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Highlights

What are the main findings?

* YOSDet, a YOLO-based oriented ship detector, effectively handles arbitrarily oriented
ships in SAR imagery, achieving high detection accuracy across SSDD+, HRSID, and
SRSDD-v1.0 benchmarks.

* The model integrates a dynamic aggregation module (DAM), an objective-guided detec-
tion head (OGDH), and a localization quality estimator (LQE), improving prediction
consistency under noisy SAR imaging conditions.

What are the implications of the main findings?

* The results demonstrate robust generalization for both inshore and offshore scenarios,
making the framework suitable for real-time maritime surveillance.

e This work provides a practical framework for oriented ship detection in complex SAR
environments, highlighting the potential of deep learning in remote sensing applications.

Abstract

Synthetic aperture radar (SAR) serves as a prominent remote sensing (RS) technology,
permitting continuous maritime surveillance regardless of weather or time. Although deep
learning-based detectors have achieved promising results in SAR imagery, the majority
of current algorithms rely on axis-aligned bounding boxes, which are insufficient for ac-
curately representing arbitrarily oriented ships, especially under speckle noise, complex
coastal clutter, and real-time deployment constraints. To address this limitation, we pro-
pose a YOLO-based oriented ship detector (YOSDet). Specifically, a dynamic aggregation
module (DAM) is incorporated into the backbone to enhance feature representation against
non-stationary backscattering. An objective-guided detection head (OGDH) is developed
to decouple classification and localization, complemented by a localization quality esti-
mator (LQE) to calibrate classification confidence by mitigating the impact of scattering
center shifts. Comparative evaluations conducted on three public SAR ship detection
benchmarks validate the effectiveness of YOSDet. The proposed model outperforms ex-
isting detectors, achieving m AP scores of 96.8%, 88.5%, and 67.3% on the SSDD+, HRSID,
and SRSDD-v1.0 datasets, respectively. Furthermore, the consistency of our approach in
both nearshore and offshore environments is confirmed through rigorous quantitative and
qualitative assessments.

Keywords: oriented ship detection; SAR imagery; deep learning; you only look once

1. Introduction

Remote sensing (RS) facilitates the acquisition of data regarding remote targets or
environmental processes by recording backscattered electromagnetic energy via specialized
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sensors [1,2]. Within the diverse landscape of RS technologies, synthetic aperture radar
(SAR) stands out as an active imaging modality, offering reliable performance regardless of
time or atmospheric conditions. Owing to its robustness against illumination variations
and atmospheric interference, SAR is frequently utilized for ecological observation, oceanic
monitoring, and military reconnaissance [3]. In particular, the precise identification of
vessels within SAR data is indispensable for coastal security management, illegal fishing
supervision, and maritime traffic management [4]. Despite these advantages, the coherent
imaging mechanism of SAR inevitably introduces strong speckle noise and complex sea
clutter, which obscure target boundaries and complicate precise localization and discrimi-
nation [5]. Moreover, ships in SAR scenes often exhibit arbitrary orientations, with varying
scales and dense distributions, especially in ports and near-shore areas.

Recent advances in deep learning (DL) have fundamentally transformed object detec-
tion into end-to-end trainable frameworks capable of learning hierarchical representations
directly from data [6]. Most state-of-the-art (SOTA) detectors are built upon convolu-
tional neural networks (CNNs), typically categorized into single-stage and two-stage
architectures. Single-stage detectors, exemplified by RetinaNet [7], the fully convolutional
one-stage object detector (FCOS) [8], and the you only look once (YOLO) family [9-11],
are favored due to their high efficiency and real-time capability. Two-stage methods like
faster region-based CNN (Faster R-CNN) [12] prioritize localization precision, albeit with a
higher computational overhead. Recently, transformer-based approaches, such as the detec-
tion transformer (DETR) [13], deformable DETR [14], and real-time detection transformer
(RT-DETR) [15], have pushed the boundaries of the field by modeling global dependencies
and contextual relationships.

However, most existing detection frameworks are tailored for optical imagery and
utilize horizontal bounding boxes (HBB). When directly applied to SAR ship detection,
these methods often struggle to accurately capture elongated and oriented vessels, leading
to imprecise localization and redundant detections. First, axis-aligned bounding boxes or
HBB-based detectors inadequately capture the geometric characteristics of rotated ships,
particularly in dense scenarios where target overlapping frequently occurs. Second, small
ships with limited pixel coverage are easily confused with background clutter, resulting in
missed detections. Third, inherent SAR imaging mechanism often causes dominant scat-
tering centers to shift away from geometric centroids, leading to a significant discrepancy
between classification confidence and localization quality. To alleviate these limitations,
oriented bounding box (OBB)-based algorithms have received increasing attention in recent
years. By introducing additional angular parameters or quadrilateral representations, OBB-
based approaches can more precisely localize targets with arbitrary rotations. Nevertheless,
many oriented detectors rely on complex architectures or transformer-based designs, which
incur heavy computational overhead and limit their suitability for real-time maritime
monitoring applications.

Several benchmark datasets have been established to facilitate research on SAR ship
detection. Released in 2017, the SAR ship detection dataset (SSDD) [16] serves as one of the
earliest public benchmarks in this domain. To overcome resolution constraints, the high-
resolution SAR image dataset (HRSID) [17] provides higher spatial resolution and larger
image sizes. The high-resolution SAR rotation ship detection dataset (SRSDD-v1.0) [18]
extends beyond single class detection by offering multiple ship categories with rotation
annotations, enabling more comprehensive evaluation of oriented detection methods.

Motivated by these observations, this work proposes a YOLO-based oriented ship
detector (YOSDet) specifically tailored for SAR imagery. While YOLO-based frameworks
offer high efficiency, they often require specialized refinements to address unique physical
characteristics of SAR. The proposed framework is developed considering several key
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challenges in SAR ship detection, including unstable feature representations caused by
non-stationary backscattering, inconsistency between localization accuracy and classifica-
tion confidence for arbitrarily oriented ships, and unreliable confidence estimation under
ambiguous scattering conditions. To accommodate these characteristics, YOSDet enhances
the backbone with a dynamic aggregation module (DAM) to strengthen feature aggregation
under noisy and cluttered SAR imaging conditions. Furthermore, an objective guided de-
tection head (OGDH) is designed to explicitly model the differing requirements of semantic
discrimination and geometric regression. In addition, a localization quality estimator (LQE)
module based on existing work [19], is incorporated to rectify the discrepancy between
classification confidence and prediction precision, ensuring more reliable detection during
inference. The core contributions of this research can be outlined as follows.

