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Abstract

Maritime ship detection remains challenging because of large scale variations, high inter-
class visual similarity, weak target boundaries, and complex maritime backgrounds. This
study proposes MCSwin-YOLOVS, an enhanced YOLOv8-based detector that combines
three complementary architectural designs. First, a re-parameterizable multi-scale con-
volutional backbone, named RepMCSwin, is introduced to extract scale-aware semantic
information and fine-grained boundary cues. Unlike the standard Swin Transformer, the
MCSwin block does not use window-based self-attention but adopts cascaded multi-scale
convolutions and residual feature transformation. Second, a Multi-Feature Parallel Convo-
lutional Block Attention Module (MFPCBAM) is developed to compute channel and spatial
attention in parallel, thereby preserving weak ship features while suppressing irrelevant
background responses. Third, a Modified Generalized Feature Pyramid Network (MGFPN)
is constructed to improve cross-level feature interaction and retain high-resolution spa-
tial information through an additional 160 x 160 prediction branch. Experiments were
conducted on the public SeaShips dataset and a private infrared maritime ship dataset.
MCSwin-YOLOvS8 achieved an F1-score of 94.4%, mAP@0.5 of 97.4%, and mAP@0.5:0.95 of
75.1% on SeaShips. On the infrared dataset, the corresponding results were 91.2%, 94.1%,
and 66.9%, respectively. Compared with the YOLOvVS8 baseline, mAP@0.5 increased by
1.4 and 3.0 percentage points on the two datasets. These accuracy gains were accompa-
nied by an increase in model complexity from 11.12 M to 19.29 M parameters and from
28.5 G to 56.7 G FLOPs, indicating an accuracy—complexity trade-off that requires further
runtime evaluation.

Keywords: YOLOvS; RepMCSwin backbone; MFPCBAM; MGFPN; ship target detection

1. Introduction

In recent years, the rapid growth of the shipping industry has substantially increased
maritime trade activities. At the same time, ship-related accidents have become more
frequent in complex traffic waters, such as coastal ports and fishing harbor areas, posing
increasing challenges to maritime traffic safety [1]. To address this issue, extensive research
has been conducted on deep learning-based ship target detection. Advances in image
recognition have significantly improved the capability of automatic ship detection, provid-
ing technical support for shipping operations and maritime surveillance. However, two
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key challenges remain. First, ship detection in multi-class scenarios is strongly affected
by the high visual similarity among ship categories, dense target distributions, and large
variations in target scale. Second, existing detection algorithms still struggle to achieve a
satisfactory balance between detection accuracy and computational efficiency.

Traditional ship target detection mainly relies on radar, AIS, and other sensing devices.
However, such methods suffer from limitations, including the inability to observe ship
types directly and the failure to identify vessels with AIS turned off or with signal loss.
Vision-based detectors identify vessels directly from maritime imagery, providing cate-
gory and appearance information that is generally unavailable from conventional sensing
systems. Ke et al. [2] incorporated self-attention into a neural detector to refine feature
responses, leading to improved detection accuracy. Li et al. [3] proposed an enhanced Swin
Transformer network, which improved the fusion efficiency of adjacent features in the fea-
ture pyramid, thereby enabling more efficient transmission and utilization of information.
Zha et al. [4] used multi-feature transformation and fusion to reduce background-induced
false positives and recover small ships in noisy SAR imagery. Their method successfully
improved detection accuracy, robustness, and feature extraction capability. Huang et al. [5]
integrated convolutional features with Swin-based representations for fine-grained SAR
ship recognition, reporting better efficiency and generalization. Xie et al. [6] augmented
YOLOV4 with weighted multi-scale fusion and K-means-derived anchors, improving the
localization and recall of small ships in complex nearshore scenes. Cao et al. [7] proposed a
YOLOVS8-based target detection algorithm for small inland-river vessels, which enhanced
the feature extraction capability for small ship targets and improved both the accuracy
and efficiency of ship target detection. Chen et al. [8] combined generative adversarial
networks (GANs) with convolutional neural networks (CNNs), which effectively alleviated
the detection difficulty caused by the limited number of small-ship samples. Zhou et al. [9]
improved YOLOv5s by optimizing the loss function and enlarging the receptive field of the
spatial pyramid pooling (SPP) layer, while Han et al. [10] proposed ShipYOLO to further
improve the speed and accuracy of ship detection. In addition, Liu et al. [11] introduced
a reverse depthwise separable convolution (RDSC) structure into YOLOv4 to improve
detection efficiency. Jin et al. [12] incorporated the GhostBlock structure and a coordinated
attention mechanism into YOLOV4, thereby reducing model complexity and improving the
extraction of spatial location information. Zhao et al. [13] introduced a hybrid attention
mechanism into the backbone network and proposed the YOLO-Marine model, which
enhanced the feature extraction capability for ship targets. Guo et al. [14] combined the
SimAM attention mechanism with YOLOV3 to strengthen ship target feature representation,
thereby improving ship detection accuracy. Li et al. [15] proposed a lightweight ship target
detection algorithm, named YOLOShip, based on an improved YOLOvS framework. Luo
et al. [16] proposed an adaptive feature fusion-based multi-scale ship detection method,
which improved detection accuracy by suppressing background interference in complex
scenarios. Recently, Cui et al. [17] proposed a parallel convolutional neural network—
transformer model based on multimodal feature learning for underwater target recognition,
which combines the strengths of convolutional neural networks (CNNs) and transformers,
significantly improving the accuracy and stability of small target detection. Yu et al. [18]
incorporated a multi-head self-attention mechanism into the YOLO framework, which
significantly improved ship target detection performance in complex backgrounds.

