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Abstract: Due to the significant discrepancies in the distribution of ships in nearshore and offshore
areas, the wide range of their size, and the randomness of target orientation in the sea, traditional
detection models in the field of computer vision struggle to achieve performance in SAR image ship
target detection comparable to that in optical image detection. This paper proposes an oriented
ship target detection model based on the YOLO11 algorithm, Neural Swin Transformer-YOLO11
(NST-YOLO11). The proposed model integrates an improved Swin Transformer module called
Neural Swin-T and a Cross-Stage connected Spatial Pyramid Pooling-Fast (CS-SPPF) module. By
introducing a spatial/channel unified attention mechanism with neuron suppression in the spatial
domain, the information redundancy generated by the local window self-attention module in the
Swin Transformer Block is cut off. Furthermore, the idea of cross-stage partial (CSP) connections
is applied to the fast spatial pyramid pooling (SPPF) module, effectively enhancing the ability to
retain information in multi-scale feature extraction. Experiments conducted on the Rotated Ship
Detection Dataset in SAR Images (RSDD-SAR) and the SAR Ship Detection Dataset (SSDD+) and
comparisons with other oriented detection models demonstrate that the proposed NST-YOLO11
achieves state-of-the-art detection performance, demonstrate outstanding generalization ability and
robustness of the proposed model.

Keywords: neural network; oriented detection; remote sensing; ship detection; synthetic aperture
radar (SAR)

1. Introduction

Operating in the microwave band, synthetic aperture radar (SAR) offers distinct advan-
tages over optical remote sensing systems, covering its all-time, all-weather characteristics
as well as the capability to penetrate clouds and fog. Since the emergence of SAR in
the 1950s, its extensive applications have been evident across both military and civilian
fields [1–8] (e.g., battlefield reconnaissance, precise guidance for seekers, terrain mapping,
and urban management). Maritime surveillance [9], in particular, emerged as a pivotal
mission in both domains. Driven by military security concerns [10] and the imperative for
maintaining maritime activities [11], the detection of ship targets has become significant, yet
challenging. Ships are usually sparsely distributed in the open sea but densely packed near
the coast [12], further complicated by strong clutter interference inshore. This variability
poses a significant challenge for SAR image interpretation systems to efficiently deliver
accurate detection results.

SAR automatic target recognition (SAR ATR) [13], a challenging task introduced in
the last century, aims to spot and recognize the targets of interest from an enormous
amount of remote sensing data gained from high-resolution SAR systems using not only
amplitude information but all obtained features (phase, frequency, polarization and so on).
The standard procedure for SAR ATR is as follows: prescreen (locates candidate targets),
discriminate (rejects false alarm), and classify (recognizes targets by type). Some early

Remote Sens. 2024, 16, 4760. https://doi.org/10.3390/rs16244760 https://www.mdpi.com/journal/remotesensing

https://doi.org/10.3390/rs16244760
https://doi.org/10.3390/rs16244760
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/remotesensing
https://www.mdpi.com
https://orcid.org/0009-0005-7267-827X
https://orcid.org/0000-0002-4864-4097
https://orcid.org/0009-0004-0297-4762
https://orcid.org/0000-0002-1363-9140
https://doi.org/10.3390/rs16244760
https://www.mdpi.com/journal/remotesensing
https://www.mdpi.com/article/10.3390/rs16244760?type=check_update&version=2


Remote Sens. 2024, 16, 4760 2 of 19

attempts [14,15] involved excavating features from SAR images based on image processing
and statistical analysis or attaining pattern recognition based on scattering center extraction.
Undeniably, accurate and effective signal processing methods can still achieve relatively
satisfying results today [16], but those traditional approaches mean a huge consumption of
time, human resources, and theoretical analyses. A paradigm shift for hand-crafted feature
selection and discrimination is surely to come.

Over the past two decades, deep learning techniques, with convolutional neural net-
works (CNNs) as leading representatives, have achieved remarkable success in the field
of computer vision (CV). Researchers have been utilizing state-of-the-art deep learning
methodologies for SAR ship detection tasks. However, due to the complex texture, abstract
feature presentation of SAR images and unique microwave characteristics, those detection
models are far from reaching a practical level in comparison to deploying them on optical
images [5]. Obstacles are, in the perspective of a ship’s distribution in the SAR images,
targets usually oriented randomly, which diminishes the accuracy of detection when using
non-rotatable rectangular bounding boxes; the wide variation in ship sizes, ranging from
around 60 ft (trawler) to 1000 ft (aircraft carrier) [17], renders traditional anchor box detec-
tion methods ineffective. The fixed scaling design not only fails to accommodate this size
diversity but also leads to considerable computational redundancies. The abovementioned
challenges indicate that deep learning methods should be better adapted to the related
field, not simply using what we had already in the CV field.

