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Abstract

To address the challenges of synthetic aperture radar (SAR) ship detection in complex port
environments, including strong background clutter, large-scale variations, and frequent missed
detections of small vessels, this paper proposes a lightweight attention-guided multi-scale fusion
detector, termed LAMFDet, based on YOLOvS. The proposed framework enhances the baseline
architecture from three complementary perspectives: multi-scale feature enhancement, lightweight
adaptive feature extraction, and efficient feature reconstruction. Specifically, a multi-scale feature
enhancement module (SPPFSENetV2) integrating spatial pyramid pooling with channel attention is
designed to strengthen scale-aware contextual representations. A lightweight adaptive extraction
(LAE) module is introduced to improve small-target perception while maintaining computational
efficiency. Furthermore, an efficient upsampling convolution block (EUCB) is incorporated to
preserve structural details and enhance feature fusion quality across feature levels. Extensive
experiments on two public SAR ship datasets, HRSID and SSDD, demonstrate the effectiveness and
generalization capability of LAMFDet. On HRSID, LAMFDet achieves 94.79% Precision and 71.53%
mAP@0.5:0.95, surpassing YOLOv8n by 2.81% and 14.92%, respectively. On SSDD, it further attains
99.65% Precision and 82.05% mAP@0.5:0.95, indicating strong robustness under diverse SAR imaging
conditions. These results confirm that LAMFDet effectively improves detection completeness and
localization accuracy for small and densely distributed vessels while maintaining favorable
efficiency, highlighting its practical potential for real-time port monitoring and maritime
surveillance.

Keywords: SAR ship detection; YOLOVS; multi-scale feature fusion; lightweight attention; port
monitoring

1. Introduction

Synthetic Aperture Radar (SAR) [1-3] is an active microwave remote sensing technology that
enables stable all-weather and day-and-night imaging by acquiring target backscattering
information. Compared with optical imaging systems dependent on solar illumination, SAR exhibits
superior robustness to cloud cover, fog, and adverse meteorological conditions, and has therefore
been widely applied in ocean monitoring, disaster assessment, environmental surveillance, and
maritime traffic supervision[4-6]. In maritime applications, these characteristics make SAR one of the
most reliable sensing modalities for ship monitoring and maritime situational awareness.

With the rapid growth of global maritime transportation and the digitalization of port logistics
systems, automated and fine-grained vessel monitoring in port areas has become increasingly critical.
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As key hubs connecting maritime routes and terrestrial logistics networks, ports play a decisive role
in ensuring the safety and efficiency of global supply chains[7,8]. Consequently, SAR-based
automatic ship detection has emerged as a fundamental technology for port traffic regulation, berth
management, illegal activity monitoring, and emergency response, attracting sustained attention
from both academia and industry[9,10].

However, SAR ship detection in port and coastal environments remains significantly more
challenging than in open seas. Dense strong-scattering man-made structures in ports often exhibit
scattering characteristics similar to ships, leading to frequent false alarms [11,12]. Meanwhile, densely
distributed vessels with large scale variations —especially small and distant ships occupying only a
few pixels—are prone to feature attenuation in deep networks [13,14]. Furthermore, coherent speckle
noise inherent to SAR imaging degrades edge and texture information, limiting the effectiveness of
detection models originally designed for optical imagery [15,16]. These factors make accurate and
robust detection of multi-scale ship targets in complex port scenes a persistent and challenging
problem in SAR image interpretation.

1.1. Related Work

Early SAR ship detection studies mainly relied on statistical modeling approaches, among which
constant false alarm rate (CFAR) detectors and their variants have been most widely investigated.
These methods distinguish ship targets from background clutter by modeling sea clutter distributions
and adaptively determining detection thresholds. Wang [17] proposed a CFAR-based ship detection
method using range-compressed data for spaceborne SAR systems, improving detection sensitivity
while maintaining computational efficiency. Li [18] introduced an adaptive CFAR framework that
integrates intensity and texture features with an attention-based contrast mechanism, enhancing
target-background discrimination in moderately complex scenes. To improve robustness under
heterogeneous clutter conditions, Gao and Liu[19] compared multi-parameter statistical clutter
models and demonstrated their advantages over conventional single-parameter models, although
their adaptability in complex nearshore environments remains limited. Yuan [20] proposed an
adaptive ship detection strategy transferable from optical to SAR imagery by dynamically adjusting
detection windows, while Sun [21] employed multilevel super pixel segmentation and fuzzy fusion
to reduce false alarms near coastlines. Despite their low computational complexity and ease of
implementation, CFAR-based and statistical methods heavily depend on prior assumptions about
background clutter distributions. In complex port and nearshore environments characterized by
dense man-made structures and strong speckle noise, these assumptions are frequently violated,
resulting in degraded detection accuracy and limited robustness, particularly for small and densely
distributed ship targets[22,23].

With the rapid development of deep learning, convolutional neural network (CNN)-based object
detection methods [24] have become the dominant paradigm for SAR ship detection. Existing deep
learning-based detectors can generally be divided into two-stage and one-stage frameworks. Two-
stage detectors, such as Faster R-CNN [25,26], generate region proposals followed by refined
classification and regression, achieving high localization accuracy, particularly for small targets. One-
stage detectors, represented by YOLO [27] and SSD [28], unify localization and classification into an
end-to-end framework, significantly improving inference speed while maintaining competitive
detection accuracy. To better adapt generic detection frameworks to SAR ship detection tasks,
numerous task-oriented improvements have been introduced. Attention mechanisms, such as SENet
[29,30], CBAM][31] and non-local attention, have been employed to enhance feature discrimination
and suppress background clutter. Orientation-aware detection strategies, including rotated bounding
boxes and polar-coordinate representations, have been proposed to address the arbitrary orientations
of ships in SAR images [32,33]. Furthermore, multi-scale feature fusion structures, such as FPN [34]
and BiFPN [35], are widely adopted to mitigate scale variation issues, while lightweight network
designs—such as Ghost convolution [36], depthwise separable convolution [37], and knowledge
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distillation [38] —have been explored to reduce computational complexity and facilitate deployment
on resource-constrained platforms.

Despite these advances, several limitations persist in complex port scenarios. Small ship targets
still suffer from feature attenuation in deep layers, the introduction of sophisticated modules often
increases inference latency, and dedicated architectural optimization tailored to SAR imaging
mechanisms, particularly speckle noise characteristics, remains insufficiently explored.