Recent studies have further investigated ship detection under modality-specific and
challenging maritime conditions. Lu et al. [19] developed multiscale feature-based and dual-
channel feature-fusion methods for infrared ship detection, aiming to enhance weak target
representation in low-contrast infrared imagery. Zhang et al. [20] proposed a lightweight
YOLOv5-based detector for multi-scale ship targets, while Gao et al. [21] improved YOLOVS

https:/ /doi.org/10.3390/app16178421


https://doi.org/10.3390/app16178421

Appl. Sci. 2026, 16, 8421

30f26

for small-target detection in SAR images under specific marine environments. More
recently, Zeng et al. [22] combined multi-scale feature extraction with attention fusion
for ship detection in foggy scenes. These studies demonstrate the importance of multi-
scale representation, attention enhancement, and feature fusion in complex maritime
environments. Building on these findings, the present study jointly improves the backbone,
attention mechanism, and feature-pyramid structure and evaluates the resulting detector
on both visible-light and infrared ship datasets.

Existing maritime ship detectors generally improve one of three aspects: multi-scale
feature extraction, attention-based feature enhancement, or feature-pyramid fusion. How-
ever, several limitations remain. First, conventional multi-scale modules may enhance
receptive-field diversity but do not explicitly preserve weak boundary cues during repeated
downsampling. Second, sequential channel-spatial attention, as used in conventional
CBAM, may propagate an inaccurate channel response to the subsequent spatial attention
stage, which is potentially unfavorable for weak and low-contrast ship targets. Third,
conventional FPN and PAFPN structures mainly exchange information between adjacent
feature levels, whereas small maritime targets require the preservation of higher-resolution
spatial information. Based on these observations, this study investigates a unified detector
in which the backbone, attention mechanism, and feature-fusion neck address different but
complementary aspects of maritime ship representation.

Infrared ship detection is particularly challenging because ship targets often exhibit
weak texture, blurred boundaries, large scale variations, and high inter-class visual similar-
ity. The original YOLOVS framework still has limitations in extracting fine-grained infrared
ship features, selecting discriminative target regions under complex maritime backgrounds,
and fusing multi-scale semantic information. The specific advances introduced in this
study are outlined below:

(1) A re-parameterizable convolutional backbone, termed RepMCSwin, is developed
for multi-scale maritime ship representation. The proposed MCSwin block replaces the
window-based attention operations of the standard Swin Transformer with cascaded multi-
scale convolutions and residual feature transformation, while the RepVGG-style branches
can be structurally re-parameterized for inference.

(2) A Multi-Feature Parallel Convolutional Block Attention Module (MFPCBAM) is
proposed for weak-ship-feature enhancement. Unlike conventional CBAM, which sequen-
tially applies channel attention followed by spatial attention, MFPCBAM computes the
two attention maps in parallel from the same input feature map. The channel branch
employs ConvMLP-based channel interaction, while the spatial branch combines partial
convolution with multi-scale atrous convolutions. The two branches jointly recalibrate
the input features, thereby preserving weak ship responses and suppressing maritime
background interference.

(3) An MGFPN neck is designed to strengthen cross-level feature interaction and
introduce an additional 160 x 160 prediction branch. In the complete architecture, MF-
PCBAM is inserted into selected MGFPN fusion nodes, while the two components remain
independently defined.

