not only achieves state-of-the-art accuracy in complex marine environments but
also satisfies the strict size, weight, and power (SWaP) constraints required for real-world
AUV operations.

Table 7. Comparison of Complexity of Different Models.

Method Type GFLOPs Params (M)
Faster R-CNN 215.3 41.5
Cascade R-CNN 235.0 69.0
YOLOvVS 8.7 32
YOLOvV10 Generic 8.0 27
YOLOv11 6.5 2.6
YOLOv12 8.5 29
YOLOvV13 8.1 2.6
LEFEN 12.5 4.1
DJI-Net 142 45
ERL-Net 13.0 4.0
Boosting R-CNN Underwater 180.4 50.5
GCC-Net 45.0 15.2
ours 9.4 2.8

Bold indicates optimal performance.

5. Conclusions

In this paper, we proposed the E2E-AUD, a unified framework tailored for robust
underwater object detection. We solved the inner contradictions of underwater visual dete-
rioration and discriminative trait extraction through the deep integration of physics-aware
enhancement, frequency-domain preservation of fine details, and geometric adaptation.
The specific new results and primary contributions are summarized as follows:

e  Physics-Aware Joint Enhancement: We introduced the UnitModule, which aligns
the distribution of features in degraded inputs through concurrent optimization,
effectively eliminating False Negatives caused by severe color casts and haze.

e  Frequency-Domain Detail Preservation: By replacing traditional strided convolutions
with the HWD module, the framework successfully alleviates the information loss
of small targets (e.g., heavily occluded marine organisms) during downsampling
operations.

e  Geometric Adaptive Feature Extraction: The LDConv module was designed to adap-
tively capture the diverse poses and non-rigid deformations of benthic marine organ-
isms without the quadratic parameter explosion of traditional dynamic convolutions.

e New State-of-the-Art Results: Extensive quantitative studies demonstrate that the
full E2E-AUD model achieves remarkable peak performances, recording an mAP50 of
86.2% on the DUO dataset and 84.3% on the highly turbid URPC dataset, while
maintaining a real-time inference speed of 21.8 FPS.
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Compared with the recently published state-of-the-art literature in 2025, our E2E-
AUD framework demonstrates distinct superiority. While the latest general-purpose de-
tector YOLOV12 achieves high efficiency, our model surpasses it by 3.0% in mAP50 on
the DUO dataset due to our targeted underwater optical degradation reversal. Further-
more, when compared against the recently proposed underwater-specific LEFEN model,
E2E-AUD exhibits a more robust geometric modeling capability, surpassing it in strict local-
ization metrics (mAP50-95) across both datasets without sacrificing real-time deployment
feasibility (9.4 GFLOPs).

Despite the promising results, this study has several limitations that warrant future
investigation. First, regarding computational cost, while E2E-AUD achieves real-time
inference suitable for edge devices, the integration of UnitModule and HWD inevitably
introduces a processing overhead compared to vanilla lightweight generic detectors. Sec-
ond, the framework faces potential overfitting and domain generalization challenges. Since
the model was primarily optimized and evaluated on specific coastal datasets (DUO and
URPCQ), its performance may experience degradation when deployed directly in vastly
different marine ecosystems with unseen background distributions. Third, the physics-
aware enhancement relies on simplified underwater lighting assumptions (e.g., uniform
ambient natural illumination), which may not hold in deep-sea environments or nighttime
scenarios involving active, non-uniform artificial lighting from AUVs. Finally, regarding
enhancement model constraints, the unsupervised task-oriented loss prioritizes detection
features over pixel-perfect restoration, meaning the generated latent representations might
occasionally exhibit visual artifacts or noise amplification under extreme turbidity.

Consequently, our future research will be dedicated to addressing these constraints.
We plan to develop domain-adaptive learning strategies to enhance cross-domain general-
ization, incorporate dynamic illumination priors for non-uniform active lighting conditions,
and create improved hard-negative mining methods to better differentiate highly camou-
flaged objects in complicated seabed environments.
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Nomenclature

The abbreviations and mathematical symbols used in this manuscript are summarized below. Where
the same symbol appears in more than one context, the applicable section or equation is specified.

Abbreviations
Abbreviation Definition

E2E-AUD End-to-end adaptive underwater detection framework
AUV Autonomous underwater vehicle

CNN Convolutional neural network

GAN Generative adversarial network

UnitModule Lightweight joint image-enhancement module embedded before the detector
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UnitBackbone
T-Head
A-Head
GAP

FC

CCP
UCRT
HWD
MRA
BN
SiLU
LDConv
DCN
P-R

TP

FP

FN

AP
mAP
mAP50

mAP50-95
FPS

Params
DUO
URPC

Feature-extraction backbone within the UnitModule
Transmission-map prediction head within the UnitModule
Background-light prediction head within the UnitModule
Global average pooling

Fully connected layer

Color cast predictor

Pseudo-label generation strategy used for assisting color-cast supervision
Haar wavelet downsampling

Multiresolution analysis

Batch normalization

Sigmoid linear unit activation function

Linear deformable convolution

Deformable convolutional network

Precision—Recall

True positive

False positive

False negative

Average precision

mean average precision

mean average precision at an intersection-over-union threshold of 0.50

mean average precision averaged over intersection-over-union thresholds from

0.50 to 0.95

Frames per second

Number of trainable model parameters
Detection in underwater objects dataset
Underwater robot perception challenge dataset