1.2. Motivation

Although substantial progress has been achieved in SAR ship detection through both traditional
statistical approaches and deep learning-based methods, the related studies reviewed in Section 1.1
indicate that accurate and efficient ship detection in complex port environments remains a
challenging problem.

From the perspective of traditional CFAR-based and statistical methods, their effectiveness
largely relies on accurate prior modeling of background clutter distributions. However, as
demonstrated in [17,18,21], port and nearshore scenes are characterized by strong scattering from
dense man-made structures and highly heterogeneous clutter, which significantly deviates from ideal
statistical assumptions. As a result, these methods tend to suffer from elevated false alarm rates and
poor robustness, especially when detecting small and densely distributed vessels.

With the adoption of deep learning-based detectors, detection accuracy has been notably
improved. Nevertheless, existing CNN-based SAR ship detection methods still exhibit several
inherent limitations when applied to complex port scenarios. First, although multi-scale feature
fusion structures such as FPN and BiFPN have been introduced [34,35], small ship targets with weak
scattering responses are still prone to feature attenuation in deep layers, leading to frequent missed
detections. Second, attention-based enhancement strategies [29,30,39] and orientation-aware designs
[32,33] often introduce additional computational overhead, making it difficult to achieve an effective
balance between detection accuracy and real-time inference. Third, most existing methods directly
adopt network architectures designed for optical imagery and lack dedicated optimization for SAR-
specific imaging characteristics, particularly the influence of coherent speckle noise on feature
representation and reconstruction.

YOLOVS [40], as a state-of-the-art single-stage detector, provides a favorable balance between
detection accuracy and inference efficiency, making it a promising baseline for practical SAR ship
detection applications. However, its original architecture is not explicitly tailored to the
characteristics of SAR imagery or the complex scattering conditions in port environments. In
particular, limitations remain in multi-scale feature representation, small-target preservation, and
feature reconstruction quality during up-sampling.

Motivated by these observations, this work aims to enhance the YOLOvS8 framework through
targeted, SAR-aware architectural improvements, focusing on (1) strengthening multi-scale ship
feature representation under complex backgrounds, (2) enhancing small-target perception while
maintaining network lightness, and (3) improving feature reconstruction quality during feature
fusion. By addressing these challenges in a unified and lightweight manner, the proposed method
seeks to achieve robust, accurate, and efficient SAR ship detection in complex port environments.

1.3. Our Work

To address the challenges of SAR ship detection in complex port environments, including severe
background clutter, large-scale variations, and frequent missed detections of small vessels, we
propose a lightweight attention-guided multi-scale fusion detector, termed LAMFDet, built upon the
YOLOVS framework. Different from conventional feature enhancement strategies, LAMFDet is
carefully designed to jointly improve multi-scale representation, small-target perception, and feature
reconstruction efficiency. The main contributions of this work are summarized as follows:

J We propose a multi-scale feature enhancement module (SPPFSENetV2) that integrates
spatial pyramid pooling with channel attention. This module explicitly strengthens scale-aware
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contextual modeling and adaptively emphasizes ship-related features, enabling more robust
discrimination of vessels under complex port backgrounds.

J We design a lightweight adaptive extraction (LAE) module to improve sensitivity to small
and weak ship targets while maintaining computational efficiency. By adaptively refining shallow
features with minimal overhead, LAE effectively balances detection accuracy and real-time
performance.

J We introduce an efficient upsampling convolution block (EUCB) to enhance feature
reconstruction during the decoding stage. By combining depthwise separable convolution with
channel shuffle operations, EUCB preserves structural details and boundary information,
significantly reducing missed detections in dense and small-object scenarios.

J Extensive experiments conducted on two public SAR ship datasets, HRSID and SSDD,
demonstrate that LAMFDet consistently outperforms mainstream detection models in terms of
detection accuracy, robustness, and generalization capability, while maintaining favorable inference
efficiency. These results validate the effectiveness of the proposed framework and highlight its
practical potential for real-time port monitoring and maritime surveillance applications.

2. Method

To address the challenges commonly encountered in SAR-based port monitoring scenarios—
including strong sea clutter interference, highly imbalanced ship scale distributions, and frequent
missed detections of small vessels—we propose a lightweight attention-guided multi-scale fusion
detector, termed LAMEFDet, built upon the single-stage YOLOvVS8 framework. By introducing targeted
structural designs at critical stages of the detection pipeline, including feature extraction, feature
fusion, and feature reconstruction, the proposed method effectively enhances detection accuracy and
robustness for multi-scale SAR ship targets while maintaining a lightweight architecture.

YOLOVS consists of three main components: a backbone for feature extraction, a neck for multi-
scale feature fusion, and a detection head, as illustrated in Figure 1. Owing to its end-to-end design,
YOLOVS8 achieves a favorable balance between accuracy and inference efficiency in optical image
detection tasks. However, when directly applied to SAR port scenes, the baseline architecture exhibits
notable limitations. Specifically, strong sea clutter and complex man-made structures interfere with
high-level semantic discrimination; small-scale vessels tend to be suppressed in deeper feature
representations; and conventional feature fusion and upsampling strategies are insufficient for
effectively recovering fine-grained structural details. These issues collectively lead to degraded
localization accuracy and a high false-negative rate for small and densely distributed ships.
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Figure 1. YOLOvVS8 network structure.
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Figure 2. Proposed LAMFDet network architecture.

To overcome these limitations, the overall architecture of LAMFDet is illustrated in Figure 2.
Rather than simply increasing network depth or channel width, this work focuses on the intrinsic
characteristics of SAR ship detection in complex port environments and introduces coordinated
optimizations at three critical stages of information flow within the network.
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First, during high-level semantic feature extraction, a multi-scale feature enhancement module,
termed SPPFSENetV2, is introduced to strengthen scale-aware contextual modeling by integrating
spatial pyramid pooling with channel attention. This design enables the network to better capture
vessels of varying sizes while suppressing background clutter.

Second, at shallow and intermediate feature levels, we design a lightweight adaptive extraction
(LAE) module to enhance local feature representation for small ships while maintaining
computational efficiency. By adaptively refining low-level features, LAE improves small-target
perception without introducing significant overhead.

Third, during feature fusion and reconstruction, an efficient upsampling convolution block
(EUCB) is incorporated to preserve structural details and improve feature recovery quality. By
combining depthwise separable convolution with channel shuffle operations, EUCB enhances
boundary representation and mitigates information loss caused by conventional upsampling, thereby
reducing missed detections in dense and small-object scenarios.