(4) Extensive ablation and comparative experiments are conducted on both the public
SeaShips dataset and a private infrared maritime ship dataset. The results demonstrate
that MCSwin-YOLOvVS improves detection accuracy over the YOLOvVS baseline and shows
competitive performance against several mainstream object detection models.
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2. Materials and Methods
2.1. YOLOwv8 Network Model

Released by Ultralytics, the YOLOVS object detection model adopts a newly designed
network architecture, as illustrated in Figure 1. In comparison with YOLOv6 and YOLOvV?,
YOLOVS introduces a series of significant improvements by integrating multiple advanced
techniques. The YOLOVS family includes the n, s, m, 1, and x configurations, offering
progressively larger model capacities and computational requirements. This design al-
lows users to flexibly choose an appropriate model version according to specific task
requirements, thereby achieving optimal experimental results.
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Figure 1. YOLOvS8 model structure. Different colors indicate different network modules, and arrows
indicate the direction of feature transmission.

2.2. Architecture of the MCSwin-YOLOuv8 Detector

The proposed MCSwin-YOLOVS follows the one-stage YOLOVS detection framework
and consists of a RepMCSwin backbone, an MGFPN neck, and a decoupled detection head,
as shown in Figure 2. In the backbone, RepMCSwin replaces part of the original CBS and
C2f modules to enhance multi-scale feature extraction and weak-boundary representation
for infrared ship targets, while the SPPF module is retained for stable context aggregation.
In the neck, MFPCBAM is embedded into the GFPN-based feature fusion structure to
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enhance discriminative ship features and suppress background interference. To improve
the detection of ships with large scale variations, the detection head adopts four prediction
scales, i.e., 160 x 160, 80 x 80, 40 x 40, and 20 x 20. Compared with the original YOLOv8
head, the additional high-resolution prediction branch provides finer spatial information
and improves the sensitivity of the detector to small infrared ship targets.
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Figure 2. Structure of the MCSwin-YOLOvV8 model. Different colors indicate different network
modules, and arrows indicate the direction of feature transmission.

To avoid ambiguity, MGFPN and MFPCBAM are treated as two independently defined
components throughout this manuscript. MGFPN refers to the modified GFPN topology
with enhanced cross-level feature interaction and an additional 160 x 160 high-resolution
prediction branch. MFPCBAM denotes the proposed parallel channel-spatial attention
module. In the complete MCSwin-YOLOVS architecture, MFPCBAM is inserted into
selected feature-fusion nodes of MGFPN.

2.3. RepMCSwin

The traditional Transformer model [23] captures global information and internal fea-
tures by deeply encoding target images, thereby establishing contextual dependencies
that enhance the model’s semantic understanding and improve detection accuracy. In
particular, the Swin Transformer [24] adopts a shifted window attention mechanism, which
enables effective modeling of features at different scales while simplifying the network
structure and improving computational efficiency. Compared with the traditional Trans-
former, the Swin Transformer can model the spatial relationships of targets more accurately
and preserve more spatial positional information, thereby demonstrating superior per-
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formance. However, a standard Swin backbone does not explicitly accommodate the
pronounced changes in ship scale, shape, weather, and maritime background, which can
reduce detection stability in practical scenes.

Although the name “MCSwin” reflects the hierarchical multi-stage design motiva-
tion of Swin Transformer, the proposed block does not employ window-based multi-head
self-attention or shifted-window attention. Instead, it adopts a convolution-oriented imple-
mentation consisting of cascaded multi-scale convolutions, feature concatenation, channel
projection, normalization, and residual feature transformation. Therefore, RepMCSwin
should be regarded as a re-parameterizable convolutional backbone rather than a Trans-
former backbone.

To address the above issues, this study proposes a RepMCSwin backbone structure,
which combines the RepVGG module with the MCSwin module. Specifically, the RepVGG
module is employed to enhance the representation capability of the model, while the
MCSwin module is used to further extract multi-scale semantic features of ship targets.
The architecture of the RepMCSwin backbone is illustrated in Figure 3.

MCSwin MCSwin MCSwin H—»

Figure 3. Structure of the RepMCSwin backbone. The non-English label in the figure denotes the
original module or data-source label and is not an additional network component.

