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Abstract. High-performance underwater object detection zconstitutes a pivotal
technological foundation for advancing marine intelligent computing and facili-
tating the autonomous deployment of subsea platforms. Nevertheless, underwater
visual perception is inherently constrained by non-linear optical degradation,
manifesting as an ill-posed inverse problem that induces "semantic confusion"
and the "feature annihilation" of sub-pixel entities. Conventional deep learning
architectures, predicated on strided downsampling, frequently function as irre-
versible low-pass filters, precipitating a significant degradation of information
entropy regarding sparse high-frequency geometric manifolds during hierarchical
transmission. To address these challenges, this study formulates MFE-Net, a hi-
erarchical hybrid perception and manifold-preserving framework. The Hybrid
Perception Feature Extraction (C3CF) module harmonizes local convolutional
inductive biases with global attention recalibration to effectively suppress non-
structured scattering noise and enhance deep feature representation. Building
upon this, the Multi-Scale Feature Enhancement Neck (MFE-Neck) incorporates
a lossless Fine-grained Feature Enhancement Branch and an Efficient Multi-
Scale Feature Integration (EMFI) mechanism, leveraging Soft Nearest-neighbor
Interpolation (SNI) to ensure signal fidelity and manifold consistency across het-
erogeneous scales. Extensive quantitative evaluations on specialized benchmarks
(RUOD, DUO, and DeepFish) demonstrate that MFE-Net achieves 86.4%
mAP50 and 63.9% mAP50-95 on RUOD with a balanced computational load of
12.8 GFLOPs, surpassing contemporary state-of-the-art (SOTA) architectures
within the evaluated scope.

Keywords: Underwater object detection, Manifold preservation, Feature anni-

hilation, Hybrid perception, Multi-scale feature integration.

1 Introduction

The collaborative evolution of seafloor observation networks and autonomous under-
water vehicles has driven a fundamental paradigm shift in seafloor environmental data
collection, leading to an unprecedented growth in the scale of underwater multimedia
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data [1,2]. These massive visual materials contain key information on marine biodiver-
sity and seafloor geomorphology, and are high-value digital resources in the field of
marine intelligent computing. There is still a significant imbalance between current
computing processing capabilities and data generation speed, which leads to a promi-
nent dilemma of "plenty of data but little information" [3]. In such random degradation
scenarios, how to bridge the semantic gap and enable static multimedia data to have
scientific interpretability remains a core challenge.

From a computational perspective, underwater imaging is a typical ill-posed inverse
problem, which mainly stems from the deep coupling between the nonlinear optical
properties of water and the morphological distribution of marine organisms [4,5]. Most
early studies in this field mitigated these effects through physical and non-physical res-
toration frameworks, and offset optical degradation problems with dedicated priors [6].
These methods can effectively improve the subjective visual clarity, but the inherent
contradiction between signal enhancement and feature retention remains unresolved.
Most restoration solutions prioritize perceptual aesthetics at the expense of the integrity
of high-frequency structures [7]. Such deviations will deviate from the original feature
distribution and may also affect the performance of subsequent machine perception
models [8]. Research in the field of intelligent computing is increasingly shifting to-
ward perceptual detectors, which directly process degraded signal streams without a
dedicated signal recovery step.

Modern detectors such as the YOLO series have made considerable progress, but
they still have obvious limitations: they rely excessively on traditional stride convolu-
tion or pooling to achieve spatial downsampling [9]. From the perspective of digital
signal processing, such operations are equivalent to irreversible low-pass filters, which
prioritize the extraction of global semantic features but sacrifice local high-frequency
details [10]. This mechanism often leads to the phenomenon of "feature annihilation".
The geometric manifolds and structural integrity of tiny biological entities are easily
discarded as random noise. During the abstraction process, systematic loss of infor-
mation entropy occurs, which causes a mismatch between the internal representations
of the model and the actual physical signals of tiny targets [11]. Consequently, we iden-
tify this information loss during downsampling as a critical bottleneck limiting the per-
formance ceiling of intelligent perception in stochastically degraded underwater envi-
ronments.