To enhance the detection capability of multi-scale SAR ship targets in complex coastal
environments, this paper proposes an improved Transformer module based on neural
spatial suppression (Neural Swin Transformer [18]) and a cross-stage pyramid feature
pooling module with fast connections (CS-SPFF), utilizing the You Only Look Once 11
(YOLO11) architecture to complete the task of oriented bounding box object detection.
Specifically, the Neural Swin Transformer (NST) module efficiently extracts feature maps
that capture both local and global information through the Transformer structure and
assigns importance weights to each component based on the inhibitory rule of important
neurons on neighboring neurons in neuroscience, improving the representation efficiency of
the Swin-T module; inspired by CSPDarkNet [19], the fast pyramid spatial pooling module
is added with residual connections, effectively reducing the loss of information extraction
during pooling. We conducted module ablation experiments on the Rotated Ship Detection
Dataset in SAR images (RSDD-SAR) [20] and SAR Ship Detection Dataset (SSDD+) [21],
and compared the performance with most of the current SAR ship target-oriented detection
models, achieving the best performance in both nearshore and offshore detection tasks;
a comparison of the detection results of some data from different models is presented,
reflecting the excellent extraction capability of the proposed model for multi-scale targets
and the perception ability of nearshore terrain. Overall, the main contributions of this
paper are as follows:

1. Illustrated the existing challenges on the arbitrary-oriented ship detection in SAR
images by analyzing different deep learning methods and common mechanisms
employed in the field;

2. Proposed a CNN model, NST-YOLO11, integrating Neural Swin Transformer (Neural
Swin-T) and Cross-Stage connection Spatial Pyramid Pooling-Fast (CS-SPPF) based
on YOLO11;

3. Summarized the performance of the proposed model for arbitrary-oriented ship
detection in SAR images on RSDD-SAR and SSDD in recent years and achieved state-
of-the-art detection results on these two datasets. SOTA results were also achieved in
the subsets of RSDD-SAR divided by nearshore and offshore scenes.

The organization of the remaining sections of the article is as follows: Section 2
introduces related work. Section 3 provides a detailed description of the proposed model
and its improvement methods. Section 4 presents comparative experiments and ablation
studies of the proposed model. Section 5 discusses the results and visualizes the advantages
of the model. Finally, Section 6 summarizes the work presented in this article.
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2. Related Work
2.1. Deep Learning-Based Bounding-Box SAR Ship Detection Models

Researchers have come up with a series of novel detection models based on deep
learning, which mostly fall into two categories: one-stage and two-stage detectors. Some
typical models from the former type are the YOLO series [19,22–26], FCOS [27], SSD [28],
and DEtection TRansformer (DETR) [29]. Unlike the other one-stage detectors, Transformer-
based [30] detection models (DETR [29] included) attach a Transformer encoder–decoder
to a conventional CNN backbone, thus greatly improving the detection performance
in exchange for a blooming number of parameters. Two-stage detectors include Fast
R-CNN [31], R-FCN [32], Faster R-CNN [33], and Mask R-CNN [34]. To conclude, one-
stage detectors are commonly faster than two-stage detectors because of their smaller and
simpler network structures, while two-stage detectors would win the battle of precision.
The promising attention mechanisms enable CNN models to comprehend SAR ship images
from multi-scale and terrain-aware perspectives to a new extent.

Considering the multi-scale feature of dispersed ships in SAR images, it is widely ac-
cepted that there should be a network structure aimed at extracting information at different
scales. The feature pyramid network (FPN) [35] is one suitable form. The lateral connection
from top to bottom transfers object information with decreasing scales, which efficiently
pays attention to targets of varied sizes. Research [36–41] has focused on improving FPN to
meet the various needs of, for example, efficiency, detailed features, or lightweight models.

2.2. SAR Ship Detection Models Using Attention Mechanism

As the attention mechanism becomes a heated topic, relevant effective models have
opened up a new field, previously dominated by CNNs. The CFAR-YOLO model, put
forward by Xue Wen et al. [42], incorporates frequency domain information into the channel
attention mechanism, receiving a satisfying detection result combined with its handcrafted
feature extraction module. Inspired by the imaging mechanism of SAR, Xiangdong Tan
et al. [43] employ an amplitude gradient guided feature extraction module to obtain
attention from the range-compressed domain, thus enhancing the feature extraction process
for ship targets in azimuth gates. Emphasizing spatial and frequency features in SAR
images, Shiyu Wang et al. [44] fuse the spatial and frequency texture information into
feature maps using haar wavelet transform and a shortcut convolutional block attention
module (CBAM) [45] in a double-backbone network. Chunjie Zhang et al. [46] utilized
a nested path aggregation attention module before an anchor-free key-point detection
head, thereby obtaining a higher resolution layer with fine-grained SAR ship features in
complex scenes. Those comparable attention methodologies seize global features and their
correlations implicitly, thus enhancing the model detection performance in complex scenes.