In the RepMCSwin backbone architecture, the RepVGG module performs dimen-
sionality reduction on ship target features while enhancing the model’s representation
capability, thereby ensuring scale consistency between adjacent stages. Through four stages,
the network conducts deeper and more fine-grained feature extraction. Specifically, Stage
1 performs RepVGG-based feature processing to reduce the feature-map size and mine
feature information more thoroughly. Stages 2 and 3 further capture and integrate features,
providing richer feature representations. At Stage 4, RepVGG performs the final spatial
downsampling before the resulting representation is refined by MCSwin. Figure 4 depicts
the three RepVGG paths: a 3 x 3 convolution, a1 X 1 convolution, and an identity or
projection connection.

Conv-3x3 Conv-1x1
| | Identity
BN BN

Figure 4. Structure of the RepVGG module.
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In the RepVGG module, the stride of the 3 x 3 convolution layer is set to 2, and down-
sampling is adopted as the core operation, enabling the sampling of ship target features
while reducing the height and width of the feature map. A stride-2 1 x 1 convolution
simultaneously aligns the channel dimension and supplies a second downsampling route
alongside the 3 x 3 branch. The features from the two downsampling branches are fused
with the projection branch when downsampling is required.

Different from the original Swin Transformer, which relies on window-based self-
attention, the proposed MCSwin block adopts a convolution-oriented multi-scale modeling
strategy. This design is motivated by the characteristics of infrared ship images, where
target boundaries are often weak and local edge cues are critical for classification and
localization. Specifically, MCSwin employs cascaded multi-scale convolutional operations
and an MLP-based feature transformation structure to extract local details and scale-aware
semantic information. This makes the module more suitable for infrared ship detection than
directly applying the standard Swin Transformer structure. First, multi-branch convolution
operations are employed to capture the edge information of ship targets more thoroughly
while preserving the key information of the original image, thereby providing high-quality
input features. Second, a residual connection mechanism is introduced to enhance the
stability and reliability of the MCSwin-YOLOvVS8 network, while also alleviating the gradient
vanishing problem caused by increasing network depth. Finally, layer normalization
is applied before the MCBot and MLP modules to stabilize optimization and maintain
consistent feature statistics during training. The structure of the MCSwin module is shown
in Figure 5.

Figure 5. Structure of the MCSwin module. Different colors indicate different network modules, and

arrows indicate the direction of feature transmission.

It should be noted that the proposed MCSwin block does not directly follow the
W-MSA and SW-MSA operations used in the standard Swin Transformer. Instead, it
introduces a convolution-oriented MCBot module to improve local edge modeling and
scale-aware feature extraction for infrared ship targets. For an H x W input, MCBot derives
complementary representations through convolutional kernels with sizesof 1 x 1,3 x 3,
and 5 x 5. The resulting multi-scale features are concatenated along the channel dimension
and then compressed by a 1 x 1 convolution to restore the channel dimension. The original
representation is subsequently added through a shortcut connection, which retains input
information and facilitates gradient flow.
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The overall RepMCSwin backbone is organized into four stages. In each stage, the
RepVGG module is used for feature downsampling and channel adjustment, while the
MCSwin module further refines the extracted features. During training, the RepVGG
block contains a 3 x 3 convolution branch, a 1 x 1 convolution branch, and an identity or
projection branch followed by batch normalization. These branches enhance representation
diversity during training and can be re-parameterized for efficient inference.

Before inference, the convolution and batch-normalization parameters of each branch
are fused. The 1 x 1 kernel and identity kernel are zero-padded to 3 x 3, and the equivalent
kernels and biases of all branches are added to obtain a single 3 x 3 convolution. This
transformation preserves the mathematical equivalence of the block while removing the
multi-branch topology during inference.

In the MCSwin module, the ship features are first normalized by an LN layer, after
which the processed data are fed into the MCBot module. Within the MCBot module,
feature extraction is sequentially performed using 1 x 1,3 x 3,5 x 5,and 5 x 5 convolu-
tion kernels, resulting in a rich multi-scale feature representation. The extracted features
are then further processed by a convolution, followed by a residual addition operation.
Subsequently, the features output from the MCBot module are passed through another LN
layer and an MLP layer, after which a second residual addition operation is performed to
preserve valuable information from the original input. The detailed formulations are given
in Equations (1) and (2).

7 MCBot(LN(Zk’1>) 4ok (1)
k Nk Nk
Z—MLP(LN(Z>> +Z @)

Nk
where k = 1---L, Z denotes the vector obtained from the residual connection at the k-th

k
layer of the MCBot module; Z denotes the vector obtained from the residual connection at
the k-th layer of the MLP module; and LN denotes the normalization operation.