Through these coordinated multi-stage optimizations, LAMFDet preserves the efficiency
advantages of single-stage detectors while substantially improving detection completeness and
localization accuracy for multi-scale SAR ship targets. Consequently, the proposed framework
demonstrates strong adaptability and practical deployment potential in complex coastal and port
monitoring applications.

2.1. Lightweight Adaptive Feature Extraction Module

In SAR port and near-shore imaging scenarios, small vessels constitute a large proportion of
detected targets and are frequently distributed in dense clusters. Owing to their limited spatial extent,
such targets typically occupy only a few pixels, imposing stringent requirements on the feature
representation capability of shallow and intermediate network layers. Although increasing network
depth or channel width can enhance feature discrimination, these strategies inevitably introduce
substantial parameter overhead and computational burden, thereby limiting applicability in real-
time and resource-constrained deployment environments.

To address this issue, we design a Lightweight Adaptive Enhancement (LAE) feature extraction
module that aims to improve small-target representation while preserving computational efficiency.
Rather than relying on heavy convolutional operations, LAE adopts depthwise separable convolution
to decouple spatial and channel-wise feature learning, significantly reducing parameter complexity
while maintaining effective receptive field coverage.

As illustrated in Figure 3, the LAE module further incorporates an adaptive feature fusion
mechanism to dynamically emphasize informative responses associated with small vessels. By
selectively enhancing discriminative local features and suppressing background interference, LAE
strengthens sensitivity to weak scattering ship targets in cluttered port scenes.

Through this lightweight yet adaptive design, LAE effectively improves small-scale vessel
perception at early feature stages without increasing model depth, enabling a better balance between
detection accuracy and inference efficiency. This module plays a critical role in reducing missed
detections of small ships while maintaining the real-time performance characteristics of the overall
LAMFDet framework.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Let the input feature map be denoted as:

X € RH XWXC (1)
where H, W, and C represent the height, width, and number of channels of the feature map,
respectively.

Depthwise Separable Convolution. To efficiently decouple spatial and channel-wise feature
learning, the LAE module first applies depthwise separable convolution, which consists of a
depthwise convolution followed by a pointwise convolution. The computation can be expressed as:

Y = Convy,, (Convgy, (X)) 2)
where Convg,,(*) denotes depthwise convolution that independently models local spatial
information for each channel, and C onva(-) denotes pointwise (1x1) convolution used to fuse
information across channels.

Compared with standard convolution, this structure significantly reduces computational cost
and parameter redundancy while effectively preserving fine-grained spatial details, which is
particularly beneficial for small-scale ship targets occupying limited pixels in SAR images.

Adaptive Channel Weighting Mechanism. After local spatial feature modeling, the LAE
module introduces a lightweight adaptive channel weighting mechanism to further enhance the
discriminative capability of ship-related features. Specifically, global average pooling (GAP) is first
applied to the intermediate feature map Y to extract global channel-wise statistics:

1 H W
z, ZHTVZ‘,ZY’ , c=12,..C 3)
where z € R¢ is the channel descriptor vector.

Subsequently, the channel descriptor is mapped using a 1x1 convolution (or equivalently, a fully
connected layer) parameterized by learnable weights W, followed by a Softmax function to generate
normalized channel attention weights:

w = Sotfmax(W,) 4)

where w € R satisfies Yoo W, = 1.
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Finally, the original feature map Y is recalibrated through channel-wise weighting to obtain the
output feature map F:

F =w Y, c=12,.C (5)

c c

Through this adaptive weighting mechanism, the LAE module dynamically amplifies channel
responses that are highly correlated with ship targets while suppressing background clutter and
noise-induced features. As a result, small-scale ship targets become more distinguishable in the
feature space, leading to improved detection performance without introducing significant
computational overhead.

2.2. Improved Multi-Scale Feature Enhancement Module

In SAR port imaging scenarios, ship targets exhibit significant scale variation. Small vessels
usually occupy only a limited number of pixels, whereas large ships present more distinctive
geometric structures and scattering patterns. Conventional single-scale feature extraction strategies
struggle to model such wide scale distributions simultaneously, particularly in deep networks where
repeated downsampling operations tend to suppress or even eliminate fine-grained representations
of small targets. These limitations severely degrade detection performance in complex port
environments.

| l 1 l
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!
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!
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Figure 4. SPPFSENetV2 module structure diagram.

To alleviate this problem, we design an improved multi-scale feature enhancement module,
termed SPPFSENetV2, and integrate it into the backbone of YOLOvS. The overall structure of
SPPFSENetV2 is illustrated in Figure 4. By jointly exploiting multi-scale spatial pyramid pooling and
channel-wise attention, the proposed module enhances scale-aware contextual modeling while
suppressing background interference.

Let the input feature map be denoted as
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F € REXWXC (6)

where C, H, and W represent the number of channels, height, and width of the feature map,
respectively.

Multi-Scale Spatial Pyramid Pooling. To capture contextual information under different
receptive fields, the input feature map F is first processed by multiple max-pooling branches with
different kernel sizes. The resulting multi-scale feature representations are expressed as:

F; = MaxPooly, (F), i=12,...,N (7)

where k; denotes the pooling kernel size corresponding to the i-th scale, and N = 3 is the
number of pooling branches. Each branch extracts spatial features at a distinct receptive field,
enabling effective modeling of ship targets with varying spatial extents.

Subsequently, the multi-scale pooled features are concatenated with the original input feature
along the channel dimension to form a fused feature representation:

Fcat = Concat(F, Fl,F2F3,...FN) (8)

Channel Attention via Squeeze-and-Excitation. To further enhance discriminative channel
responses, a Squeeze-and-Excitation (SE) attention mechanism is applied to the fused feature map
F4¢. First, global average pooling (GAP) is employed to aggregate spatial information into a channel-
wise descriptor:

z=GAP(F.y), z€RC 9)

where C' denotes the number of channels in the fused feature map.
The channel descriptor is then passed through two fully connected layers (implemented as 1x1
convolutions) with non-linear activation to generate channel-wise attention weights:

s = a(W,86(Wy2)) (10)

where 6(*) and o(*) denote the ReLU and Sigmoid activation functions, respectively, and Wy
and W, are learnable parameters.

Finally, the fused feature map is recalibrated through channel-wise multiplication to obtain the
output feature representation:

Fout =5 © Feqr (11)

where © denotes element-wise channel-wise multiplication.