To surmount these limitations, we formulate MFE-Net, a hierarchical hybrid percep-
tion and manifold-preserving framework. Unlike conventional detectors that suffer
from irreversible information loss due to standard strided downsampling, MFE-Net is
engineered to reconcile the inherent contradiction between noise-robust deep abstrac-
tion and the preservation of sparse high-frequency geometric cues. By shifting the focus
from external signal restoration or purely abstractive feature extraction to the internal
reactivation of salient features, MFE-Net incorporates a Hybrid Perception Feature Ex-
traction (C3CF) module. Distinct from standard backbones that rely on fixed receptive
fields, C3CF harmonizes local convolutional inductive biases with global attention re-
calibration to enhance the signal-to-noise ratio (SNR) in latent representations. Further-
more, where traditional neck architectures incur significant signal dilution during multi-
scale fusion, the Multi-Scale Feature Enhancement Neck (MFE-Neck) establishes a
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lossless Fine-grained Feature Enhancement Branch and Efficient Multi-Scale Feature
Integration (EMFTI) to ensure manifold consistency across heterogeneous scales. By op-
timizing the feature transmission mechanism rather than merely increasing architectural
depth, MFE-Net provides a robust and interpretable perception engine. Given its well-
balanced computational overhead, it demonstrates significant potential for future real-
time edge deployment on power-constrained underwater platforms while fundamen-
tally mitigating the feature annihilation of minute biological targets. The primary con-
tributions of this study are summarized as follows:

e Hybrid Perception Feature Extraction Architecture (C3CF): We propose the
C3CF module to counteract non-structured scattering noise by integrating local con-
volutional priors with global attention modeling, enabling the backbone to dynami-
cally recalibrate its receptive field.

e Multi-Scale Feature Enhancement Neck (MFE-Neck): We construct a manifold-
preserving neck featuring a Fine-grained Feature Enhancement Branch and an EMFI
mechanism to maximize the retention of high-frequency geometric cues typically
lost during downsampling.

¢ Intelligent Computing Benchmarking: Extensive quantitative evaluations on spe-
cialized benchmarks (RUOD, DUO, DeepFish) demonstrate that MFE-Net achieves
a competitive balance between computational efficiency and detection fidelity.

2 Related Work

2.1 Paradigm Shift in Underwater Signal Processing and Perception

Underwater visual perception, which is restricted by the complex coupling of nonlinear
optical properties and heterogeneous morphological distributions, therefore makes ob-
taining advanced semantic flows a typical ill-posed inverse problem [12]. Conventional
methods are generally categorized into statistic-based enhancement (e.g., CLAHE [13]
and Retinex [14]), which redistributes pixel intensities to augment local contrast, and
physics-based restoration (e.g., Dark Channel Prior [15]), which inverts the underwater
image formation model via atmospheric light and depth estimation. Besides these heu-
ristic priors, the data - driven paradigm based on generative adversarial networks
(GANS) has been extensively researched for cross - domain image - to - image transla-
tion, utilizing adversarial learning to map the degraded signal distributions to the clear
reference spaces for synthesizing pseudo - real situations [16].

However although these generation models enhance subjective visibility they often
generate random imperfections or "over-smoothing" of key high-frequency biological
textures which may damage the discriminative feature representations needed for
downstream machine perception. Therefore current research shifts to end-to-end per-
ception frameworks bypassing explicit repair stages but instead focusing on inherently
activating significant features directly from degraded intensities. These architectures,
which aim to coordinate the anti - noise characteristics of deep semantic abstraction and
the retention of potential geometric manifolds, effectively bridge that "semantic gap"
and generate scientifically interpretable quiet underwater multimedia data [17].
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2.2 Evolution of Object Detectors and Multi-Scale Integration Bottlenecks

The technical development path of object detection is mainly propelled by deep convo-
lutional neural networks (CNNs), like the YOLO series which has turned into an indus-
try benchmark as it has achieved the optimal balance between inference latency and
detection fidelity [9]. As for architectures, from structures with gradient flow optimi-
zation such as CSPNet [18] and E-ELAN [19], it has developed to feature extraction
layers with efficient parameters in contemporary frameworks like YOLOv11 [20], and
at the same time, models based on Transformer are also exploring the potential of global
long-distance dependence modeling. In order to adapt to the random characteristics
within the underwater domain, specific modifications are put forward, for example, us-
ing RG-YOLO [21] to carry out manifold re - activation and using Marine YOLO [22]
to implement multi - scale attention so as to strengthen the representation of degraded
features.

However, there remains a formidable bottleneck. That is the widespread reliance on
traditional strided convolutions or pooling functions, regarding them as irreversible
low-pass filters, often resulting in "feature annihilation", during which time the geo-
metric manifolds of tiny entities are often discarded as noise. Moreover, the traditional
multi-scale integration through FPN [23] and PANet [24] structures also has serious
problems, namely there is semantic misalignment between noisy shallow features and
vague deep abstractions. Although contemporary methods like AGS-YOLO [25] opti-
mize fusion weights via adaptive gating, the fundamentally remaining destructive
downsampling operators are retained. On the contrary, the MFE-Net we put forward,
by bringing in the lossless fine-grained feature enhancement branch and the efficient
multi-scale feature fusion (EMFI), gets over these limitations and offers a powerful
signal basis for the high-precision target localization in intelligent marine computing.