2.3. Arbitrary-Oriented and Anchor-Free SAR Ship Detection Models

How detection models generate bounding boxes of the targets makes a major contribu-
tion to determining the location and orientation of the ships in SAR images [47]. Zhongzhen
Sun et al. [48] put this thought into practice in the arbitrary-oriented bounding box model
with a bi-directional feature fusion architecture for ship targets with multiple resolutions to
be captured precisely. The model extracts multi-scale features and classifies angle informa-
tion as a whole, generating bounding boxes that fit ship targets with the direction attached.
In [49], a multilevel feature fusion module (MFFM) with atrous convolution for expanding
the receptive field is proposed. With MFFM being the backbone, a decoupled detection
head for object classification and angle regression is followed. In addition to the adoption
of the oriented bounding box, anchor-free methodologies also gain evident advantages over
anchor-based, in computation, latency, and even sometimes precision. The anchor-based
algorithms require an artificial design of the scale and ratio of the bounding box, showing a
lack of flexibility and efficiency. By regressing on the center coordinate, height and width
of the object, the anchor-free method cuts off the redundancy and owns its speedy feature.
This is instructive for the new YOLO series [24,26] to refine their detection heads. HuiYao
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Wan et al. [50] proposed an anchor-free model using MobileNetV2S as the backbone and
adopted a decoupled detection head, beating its original YOLOX model by 0.005 mAP on
the SSDD dataset. The two approaches innovated the generation of rotated bounding boxes,
leaving great potential for exploring the use of CNN-based models in arbitrary-oriented
SAR ship target detection tasks.

3. Methodology

Inspired by YOLO11 by Ultralytics, this paper proposes a single-stage oriented de-
tection model that integrates Vision Transformer (ViT) with a neuron spatial suppression
attention mechanism. Based on the cross-stage partial (CSP) idea, improvements are made
to the spatial pyramid pooling-fast (SPPF), aiming to enhance the model’s efficient global
perception capability for multi-scale targets.

3.1. Overall Structure of NST-YOLO11

The overall structure of NST-YOLO11 is shown in Figure 1. The model employs the
original CSPDarkNet (first left column of the backbone network) followed by Neural Swin-
T and CS-SPPF as the backbone network to enhance its representational ability, hoping
to output more comprehensive and complete feature maps for information extraction. In
the upper part of Figure 1, some fundamental elements (C3k2, C3, Bottleneck and Conv)
of YOLO11 are shown. Generally, Neural Swin-T evolves from the Swin Transformer
network. Considering the spatial suppression capability of important neurons in the
neuroscience field, an energy function is designed to assign higher attention weights to
such special neurons, effectively reducing some redundancy generated by focusing on local
information in the Swin Transformer. Inspired by CSPDarkNet and [24], CS-SPPF makes
max-pooling layers connected in series and concatenated with the original input as cross-
scale feature maps for subsequent processing, improving pooling efficiency by reusing
feature maps. Next, going through the feature-fusion neck, features are input into an
anchor-free decoupled multi-scale oriented detection head. The use of the decoupled head
avoids the confusion caused by the same branch performing classification and oriented box
regression tasks, effectively improving training efficiency and target detection capability.

Figure 1. Overall Structure of NST-YOLO11. Module names in red represent the proposed modification.

3.2. Swin Transformer Module with Neural Attention (Neural Swin-T)

Swin Transformer [51], introduced by Microsoft Research Asia in 2021, represents a
groundbreaking visual processing algorithm that builds upon the Transformer architecture.
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The core component of Swin-T is the Swin-T Blocks. The window-based self-attention
module lacks connections between blocks, which diminishes the model’s performance. To
introduce cross-window connections while maintaining computational efficiency, the paper
proposed a sliding window partitioning method that allows for the adjustment of partition
settings between consecutive Swin-T Blocks. As depicted in Figure 2, the first Swin-T block
kept its multi-head self-attention module to be a regular one, that is to say, a 4 × 4 input
feature map will be evenly partitioned into four 2 × 2(M = 2) windows. Differently, the
following block adopted a shifted windowing configuration by offsetting the windows by
(⌊M/2, M/2⌋) from the original window. The feature going through these consecutive
Swin Transformer blocks could be expressed by:

ẑl = W-MSA(LN(zl−1)) + zl−1,

zl = MLP(LN(ẑl)) + ẑl ,

ẑl+1 = SW-MSA(LN(zl)) + zl ,

zl+1 = MLP(LN(ẑl+1)) + ẑl+1

(1)

Drawing inspiration from neuroscience, where neural network units can be analogized
to activated or inactive neurons, Ref. [52] introduces an energy function. This function is
designed to assess the significance of individual neurons, playing a crucial role in unifying
channel and spatial attention mechanisms. By utilizing this function, the model effectively
assigns appropriate 3D weights to the neurons, thereby enhancing the overall performance
of the neural network in processing visual data. The energy is described as

et(wt, bt, y, xi) = (yt − t̂)2
+

1
M − 1

M−1

∑
i=1

(yo − x̂i)
2 (2)

Figure 2. Two Swin Transformer Blocks connected through alternating use of W-MSA and SW-MSA.

t̂ = wtt + bt, x̂i = wtxt + bt are the linear transformations of t and xi, while t and
xi are, respectively, the input object neuron and the other neurons in X ∈ RC×H×W . i is
the index in the spatial domain, and M = H × W represents the number of neurons in
this channel. To ascertain the linear separability of a neuron t from others within each
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channel, the approach involves minimizing the equation presented in Equation (2). This
process involves simplifying the formula by employing binary labels and incorporating a
regularization term. The resulting energy function is

et(wt, bt, y, xi) =λwt
2 + [−1 − (wtt + bt)]