2.4. MFPCBAM Attention Mechanism

Conventional CBAM applies channel attention followed by spatial attention in a
sequential manner. Consequently, the input to the spatial-attention branch has already
been recalibrated by channel attention, and inaccurate channel weighting may suppress
useful spatial information for weak or low-contrast ship targets. In contrast, MFPCBAM
generates the channel-attention and spatial-attention maps in parallel from the same input
feature map. The channel branch uses global average pooling, global max pooling, and two
1 x 1 convolutions in a ConvMLP structure. The spatial branch processes pooled spatial
descriptors using partial convolution and parallel 3 x 3 atrous convolutions with dilation
rates of 1, 2, and 3. The two attention responses are then jointly applied to recalibrate
the input features. Therefore, the novelty of MFPCBAM lies not in simply stacking two
conventional attention modules, but in its parallel branch organization and enhanced
multi-scale spatial-context modeling.

In the channel branch, global average pooling and global max pooling generate
complementary channel descriptors. Instead of the fully connected multilayer perceptron
used in conventional CBAM, MFPCBAM employs two 1 x 1 convolutional layers for
channel expansion and reduction. This ConvMLP implementation enhances channel
interaction while maintaining a convolution-compatible representation.

In the spatial branch, channel-wise average and maximum pooling are first applied to
obtain spatial descriptors. The concatenated descriptors are processed by a multi-branch
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convolutional path consisting of partial convolution and 3 x 3 atrous convolutions with
dilation rates of 1, 2, and 3. The resulting features are concatenated and projected by a
1 x 1 convolution to generate the spatial attention map.

To address these limitations, MFPCBAM computes channel attention and spatial atten-
tion in parallel. The channel pathway summarizes the input with average and maximum
global pooling, producing two complementary channel descriptors. The descriptors are
then processed by ConvMLP, where 1 x 1 convolutions are used for channel expansion
and reduction, preserving spatial consistency while enhancing channel-wise interactions.
In the spatial branch, the pooled spatial descriptors are processed by a multi-scale con-
volutional path consisting of a 1 x 1 convolution, a PConv branch, and three parallel
3 x 3 atrous convolution branches with dilation rates of 1, 2, and 3. After concatenation, a
1 x 1 projection compresses the branch outputs, and sigmoid normalization converts them
into spatial weights.

Fout = Fc + Fs + Fiy, ©)

Here, C denotes the number of feature channels, H and W denote the spatial di-
mensions, Fc and Fs denote the outputs of the channel-attention and spatial-attention
branches, respectively, and Fin denotes the original input feature. The overall structure of
the MFPCBAM is illustrated in Figure 6.

Improving the
channel attention

module
Input features U(

L Improve channel j/Fj
| attention module

A = 4

Figure 6. MFPCBAM attention module.

In the improved channel attention module of MFPCBAM, the input feature F;, is first
processed by global average pooling and global max pooling; these two pooling operations
complement each other. The resulting complementary features are then fed into the Con-
vMLP module, in which convolution operations are used to extract and transform the input
features, thereby enhancing the feature representation capability. Unlike a conventional
MLP, the ConvMLP module adopts a different processing strategy: in MFPCBAM, two
1 x 1 convolution layers are employed to perform channel expansion and channel reduc-
tion. Subsequently, the outputs generated by the ConvMLP module are added and fused
to obtain F,;. A sigmoid operation then maps F,4; to the final set of channel-attention
coefficients. The corresponding formulations are given in Equations (4)—(7). The structure
of the improved channel attention module is shown in Figure 7.

Frax = ConvMLP(MaxPool(F;,))) 4)
Frog = ConuMLP(AvgPool(F;,))) (5)

Faa4 = Favg + Fmax (6)

Fc = Sigmoid(Convyx1(Faqq) X Fin) (7)
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where denotes Convyy; a convolution operation with a kernel size of 1 x 1; Sigmoid
denotes the nonlinear activation function, whose output ranges from 0 to 1.

Maxpool

52

‘V
f A
5 —
- —>
Fm Avgpool ‘O‘ @ @
f‘\‘ Channel attention weights
‘U Addby  Activation
(i\ position function
(]

Figure 7. Architecture of the enhanced channel-attention branch.

In the spatial attention module, multi-scale atrous convolution [25] and PConv [26] are
introduced. Multi-scale atrous convolution enlarges the receptive field of the convolution
kernel through different dilation rates, thereby enhancing the ability to capture spatial
contextual information and improving the model’s capacity for understanding comprehen-
sive images. In MFPCBAM, convolutions at different scales are combined in parallel with
PConv to emphasize both the global structure and local details of the image, and the under-
lying architecture is illustrated in Figure 8. As shown in Figure 8, the 1 x 1 convolution
layer is used for linear transformation and channel adjustment; PConv is used to extract
finer-grained features; and the atrous convolution layers are used to capture spatial context
at different scales. This multi-scale design enables the model to attend to both global and
local structures simultaneously, thereby improving its ability to capture and recognize
critical features as well as its overall perception of image features.