By integrating multi-scale spatial pyramid pooling with SE-based channel attention,
SPPFSENetV2 enables adaptive emphasis on scale-relevant ship features while suppressing
redundant scattering responses from complex port backgrounds. This design significantly enhances
high-level semantic robustness and provides strong scale-aware representations for subsequent
detection stages, especially benefiting small and densely distributed vessel targets.

2.3. Improved Efficient Up-Sampling Block

In object detection networks, up-sampling plays a critical role during feature fusion by restoring
spatial resolution and recovering target structural information. However, conventional up-sampling
strategies, such as interpolation-based methods or transposed convolution, often introduce feature
blurring and amplify redundant noise in SAR imagery. These effects are particularly detrimental to
small-scale ship targets, whose weak scattering responses and limited spatial extent make them
highly sensitive to detail degradation during feature reconstruction.

To address these limitations, we propose an Efficient Up-Sampling Convolution Block (EUCB),
which aims to improve structural feature recovery and spatial detail preservation during multi-level
feature fusion while maintaining low computational overhead. By enhancing cross-scale feature

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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consistency, EUCB effectively reduces missed detections of small vessels in complex port
environments.

The overall architecture of EUCB is illustrated in Figure 5. The core design integrates depthwise
separable convolution with a channel shuffle mechanism, enabling efficient spatial refinement and
inter-channel information exchange after up-sampling. This design enhances boundary continuity
and fine-grained structural representations without introducing excessive parameters, making it
suitable for real-time SAR ship detection.

DWConv 3x3

Upsample x2
BatchNorm

ReLU
l Channel Shuffle

(o ]

Conv 1x1

I

Output Zow

Figure 5. The Efficient Up-sampling Module (EUCB) structure diagram.

Let the input feature map be denoted as Z € RF*W*C where C, H, and W represent the
number of channels, height, and width of the feature map, respectively.

First, a depth wise separable convolution is applied to remap the input features, aiming to
reduce computational complexity while enhancing local spatial modeling capability. This process can
be formulated as:

Z, = Conwy,, (Convy, (2)) (12)

where Convg,,(-) denotes the depthwise convolution that independently models spatial
information within each channel, and C onva(-) denotes the pointwise (1x1) convolution used to
facilitate inter-channel feature interaction. This decomposition significantly reduces parameter count
and FLOPs while preserving fine-grained spatial details, which is particularly beneficial for SAR ship
targets.

Subsequently, spatial resolution is restored through an up-sampling operation:

Z, = Up(Zy) (13)

where Up(+) denotes nearest-neighbor or bilinear interpolation. Unlike conventional pipelines
that directly up-sample high-level semantic features, EUCB performs feature remapping prior to up-
sampling, allowing semantic and structural information to be better preserved during resolution
recovery.

To further enhance feature expressiveness, a channel shuffle operation is introduced:

Zoue = Shuffle(Z,) (14)

where Shuffle(:) redistributes feature channels across different groups, alleviating channel
isolation caused by depthwise or grouped convolutions and enabling more effective cross-channel
interaction in subsequent fusion stages.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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By jointly exploiting depthwise separable convolution, structure-aware up-sampling, and
channel shuffle, EUCB enhances boundary continuity and local structural consistency of ship targets.
This design substantially improves feature reconstruction quality and reduces missed detections of
small and densely distributed vessels, contributing to more robust SAR ship detection in complex
port environments.

2.4. Loss Function and Optimization Strategy

To ensure fair comparison with baseline methods and isolate the effectiveness of the proposed
architectural improvements, LAMFDet adopts the standard loss formulation of YOLOv8 without
modification. A multi-task joint optimization strategy is employed to simultaneously supervise
bounding box regression, target classification, and localization quality estimation. The overall
training objective is defined as:

Liotar = MLpox + A2Lcis + /13£de (15)

where Ly, Legs, and Ly r1 denote the bounding box regression loss, classification loss, and
Distribution Focal Loss (DFL), respectively. The coefficients 4;, A,, and A3 balance the
contributions of each task.

For bounding box regression, considering the large-scale variation and blurred edges of SAR
ship targets, an IoU-based loss is adopted to geometrically constrain the overlap between predicted
boxes B), and ground-truth boxes Bg;.

Lyox = 1 —10U(By, Bye) (16)

which improves robustness against large scale variations and ambiguous boundaries commonly
observed in SAR ship targets.
For target classification, Binary Cross-Entropy (BCE) loss is adopted:

1 N
Las === ) [idog(p) + (1 = y)log(1 - )] 17)

where p; represents the predicted probability of the i-th sample being a ship, y; € {0,1} is
the corresponding ground-truth label, and N is the number of samples. The BCE loss demonstrates
numerical stability in class-imbalanced scenarios, making it suitable for SAR ship detection tasks.

To further enhance localization precision, Distribution Focal Loss (DFL) is introduced to model
bounding box offsets as discrete probability distributions, enabling more accurate regression of
continuous coordinates:

K
Lip = — Z yilog(pr) (18)
k=1

where pj denotes the predicted probability of the k-th discrete interval, y is the true
bounding box value, and K is the number of discrete intervals.

During training, the AdamW optimizer is employed for parameter updating, combined with a
cosine annealing learning rate schedule to promote stable convergence and improved generalization.

Notably, all training hyperparameters and loss configurations follow the default YOLOvS8
settings, ensuring that performance gains arise solely from the proposed multi-scale feature
aggregation and attention-guided architectural enhancements.

3. Experimental Results

To comprehensively evaluate the effectiveness, robustness, and practical applicability of the
proposed method for SAR ship detection in complex port environments, extensive experiments were
conducted on publicly available SAR ship datasets. The experimental evaluation consists of
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quantitative comparisons with state-of-the-art detectors, ablation studies to analyze the contribution
of individual modules, and qualitative visual inspections to assess detection performance under
challenging scenarios. All experiments were performed under a unified hardware and software
configuration to ensure fairness, reproducibility, and reliable performance comparison.

3.1. Experimental Setup

All experiments were conducted under a unified hardware and software environment to ensure
fair comparison and reproducibility. The proposed method was implemented using Python 3.9.20
based on the PyTorch 2.1.2 framework, with GPU acceleration enabled via CUDA 11.8. Experiments
were performed on a workstation equipped with an NVIDIA GeForce RTX 4060Ti GPU (16 GB
memory) running the Windows operating system. Detailed platform configurations are summarized
in Table 1.