1.  We propose YOSDet, an improved YOLO-based oriented architecture for SAR ship
detection that seeks a balance between detection accuracy and inference efficiency.

2. Weintroduce a dynamic aggregation module (DAM) for robust feature representation
and an objective guided detection head (OGDH) with localization quality estimator
(LQE) to ensure prediction consistency by mitigating the impact of SAR-specific
scattering characteristics.

3.  Comprehensive evaluations on SSDD, HRSID, and SRSDD-v1.0 confirm that our
YOSDet efficiently and reliably generalizes to both inshore and offshore SAR scenarios.

The subsequent sections of this paper are arranged as follows. Section 2 surveys
related work covering generic and oriented object detection, as well as SAR detection
methods. The technical details of our proposed method are presented in Section 3. In
Section 4, we report the experimental setup and comparative results, followed by a further
analysis in Section 5. Finally, Section 6 draws the final conclusions.

2. Related Work
2.1. General Object Detection

The landscape of general object detection has shifted from region-based paradigms
toward efficient single-stage frameworks. These two-stage detectors, including faster
R-CNN [12] and cascade R-CNN [20], ensure localization precision through region pro-
posal networks (RPN) and iterative refinement. In contrast, single-stage architectures like
the RetinaNet [7] and YOLO series [10,11] achieve superior inference speeds by perform-
ing classification and regression in an end-to-end process. To enhance feature quality,
multi-level feature integration structures such as feature pyramid network (FPN) [21] and
bi-directional FPN (BiFPN) [22] have been developed to address scale variations. Fur-
thermore, task-aligned detectors like task-aligned one-stage object detection (TOOD) [23]
and dynamic head frameworks [24] have introduced mechanisms to mitigate the spatial
semantic misalignment between classification and localization. Recently, transformer-based
methods, including DETR [13] and its real-time variant RT-DETR [15], have demonstrated
strong global reasoning capabilities through self-attention mechanisms and mixed query
selection [25].

2.2. Oriented Bounding Boxes Object Detection

Oriented object detection extends conventional frameworks by predicting rotated
bounding boxes to handle targets with arbitrary orientations, which is essential for RS and
aerial imagery. In the two-stage paradigm, Rol Transformer [26] and Oriented R-CNN [27]
utilize spatial transformations to produce high quality oriented proposals. To achieve
orientation alignment, ReDet [28] incorporates rotation-equivariant networks to acquire
rotation-invariant features. In the single-stage domain, the refined rotation RetinaNet
(R®Det) [29] and single-shot alignment network (S*A-Net) [30] employ feature alignment
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modules to harmonize convolutional features with rotated anchors. While these methods
achieve impressive accuracy on optical datasets, their performance often fluctuates in
scenarios with dense distributions and high-aspect-ratio objects, where the representation
of geometric characteristics remains a significant challenge.

2.3. SAR Ship Detection

Detecting vessels in SAR data presents idiosyncratic challenges absent in optical im-
agery. The presence of speckle noise, sea clutter, and strong reflections from ship structures
leads to irregular back-scattering patterns that complicate feature extraction. Researchers
have explored various strategies to enhance hierarchical representations and preserve
feature information. In [31], a weighted BiFPN is utilized to aggregate multi-scale features,
while the YOLO-SRBD [32] introduces shuffle reparameterized blocks combined with dy-
namic heads to optimize information flow and enhance discriminative capability by reusing
redundant features. Additionally, the Quad-FPN [33] designs specialized feature pyramid
structures to mitigate scale variations. SMEP-DETR [34] introduces a RI-DETR-based
paradigm utilizing parallel dilated convolutions and multi-edge enhancement to aggregate
global contextual information for horizontal ship detection without compromising real-time
processing speeds.

To handle arbitrary orientations, recent studies have further explored rotation-aware
mechanisms and task-specific alignment. The BiFA-YOLO [35] explores multi-level feature
aggregation and integrates angle classification to detect objects in various orientations.
Further, the rotated balanced feature-aligned network (RBFA-Net) is proposed by [36],
introducing a balanced attention FPN (BAFPN) and an anchor-guided feature alignment
network (AFAN) with a rotational detection network (RDN) to resolve the misalignment
problem between features and OBB anchors. In addition, the WSL-paradigm [37] leverages
a weakly supervised strategy to mine pseudo orientations from horizontal annotations,
while the multiscale dynamic feature fusion network (MSDFF-Net) [38] employs a dynamic
feature fusion block with large-kernel convolutions to balance spatial and channel infor-
mation in noisy backgrounds. Despite these advancements, achieving a balance between
real-time efficiency and localization reliability in complex SAR environments remains an
open problem.

Beyond single-frame ship detection, recent research has extended YOLO-based frame-
works toward SAR ship tracking. Representative methods such as YOLOShipTracker [39]
and two-frame SAR ship tracking framework (TFST) [40] incorporate temporal association
mechanisms to enhance cross-frame consistency, while a single-source generalization model
for ship detection (SSGNet) [41] focuses on improving environmental adaptability through
domain-invariant feature learning. These works primarily address multi-frame consistency
and cross-domain generalization and are thus complementary to our focus on reliable
single-frame oriented detection under complex SAR scattering conditions.

3. Proposed Method
3.1. Overall Architecture

To harmonize structural complexity with detection accuracy in SAR scenes, this work
proposes a YOLO-based end-to-end framework for oriented ship detection, termed YOSDet,
as depicted in Figure 1. The YOSDet framework is comprised of three functional networks,
including a backbone for hierarchical feature extraction, a neck for feature fusion, and a
detection head for prediction.

The data flow originates in the backbone, where an HGStem and a sequence of
dynamic aggregation module (DAM) progressively compress spatial resolution while
expanding the semantic channel dimension. This process generates three feature levels,
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{P3, Py, P5}, corresponding to downsampling strides of 8, 16, and 32, respectively. To
bridge the semantic gap between these scales, the neck network utilizes a path aggregation
structure that leverages upsampling and concatenation operations, ensuring that the fused
features integrate fine-scale spatial details with high-level information. The final detection
is performed by the objective-guided detection head (OGDH) with localization quality
estimator (LQE), which decouples classification from regression to resolve specific feature
conflicts. This design ensures that the model can independently optimize for semantic dis-
crimination and geometric precision. Meanwhile, the LQE component calibrates the output
to ensure high consistency between localization precision and classification confidence,
which is particularly critical for the high-aspect-ratio targets typically in SAR imagery.