3 Proposed Method

3.1 Overview

To address the formidable challenges of underwater perception, such as stochastic scale
variation and sub-pixel "feature annihilation," this study formulates MFE-Net, a robust
intelligent framework predicated on the YOLOv11 [20] architecture, as illustrated in
Fig. 1. The system is structured as a multi-stage pipeline comprising a Hierarchical
Feature Extraction Backbone, a Multi-Scale Feature Enhancement Neck (MFE-Neck),
and specialized detection heads, meticulously balancing representational capacity with
computational efficiency. The backbone adopts a five-stage hierarchical topology (B1
through BS), utilizing 3 x 3 strided convolutions and C3CF modules—specifically de-
signed to suppress non-structured scattering noise and mitigate "semantic confusion"
in latent manifolds—to progressively transform stochastically degraded pixel intensi-
ties into discriminative, high-level semantic manifolds. By incorporating advanced spa-
tial pooling and attention-driven recalibration, the framework augments the effective
receptive field and ensures high-SNR (Signal-to-Noise Ratio) latent representations for
downstream intelligent reasoning.
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Fig. 1. The overall architecture of MFE-Net: the Backbone extracts hierarchical semantic fea-
tures, the MFE-Neck performs manifold preservation and multi-scale integration, and the De-
tection Heads execute final target localization and classification.

As a manifold-preserving engine, the MFE-Neck fuses FPN-based top-down (F3, F4)
and PAN-based bottom-up (P3, P4, P5) pathways. To counteract the "feature annihila-
tion" of tiny entities, its Fine-grained Feature Enhancement Branch uses lossless pixel
rearrangement to directly connect the B2 layer and F3 node, bypassing the entropy loss
of traditional downsampling. To address random scale variations and ensure semantic
alignment, it integrates an adaptive weighted sampling scheme, the EMFI module, and
signal-preserving convolutions. The rectified multi-scale feature maps are then propa-
gated to native detection heads (20x20, 40x40, 80x80) for precise identification and
regression.

3.2  Hybrid Perception Feature Extraction Module

The optical properties inherent in the underwater environment will lead to serious con-
trast reduction and texture blurring, often making biological targets merge into the com-
plex unstructured background. As for the main components of traditional convolutional
neural networks (CNNs), because of their fixed geometric receptive fields and limited
ability to suppress scattering noise without global context guidance, it is often rather
difficult to extract discriminative feature descriptors in such an environment. To get
over these limitations, the devised MFE-Net has the C3CF (hybrid perception feature
extraction) module as its main component unit and it is used to substitute the standard
C3K2 block in the benchmark. Inspired by the design concept of the SCTNet [26], the
C3CF module is developed which can offer powerful feature representations from un-
even multimedia streams and ensure that prominent biological clues can be given pri-
ority even as the spatial resolution of each layer decreases.

At the macro-architectural level, as illustrated in Fig. 2, the C3CF module inherits
the high-efficiency gradient flow of the Cross Stage Partial (CSP) topology. As
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Fig. 2. The structural components of the C3CF module: (a) illustrates the macro-architectural
bifurcation for gradient flow efficiency, (b) shows the C3K-CF unit for feature reactivation, and
(c) details the CFBlock for capturing semantic context through convolutional attention.

illustrated in Fig. 2(a), the input feature manifold is bifurcated into two parallel com-
putational paths: one stream remains as an identity mapping to preserve raw structural
integrity, while the other undergoes intensive transformation via a series of stacked
C3K-CF units. Each C3K-CF unit, as illustrated in Fig. 2(b), utilizes a partial residual
structure that integrates a convolutional preprocessing stage with the CFBlock to facil-
itate feature reactivation while ensuring stable gradient propagation across deep net-
works. This bifurcated design significantly reduces computational redundancy, allow-
ing the backbone to maintain high throughput in real-time underwater observation sce-
narios.

The micro-computational core of the module is the CFBlock, as illustrated in Fig.
2(c), which is designed as a serial Transformer-like CNN block to capture high-quality
semantic context. The computational flow within the block follows a cascaded para-
digm defined as:

f = Norm(x + ConvAttention(x)) (D
y = Norm(f + FEN(f)) 2)

where Norm refers to batch normalization, and x, f, y denote the input, hidden feature,
and output, respectively.