Table 1. Experimental environment configuration.

Environment Configuration Parameter
Operating system Windows
GPU NVIDIA GeForce RTX 4060Ti 16G
Development environment PyCharm 2023.3.7
Language Python 3.9.20
frame PyTorch 2.1.2
Operating platform CUDA 11.8

During training, all SAR images were uniformly resized to 640 x 640 pixels, with a batch size of
16. The AdamW optimizer was employed with an initial learning rate of 0.001, momentum of 0.937,
and weight decay of 0.0005. A cosine annealing learning rate scheduler was adopted, together with a
warm-up strategy of 3 epochs, to promote stable convergence. Model weights were randomly
initialized without using external pre-trained parameters, ensuring that performance gains
originated solely from the proposed architectural improvements.

To enhance model generalization in complex SAR environments, diverse data augmentation
strategies were applied, including random rotation, translation, scaling, horizontal flipping, Mosaic
augmentation, Copy-Paste, RandAugment, and random erasing (probability 0.4). Mosaic
augmentation was disabled during the final 10 epochs to improve localization stability. Automatic
mixed precision (AMP) training was enabled to accelerate convergence and reduce memory
consumption. All experiments were conducted with a fixed random seed (42) and deterministic
settings to guarantee reproducibility. Detailed training hyperparameters are provided in Table 2.

During inference, the confidence threshold and non-maximum suppression (NMS) threshold
were set to 0.25 and 0.45, respectively. The lightweight YOLOv8n model was selected as the baseline
detector to comprehensively evaluate the effectiveness and efficiency of the proposed LAMFDet
framework under identical training conditions.

Table 2. Experimental parameter settings.

Name Value
Image size 640640
Batch size 16
Pretraining weight 0
Optimizer AdamW
Learning rate 0.001
Weight decay 0.0005
Learning Rate Scheduling Cosine
Momentum 0.937
label_smoothing 0.0
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auto_augment randaugment
erasing 0.4
close_mosaic 10

3.3. Dataset Description

To comprehensively evaluate the effectiveness and generalization capability of the proposed
LAMFDet, experiments were conducted on two publicly available SAR ship detection benchmarks:
the High-Resolution SAR Ship Detection Dataset (HRSID) [41] and the SAR Ship Detection Dataset
(S5SDD) [41]. The parameter settings and data partitioning information for both datasets are
summarized in Table 3.

Table 3. Parameter conffguration for the dataset

Dataset Images Ships Classes  Image Size  Split Ratio
HRSID 5,604 16,951 1 640 x 640 7:2:1
SSDD 1,160 2,587 1 ~500 x 500 8:2

HRSID is a widely used benchmark for high-resolution SAR ship detection, containing 5,604
SAR images with a spatial size of 640 x 640 pixels and resolutions ranging from 0.5 m to 3 m. The
dataset was collected from multiple SAR platforms, including TerraSAR-X, Sentinel-1, and TanDEM-
X, covering diverse imaging modes and observation conditions. It provides annotations for 16,951
ship targets distributed across open sea, coastal, and complex port environments. According to the
proportion of bounding box area relative to the image size, targets are categorized into small,
medium, and large vessels. Small ships dominate the dataset, accounting for approximately 54.5% of
all instances, while medium and large vessels represent 43.5% and 2%, respectively. This highly
imbalanced scale distribution, together with dense ship layouts and strong background clutter in port
scenes, poses significant challenges for multi-scale feature representation and small-target detection.

Figure 6 illustrates representative examples of ships at different scales, including large, medium,
and small vessels, highlighting the significant intra-class variation and small-object dominance in
HRSID. Following common practice, the dataset was randomly split into training, validation, and
test sets with a ratio of 7:2:1, enabling comprehensive evaluation of detection accuracy, robustness,
and generalization performance, particularly for small-scale ships in complex port scenarios.

@ (b)

Figure 6. Examples of ship segments: (a) large ship; (b) medium-sized ship; (c) small ship.

SSDD provides complementary evaluation conditions with relatively simpler offshore
backgrounds and sparser ship distributions. It consists of 1,160 SAR images with approximately 2,587
annotated ship instances, where all images have an approximate spatial resolution of 500 x 500 pixels
and only a single target category (ship) is considered. The dataset was randomly divided into training
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and test subsets using an 8:2 ratio. During training on SSDD, models were optimized for 400 epochs
to ensure full convergence.

By jointly evaluating on HRSID and SSDD, which exhibit distinct scene complexities and target
distributions, the proposed method is systematically assessed in both challenging port environments
and relatively unconstrained maritime scenarios, enabling a comprehensive analysis of detection
accuracy, robustness, and generalization performance.

3.3. Evaluation Metrics

To comprehensively evaluate the detection performance and practical applicability of the
proposed method in complex port SAR scenarios, multiple quantitative metrics are adopted from
different perspectives, including detection accuracy, robustness, and computational efficiency.
Specifically, mAP@0.5, mAP@0.5:0.95, Precision, Recall, FPS, Params, and FLOPs are used as
evaluation indicators, which conform to widely accepted standards in object detection and SAR ship
detection research.

Precision (P) and Recall (R) are first employed to characterize the basic detection behavior.
Precision measures the reliability of predicted ship targets, while Recall reflects the capability of
detecting all existing ships. They are defined as.

. TP I TP 19
Presicion = TP+ FP Recall = TP FN (19)
whereTP, FP, and FN denote the numbers of true positives, false positives, and false
negatives, respectively. In port SAR scenes, high Precision indicates effective suppression of false
alarms caused by strong-scattering man-made structures, whereas high Recall is critical for reducing
missed detections of small and densely distributed vessels.

The primary accuracy metric is mean Average Precision (mAP). For a given IoU threshold T,

the Average Precision (AP) is computed as the area under the Precision—Recall curve:

AP, = j P(r)dr (20)
0

mAP@0.5 corresponds to the mean AP with an IoU threshold of 0.5, reflecting the overall
detection capability. To further evaluate localization robustness, mAP@0.5:0.95 averages AP values
over multiple IoU thresholds from 0.5 to 0.95 with a step of 0.05, providing a more stringent
assessment of bounding box accuracy, which is especially important in cluttered port environments.

In addition to detection performance, computational efficiency is evaluated to assess
deployment feasibility. FPS (Frames Per Second) measures inference speed under a unified hardware
setting. Params (M) denote the number of trainable parameters, and FLOPs (G) quantify the
computational complexity of the model. Lower Params and FLOPs indicate better suitability for real-
time or resource-constrained maritime surveillance platforms.