‘[ HGStem
I"L"" = Conv3x3 B Conv2x2 B Conv2x2 B Concat S Conv3x3 B Convixl =9 0";"“‘
YOLO-Based Oriented
Ship Detector (YOSDet)
T Conv
— C:':f:i" —> BatchNorm2d —  SiLU = —

Upsample ‘ Conv

PSA

Concat

Concat

|

Upsample

Conyv 1x1

_______________________________

Figure 1. Overall architecture of the proposed framework.

3.2. Feature Extraction Backbone

The backbone of YOSDet is constructed as a hierarchical feature extraction network. It
initiates feature extraction via an HGStem module for initial spatial downsampling and low-
level feature embedding. The stem output is then processed by a sequence of depthwise
convolution (DWConv) layers to progressively extract hierarchical feature representations.
A dynamic aggregation module (DAM) is introduced as a backbone aggregation unit
to integrate multi-level features. After DAM-based aggregation, high-level features are
processed through the spatial pyramid pooling fast (SPPF) block and the convolutional
block with parallel spatial attention (C2PSA) as shown in Figure 1. These components jointly
form the backbone network, which produces a multi-scale feature hierarchy, { P;, Py, P}, to
facilitate cross-scale feature integration in the neck.

The DAM is designed as a backbone aggregation unit by leveraging the hierarchical ag-
gregation topology of the HGBlock adopted in RT-DETR [15] and augmenting it with adap-
tive perception. As depicted in Figure 2, the DAM comprises a cascade of DynamicConv
layers, followed by hierarchical feature aggregation with explicit channel reorganization.
In DAM, DynamicConv is adopted as the basic feature transformation operator. Unlike
conventional convolution with fixed kernel parameters, DynamicConv aggregates multiple
parallel convolution kernels dynamically according to the input feature [42]. Considering

RCXHXW

an input feature map X € and a set of K parallel convolution kernels {W;}X_,

the output Y is formulated as
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K

Y =) m(X) (W *X), 1)
k=1

where # is the convolution operation, and 71, (X) represents the aggregation coefficient
of the k-th kernel. These coefficients are derived via a lightweight routing function that
captures the global context of the input feature.

7t = Softmax(FC (¢ (FC(GAP(X))))), ()

where FC(+) denotes the fully connected layer, GAP(-) is global average pooling operation,
and o(-) denotes the sigmoid linear unit (SiLU) activation operator.

Dynamic Aggregation Module

DynamicConv N O ,
Average Pooling l)ynamlc(.om

1 — Data flow

Fully Connected = ____._ > Model parameter flow

1
1
1
1
1
1
1
DynamicConv :
1
| ;
DynamicConv Conv, Conv, Convyg :
Fully Connected I
1 ‘ * k  eesees * |
1
DynamicConv ‘ Softmax — T, 9% :
| -- -
- _—— 1
- - '
1 ¢r .
DynamicConv ¥ :
S — l"zm -4+ Conv > BatchNorm2d —> Activation — O“;"“‘ !
1
—AI 1
pu— RN - ]
y y T ¥
7
 —— Concat — Convixl ——> Convlxl ———  Addition
Aggregation Output

Figure 2. The structure of the dynamic aggregation module, where * denotes the convolution
operation.

The integration of DynamicConv within the DAM is motivated by non-stationary
backscattering characteristics of SAR imagery. Unlike optical images with stable textures,
SAR signals exhibit significant intensity fluctuations depending on incident angles and sea
states. This dynamic mechanism allows kernels to adaptively reconfigure their weights
based on the specific scattering intensity of the input, which is essential for preserving
weak ship signatures while mitigating interference from complex background clutter.

Specifically, within the DAM structure, multiple DynamicConv layers are applied
sequentially, where the output from each preceding layer serves as the input for the subse-
quent one. The original input feature together with all intermediate features are retained
and concatenated along the channel dimension, resulting in a progressively aggregated
representation that preserves both early structural details and deeper semantic information.
Following channel-wise concatenation, the aggregated features are reorganized by two
successive 1 x 1 convolution layers. The primary convolution compresses the concate-
nated features into a compact intermediate representation to reduce channel redundancy
introduced by multi-level aggregation, while the subsequent convolution expands the
compressed features to the target output dimension, completing the channel reorganiza-
tion. When the input and output feature dimensions are identical, a conditional residual
connection is applied to further facilitate information reuse and stable optimization. By
integrating dynamic convolution with hierarchical feature aggregation and explicit channel
reorganization, DAM preserves the structural efficiency of HGBlock-style aggregation
while enabling input-adaptive feature extraction under complex sensing conditions.
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3.3. Multi-Scale Feature Fusion Neck

To effectively integrate multi-scale representations, YOSDet incorporates a path ag-
gregation network (PAN) to amalgamate hierarchical feature sets {P;, Py, P5} extracted
from the backbone. Following the neck design of YOLOV11 [10], the proposed framework
employs a bidirectional feature fusion strategy consisting of top-down and bottom-up
pathways, which helps bridge the semantic gap between different resolution levels. The
C3Kk2 (cross-stage partial with kernel size 2) block serves as a primary component for feature
refinement in the neck.

Asillustrated in Figure 3, the C3k2 block utilizes a cross-stage partial (CSP) architecture
and begins with a 1 x 1 convolution followed by a split operation that divides the input
feature map into two branches. One branch bypasses the transformation layers to preserve
original feature information, forming a residual connection, while another branch is fed
into n stacked C3k modules. Each C3k module contains two convolutions and a bottleneck
structure with 3 x 3 kernels. These outputs of all branches are subsequently combined
through concatenation and a transition convolution. In the top-down pathway, high-level
semantic feature maps are upsampled and then concatenated with lower-level backbone
features to enhance semantic richness at finer scales. In the bottom-up pathway, the fused
feature maps are propagated to deeper levels using 3 x 3 convolutions, reinforcing fine-
grained localization cues. The subsequent detection head benefits from enriched multi-scale
representations, as this bidirectional fusion effectively mitigates the interference of complex
background clutter and scale variations common in SAR imagery.

C3Kk2 block
C3k
Conv |
I 1 Bottleneck Conv
Conv Conv —l l
y Conv Conv2d
——— C3k Bottleneck k,s,p, ¢
L=Eb<) k=G, 3) { ‘
— e Conv BatchNorm2d
C3k Bottleneck i |
k=3, 3) k=3, 3)
’7 ‘ * —>  Concat SiLU
—  Concat —  Concat * t
‘ * add=True/False
Conv Conv
Shortcut=True l ‘

Figure 3. The structure of the C3k2 block with C3k and bottleneck in detail.