2

+
1

M − 1

M−1

∑
i=1

[−1 − (wtxi + bt)]
2 (3)

For each pixel, there are M = H × W energy equations to be solved. Fortunately, the
analytical solution could be rendered

wt =
2(t − ut)

(t − ut)
2 + 2σ2

t + 2λ
, bt = −1

2
(t + ut)wt (4)

where

ut =
1

M − 1

M−1

∑
i=1

xi (5)

σ2
t =

1
M − 1

M−1

∑
i=1

(xi − ut)
2 (6)

Thus, we put the minimum energy as

e∗t =
4(σ̂2 + λ)

(t − ut)
2 + 2σ̂2 + 2λ

(7)

Equation (7) indicates that the lower the energy level, the more distinct neuron t is
from its neighboring neurons, thus signifying a higher level of importance.

By synthesizing energy values e of each feature map, the importance indicator E ∈
RC×H×W is gained. The feature maps are assigned to their corresponding weights:

X̃ = sigmoid(
1
E
)⊙ X (8)

Following the outlined procedures, the feature map is processed through an attention
mechanism that incorporates neuron suppression in the spatial domain. Notably, this
process is parameter-free, requiring only the setting of a single hyperparameter.

Within the Swin Transformer Block’s feature map progression, the features emerging
after the W-MSA module exhibit a stronger focus on local attention while lacking global
attention across windows. To mitigate the issue of local attention redundancy in smaller
scenes, the neuron spatial suppression attention mechanism is integrated after the W-MSA.
This module assigns weights to the features, enhancing their representation, as depicted in
Figure 3.

In detail, the neural attention module utilized a λ value that increases linearly:

λi = 10−5 +
i − 1

NBlock
× (10−5 − 10−4), 0 < i ≤ NBlock (9)

where NBlock is the number of Neural Swin Transformer Blocks in the NST module (the
number of Swin-T Blocks is equal to NBlock in the Swin-T module), this determines the
length of the module and the depth of feature extraction.
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Figure 3. Structure of the Neural Swin Transformer Block and the proposed attention module.

3.3. Cross-Stage Connection Spatial Pyramid Pooling-Fast Module (CS-SPPF)

Since being proposed by Kaiming He et al. [53], the spatial pyramid pooling module
has become the most commonly used multi-scale feature extraction module in the YOLO
series algorithms. YOLOv8 [26] improved SPP by converting the separate pooling pro-
cesses of different scales into continuous max-pooling, significantly improving efficiency.
Influenced by the cross-stage design of the backbone network CSPDarkNet, we incorporate
the SPPF module with residual connections as cross-stage processing, adding extra convo-
lution layers to match the feature dimension before and after the concatenation, effectively
reducing the loss of information extraction by the pooling layer and retaining most of the
original features. The structure of CS-SPPF is shown in Figure 4.

3.4. Decoupled Detection Head Based on Anchor-Free Oriented Bounding Box (DOBB Head)

For the task of SAR ship detection using oriented bounding boxes addressed in this
paper, the detection head is tasked with two primary sub-tasks: localizing the targets and
classifying them. The nature of these tasks differs significantly—localization benefits from
edge information in the image, whereas classification relies on texture and semantic details.
This dichotomy makes it challenging for a traditional coupled head to optimize effectively
under dual constraints, often leading to suboptimal weight configurations and potential
issues like spatial misalignment.

To address this, the proposed detection head is designed as a decoupled structure,
with separate pathways for localization and classification. This design enhances the head’s
efficiency in interpreting feature maps. As illustrated in Figure 5b, k, s, p, c are, respectively,
the kernel size, stride, padding pixels and output channels of the convolutional module.
In the OBBox branch, the term c = 5 · reg_max indicates that the x, y, w, h, and r (angle)
parameters of the generated oriented bounding boxes are each distributed within their
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respective normal intervals. In the context of the Distributed Focal Loss (DFLoss) function,
these parameters are assigned normalized probabilities, reflecting their likelihood of occur-
rence within the defined intervals. This normalization is crucial for effectively training the
model to predict the spatial attributes of the bounding boxes. In the classification branch,
c = nc, which obviously represents the probability of the predicted target belonging to
each category.

Figure 4. Structure of the cross-stage connection spatial pyramid pooling-fast module.

Furthermore, as discussed in Section 2, anchor-based detection methods struggle
with multi-scale targets in terms of both accuracy and efficiency. The proposed detection
head, therefore, employs an anchor-free approach defined by “xywhr” coordinates, which
represent the center coordinates, width, height, and rotation angle of the bounding box. By
regressing these parameters, the model can directly predict rotation boxes tailored to the
target’s dimensions, as shown in Figure 5a. For loss calculation, these rotation boxes are
converted into the format required by DFLoss, which involves corner point coordinates.
The schematic in Figure 5 outlines the structure of this decoupled detection head and the
format of the anchor-free rotation boxes.