3.4. Comparative Experiment Results and Analysis

To comprehensively evaluate the detection accuracy, convergence behavior, and generalization
capability of the proposed LAMFDet, extensive comparative experiments were conducted on both
the HRSID and SSDD datasets. The evaluation protocol consists of three components: (1) training
convergence and classification reliability analysis, (2) quantitative comparison with representative
detection models and cross-dataset validation, and (3) qualitative visualization of detection results.
Specifically, training dynamics and confusion matrices are first analyzed to assess optimization
stability and classification performance. Subsequently, quantitative comparisons are presented to
demonstrate accuracy—efficiency trade-offs and generalization ability across datasets. Finally, visual
detection results on both datasets further illustrate the practical advantages of the proposed method
in complex SAR scenes.
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3.4.1. Training Convergence and Classification Analysis

Figure 7 presents the training curves of LAMFDet on both HRSID and SSDD datasets,
illustrating the evolution of Precision, Recall, mAP@0.5, and validation classification loss. The
consistent convergence behavior across datasets indicates strong optimization stability and dataset-
independent learning capability. As observed, the proposed model exhibits rapid convergence on
both datasets, with all evaluation metrics increasing sharply during the early training stage and
gradually stabilizing after approximately 30—40 epochs. This behavior indicates that the introduced
multi-scale feature enhancement and lightweight adaptive extraction mechanisms effectively
facilitate discriminative feature learning for SAR ship targets.

On both datasets, Precision and Recall curves show steady upward trends with only minor
oscillations, demonstrating stable optimization without evident overfitting. Meanwhile, the mAP@0.5
curves consistently converge to high values, confirming the effectiveness of the proposed architecture
in modeling ships with large scale variations under complex SAR scattering conditions. Furthermore,
the smooth and continuous decrease of validation classification loss verifies the numerical stability
and strong generalization capability of LAMFDet across different SAR imaging environments.

To further assess classification reliability, the normalized confusion matrices on HRSID and
SSDD are presented in Figure 8. As shown in Figure 8(a), on the more challenging HRSID dataset,
LAMFDet achieves a true positive rate of approximately 93% for ship targets, with only about 7%
misclassified as background. This result demonstrates strong discriminative capability in cluttered
port environments characterized by dense ship distributions and complex coastal structures. In
contrast, near-perfect classification performance is observed on SSDD (Figure 8(b)), where ship
targets are almost entirely correctly identified, reflecting the robustness of the proposed model under
relatively simpler sea-surface backgrounds.
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Figure 7. Training curves of the proposed LAMFDet on different datasets: (a) HRSID; (b) SSDD.
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Figure 8. Normalized confusion matrices of LAMFDet on different datasets: (a) HRSID; (b) SSDD.

3.4.2. Quantitative Comparison and Cross-Dataset Evaluation

To evaluate detection accuracy, computational efficiency, and cross-dataset generalization,
LAMFDet was compared with representative two-stage and one-stage detectors on the HRSID and
SSDD datasets. All YOLO-based models were retrained under identical settings, whereas results of
other methods were adopted from their original reports to ensure fair comparison.

(1) Performance Comparison on HRSID

Table 4 summarizes the quantitative results on HRSID in terms of Precision, Recall, mAP@0.5,
mAP@0.5:0.95, inference speed, parameter size, and FLOPs. Traditional two-stage detectors exhibit
limited robustness in complex SAR port environments. Faster R-CNN achieves only 86.82% mAP@0.5
and 54.15% mAP®@0.5:0.95, indicating insufficient localization accuracy under dense ship
distributions and strong background clutter. RetinaNet provides marginal improvement but remains
constrained at higher IoU thresholds, revealing limited adaptability to scale variation and SAR-
specific scattering characteristics. Among lightweight one-stage detectors, YOLOv5s and YOLOv?7-
tiny improve mAP@0.5 to 89.61% and 90.17%, respectively, yet their Recall remains below 86%,
suggesting persistent missed detections of small or weakly scattering vessels. YOLOv8n further
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increases Precision to 91.98%, but Recall drops to 80.64%, reflecting the inherent limitations of ultra-
lightweight architectures in modeling complex harbor scenes.

With increased network capacity, YOLOvVSs significantly improves Recall and mAP@0.5:0.95 to
87.27% and 60.14%, respectively. YOLOv11s further elevates mAP@0.5:0.95 to 66.86%, demonstrating
the benefit of deeper feature representations. Attention-enhanced variants (YOLOv1ls + CBAM and
YOLOv11s + LAE_SPPF) achieve mAP@0.5:0.95 of 68.65% and 69.71%, confirming that feature
recalibration and multi-scale contextual aggregation effectively suppress background interference.

In contrast, the proposed LAMFDet achieves the best overall performance, reaching 94.79%
Precision, 87.46% Recall, 94.30% mAP@0.5, and 71.53% mAP@0.5:0.95. Compared with the strongest
competing method (YOLOv1ls + LAE_SPPF), LAMFDet improves mAP@0.5:0.95 by 1.82% and
Precision by 1.51%, while maintaining competitive Recall. These results demonstrate that the
coordinated integration of multi-scale feature aggregation and lightweight adaptive enhancement
substantially improves localization accuracy and small-target sensitivity.

Notably, LAMFDet preserves real-time inference capability (82 FPS on RTX 4060Ti) with
moderate computational overhead (14.8 M parameters and 37.5 GFLOPs), achieving a favorable
balance between accuracy and efficiency.

Table 4. Comparative experimental results of different algorithms.

FP
Models Precision Recall mAP_0.5 mAP_0.5:0.95 (RTSX Params FLOPs
0, 0, 0, 0,
(0] (0] (0] (e] M
(%) (%) (%) (%) 4060) M) (G)
FaStel[r EiCNN 8568 8232  86.82 54.15 18 413 1726
RetinaNet [43] 8627  83.13  87.56 55.03 2 385 1423
YOLOVS5s [39]  90.82 8294  89.61 57.46 82 72 165
YOLOV7-ti
© ([Z] MY 8947 8563  90.17 58.29 118 61 132
YOLOvSn [45] 9198  80.64  90.34 56.61 142 32 8.7
YOLOvSs [46] 9245 8727  92.19 60.14 90 112 286
YOLOv1ls [47] 9293 8814  92.62 66.86 86 126 318
YOLOv11s +
Cham g 54 8306 o2 68.65 78 133 347
YOLOv11s +
LAE, SPPF 9328 8384  92.88 69.71 74 135 362
Ours 9479  87.46  94.30 71.53 82 148 375

Training Dynamics Analysis. Figure 9 further compares the training dynamics of
representative models on HRSID. LAMFDet exhibits faster early-stage performance improvement
and converges to consistently higher final values across Precision, Recall, mAP@0.5, and
mAP@0.5:0.95. Moreover, its curves show reduced oscillations, indicating improved optimization
stability.