3.4. Objective-Guided Detection Head

We introduce an objective-guided detection head (OGDH) to adapt shared features to
the individual objectives of classification and localization, as illustrated in Figure 4. Given
multi-scale features Finpy: from the neck network, a lightweight shared block composed
of two convolutional layers with group normalization (Conv-GN) is first applied. The
outputs of these layers are concatenated to form a unified shared representation F;. Based
on F;, OGDH adopts parallel transformations to derive features specific to classification

and regression, denoted as FZS; and Ffe‘%g
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Figure 4. The structure of the objective-guided detection head with localization quality estimator.

Following feature decomposition, objective-guided processing is conducted in the
two branches. In the classification branch, a dynamic gating mechanism modulates F:l‘g via
element-wise multiplication, producing a gated feature chlT for category prediction. In the
regression branch, geometric alignment is achieved using a deformable convolutional net-
work (DCNv2) [43], which enables adaptive spatial sampling to better capture localization
information. Specifically, sampling offsets and modulation masks predicted from F; are
applied to Froegé, yielding a geometrically aligned feature Frge’; The regression branch adopts
a distribution-based formulation to predict bounding box parameters (x,y, w, h). For OBB
detection, an additional regression head predicts an angle logit xy, which is mapped to the
angular range [— 7, 3] as

6 = (o(xg) —0.25) x 7. 3)

The angular regression range [— %, %T”] spans 7t radians, which sulffices to represent all

unique ship orientations owing to the 180° rotational invariance of OBB. Compared with
conventional ranges such as [—7F, 7] or [0, 77], this interval shifts angular discontinuities
away from the horizontal and vertical axes to diagonal directions. This design choice is
intended to alleviate the boundary sensitivity for ship orientations near the principal axes
during angle regression, facilitating stable optimization.

Localization Quality Estimator

The adoption of LQE is necessitated by spatial misalignment between dominant scat-
tering centers and the target’s geometric centroid in SAR imagery. Strong multi-path
reflections often concentrate on local metallic structures, causing a high classification confi-
dence to be assigned to proposals with poor geometric alignment. LQE addresses this by
extracting statistical uncertainty from the regression distribution to calibrate classification
scores, ensuring consistency between detection confidence and actual localization precision.

Under this framework, the regression branch predicts discrete probability distributions
for the four bounding box boundaries, defined as W = {I,r,t,b}. The corresponding
discrete probability distribution for each boundary is denoted as

P =[P“(yo), P*(y1),..., P (yn), weW, (4)

where y; represents discretized offset bins.
Based on the observation that the sharpness of a distribution reflects localization
certainty, LQE extracts statistical features from each boundary distribution by selecting
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the top-k highest probabilities together with their mean value. The resulting localization
descriptor is formulated as

F = Concat({Topkm(P%) | w € W}), 5)

where F € R* +1), and Topkm(-) represents the integrated procedure of top-k selection
and mean averaging.

The extracted feature F is subsequently fed into a lightweight multilayer perceptron to
predict a localization quality correction term,

Al = F(F) = W, 6(W1F), (6)

where §(-) denotes the ReLU activation function. To ensure stable optimization, the output
layer is initialized to zero, such that the LQE initially performs an identity mapping
and gradually learns effective confidence calibration during training. Instead of directly
rescaling classification scores, LQE performs residual calibration on the classification logits,

C=C+Al )

where C denotes the original classification logits, and C represents the LQE-calibrated
logits.

The LQE branch is trained in an implicit manner without introducing explicit su-
pervision on localization quality. Since the distribution sharpness already encapsulates
localization certainty, the correction term can be optimized indirectly through the classifica-
tion loss. This enables the model to autonomously learn confidence calibration consistent
with localization reliability, rendering additional quality labels redundant.

3.5. Loss Function

The overall training objective is formulated as a weighted sum of three components,
including a classification loss (L.s), an OBB regression loss (L), and a distribution focal
loss (L4;). The total loss is defined as

L = AusLes + AoboLovy + AagiLagi, 8)

where A5, Agpy, and A4 are trade-off coefficients used to regulate the relative importance
of each loss component.

The classification loss is computed using binary cross-entropy with logits, where the
LQE-calibrated logits C are supervised by ground truth (GT) labels,

Lgs = %Z(—yi log(c(C;)) — (1 —y;)log(1 — O'(Ci))), 9)

1

where y; represents the GT label for the i-th positive instance, and ¢(+) and N signify the
sigmoid operator and the total count of positive samples, respectively.

For OBB regression, we adopt the probabilistic intersection over union (ProbloU)
loss, which models each bounding box as a 2D Gaussian distribution and measures their
similarity in a probabilistic principle [44]. Given the predicted and GT distributions p(x)
and g(x), the Bhattacharyya coefficient and distance are formulated as follows.

Belp.a) = [, \/p0a()dx, (10)
Hp(p,q) = /1= Bc(p,9)- (11)
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The regression loss is formulated as
Loy = Hp(p,q) =1 — ProbloU(p,¢) € [0,1]. (12)

The distribution focal loss (DFL) is further employed to refine the regression of bound-
ing box parameters (x, y, w, h) by supervising predicted discrete distributions. Following
the formulation in generalized focal loss, DFL linearly interpolates two adjacent bins
surrounding the continuous target value,

Lasi = —((yig1 — y) log(S;) + (v — i) log(Sit1)), (13)

where y; and y; 1 are the consecutive integer labels satisfying y; < y < y;41, and S;, Si 11

are the predicted probabilities from a Softmax layer, S; = % and S;y1 = 7 z ;z ly

4. Experiments and Results
4.1. Dataset

We evaluate the proposed YOSDet on three widely recognized benchmarks for ori-
ented SAR ship detection: SSDD+ [16], HRSID [17], and SRSDD-v1.0 [18]. Table 1 provides
a comprehensive overview of the statistical characteristics for these datasets.

Table 1. Statistics of SSDD+, HRSID, and SRSDD-v1.0.