(a) (b)

Figure 5. Structure of the decoupled OBB head (b) and the OBB format (a).
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3.5. Merged Loss Function Focused on Classification and Regression

The decoupled detection head yields two primary outputs: categorical classifications
and oriented bounding box coordinates. The composite loss function, which governs the
optimization of these outputs, is formulated as:

Loss = w1LossBCE + w2LossDFL + w3LossCIoU (10)

where w1, w2, w3 represent weights for three loss functions, and emphasis on classification
or coordination could be adjusted through these weights.

To evaluate the effect of classification, a binary cross-entropy function is adopted:

LossBCE =
1
N

N

∑
n=1

− w[yn · log xn + (1 − yn) · log(1 − xn)] (11)

where N stands for the number of images in a batch, and xn is the prediction of the image
in comparison to the ground truth yn. As for the single-class detection task in this paper, w
could be ignored.

In assessing the loss associated with the detection of oriented bounding boxes, the
model utilizes two key loss functions: Distributed Focal Loss (DFLoss) and Complete
Intersection over Union Loss (CIoU Loss). The DFLoss is:

LossDFL(Si, Si+1) =− (yi+1 − y) log(Si)− (y − yi) log(Si+1) (12)

Here, we focus on describing the tightness of the oriented bounding box around the
ground truth. In this context, yi denotes P(yi), which represents the probability of the
true value, y, occurring at the specific point yi. This probability is determined under the
assumption that y follows a Gaussian distribution, confined within the interval [yimin, yimax].
This approach allows the model to estimate the likelihood of the true value falling within
specific ranges, which is essential for accurately predicting the position of the targets.

On the other hand, the CIoU loss function is based on the Intersection over Union
(IoU) of the oriented bounding box:

LossIoU = − ln
Intersection(Pred, GT)

Union(Pred, GT)
(13)

which quantifies the overlap between the predicted bounding box and the ground truth. The
CIoU function, however, enhances this by incorporating three key geometric considerations:
the area of overlap, the distance between the centers of the two boxes, and the discrepancy
in their aspect ratios as follows

LossCIoU = 1 − IoU︸︷︷︸
Overlap

+

ρ2(b, bgt)

c2︸ ︷︷ ︸
Centerness

+ αν︸︷︷︸
h/w ratio

 (14)

where the parameters that describe the aspect ratio are

ν =
4
π
(arctan

wgt

hgt − arctan
w
h
)

2
(15)

α =
ν

(1 − IoU) + ν
(16)

where h and w represent the length and width of the oriented bounding box, and gt
represents the ground truth.
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3.6. Optimizer

For the training of the proposed model, we employ Adam with Weight Decay Fix
(AdamW) [54], which is well-suited for large-scale problems involving massive amounts of
data. AdamW decouples weight decay from the gradient update step, applying weight
decay directly to the model parameters rather than to the gradients. This modification
is believed to lead to better convergence and generalization compared to the original
Adam optimizer.

4. Experiments and Results
4.1. Datasets

This paper uses the Rotated Ship Detection Dataset in SAR Images (RSDD-SAR) [20]
and the SAR Ship Detection Dataset (SSDD+) [21] as the experimental datasets. RSDD-SAR
comprises 84 scenes from Gaofen-3 imagery, 41 scenes from TerraSAR-X, and 2 uncropped
large images, totaling 127 scenes. These scenes are sliced into 7000 images with a resolution
of 512 × 512, featuring 10,263 instances of ships. SSDD+, on the other hand, integrates
1160 images from RadarSat-2, TerraSAR-X, and Sentinel-1 data, spanning resolutions from
1 to 15 m in four polarizations, and the resolution is comparable to RSDD-SAR. The types
of ships vary, but in the context of ship detection tasks, we categorize them into one single
group. Detailed descriptions of RSDD-SAR and SSDD+ are shown in Table 1.

Currently, the mainstream detection methods for SAR ship targets based on oriented
bounding boxes [48,49,55–59] predominantly utilize these two datasets, achieving remark-
able performance with Average Precision (AP) values exceeding 90%. However, when
it comes to more stringent metrics like AP75 or AP50−95, which are indicators of model
confidence in detection results, there is still potential for improvement. AP75 and AP50−95
specifically focus on detecting objects in difficult or low-confidence scenarios, making them
crucial for evaluating the robustness of detection models.

Table 1. Detailed descriptions of RSDD-SAR and SSDD+.

RSDD-SAR SSDD+

Sensors Gaofen-3, TerraSAR-X RadarSat-2, TerraSAR-X, Sentinel-1
Resolution 2–20 m 1–15 m

Image number Train: 5000/Val: 2000 Train: 928/Val: 232
Ship number 10,263 2456
Polarization HH, VV, VH, HV, DH, DV HH, VV, VH, HV

Scenes Inshore and Offshore
Noise No artificially added

4.2. Implementation Details

In this section, we delve into the specifics of the experiments performed using the
proposed model on RSDD-SAR and SSDD+. The focus will be on three key areas: the
design and selection of hyperparameters, the evaluation metrics, and the experimental
environment and framework.