In the Convolutional Attention Layer, the framework addresses the O(N?) complex-
ity of standard self-attention by utilizing learnable static convolution kernels as shared
"external" Keys (K) and Values (V), while the input is used only to generate the Query
(Q). To capture the anisotropic spatial distribution of aquatic organisms, this layer em-
ploys a Strip Convolution Decomposition strategy, approximating large-kernel 2D con-
volutions via cascaded 1 x k and k x 1 operators to achieve linear complexity O(N).
The attention weights are formalized as:

A = Softmax(DWConv,y,(Q) X K+ DWConv,y1(Q) X K) 3)
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Subsequently, the signal enters the Conv-FFN for local refinement. Unlike typical
Transformer FFNs that rely on vectorization, this pure convolution-based structure pre-
serves the spatial topological coherence of sub-pixel biological textures and implicitly
introduces absolute positional encoding via the Zero Padding Effect, thereby enhancing
the model's discriminative power in turbid waters.

3.3 MFE-Neck: High-Fidelity Manifold-Preserving Engine

In the structural design of the advanced intelligent perception framework the neck net-
work serves as a vital hub for hierarchical feature fusion among different heterogeneous
manifolds and semantic alignment. However in the context of underwater visual data
the traditional neck architecture usually faces a dual computational bottleneck: the ir-
reversible dissipation of high-frequency geometric clues during successive downsam-
pling processes and the serious semantic misalignment between noisy shallow features
and vague deep abstractions. To surmount these challenges, this research has devised a
multi-scale feature -enhanced neck (MFE-Neck) which is considered as a high - fidelity
manifold - preserving engine. Different from the traditional linear summation mode the
MFE-Neck adopts an innovative strategy that is composed of three parts: a fine-grained
feature enhancement branch which reactivates sub-pixel target clues by making use of
a lossless pixel rearrangement strategy an efficient multi-scale feature integration
(EMFI) module which realizes full-scale perception and an optimized set of sampling
operators which keep the change of signal strength.
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Fig. 3. The mechanism of the Fine-grained Feature Enhancement Branch: SPD-Conv trans-
forms spatial resolution into channel depth via deterministic pixel-rearrangement to ensure loss-
less feature transmission.

Fine-grained Feature Enhancement Branch.

In order to make sure that the sparse edge and texture clues needed for detecting tiny
biological entities (such as juvenile fish or sub-pixel plankton) can be kept, a special
fine-grained feature enhancement branch is designed in the MFE-Neck in this research.
In the standard detection mode, shallow feature maps such as the B2 layer are usually
either discarded or compressed a lot through stride convolution to cut down the
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computational cost. However, from the perspective of digital signal processing, such
strided convolutions are just like irreversible low-pass filters, truly having the high-
frequency geometric components of small targets eliminated indeed. In order to funda-
mentally prevent such information entropy loss and retain the distinct manifold, this
branch that is designed by us bypasses the destructive downsampling by making use of
the spatial to depth convolution (SPD-convolution) module [27].

To replace the destructive weighted summation of standard convolutions with a de-
terministic pixel-rearrangement strategy, the SPD layer is integrated as the core opera-
tor of this branch, as illustrated in Fig. 3. Given an input manifold X of dimensions H
x W x C, the SPD transformation slices the spatial grid into a series of sub-feature maps
by sampling pixels at alternating indices. To achieve a downsampling factor of 2 while
ensuring all spatial information is preserved, the process generates four sub-maps
f0,0) fo,1) f1,0y f1,1), which are subsequently concatenated along the channel dimen-
sion. This transformation yields an intermediate representation of size H/2 x W/2 x 4C,
defined mathematically as:

fij = X[i:H:2,j:W:2,:], i,j € {0,1} @)

Xspp = Concat(foo, f1,0 fo f1,1) )

To align the channel capacity with the target dimension while strictly preserving the
refined spatial manifolds, a non-strided 1 % 1 convolution is applied following this loss-
less spatial reduction. Unlike conventional strided downsampling which discards 75%
of the spatial signal in a single step, this reversible mapping ensures that even single-
pixel texture variations are fully encoded into the channel depth. By implementing this
mechanism, MFE-Net can access undiluted raw high-frequency information during
deep-layer inference, significantly enhancing the localization precision for dense, mi-
nute biological targets in turbid underwater multimedia streams.

Efficient Multi-Scale Feature Integration.
To address the extreme scale variation in underwater visual scenes—ranging from
large-scale reef backgrounds to sub-pixel plankton—the EMFTI (Efficient Multi-Scale
Feature Integration) Module is integrated as the core multi-scale perception engine of
the neck. Drawing inspiration from the omni-scale modeling philosophy of Omni-Ker-
nel Network [28], the EMFI module adopts a Cross Stage Partial (CSP) topology with
an asymmetric channel splitting strategy to optimize feature representation within a
limited computational budget. As illustrated in Fig. 4(a), the input feature map is split
along the channel dimension at a ratio of 1:3; the majority of channels (75%) pass di-
rectly through an identity mapping path as passive flow to maintain gradient stability
and minimize memory overhead, while the remaining 25% of core channels serve as
the active flow routed into a tripartite parallel processing unit for deep multi-scale trans-
formation.