Details SSDD (SSDD+) HRSID SRSDD-v1.0
Sources RadarSat-2, TerraSAR-X, Sentinel-1, TerraSAR-X, Gaofen-3
Sentinel-1 TanDEM-X
Polarization HH, HV, VV, VH HH, HV, VV HH, VV
Resolution (m) 1~15 05,1,3 1
Dimensions (pixel) 190~668 800 x 800 1024 x 1024
Images/Instances 1160/2456 5604/16,951 666,/2884
Annotations HBB, OBB, Polygon Polygon OBB
Categories 1 1 6

The SSDD+ [16], which inaugurated public SAR ship detection research, comprises
1160 images and 2456 annotated ships. The data are sourced from multiple SAR sensors,
such as RadarSat-2 and Sentinel-1, covering diverse sea states and imaging conditions.
Following common practice, the dataset is split into training and test subsets using an
8:2 ratio, assigning 928 training images and 232 test images. The HRSID [17] is a high-
resolution benchmark comprising 5604 SAR images and 16,951 ship targets, specifically
designated for detection and segmentation tasks. In this work, OBB labels are derived from
the native instance segmentation masks by fitting the minimum area rotated bounding
box. The dataset is divided into training and testing sets using a 65%:35% split, yielding
3642 training images and 1962 test images. The SRSDD-v1.0 [18] integrates 666 Gaofen-3
SAR images, featuring 2884 ship targets categorized into six types: ore-oil, bulk-cargo,
fishing, law enforcement, dredger, and container ships. Approximately 63.1% of the
images cover complex inshore scenes with intense background clutter and scattering
interference. Following the official data protocol, the imagery is partitioned into a training
set of 532 images and a test set of 134 images.

4.2. Implementation Details and Evaluation Metrics

Our experimental framework is built upon PyTorch 2.1.0 and conducted under iden-
tical hardware conditions. We standardize the input resolutions for SSDD+ and HRSID
to 512 x 512 and 800 x 800 pixels, respectively, while the SRSDD-v1.0 images are scaled
to 640 x 640. Training is conducted over 300 epochs, utilizing a batch size of 4 for the
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former two datasets and 2 for the latter. The optimization process is driven by a stochastic
gradient descent (SGD) algorithm, configured with a 0.01 learning rate, 0.937 momentum,
and 5 x 10~* weight decay. For comparative analysis, various SOTA oriented detectors are
rigorously assessed against the same configuration settings via MMRotate platform [45].

To evaluate the oriented object detection performance, several standard metrics are
employed, including precision (P), recall (R), F1 score, and mean average precision (mAP).
The Fl-score is computed as the harmonic mean of precision and recall. The inference
efficiency is measured by frames per second (FPS). These core evaluation criteria are
formulated as follows.

TP

Precisi P)= ——— 14

recision (P) TP+ P’ (14)
TP

Recall (R) = =——— 1

ecall (R) TP+ FN’ (15)
2-P-R

Fl-score = PIR’ (16)

where TP represents correctly detected instances (true positives), FP denotes incorrect
detections (false positives), and FN indicates missed objects (false negatives).

The AP is determined by integrating over the precision-recall curve, and the mAP
represents the mean AP across all N object categories:

1 N
AP = / P(R)dR, mAP = % Y AP,. (17)
0 n=1

The FPS metric quantifies the model’s processing speed and is calculated by

s
FPS = — 1
S=17 (18)
where s and T represent the number of samples and the corresponding processing time,
respectively.

4.3. Comparisons of Performance

To evaluate the performance of YOSDet, we compare it against several SOTA oriented
object detectors, focusing on methods designed for OBB tasks to ensure a consistent evalua-
tion protocol under oriented representation and metrics. The comparison includes classical
two-stage methods like Rol Transformer [26], Oriented R-CNN [27], and ReDet [28] and rep-
resentative single-stage detectors including R3Det [29], S2A-Net [30], and Rotated FCOS [8],
as well as recent lightweight YOLO-based models, YOLOv11-OBB [10] and YOLOv13-
OBB [11]. Our evaluation prioritizes detection accuracy, robustness across different mar-
itime scenes, and computational efficiency. As summarized in Tables 2 and 3, YOSDet
achieves a superior trade-off between these performance metrics and model complexity.

On the SSDD+ dataset, YOSDet achieves a peak mAP of 96.8%, which is a 1.9%p
improvement over the second-best method, YOLOv13-OBB. In challenging inshore scenes,
where heavy land clutter and complex electromagnetic scattering typically degrade per-
formance, YOSDet maintains a robust mAP of 92.1% and an F1 score of 90.9%, surpassing
YOLOV13-OBB by 8.3%p and 10.3%p, respectively. This performance indicates that the
proposed method effectively suppresses background interference and maintains high
localization accuracy for targets in dense arrangements.
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Table 2. Quantitative assessment of detection efficacy on SSDD+ across diverse scenarios (%).

Entire Scene Inshore Scene Offshore Scene

Method Param FLOPs FPS
M) (®) P R mAP F1 P R mAP F1 P R mAP F1
R-Faster-RCNN [12] 41.12 63.25 87.8 789 78.0 83.1 662 60.5 53.7 632 914 933 89.2 923 88.1
Gliding Vertex [46] 41.13 63.25 89.6 80.8 80.2 850 784 57.0 57.9 66.0 921 93.6 90.0 92.8 86.1
Rol Transformer [26] 55.03 77.15 943 844 88.0 89.1 864 663 68.8 75.0 964 94.1 90.6 95.3 61.6
Oriented R-CNN [27] 41.35 63.28 923 835 87.2 877 769 657 66.9 70.8 972 928 90.4 949 52.8
R-RetinaNet [7] 36.13 52.39 840 799 78.4 819 557 512 45.6 533 951 939 90.0 945 1327
ReDet [28] 31.54 40.88 96.2 89.2 90.3 926 884 709 71.3 787 979 98.9 90.9 98.4 345
R3Det [29] 41.58 82.17 97.0 84.2 87.5 90.2 90.6 61.6 67.5 734 984 963 90.8 97.3 45.6
SZA-Net [30] 38.54 49.05 92.0 90.7 89.9 913 821 773 76.3 79.6 96.3 96.8 90.7 96.5 90.6
R-ATSS [47] 36.01 51.79 939 87.0 88.5 90.3 826 66.3 66.4 735 976 979 90.7 97.7 1419
Rotated FCOS [8] 31.89 51.55 87.8 80.0 79.4 837 634 564 53.3 59.7 93.6 93.6 89.6 93.6 1449
Rotated RepPoints [48] 36.60 48.56 856 775 77.5 81.3 629 483 48.7 546 894 947 88.5 919 1120
Oriented RepPoints [49] 36.60 48.56 95.1 85.0 89.0 89.7 849 622 70.6 71.8 973 96.8 90.8 97.1 76.5
SASM RepPoints [50] 36.60 48.56 909 85.5 87.8 88.1 86.2 61.6 69.6 719 972 941 90.7 95.7 1116
YOLOv11-OBB [10] 2.65 4.20 972 90.3 94.0 936 934 744 82.3 829 981 98.1 98.6 98.1 120.5
YOLOv13-OBB [11] 2.52 4.10 927 923 94.9 925 816 79.6 83.8 80.6 98.1 98.1 98.6 98.1 117.6
WSL paradigm [37] 55.84 - - 89.7 87.3 - - 73.3 67.5 - - 95.0 93.9 - 19.7
YOSDet 2.15 5.00 97.4 94.7 96.8 96.0 949 872 92.1 909 981 98.7 98.6 98.4 70.4
Table 3. Quantitative assessment of detection efficacy on HRSID across diverse scenarios (%).
Entire Scene Inshore Scene Offshore Scene
Method Param FLOPs FPS
M) (&) P R mAP F1 P R mAP F1 P R mAP F1