Mathematical Symbols

Symbol
D

X

(@)
E()
D()

1(x)
j[69)

t(x)

L_total
L_det
L_enh

w_1,w_2,
w_3

L_cc

Definition Location

Degraded underwater-image domain Problem formulation
Input feature map or degraded underwater
image; the specific role is defined locally
T. t object tained ina d ded
arget objec .s contained in a degrade Problem formulation
underwater image
Image-enhancement mapping Problem formulation
Object-detecti ing; disti ish
ject-detection mappmg istinguis Problem formulation
from the degraded domain D by context
Pixel or spatial coordinate Equation (1)
Observed underwater image intensity at :
. Equation (1)
coordinate x
Latent clear-scene radiance or enhanced
) . . Equations (1)—(3)
image representation at coordinate x
Transmission-related map used in
the UnitModule

Background-light term used in the

Equations (1)-(4)

Equati 1)-3
underwater imaging model quations (1)=(3)

Total training objective Equation (4)
Detector localization and classification loss  Equation (4)
Unsupervised enhancement-related loss Equations (4) and (5)
Balancing coefficient for the

enhancerient—related loss Equation (4)
Non-negative balancing coefficients for

L_cc, L_tv, and L_ac; current manuscript Equation (5)

values: 0.1, 0.01, and 0.1

Color-consistency loss Equations (5) and (6)

Problem formulation; HWD; LDConv

https://doi.org/10.3390 /jmse14121067


https://doi.org/10.3390/jmse14121067

J. Mar. Sci. Eng. 2026, 14, 1067

26 of 29

L_tv

L_ac

pJr pJ'g,
wJb

V_h, V_v

y_pseudo”(k)
p_CCP"(k)

K

k

HO H_1
z1,z.2

$(x), b(x)

b_jk(x)

A,H,V,D

X_encoded

Y_out
o()
p_0

y(p-0)
N

n

w_n

p_n

Ap_n
P_n
P

Precision
Recall

P
R_i
AR_i

i

C

Texture-smoothness loss based on

total variation

Assisting color-cast loss

Mean intensities of the red, green, and blue
channels of the enhanced image |
Horizontal and vertical gradient operators
Pseudo-label probability for the k-th
color-cast category

Predicted probability for the k-th color-cast
category from the color cast predictor
Total number of predefined

color-cast categories

Index of a color-cast category

Low-pass and high-pass Haar

filtering operators

Two spatial dimensions of the feature map
One-dimensional Haar scaling function and
wavelet function

Scaled and shifted basis function at scale j
and translation k

Approximation, horizontal-detail,
vertical-detail, and diagonal-detail Haar
sub-bands

Channel-wise concatenation of the four
Haar sub-bands

Output feature map after 1 x 1 convolution,
batch normalization, and SiLU activation
SiLU activation function

Reference spatial location for

LDConv sampling

LDConv output at reference location p_0
Total number of LDConv sampling points
Index of an LDConv sampling point
Weight associated with the n-th LDConv
sampling point

Predefined initial coordinate offset of the
n-th LDConv sampling point

Learnable offset of the n-th LDConv
sampling point

Initial LDConv sampling-coordinate set
LDConv parameter count; the manuscript
states a linear relation P & N

TP/(TP + FP)

TP/(TP + EN)

Precision measured at the i-th threshold
operating point on the P-R curve

Recall measured at the i-th threshold
operating point on the P-R curve

Recall increment between consecutive
threshold operating points

Index of a threshold operating point or
object category, as defined locally

Total number of object categories

Bold represents the header of the table.

Equations (5) and (7)
Equations (5) and (8)
Equation (6)
Equation (7)

Equation (8)
Equation (8)

Equation (8)
Equation (8)
Figure 3
Figure 3

Equation (9a)

Equation (9b)

Equation (10)

Equations (10) and (11)

Equation (11)
Equation (11)
Equation (12)

Equation (12)
Equation (12); Section 4.4.1
Equation (12)

Equation (12)
Equation (12)

Equation (12)
Section 3.4
Section 3.4

Equation (13)
Equation (14)

Equation (15)
Equation (15)
Equation (15)

Equations (15) and (16)

Equation (16)
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Appendix A

Algorithm A1: Initial Sampling Coordinate Generation for LDConv

Input : Number of sampling points N, Random Seed S

Output : Initial sampling coordinate set Py;r = {p1, p2,.--, Pn}-
Initialize P;,,;; + @

Set random seed S to ensure reproducibility

Calculate the base grid scale G <+ {\/ﬁ J

Calculate the spatial center C < %

/* Step 1: Generate regular grid coordinates centered at (0, 0) */
fori <~ 0toG—1 do
forj<0OtoG—1do
if |Pjyit|< N then

x+—i—C
y«<j—C
Pinit = Piis U{(i, )}
end if
end for
end for

/* Step 2: Supplement with irregular coordinates */

while |Pyyi|< N do
Generate random offsets Ax, Ay ~ Uniform(0, G)
Pipit <= Pinit U {(Ax, Ay) }

end while

return P;,;;

Bold and italics represents the key logical steps in pseudocode.
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