The EMFI core computation unit simulates the adaptive zoom mechanism of human
vision through three parallel branches corresponding to local, meso-scale, and global
perception scales. The Local Branch consists of a 1 x 1 depth-wise convolution
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Fig. 4. The structural components of the EMFI module: (a) illustrates the CSP-based asymmet-
ric channel bifurcation, (b) shows the DCAM for spatial feature recalibration, and (c) details the
FSAM for frequency-domain noise suppression.

(DWConv) to extract high-frequency pixel-level differences, effectively preserving the
edge sharpness of tiny organisms and preventing them from being assimilated by back-
ground noise. The Large-Kernel Branch aims to capture meso-to-long-range spatial
context dependencies via a Large Kernel Decomposition strategy, mathematically de-
coupling the 2D receptive field into two cascaded 1D convolutions: a 1 x K horizontal
strip and a K x 1 vertical strip (where K = 31). This decomposition reduces computa-
tional complexity from a quadratic O(K?) level to a linear O(2K) level, while the result-
ing cross-shaped receptive field aligns with the natural swimming postures of marine
organisms.

In order to suppress the all-pervasive global interference in underwater images, the
third branch which is the global branch integrates a dual-domain attention mechanism
to calibrate features from spatial and frequency dimensions. This branch is composed
of a dual-domain channel attention (DCAM) for spatial context aggregation and a fre-
quency selection attention (FSAM) for spectral analysis. As illustrated in Fig. 4(b) and
Fig. 4(c), the FSAM utilizes the Fast Fourier Transform (FFT) to project feature maps
into the frequency domain, incorporating a learnable gating mechanism to adaptively
suppress spectral responses representing environmental interference, such as turbidity
and noise. The global features obtained through the inverse fast Fourier transform
(IFFT) are combined with the local and large branches through an element-wise addi-
tion method, and then connected with the identity mapping features finally, so as to
make sure that the final output contains abundant multi-scale semantics while keeping
the original low-level details.

Optimized Sampling Operators and Signal Fidelity.

The performance degradation in multi-level feature fusion often stems from edge alias-
ing and signal dilution induced by conventional sampling operators. In underwater sce-
narios with low contrast, standard nearest-neighbor or bilinear interpolation can lead to
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pixel-wise semantic shifts, which complicates the detector's coordinate regression. To
mitigate these effects, MFE-Net reconfigures its sampling pipeline by incorporating
Soft Nearest-neighbor Interpolation (SNI) and the GSConvE operator [29].

The SNI mechanism replaces the discrete "hard" operation of traditional interpola-
tion with an adaptive weighting scheme. This approach regulates the influence of se-
mantic features during upsampling by calculating the spatial dimension ratio between
the input feature manifold F;,, and the output feature map F,,;:

Foue =1 - ¥(Fip), UZ;i (6)
out

In this context, W(-) denotes the fundamental nearest-neighbor sampling function, and

n serves as a weight-downscaling factor that adaptively balances feature alignment.

This mechanism effectively buffers geometric shocks during hierarchical fusion and

preserves critical structural textures in degraded images.

In addition to that, for the downsampling path, this framework makes use of the
GSConvE structure which optimizes the standard convolution and eliminates the batch
normalization (BN) layer right after the depthwise convolution operation. Such a stra-
tegic design can stop the BN layer from over-normalizing low-variance signals, thereby
maintaining the intensity variance needed to distinguish fine microbial textures in the
turbid background. By means of the collaboration of SNI and GSConvE to maintain
higher signal fidelity, MFE-Neck develops a robust feature transmission mechanism
that guarantees high-precision localization all through the feature pyramid.

4 Experiments and Result Analysis

4.1 Experiment Setup

Implementation Details. The proposed model is implemented with the PyTorch deep
learning framework with CUDA 12.4 acceleration, which is trained and tested on a
high-performance Linux server cluster equipped with an NVIDIA GeForce GTX 1080
Ti GPU. The batch size is set to 16, and the input imagery was standardized to a 640 x
640 resolution. The total training budget was set to 600 epochs to ensure sufficient
convergence of the hybrid perception modules under complex data distributions. We
employ the Stochastic Gradient Descent (SGD) optimizer to iteratively update the
model parameter weights, with an initial learning rate of 0.01, a momentum of 0.937,
and a weight decay of 0.0005.