4.2.1. Design and Selection of Hyperparameters

This section gives details on the hyperparameters set during the training of the pro-
posed model, as shown in Table 2. Ablation studies performed with YOLO11 have the
same configurations.

Table 2. Hyperparameter settings For YOLOs’ training on RSDD-SAR and SSDD+.

Datasets Batch
Size eλ NBlock

Depth
Scale

Width
Scale Epoch Imgsz lr0 m0 λ

Warmup
Epoch w1 w2 w3

RSDD-SAR 32
Equation (9) 4 0.67 0.75 500 512 1 × 10−3 1 5 × 10−4 50 5.5 3.5 7.5

SSDD+ 8
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Considering the substantial variations in scale between RSDD-SAR and SSDD+, dis-
tinct batch sizes were employed during the training phase to optimize the learning process.

4.2.2. Evaluation Metrics

This study employs a set of standard evaluation metrics commonly used in object
detection tasks, including Precision, Recall, and Average Precision (AP). These metrics are
essential for assessing the performance of detection models. In the following comparison
and evaluation, we focus on Average Precision at a confidence level of 0.5 (AP50) and 0.5 to
0.95 (AP50−95).

4.2.3. Experimental Environment and Framework

The experimental hardware configuration is as follows: Intel Core™ i9-13900K CPU @
3.0 GHz, NVIDIA GeForce RTX 4080 16 GB GPU, Windows 11 system. The experiment is
run on the PyTorch framework, with CUDA12.2 accelerating computation.

Since YOLO11 was utilized as the baseline model, the training and validation processes
of the proposed model were conducted using Ultralytics 8.3.1, and training configurations
are given in Section 4.2.1.

Additionally, other models were trained on MMRotate 0.3.4, an open-source toolbox
for rotated object detection based on PyTorch. MMRotate supports training and validation
using MSR2N [60], R-FCOS [61], R-Faster RCNN [33], S2ANet [62] and so on, providing
original settings and comprehensive evaluation metrics for these oriented object detec-
tion models. We conducted these models’ training and validation based on their default
configuration, respectively (under version 0.3.4).

4.3. Comparisons with State-of-the-Art on SSDD+

In this section, we evaluate the performance of the proposed model on SSDD+ by
comparing it against several recently proposed SAR ship detection models, including
MSR2N [60], YOLO-FA [63], R-FCOS [61], R-Faster RCNN [33], S2ANet [62], FADet [55],
BL-Net [57], NPA2Net [46], SAD-Det [64], and BiFA-YOLO [48]. The comparison is based
on precision, recall, and AP50. Additionally, model size quantified by the number of
parameters is taken into account, as shown in Table 3.

Table 3. Performance comparison of oriented bounding box detection models on SSDD+.

Method Bounding Box Framework P (%) R (%) AP50(%) Params (M)

MSR2N [60] Oriented Multi Stage 86.52 92.05 90.11 /
YOLO-FA [63] Oriented One Stage 95.20 95.01 96.80 46.14
R-FCOS [27] Oriented One Stage 65.12 87.81 80.53 41.41

R-Faster R-CNN [33] Oriented Two Stage 78.10 88.90 80.60 41.41
S2ANet [62] Oriented One Stage 62.10 88.70 81.00 35.02
FADet [55] Oriented One Stage 95.51 94.79 91.03 42.78
BL-Net [57] Oriented One Stage 91.27 96.14 95.25 47.81

NPA2Net [46] Oriented One Stage / / 73.7 16.83
SAD-Det [64] Oriented One Stage / / 96.8 45.39

BiFA-YOLO [48] Oriented One Stage 94.85 93.97 93.90 19.40
Proposed Method Oriented One Stage 96.95 96.89 99.01 31.03

The bold and underlined values represent the optimal/suboptimal values.

The detection results indicate that our proposed model outperforms other models
across all metrics, including precision, recall, and AP50, while also maintaining a relatively
low parameter amount, closely following BiFA-YOLO and S2ANet. In Figure 6, the first
column reveals that S2ANet, R-Faster R-CNN, and R-FCOS performed poorly in detecting
the weak target signals in the center of the image, with the baseline model YOLO11m and
the proposed model showing similar detection capabilities. However, in the second column,
the former three models exhibited varying degrees of missed alarms, while the baseline



Remote Sens. 2024, 16, 4760 12 of 19

model had one instance of false alarms. NST-YOLO11 accurately identified all targets
beyond all the others. In the subsequent columns with nearshore scenarios, R-Faster R-CNN
and the baseline model were less effective in mitigating ground clutter, whereas S2ANet
and R-FCOS incorrectly merged adjacent targets into one. Our model effectively minimized
false alarms due to ground clutter and demonstrated superior performance in dense target
detection, albeit with some localization errors in expectation of further improvement.