LAMFDet surpasses baseline models within approximately the first 20-30 epochs and maintains
higher performance plateaus in later stages, whereas YOLOv8n shows noticeable fluctuations and
YOLOV11s converges to lower ceilings. These observations suggest that LAMFDet benefits not only
from superior final accuracy but also from accelerated convergence and stable training behavior,
which are particularly important for SAR ship detection in dense and cluttered port environments.
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Figure 9. Training performance comparison of representative detection models on the HRSID dataset: (a)

Precision curves; (b) Recall curves; (¢) mAP@0.5 curves; (d) mAP@0.5:0.95 curves.

(2) Cross-Dataset Evaluation on SSDD

To assess generalization capability, experiments were extended to SSDD, with results
summarized in Table 5. LAMFDet again achieves superior performance, attaining 99.65% Precision,
99.26% Recall, and 99.50% mAP@0.5, outperforming all comparison methods. Compared with
YOLOvV8n, LAMFDet simultaneously improves both Precision and Recall, indicating enhanced
sensitivity to small vessels under different SAR imaging conditions.

Although SSDD is relatively less complex than HRSID, achieving simultaneously near-saturated
Precision and Recall still requires effective multi-scale representation and robust feature
discrimination. The observed performance gains therefore reflect the effectiveness of the proposed
architectural design rather than favorable data characteristics alone. These results confirm that
LAMFDet generalizes well across datasets with different resolutions, acquisition platforms, and
scene complexities, without relying on simple model scaling.

Table 5. Quantitative comparison on HRSID and SSDD datasets.

Precision Recall mAP_0.5 Precision Recall mAP_0.5
Models (%) (%) (%) (%) (%) (%)
HRSID SSDD
YOLOvV5s [39] 90.82 82.94 89.61 92.36 91.88 92.63
YOLOv7-tiny [44] 89.47 85.63 90.17 95.62 96.45 96.03
YOLOv8n [45] 91.98 80.64 90.34 97.45 96.92 97.85
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YOLOVS8s [46] 92.45 87.27 92.19 98.13 97.56 98.13
YOLOv11s [47] 92.93 88.14 92.62 99.05 97.98 99.24
YOLOVl[iZ]Jr CBAM 93.44 83.06 92.41 98.28 96.80 98.75.

YOLOv11s +
LAE_SPPF 93.28 83.84 92.88 99.26 98.25 99.41
Ours 94.79 87.46 94.30 99.65 99.26 99.50

(3) Precision—-Recall Analysis

Figure 10 further presents the Precision—Recall (PR) curves of LAMFDet on the HRSID and
SSDD datasets, offering an intuitive characterization of detection reliability under varying confidence
thresholds. Since both datasets contain a single ship category, the PR curves directly reflect the trade-
off between precision and recall for vessel targets.

On HRSID (Figure 10(a)), LAMFDet achieves an mAP@0.5 of 0.937, with precision remaining
above 0.9 across most of the recall range. As recall approaches saturation, a gradual decline in
precision is observed, which mainly results from densely distributed small vessels and strong
background interference in complex port scenes. This curve behavior indicates that, although
extremely high recall inevitably introduces a limited number of false positives, LAMFDet maintains
high confidence predictions over a wide operating region. This observation is consistent with the
quantitative results in Table 4, where LAMFDet attains 94.79% Precision, 87.46% Recall, and 94.30%
mAP@0.5, confirming its robustness under challenging multi-scale and cluttered SAR environments.

In contrast, on SSDD (Figure 10(b)), LAMFDet reaches an mAP@0.5 of 0.994, with the PR curve
remaining near the upper-right corner across almost the entire recall interval, indicating near-perfect
detection stability. This remarkably high performance can be attributed to several factors. First, SSDD
generally contains relatively sparse ship distributions and less complex background structures
compared with HRSID, reducing ambiguity between targets and surrounding clutter. Second, ships
in SSDD exhibit clearer scattering responses and more consistent scale characteristics, facilitating
feature discrimination. More importantly, the proposed multi-scale aggregation and lightweight
adaptive extraction mechanisms enable LAMFDet to fully exploit these favorable data properties,
yielding simultaneously high precision and recall.

This behavior is quantitatively corroborated by Table 5, where LAMFDet achieves 99.65%
Precision, 99.26% Recall, and 99.50% mAP®@0.5 on SSDD, outperforming all comparison methods.
Compared with YOLOv8n, LAMFDet improves both Precision and Recall, demonstrating enhanced
sensitivity to small vessels while effectively suppressing false alarms.

Overall, by jointly analyzing Figure 10 together with Tables 4 and 5, it can be concluded that
LAMFDet exhibits consistent superiority across both complex (HRSID) and relatively simpler (SSDD)
SAR scenarios. The proposed architecture achieves stable high performance through coordinated
multi-scale feature modeling and adaptive enhancement, confirming its strong generalization
capability and practical applicability for SAR ship detection.
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(a) (b)
Figure 10. Precision—Recall (PR) curves of LAMFDet on different datasets: (a) HRSID; (b) SSDD.

3.5. Visualisation of Test Results

To further demonstrate the practical detection capability of the proposed LAMFDet in complex
SAR environments, qualitative comparisons were conducted on both HRSID and SSDD datasets.
Figures 11-13 present representative detection results under diverse scenarios, including dense port
regions, coastal waters, and sparse offshore scenes. For clarity, false positives are marked by yellow
circles, while missed detections are indicated by cyan boxes.

Figure 11 shows a typical dense port scene from the HRSID dataset, comparing Ground Truth,
YOLOvV5, YOLOv8n, and LAMFDet. YOLOvV5 exhibits both false alarms and missed detections,
including two false positives and six missed vessels. YOLOv8n reduces false alarms but still misses
four targets and produces two false detections, mainly involving small or weakly scattering ships. In
contrast, LAMFDet detects 49 out of 50 ground-truth vessels, with only a single missed target,
demonstrating substantially improved detection completeness and background suppression
capability in highly cluttered harbor environments.