Datasets. Our MFE-Net's effectiveness and computational robustness in random deg-
radation environments are evaluated by us by using the RUOD, DUO, and DeepFish
datasets. The main evaluation basis is the real underwater target detection (RUOD) da-
taset, which is a large-scale repository containing 14,000 high-definition images di-
vided into a training set (9,800 images) and a test set (4,200 images). RUOD that is
composed of ten different biological categories including various fish corals and sea
urchins has the features of severe uneven blurriness color distortion and light interfer-
ence. In order to further verify the cross - domain adaptability between different water
turbidities and benthic habitats, we make use of the DUO dataset (which has 7,782



MFE-Net for Underwater Object Detection 11

images) and the DeepFish dataset (which is approximately 40,000 images), the latter of
which is specifically optimized for fine - grained species identification in tropical en-
vironments. Furthermore, in order to demonstrate that the improvement of our archi-
tecture has the general feature representation ability beyond the marine scope, we uti-
lize the PASCAL VOC 07+12 and MS COCO 2017 datasets for land-based verifica-
tion.

Evaluation Metrics. We adopt standard metrics to quantify performance: Mean Aver-
age Precision (mAP50) for foundational detection capability and mAP50-95 for high-
precision localization fidelity. Additionally, parameter count (Params) and floating-
point operations (FLOPs) were meticulously calculated. These metrics serve as theo-
retical proxies to evaluate the trade-off between model representational capacity and its
real-time inference potential on edge computing devices.

4.2  Comparative Analysis on Marine Intelligent Perception

Table 1. Quantitative comparison on the RUOD dataset. Params denotes parameter count (M),
and FLOPs represents floating-point operations (G).

Model mAPS0(%) mAPS50-95(%) Params(M) FLOPs(G)
YOLOv5n 84.1 59.7 2.2 5.9
YOLOV7-tiny [19] 85.0 57.9 6.0 13.0
YOLOv8n 84.3 60.5 2.7 6.9
YOLOv10n [30] 84.3 61.1 2.7 83
YOLOvlIn 85.0 62.1 2.6 6.3
YOLOv12n [31] 83.9 60.2 2.6 6.4
MarineYOLO [22] 80.5 44.6 20.6 10.9
RG-YOLO [21] 85.7 60.6 10.1 31.1
DyFish-DETR [32] 83.2 57.9 23.7 61
CDM-YOLO [33] 83.9 58.6 4.4 17.7
MSFE-YOLO [34] 84.8 61.3 3.1 12.3
GAI-YOLO [35] 85.5 62.1 2.8 7.7
AGS-YOLO [25] 86.4 63.5 3.0 9.6
MFE-Net 86.4 63.9 3.6 12.8

To rigorously evaluate the robustness of MFE-Net, we conducted a systematic bench-
mark comparison against mainstream real-time detectors on the RUOD dataset. The
experimental results, as illustrated in Table 1, reveal a theoretically significant phenom-
enon: although the state-of-the-art YOLOv12 (2025) innovatively introduces Area At-
tention and FlashAttention mechanisms to model global dependencies, its mAP50 on
RUOD is only 83.9%, which is notably inferior to the convolution-based YOLOv11n
(85.0%) and the proposed MFE-Net (86.4%). This performance divergence can be
deeply attributed to the perspective of inductive bias. Pure attention mechanisms fre-
quently lack the local translation invariance and neighborhood-focusing priors inherent
in convolutional operators when processing unstructured underwater data. The sus-
pended particle noise and multi-path scattering prevalent in marine imagery constitute
high-frequency interference that easily disrupts the construction of global attention
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maps, leading to erroneous correlations between background noise and semantic fea-
tures. In contrast, MFE-Net organically integrates local convolutional inductive bias
with global dynamic weights via the C3CF module, effectively suppressing the propa-
gation of environmental artifacts at the structural level and thereby achieving signifi-
cant superiority over generic terrestrial baselines.

Table 2. Quantitative comparison on the DUO and DeepFish datasets.

Model mAPS0 mAP50-95 Params(M) FLOPs(G)

YOLOvV5n 83.6 64.1 2.2 5.9
YOLOvV7-tiny [19] 85.0 64.7 6.0 13.0

YOLOv8n 84.6 65.3 2.7 6.9

DUO YOLOvlin 83.4 64.8 2.6 6.3
RT-DETR [36] 80.2 58.1 32.8 108.0

AGS-YOLO [25] 85.5 67.7 3.0 9.6
MFE-Net 85.5 67.8 3.6 12.8

Deep- YOLOvlin 97.8 66.8 2.6 6.3
Fish YOLORG-N 98.0 67.0 3.0 12.4
MFE-Net 98.2 68.0 3.6 12.8