4.4. Comparison with State-of-the-Art in the Nearshore/Offshore Scenarios on RSDD-SAR

Table 4 presents a comparison of the proposed NST-YOLO11’s performance on RSDD-
SAR, using the AP50 metric across entire, nearshore, and offshore scenarios, with FADet [55],
FcaNet [58], R-RetinaNet [59], R-FCOS [27], R-Faster RCNN [33], EPE [65], SAD-Det [64],
and NPA2Net [46]. Our model consistently outperforms other models, achieving optimal
performance in both complex nearshore scenes and sparser offshore images. Notably, it
reaches 87.43% in nearshore and 98.96% in offshore scenarios. The smaller discrepancy
between these two metrics underscores the model’s enhanced robustness to nearshore
geographical influences.

Figure 6. Detection results of NST-YOLO11 and other models on SSDD+: (a) ground truth, (b) S2ANet,
(c) R-Faster R-CNN, (d) R-FCOS, (e) YOLO11m, (f) NST-YOLO11. Different colors indicate the
detection results from specific models, except for green representing the ground truth.
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On the expansive RSDD-SAR, NST-YOLO11 exhibits a marked improvement in de-
tection performance. Despite having the lowest parameter count among the compared
models, it delivers superior results in both entire and offshore, as well as inshore detection
scenarios. The proposed model achieves an impressive AP50 = 97.53%, surpassing the
previous performance of 90.48%. In the challenging nearshore environment, the proposed
model maintains a high AP50 value of 87.43%, significantly outperforming other models.
Additionally, in the simpler offshore context, the model maintains a strong lead with an
AP50 of 98.96%.

4.5. Ablation Experiments

In this section, we evaluate the efficacy of our proposed enhancements through ab-
lation studies on the RSSD-SAR and SSDD+ datasets using the NST-YOLO11 model. We
specifically analyze three modifications based on YOLO11m:

1. Incorporation of the SPPF module with cross-stage connections.
2. Addition of the Swin-T module following the backbone network.
3. Integration of attention mechanisms, informed by neuron suppression in the spatial

domain, into the Swin-T module.

Table 4. Performance comparison of the oriented bounding box models in the nearshore/offshore
scenarios on RSDD-SAR.

Method Bounding Box Framework Entire AP50
(%)

Inshore AP50
(%)

Offshore AP50
(%) Params (M)

FADet [55] Oriented One Stage 90.78 / / 42.78
FcaNet [58] Oriented One Stage 88.28 63.18 90.55 47.24

R-RetinaNet [59] Oriented One Stage 67.89 35.75 74.92 51.49
R-FCOS [27] Oriented One Stage 87.31 56.17 93.79 60.45

R-Faster R-CNN [33] Oriented Two Stage 84.1 50.99 91.47 60.45
SAD-Det [64] Oriented One Stage 93.8 78.7 96.5 45.39

EPE [65] Oriented One Stage 89.37 67.84 90.37 11.86
NPA2Net [46] Oriented One Stage 92.1 75.7 98.6 16.83

Proposed Method Oriented One Stage 97.53 87.43 98.96 31.03

The bold and underlined values represent the optimal/suboptimal values.

The evaluation metrics include Precision, Recall, AP50, and AP50−95. The findings
from these experiments are presented in Table 5.

Table 5. Ablation experiments of the proposed NST-YOLO11 on RSDD-SAR and SSDD+.

Method Swin Neu. Att. CS-SPPF
RSDD-SAR SSDD+

P R AP50 AP50–95 P R AP50 AP50–95

YOLO11

95.1 90.74 97.02 73.92 96.52 96.49 98.55 76.5
✓ 94.63 91.93 97.21 74.4 95.02 97.93 98.85 76.13

✓ 94.8 91.75 97.12 74.64 97.04 96.03 98.91 76.81
✓ ✓ 94.96 91.81 97.21 74.49 96.22 98.02 98.95 76.76
✓ ✓ 93.38 92.91 97.34 74.38 97.2 96.7 98.98 75.79
✓ ✓ ✓ 94.13 92.45 97.53 75.44 96.96 96.89 99.02 76.93

The bold values represent the optimal values.

It is observed that the AP50 metrics of the various models are already quite similar. The
excessive focus on increasing AP50 might lead to overfitting. However, our proposed model
demonstrates a more significant advantage in the AP50−95 metric, indicating a deeper under-
standing of target characteristics and higher confidence in detection results, leading to more
robust detections. On RSDD-SAR, the incorporation of the Swin-T module led to the subopti-
mal AP50−95 score of 74.64%, likely due to the enhanced ability of the self-attention mechanism
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in generating oriented bounding boxes, as evidenced by improvements in the precision metric.
The CS-SPPF module, despite adding approximately 8M parameters, effectively improved
the recall metric, affirming its capability of detecting multi-scale targets. Furthermore, the
Neural Swin-T modifications enhanced model performance without additional parameters,
particularly in the precision metric, suggesting that the intended reduction in local attention
redundancy in smaller scenes has been realized. On SSDD+, similar trends were observed in
the performance of each module. Interestingly, the Neural Swin-T module showed a slight
decrement in performance compared to Swin-T on this smaller dataset, hinting at untapped
potential for the Neural Swin-T approach on larger datasets.