Ground Truth YOLOv5 YOLOvS8n Ours

Figure 11. Qualitative comparison on a dense port scene from the HRSID dataset.

Figure 12 further illustrates qualitative comparisons on HRSID across four representative
scenes. YOLOvS8n frequently fails to identify small vessels near coastlines and densely clustered ship
regions, and occasionally produces false alarms caused by strong land backscatter or port
infrastructures. Benefiting from multi-scale feature aggregation and lightweight adaptive
enhancement, LAMFDet consistently recovers these missed targets while effectively suppressing
spurious responses, achieving more accurate localization and higher confidence predictions,
especially for densely distributed and small-scale vessels.
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Ground Truth YOLOvS8n

Figure 12. Visualization results on the HRSID dataset under four representative scenes.

Figure 13 presents visualization results on the SSDD dataset under five typical offshore
scenarios. Although YOLOvVS8n already achieves relatively strong performance on SSDD, it still
suffers from missed detections and occasional false positives in low-contrast regions. In comparison,
LAMFDet produces more complete and cleaner detection results, with improved confidence scores
for small and isolated ships. These observations are consistent with the quantitative results in Table
5 and the PR curves in Figure 9, where LAMFDet achieves near-saturated precision and recall on
SSDD.

Overall, the qualitative results across both datasets are highly consistent with the quantitative
evaluations reported in Tables 4-5 and Figure 9, confirming that LAMFDet effectively enhances
detection completeness while suppressing false alarms. The performance gains are particularly
evident for small-scale vessels and densely populated port scenes, highlighting the effectiveness of
the proposed multi-scale feature modeling and adaptive enhancement strategy.
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Figure 13. Visualization results on the SSDD dataset under five representative scenes.

3.6. Ablation Experiment

To quantitatively analyze the contribution of each proposed component, ablation experiments
were conducted on the HRSID dataset using YOLOvV8n as the baseline. The Lightweight Adaptive
Enhancement (LAE), SPPESENetV2, and Enhanced Upsampling Compensation Block (EUCB) were
progressively introduced under identical training settings. The results are summarized in Table 6.
The baseline YOLOvS8n achieves Precision, Recall, mAP@0.5, and mAP@0.5:0.95 of 91.97%, 80.63%,
90.31%, and 65.65%, respectively, indicating noticeable missed detections and limited localization
accuracy in dense small-ship scenarios.

Table 6. Ablation experimental results.

YOLOvSn LAE SPPFSENetV2 EUCB Precision Recall mAP_0.5 mAP_0.5:0.95

(%) (%) (%) (%)
\ / / / 91.97 80.63  90.31 65.65
3 \ / / 92.09 82.05  91.06 66.66
\ / \ / 92.04 78.53  89.05 62.59
\ / / \ 92.40 82.95  90.94 66.48
\ \ \ / 92.45 8290  91.25 66.67
3 \ / \ 92.41 81.05  90.18 64.77
\ / \ \ 93.06 8499  92.59 69.54
\ \ \ v 94.79 87.46  94.30 71.53

Effect of Individual Modules. Introducing each module independently leads to consistent
performance improvements: (1) LAE enhances local discriminative feature extraction, increasing
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Recall to 82.05% and mAP@0.5 to 91.06%, confirming its effectiveness in strengthening shallow
representations for small vessels. (2) EUCB improves feature upsampling quality and semantic
compensation, raising Recall to 82.95% and mAP@0.5:0.95 to 66.48%, demonstrating its capability in
recovering fine-grained spatial details. (3) SPPFSENetV2 mainly strengthens multi-scale context
aggregation; however, when used alone, its improvement is limited, indicating that multi-scale fusion
benefits from complementary attention and reconstruction mechanisms.

Synergistic Effects of Module Combinations. When multiple components are combined, clear
synergistic effects emerge. In particular, integrating SPPFSENetV2 + EUCB increases Recall and
mAP@0.5:0.95 to 84.99% and 69.54%, respectively, confirming the complementarity between multi-
scale fusion and enhanced feature reconstruction. Other dual-module configurations also outperform
single-module variants, further demonstrating that the proposed components reinforce each other
rather than acting independently.

Full Model Performance. With all three modules integrated to form the complete LAMFDet, the
model achieves the best overall performance, reaching 94.79% Precision, 87.46% Recall, 94.30%
mAP@0.5, and 71.53% mAP@0.5:0.95. Compared with the baseline, mAP@0.5:0.95 improves by 5.88%,
indicating a substantial enhancement in high-IoU localization accuracy.

Overall, the ablation results demonstrate that the performance gains of LAMFDet arise from the
coordinated collaboration of lightweight adaptive enhancement, multi-scale feature aggregation, and
semantic compensation, rather than from any single component alone. This collaborative design
effectively strengthens small-target perception and spatial localization, enabling robust detection of
multi-scale ships in complex SAR environments.

4. Conclusions

This paper presents LAMFDet, an enhanced YOLOv8-based SAR ship detection framework
tailored for complex port environments with dense multi-scale targets and strong background clutter.
By integrating SPPFSENetV2 for multi-scale feature enhancement, the Lightweight Adaptive
Enhancement (LAE) module for small-target perception, and the Efficient Upsampling Convolution
Block (EUCB) for feature reconstruction, LAMFDet effectively improves scale-aware representation,
localization accuracy, and detection robustness. Experiments on HRSID and SSDD demonstrate
consistent performance gains over representative detectors. LAMFDet achieves 94.30% mAP@0.5 and
71.53% mAP@0.5:0.95 on HRSID, while reaching 99.50% mAP@0.5 on SSDD, confirming strong
generalization across datasets with different scene complexities. Meanwhile, real-time inference is
maintained with moderate computational overhead. Ablation studies further verify that the
improvements originate from the collaborative contribution of all proposed modules rather than any
single component.

Future work will focus on extending LAMFDet toward more realistic operational scenarios.
First, incorporating temporal SAR sequences or multi-source remote sensing data may further
improve robustness against occlusion and weak scattering. Second, adaptive model compression and
hardware-aware optimization will be explored to facilitate deployment on satellite-borne and
airborne platforms. Finally, improving generalization under extreme weather conditions and highly
cluttered coastal environments remains an important direction, aiming to provide reliable technical
support for intelligent port management and maritime safety monitoring.
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