Comparisons with domain-specific detectors further highlight MFE-Net's superiority.
Unlike CDM-YOLOVS8n (inefficient parameter allocation: 17.7 GFLOPs, 83.9%
mAP50) and the lightweight GAI-YOLO (accuracy constrained by excessive compres-
sion), MFE-Net achieves an optimal balance. While matching the top baseline, AGS-
YOLO, in mAP50 (86.4%), MFE-Net leads by 0.4% in the stricter mAP50-95 metric
(63.9% vs. 63.5%). This high-precision advantage validates that our SPD-Conv branch
and SNI operator effectively mitigate multi-scale feature annihilation. Furthermore,
MFE-Net's remarkable 98.2% mAP on DeepFish (Table 2) confirms that preserving
signal manifolds is crucial for complex underwater vision.

4.3  Generalization Experiments Across Terrestrial Manifolds

Table 3. Generalization performance on PASCAL VOC and MS COCO datasets. Comparisons
include the baseline and the latest 2025 state-of-the-art models.

Model mAPS50 mAP50-95 Params(M) FLOPs(G)
Gold-YOLO [38] 79.8 58.4 5.6 12.1
VOC YOLOv10n [30] 79.9 59.9 2.3 6.7
YOLOvlIn 80.5 60.5 2.6 6.3
MFE-Net 82.3 62.9 3.6 12.8
Gold-YOLO [38] 55.7 39.6 5.6 12.1
YOLOv10n 53.8 38.5 2.3 6.7
YOLOvl11n 54.2 38.6 2.6 6.5
coco YOLOvI12n [31] 56.0 40.1 2.6 6.5
YOLOvV13n [39] 57.8 41.6 2.5 6.4

MFE-Net 58.3 42.2 3.6 12.8
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To assess MFE-Net's universal representation, we evaluated it on PASCAL VOC
07+12 and MS COCO 2017, as illustrated in Table 3. On VOC, MFE-Net achieved
82.3% mAP50 and 62.9% mAP50-95, exceeding Gold-YOLO (79.8%/58.4%) and
YOLOv11n (80.5%/60.5%). This demonstrates the C3CF module's capacity to capture
complex geometric structures across domains. Unlike existing methods that often rely
on fixed convolutional receptive fields—which tend to over-fit to domain-specific tex-
tures—or pure attention mechanisms that lack local structural consistency, the C3CF
module harmonizes local convolutional priors with global dynamic gating. This hybrid
approach enables the backbone to extract "shape-aware" features that represent the un-
derlying geometric manifold of an object rather than its pixel-level distribution. By pri-
oritizing these domain-agnostic geometric cues, MFE-Net effectively suppresses do-
main-specific noise and maintains a robust feature descriptor even when transitioning
from aquatic to complex terrestrial environments, thereby significantly enhancing
cross-domain generalization.

On MS COCO, MFE-Net reached 58.3% mAP50 and 42.2% mAP50-95, surpassing
contemporary models such as YOLOV13 (57.8%/41.6%). These outcomes confirm that
for small-object detection, resolving "feature annihilation" through the Fine-grained
Feature Enhancement Branch and SNI operators is more effective than modeling high-
order correlations alone. The performance margin on MS COCO suggests that existing
models frequently suffer from "geometric drift" in diverse terrestrial scenes where tar-
get scales vary drastically. By ensuring the integrity of sub-pixel geometric compo-
nents, MFE-Net exhibits superior structural resilience, proving that manifold preserva-
tion is a universal prerequisite for high-fidelity perception across both terrestrial and
marine environments.

4.4  Ablation Studies and Architectural Synergy

To evaluate the contribution of each innovation, we conducted ablation studies on the
RUOD dataset, as illustrated in Table 4, using YOLOv1l1n as the baseline (85.0%
mAP50, 62.1% mAP50-95). Integrating the C3CF backbone alone improved mAP50
to 85.9%, confirming its capacity to filter noise from blurred textures. However, the
modest mAP50-95 gain (+0.5%) suggests that while the backbone excels at target de-
tection, high-precision localization requires further structural support.

Table 4. Ablation studies of the proposed modules on the RUOD dataset.