R-Faster-RCNN [12] 41.12 13438 859 649 67.8 74.0 571 455 42.8 50.6 941 90.9 88.2 92.5 51.9
Gliding Vertex [46] 41.13 13439 852 66.8 69.5 749 613 443 439 515 95.6 90.6 90.3 93.1 55.3
Rol Transformer [26] 55.03 14828 86.7 72.7 76.6 79.1 69.3 520 53.0 594 972 934 90.7 95.2 423
Oriented R-CNN [27] 41.35 13446 89.2 732 78.1 804 69.7 554 55.5 61.7 97.0 945 90.7 95.7 65.7
R-RetinaNet [7] 36.13 128.09 79.2 65.3 66.7 71.6 535 40.7 37.7 463 921 920 88.5 92.1 61.3
ReDet [28] 31.54 59.74 88.3 775 79.6 82.6 757 584 62.1 659 974 955 90.7 96.5 31.6
R3Det [29] 41.58 20092 903 715 76.8 79.8 70.3 537 54.7 609 96.2 938 90.7 949 42.4
S2A-Net [30] 38.54 119.92 910 76.0 79.6 828 755 58.8 61.7 66.1 98.0 95.0 90.8 96.5 48.9
R-ATSS [47] 36.01 126.62 86.1 70.8 74.5 77.7 68.1 499 51.0 57.6 957 928 89.9 94.3 63.7
Rotated FCOS [8] 31.89 12598 82.0 69.3 74.1 751 604 51.1 49.1 55.3 927 91.8 89.8 92.3 72.3
Rotated RepPoints [48] 36.60 118.72 76.7 70.8 71.7 73.6 595 51.2 49.5 55.1 90.7 927 88.6 91.7 59.6
Oriented RepPoints [49] 36.60 118.72 854 79.7 79.4 825 719 631 63.8 672 972 94.6 90.6 95.9 72.1
SASM RepPoints [50] 36.60 118.72 881 715 77 .4 789 69.6 545 57.6 61.1 951 919 90.4 93.5 55.4
YOLOv11-OBB [10] 2.65 10.20 899 79.1 86.3 842 774 627 69.4 693 974 96.2 97.5 96.8 108.7
YOLOvV13-OBB [11] 2.52 10.00 89.3 80.1 86.8 844 768 65.8 71.9 709 97.6 947 96.7 96.1 109.9
WSL paradigm [37] 55.84 - - 85.0 81.5 - - 78.9 71.6 - - 96.2 94.8 - 16.9

MSDFF-Net [38] 8.94 - 83.6 88.1 83.1 858 69.7 755 70.1 725 984 98.0 91.9 98.2 -
YOSDet 2.15 12.30 90.2 822 88.5 86.0 80.1 68.5 75.4 739 969 96.0 97.1 965 108.7

On the HRSID dataset, YOSDet obtains an m AP of 88.5% with a parameter count of
only 2.15 M. Compared with YOLOv13-OBB, YOSDet yields a 1.7% improvement in mAP
while operating at a comparable inference speed. The notable enhancement in recall, which
reaches 82.2% for the entire scene compared to 80.1% for YOLOv13-OBB, indicates that
YOSDet effectively mitigates missed detections for small and densely distributed ships,
which remain a major challenge in high-resolution SAR imagery.

The performance comparison across various ship classes on SRSDD-v1.0 is detailed
in Table 4. YOSDet outperforms all compared methods with the highest mAP of 67.3%,
exceeding the second-best TTAR-SAR by 3.4%. The results highlight that YOSDet excels in
identifying categories with high geometric complexity and irregular scattering patterns,
particularly fishing boats and container ships. In the fishing boat category, YOSDet achieves
46.2% AP, which is 4.7% higher than the second-best RBFA-Net. Similarly, for container
ships, YOSDet reaches 85.9% AP, leading the second-best YOLOv11-OBB by 7.0%. The
consistent performance across all categories demonstrates the generalizability of the model
in practical diverse ship categories and complex maritime environments.

In addition to the detection accuracy, computational efficiency is paramount for edge
deployment. While YOSDet increases the FLOPs from 4.20 G to 5.00 G on SSDD+ and from
10.20 G to 12.30 G on HRSID, this marginal overhead is a deliberate strategic exchange
that yields a significant 18.9% reduction in total parameters. The proposed modules are
designed as structural replacements for the original backbone blocks and detection head
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rather than additive plug-in modules, allowing most computations to reuse existing feature
resolutions and operations. With only 2.15 M parameters, representing approximately
5.2% of those used by Oriented R-CNN, and an inference speed of up to 108.7 FPS on
the HRSID, YOSDet attains an optimal equilibrium between accuracy and efficiency. This
high inference efficiency, combined with its competitive precision, confirms that YOSDet is
well-suited for deployment in resource-constrained SAR ship detection applications.

Table 4. Quantitative assessment of detection efficacy on SRSDD-v1.0 across diverse categories (%).