4.6. Transfer Experiment with SSDD+ Trained Model on RSDD-SAR

The deep learning method’s tendency to fit high-dimensional data can often lead to
challenging non-convex optimization issues. To assess the generalization capabilities of
our model in real-world scenarios, we conduct comparative experiments on RSDD-SAR
using models trained on SSDD+, including S2ANet [62], R-Faster R-CNN [33], R-FCOS [27],
YOLO11m, and the NST-YOLO11. This aims to showcase the robust performance of our
proposed model across varying imaging conditions, radar parameters, and geographical
distributions. The detection outcomes for each model are illustrated in Figure 7.

Figure 7. Detection results of SSDD+ trained NST-YOLO11 and other models on RSDD-SAR:
(a) ground truth, (b) S2ANet, (c) R-Faster R-CNN, (d) R-FCOS, (e) NST-YOLO11. Different col-
ors indicate the detection results from specific models, except for green representing the ground truth.

5. Visualization and Discussion

We evaluate the proposed model’s fine performance in multi-scale SAR ship detection
tasks by comparing it with several state-of-the-art oriented bounding box detection models
on SSDD+ and RSDD. Figure 6 presents the detection outcomes of three other models,
the original YOLO11m, and our proposed model. Our model demonstrates enhanced
capabilities in detecting weak and small targets compared to others, and it provides more



Remote Sens. 2024, 16, 4760 15 of 19

precise bounding boxes with reduced false alarms in complex nearshore scenarios, as
evidenced by the original YOLO11m comparison. This is further supported by the metrics
in Table 4. On RSDD, we divided the experiments into entire, inshore, and offshore
scenarios to assess the model’s performance across varying task complexities. NST-YOLO11
consistently achieved the best results in all three scenarios, with AP50 scores of 97.53, 87.43,
and 98.96, and topped Table 5 with a parameter size of only 31.03M, indicating its excellent
balance of detection accuracy and computational efficiency.

To validate the effectiveness of our improvement modules, we conducted ablation
studies on RSDD-SAR and SSDD+. By combining the introduced modules and their
intermediate versions, we observed consistent improvements over the original model.
On RSDD-SAR, the CS-SPPF module, enhanced with residual connections, significantly
increased the Recall metric to 91.93% and 92.91% (with Swin-T), indicating a more com-
prehensive detection. With the original Swin-T module, we noted the suboptimal AP50−95
score of 74.64%, a testament to the advanced attention capabilities. Furthermore, incorpo-
rating the Neural Swin-T module led to a precision of 94.96% without adding any trainable
parameter and notably improved the model’s performance on the challenging AP50−95
metric, reaching 74.49%. This validates the attention mechanism’s effectiveness in identify-
ing crucial neurons. The better results on RSDD-SAR, we assumed, compared to SSDD+
likely stem from Swin-T’s self-attention module, which demonstrates greater potential for
improvement on larger datasets.

To gain a clearer insight into the contributions of each module, we employed the
method GradCAM++ [66] on RSDD-SAR to visualize the attention distributions of the
models when each module was introduced individually. Feature maps are acquired from
the input of medium DOBB Head (P4). This visualization is presented in Figure 8.

Figure 8. Visualizations with GradCAM++ on ablation models and the proposed model: (a) images,
(b) YOLO11m, (c) YOLO11m+Swin-T, (d) YOLO11m+Swin-T+CS-SPPF, (e) NST-YOLO11.
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6. Conclusions

Our proposed model significantly enhances oriented SAR ship detection. It begins
by refining target indication accuracy through an oriented detection model, which in turn
optimizes the model’s feature perception for targets. The CS-SPPF module further boosts
the detection of small targets, ensuring more comprehensive results and fewer missed de-
tections. The Neural Swin-T module, incorporating a neuron spatial suppression attention
mechanism, enhances detection accuracy without adding trainable parameters, outperform-
ing the standard Swin-T. Experimental results on SSDD+ and RSDD demonstrate SOTA
achievements across metrics like precision, recall, and AP50. In nearshore and offshore
scenarios, our model surpasses other oriented bounding box detectors, as indicated by
AP50. NST-YOLO11’s advancements are particularly notable in complex nearshore scenes
and with multi-scale, arbitrary-oriented targets. However, variations in dataset size reveal
the “data hunger” issue, suggesting room for improvement; the hyperparameter λ in the
neural attention module requires in-depth determination with respect to the features of
SAR images, experiments for λ search might be helpful for adapting the proposed model
to another domain; a general exploration of the proposed method’s application to other
datasets (i.e., optical or hyperspectral remote sensing images) could provide a more compre-
hensive insight into the limitations of the proposed method. Due to the dataset we selected
for experiments, NST-YOLO11’s classification results may only reach the basic category
level, and it may be quite challenging for more detailed sub-category classification, which
requires further improvement in the dataset and model. In conclusion, while NST-YOLO11
has demonstrated significant advancements in detecting complex nearshore scenes and
multi-scale, arbitrary-oriented targets, it is clear that there are several areas where further
research and development are necessary. As research progresses, addressing these chal-
lenges will be crucial in order to enhance the robustness and versatility of NST-YOLO11,
ultimately leading to more accurate and reliable detection capabilities across a broader
range of applications and scenarios.
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