Model = MOd';/l[;SE_NeCk mAP50 mAP50-95 FLOPs(G)
Baseline X X 85.0 62.1 6.3
Variant A v X 85.9 62.6 7.9
Variant B X v 85.8 62.9 11.2
MFE-Net J J 86.4 63.9 12.8

MFE-Neck (Variant B) has significantly increased mAP50-95 to 62.9%, which empha-
sizes the significance of the fine-grained feature enhancement branch and also opti-
mizes sampling alignment to re-activate the geometric manifold that is usually lost
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during downsampling. The MFE- Net that has achieved 86 points. With an average
precision mean of 4% at 50 (mAP50) and an average precision mean of 63.9% from 50
to 95 (mAPS50 - 95), an extremely remarkable synergistic effect emerges: the backbone
part provides a basis of high signal-to-noise ratio, and meanwhile the neck ensures a
transmission that is lossless and precisely aligned. With an operating speed of 12.8
GFLOPs, the MFE-Net still keeps a relatively lightweight computational occupancy.
The theoretical efficiency shows that this architecture is extremely beneficial to real -
time edge computing on underwater platforms, having established a solid algorithmic
basis for hardware deployment.

4.5  Qualitative Analysis and Visual Interpretability
MFE-Net(Ours

holothurian 0.88

YOLOv11n

holothurion 0.87

Original

M . holothurian 0.67

holothur! holothur

holoth irinn 0 7%
holothurian 0.29

holot

echinus 0.79 echinus 0.81

scallop 0.76 scollop 0.82 sl
- thuria R tr BEEIop 0.7 0

scallop 0.80 . scaliop 0.75 3¢

) SR " holothurian|
- echilechinus u su
starfish 0 = - starfish 0.80 -
o B ~enin /8
starfish 0.81 7 starfish 0.83 - echinus 0.75

starfish 0.74 7 storfish 0.80 echin

5 s h

scallop 069 @ " scaliop 0.62° @ 8
( - Eelcruon ’ {  scallop 0:697 081 ,

holothurion 0.38

: -9 P
M echinus 0 77*:;
echinus 0,65 2chinus 0.
startish O,

starfish 0.81
~* starfish

Ed

Fig. 5. Qualitative comparison of detection performance on the RUOD dataset. From left to
right: Original images, YOLOv11n results, and MFE-Net (Ours). Green boxes represent suc-
cessful detections, while red and blue highlights in the baseline column denote false positives

and missed targets, respectively.

To qualitatively evaluate the perceptual superiority of MFE-Net, we conducted a com-
parative visual analysis against the baseline YOLOv11n, as illustrated in Fig. 5. In the
first and second rows, where biological entities (e.g., holothurians and scallops) are
small and highly integrated into the background, the baseline model exhibits significant
misses and false positives. Conversely, MFE-Net successfully identifies these tiny
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targets with high confidence. This visual success is primarily attributed to the Fine-
grained Feature Enhancement Branch, which preserves sub-pixel geometric clues typ-
ically lost in standard architectures. Moreover, in the complex and cluttered environ-
ments of the third and fourth rows, MFE-Net maintains robust localization, demonstrat-
ing that the EMFI module effectively discriminates between foreground organisms and
turbid artifacts.

Original

Fig. 6. Feature activation visualization via heatmaps. The comparison demonstrates that MFE-
Net exhibits more precise and concentrated attention on target entities compared to the baseline,
effectively suppressing background interference through spectral and spatial calibration.

In order to further explore the decision-making logic inside the model, the saliency of
different architectures is visualized through feature activation mapping, as illustrated
in Fig. 6. Compared with the baseline, the baseline usually presents distracted or misa-
ligned attention - especially when there are scattered lights and suspended particles.
And the heatmap generated by MFE-Net is more concentrated and precisely centered
on the target manifold, just like the first row of translucent jellyfishes and the second
row of benthic sea urchins. The high-intensity activated regions which closely match
the morphological boundaries of organisms show that the C3CF framework has suc-
cessfully filtered out random noise. This enhanced focusing confirms that our frame-
work not only attains excellent quantitative indicators but also has high visual interpret-
ability and focuses on the "correct" semantic features even in randomly degraded envi-
ronments.
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5 Conclusion

In this study, we propose MFE-Net, a robust intelligent perception framework designed
to address the challenges of "feature annihilation" and "semantic confusion" in stochas-
tically degraded underwater environments. By incorporating the Hybrid Perception
Feature Extraction (C3CF) Module, the framework effectively integrates local induc-
tive biases with global context modeling, enabling the backbone to suppress non-struc-
tured scattering noise. Furthermore, the MFE-Neck re-engineers the feature fusion
pipeline through a Fine-grained Feature Enhancement Branch and Efficient Multi-Scale
Feature Integration (EMFI), ensuring the preservation of high-frequency geometric
manifolds and precise semantic alignment. Quantitative evaluations on the RUOD da-
taset demonstrate that MFE-Net achieves a favorable balance between detection fidelity
and computational efficiency. Additionally, MFE-Net exhibits superior performance
over several SOTA methods, particularly in high-precision localization tasks. General-
ization experiments on terrestrial manifolds further confirm the structural resilience of
the proposed modules across diverse visual domains.
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