Method Ore-0il Bulk-Cargo Fishing Law Enf. Dredger Container mAP
R-Faster-RCNN [12] 54.6 459 21.6 9.1 78.2 72.2 46.9
Gliding Vertex [46] 43.7 44.8 25.8 3.9 74.5 76.6 449
Rol Transformer [26] 64.8 494 24.3 13.6 70.7 71.0 49.0
Oriented R-CNN [27] 61.8 57.6 334 27.3 78.7 78.1 56.1
R-RetinaNet [7] 39.1 30.0 215 0.6 56.5 51.8 33.2
ReDet [28] 59.9 46.6 25.5 27.3 719 77.2 51.4
R3Det [29] 54.5 51.5 254 28.2 779 82.9 53.4
S?A-Net [30] 63.4 45.0 30.5 20.9 74.4 77.3 51.9
R-ATSS [47] 52.6 441 223 54.5 76.0 81.6 55.2
Rotated FCOS [8] 57.5 42.8 254 31.3 80.8 71.7 51.6
Rotated RepPoints [48] 40.5 36.6 21.9 0.1 78.0 63.2 40.1
Oriented RepPoints [49] 61.1 494 48.8 17.7 80.3 81.3 56.4
SASM RepPoints [50] 59.4 43.5 29.8 1.0 75.4 74.4 47.3
YOLOV11-OBB [10] 48.4 49.7 30.0 449 70.5 78.9 53.7
YOLOvV13-OBB [11] 51.3 51.1 14.6 62.1 84.2 76.4 56.6
RBFA-Net [36] 59.4 574 415 73.5 77.2 71.6 63.4
TIAR-SAR [51] 55.7 69.3 33.1 100.0 70.8 54.5 63.9
YOSDet 494 60.2 46.2 789 83.4 85.9 67.3

To further evaluate the detection performance under challenging SAR conditions,

Figures 5 and 6 present qualitative visual results on SSDD+ and HRSID. For SSDD+

(Figure 5), YOSDet successfully distinguishes ships from complex land clutter (a) and

resolves densely clustered targets (b) using orientation-aware bounding boxes, effectively

suppressing clutter-induced false alarms. In inshore scenes with small ships and coastal

structures (c) and offshore low-SNR environments with multiple small targets (d), the model

demonstrates robust detection, capturing weak or closely spaced ships that baseline detec-

tors often miss. On HRSID (Figure 6), YOSDet maintains precise localization across varied

inshore scenarios (a—d) and shows strong scale adaptability for both extremely small and

giant vessels in offshore scenes (e,f). Overall, these visualizations confirm YOSDet's ability

to mitigate both missed detections and false alarms across diverse maritime environments.

(@)

(b) (c)

Ground Truth

Figure 5. Cont.
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Figure 5. Qualitative detection results on SSDD+. (a) Inshore scene with complex land clutter,
(b) inshore scene with densely clustered ships, (c) inshore scene with small ships and coastal structures,
and (d) offshore scene with multiple small targets in a low signal-to-noise ratio (SNR) scenario. Green
rectangles represent predicted OBBs, and yellow and blue circles indicate missed detections and false
alarms, respectively.

(f)

Oriented R-CNN

Figure 6. Cont.
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ReDet

YOSDet (Ours)

Figure 6. Qualitative detection results on HRSID. (a-d) Inshore scenes and (e,f) offshore scenes.
(a) Moored ships along a wharf, (b) ships of various sizes within complex backgrounds, (c) multiple
small vessels at an estuary, (d) large ships near the shoreline, (e) extremely small ships in the open
sea, and (f) a giant vessel. Green rectangles represent the predicted OBBs, and yellow and blue circles
indicate missed detections and false alarms, respectively.

4.4. Ablation Study

Ablation experiments are performed on SSDD+, HRSID, and SRSDD-v1.0 to evaluate
the contribution of each proposed component. The detailed analysis is summarized in
Table 5. The OGDH facilitates task coordination and structural optimization. By replacing
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the standard OBB detection head with our proposed OGDH as the Row (3), the model
parameters significantly decrease from 2.65 M to 2.24 M. This reduction indicates that our
objective-guided design is more parameter efficient than the baseline head. Despite the
leaner architecture, the mAP on the complex SRSDD-v1.0 dataset improves from 53.7%
to 59.4%, demonstrating that OGDH effectively resolves the inherent conflicts between
classification and localization through superior task decomposition.

Similarly, the DAM substitutes original feature extraction units to strengthen the
backbone’s representational ability, particularly in suppressing heavy background clutter
in SAR images. This substitution is evidenced by the consistent boost in recall (R), such
as the improvement from 90.3% to 92.1% on SSDD+. By prioritizing salient ship related
regions rather than redundant global information, DAM ensures that the model captures
potential targets more effectively during the feature encoding stage.

The integration of the LQE module provides a critical calibration for OBB predic-
tions. While LQE addition on the baseline model brings negligible parameters, the version
adapted for the OGDH framework introduces a slight increment (+0.1M) to match the
higher feature dimensionality maintained within the OGDH structure. This refined config-
uration yields substantial returns in localization precision; the full proposed framework
(Row 6) achieves a peak mAP of 67.3% and an mAPs.95 of 34.4% on SRSDD-v1.0. Conse-
quently, integrating these modules yields an improvement of 13.6% m AP over the baseline,
while requiring only 2.15 M parameters.

Table 5. Ablation study of different module combinations on SSDD+, HRSID, and SRSDD-v1.0.

Component Params SSDD+ HRSID SRSDD-v1.0

DAM OGDH LQE ™M) P R mAP mAPs5p; P R mAP mAPs5p9 P R mAP mAPspos
(1) - - - 2.65 972 903 94.0 50.9 898 791 863 46.9 547 482 53.7 27.1
(2) + - - 2.47 953 921 943 51.8 89.0 809 858 47.2 632 539 563 31.2
(3) - + - 2.24 96.0 927 955 48.8 91.7 792 869 47.2 545 648 59.4 32.7
4) - - + 2.66 973 916 951 52.1 904 807 879 47.2 59.6 60.4 583 30.9
(5) + + - 2.05 967 916 948 52.2 892 809 871 46.5 652 611 648 33.2
(6) + + + 2.15 974 947 96.8 54.4 90.2 822 885 49.1 64.0 668 67.3 34.4

To analyze the sensitivity of key hyperparameters, we conduct a detailed ablation
study on the DAM and OGDH modules as summarized in Table 6. For the DAM module,
different numbers of dynamic convolution kernels (k € {2, 4, 8}) are evaluated. Increasing k
from 2 to 4 leads to a substantial 1.7% improvement in m A P5g.95 and improves performance
in inshore scenarios, indicating enhanced localization robustness under complex clutter
conditions. Although k = 2 exhibits a marginal advantage in simple offshore scenes, it
lacks competitiveness in complex areas. Further increasing k to 8 does not bring addi-
tional performance gains while introducing extra parameters. For the OGDH module,
we investigate the impact of the group normalization parameter (g € {8,16,32}). While
g = 8 shows slight gains in offshore scenarios, ¢ = 16 achieves a superior mAP;, of 92.1%,
outperforming the ¢ = 8 configuration by 2.6%. In contrast, setting ¢ = 32 degrades both
P and R, suggesting that overly fine-grained normalization may disrupt stable feature
statistics. These observations suggest that the combination of k = 4 and g = 16 provides
a more robust and stable configuration across diverse SAR maritime scenarios. Notably,
the FLOPs remain constant at 5.00 G across all configurations of k and g, indicating that
hyperparameter tuning does not introduce additional computational overhead or latency.

As illustrated in Figure 7, the proposed LQE improves the consistency between clas-
sification confidence and localization quality. Compared with the baseline model, the
confidence scores calibrated by LQE exhibit a clearer positive correlation with IoU and are
closer to the ideal alignment line. This improvement is further reflected by a reduction in
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the mean absolute error (MAE) from 0.138 to 0.130, indicating that the calibrated confidence
better reflects localization reliability.

Table 6. Sensitivity analysis of hyperparameters in DAM and OGDH modules on SSDD+ across
diverse scenarios.

(a) Impact of dynamic convolution kernel number k.

k P R mAP mAPs50.95 mAP;, mAP ¢ Params  GFLOPs FPS

2 96.2 92.5 96.7 52.7 914 98.7 1.98 5.00 69.9

DAM 4 97.4 94.7 96.8 54.4 92.1 98.6 2.15 5.00 70.4
8 96.6 93.0 96.6 54.2 91.3 98.6 2.51 5.00 70.4

(b) Impact of group normalization number g.

g P R mAP mAPs50.95 mAP;, mAP ¢ Params  GFLOPs FPS

8 94.1 93.8 96.4 53.3 89.5 98.9 2.15 5.00 69.9

OGDH 16 97.4 94.7 96.8 54.4 92.1 98.6 2.15 5.00 70.4
32 96.5 91.6 95.9 53.1 89.3 98.3 2.15 5.00 69.4

Classification Confidence vs. loU

Ideal Alignment (Score = loU)
= Base Model (MAE=0.138)
= With LQE (MAE=0.130)

0.9

0.8

0.7

0.6

0.5

0.4

Classification Score (Prediction Confidence)

0.3

0.2

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0
Localization Quality (loU with GT)

Figure 7. Comparison of confidence-IoU correlation with and without LQE. The dashed line denotes
the ideal Score = IoU alignment.

5. Discussion

These experimental results demonstrate that, for SAR ship detection, optimizing the
feature aggregation and task alignment is more important than simply increasing the
network depth. YOSDet maintains high precision in nearshore scenarios (92.1% mAP on
SSDD+ and 75.4% mAP on HRSID), where baseline models often struggle with land clutter.
This robustness indicates that adaptive feature aggregation plays an important role in
mitigating the influence of complex coastal scattering, rather than relying solely on deeper
network structures. Unlike standard convolutions with fixed weights, the DAM adjusts
its kernels dynamically based on input backscattering patterns, which provides a flexible
mechanism to adapt feature responses under heterogeneous SAR imaging conditions,
enabling the model to emphasize structured hull scattering while suppressing random
reflections from surrounding infrastructure.

On the SRSDD-v1.0 dataset, container ship detection achieves 85.9% AP, further
demonstrating the synergy between OGDH and LQE. In SAR imagery, dominant scattering
peaks often originate from localized structures such as the bridge, which may not align
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with the geometric center of the target. Standard coupled heads often produce skewed
bounding boxes in these cases, whereas OGDH resolves this by decoupling boundary
regression from classification features. LQE complements this approach by calibrating
detection scores based on regression sharpness, ensuring that high-aspect-ratio vessels
remain tightly bounded even under irregular scattering or partial occlusion.

Despite the overall performance gains, the detection accuracy for fishing boats on
SRSDD-v1.0 remains limited (46.2% AP). This is mainly due to the extremely small target
size and weak backscattering responses of fishing boats, which are often indistinguishable
from surrounding sea clutter. In addition, OBB regression for small targets is highly sensi-
tive to minor localization errors, where slight deviations in angle or boundary estimation
can cause a substantial drop in IoU. These factors make small-vessel detection a persistent
challenge in SAR imagery, even with improved feature aggregation and task decoupling.

Regarding target integrity, YOSDet shows clear advantages for vessels with extreme
scale variations. Baseline methods frequently misidentify intense local scattering on large
hulls as multiple small targets, a phenomenon primarily attributed to the scale imbalance
in training data. Several missed detections can still be observed in nearshore scenarios.
Qualitative inspection indicates that these failures are mainly caused by extremely low
signal-to-noise ratios or close proximity to high-reflectivity harbor structures, where domi-
nant land scattering suppresses ship-specific features. This suggests that nearshore SAR
ship detection remains highly sensitive to clutter intensity and local scattering complexity.
Future work could explore utilizing generative adversarial networks (GANs) to augment
feature representations for small targets or incorporating explicit scale supervision to miti-
gate such scale-dependent misidentifications. Beyond single-frame detection, the oriented
geometry and high inference speed of YOSDet offer significant practical potential for tem-
poral modeling. The orientation can serve as a critical state variable in tracking methods to
refine motion prediction, while the computational efficiency provides a sufficient margin
for real-time multi-frame association in continuous maritime surveillance.

6. Conclusions

In this work, we propose YOSDet, a YOLO-based oriented ship detection framework
tailored for SAR imagery, addressing challenges such as background interference, speckle
noise, and misalignment between classification and localization. By integrating the DAM,
OGDH, and LQE, YOSDet achieves superior feature representation, decoupled optimization
of classification and regression, and consistent confidence calibration. Extensive evaluations
on SSDD+, HRSID, and SRSDD-v1.0 benchmarks substantiate the model’s efficacy in
both offshore and inshore scenes, particularly for targets with extreme scale. With only
2.15 M parameters, YOSDet balances high detection accuracy with computational efficiency,
making it applicable for real-time deployment. By providing reliable OBB and consistent
confidence, YOSDet serves as a foundation for downstream maritime tasks such as ship
tracking. Future work will prioritize augmenting small target representation and improving
scale generalization to further boost detection performance across diverse SAR scenes.
Overall, YOSDet provides a practical and effective framework for oriented ship detection
in complex maritime environments.
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