Conv1x1

]
@ PConvlix1
. Conv3x3
Ratio=1

E” > Conv3x3
Ratio=2
[MaxPool;AvgPool] Concat  Convlxl Spatial Attention
Conv3x3 Weights
Ratio=3

Figure 8. Spatial Attention Improvement module.

After the multi-scale convolution operations are completed, the output feature maps
are concatenated and fused to obtain a more comprehensive and information-rich feature
representation, denoted as Ac;. Subsequently, a 1 x 1 convolution layer is applied for
channel reduction, which decreases the computational cost and number of parameters while
improving efficiency. Finally, the Sigmoid activation function is employed for normalization
to generate the spatial attention weights, as described in Equations (8) and (9).

Acat = Concat[Conv(y 1)(.), Conv(z 1)(.), Conv(z ) (.), Convz 3 (.), PCono(.)] (8)

Fs = Sigmoid ( lel(Acut)> )

where PConv denotes a convolution layer with a kernel size of 1 x 1, and f'*! denotes the
convolution layer.
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2.5. MGFPN

A conventional FPN propagates high-level semantics downward and merges them
with backbone features at finer resolutions. However, the conventional FPN considers
only unidirectional information flow, which leads to certain limitations. To address this
issue, researchers proposed the Path Aggregation Feature Pyramid Network (PAFPN).
While preserving the original FPN architecture, PAFPN introduces an additional bottom-up
pathway, thereby enabling more comprehensive and in-depth feature fusion. Nevertheless,
both the traditional FPN and the improved PAFPN mainly focus on feature fusion between
adjacent levels while overlooking broader information interaction [27]. To overcome this
limitation, the GFPN neck structure was proposed, which can efficiently exchange and
fuse semantic information and spatial information, thus enhancing feature representation
capability [28].

In ship detection, particularly in infrared maritime imagery, ship targets may be
small, low-contrast, and characterized by weak or ambiguous boundaries. Although the
original GFPN improves information exchange across multiple feature levels, its standard
fusion topology does not explicitly prioritize high-resolution spatial cues or provide a
dedicated stride-4 prediction path. Repeated feature fusion and downsampling may
therefore weaken fine-grained boundary information and limit the representation of small
or weakly expressed ship targets. To address these architectural limitations, MGFPN
modifies the GFPN fusion topology to strengthen the interaction between shallow spatial
features and deep semantic features and introduces an additional P2 prediction branch
with a stride of 4. The modified fusion topology is designed to improve cross-level feature
propagation, whereas the P2 branch preserves finer spatial details for small or weakly
represented targets. The P2 branch is not specific to infrared imagery, but it is particularly
relevant to the low-contrast and weak-boundary targets encountered in the infrared dataset.
For an input resolution of 640 x 640, MGFPN outputs feature maps with resolutions of
160 x 160, 80 x 80, 40 x 40, and 20 x 20. The architecture of the attention-enhanced
MGEFPN neck is shown in Figure 9.

V4 L V4
—>|| 7» F - |l 7 F —>|| —  20x20
|| 7 | F || 40x40
Backbone / / T—\

/. F /, F 80x80
p 4 I p 4 y 4
—>| — F —>| — F —>| —>

160x160

Figure 9. Architecture of the attention-enhanced MGFPN neck used in the complete MCSwin-
YOLOv8 model. Different arrow styles indicate different feature-transmission paths.

The complete attention-enhanced neck extends the standalone MGFPN by inserting
MFPCBAM into selected feature-fusion nodes to recalibrate multi-scale features. The
additional 160 x 160 prediction branch is part of the standalone MGFPN definition and is
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therefore not attributed to MFPCBAM. During feature fusion, feature maps from different
stages are first adjusted to a consistent scale by upsampling. This allows the neck to
emphasize ship-related semantic responses and suppress irrelevant sea-surface background
activations. The attention-enhanced features are then fused through 1 x 1 convolutions
for channel alignment. The fused features are subsequently downsampled and repeatedly
integrated across scales until all feature levels are aggregated. This design strengthens both
top-down semantic transmission and bottom-up localization information. The MGFPN
structure not only enriches the diversity and expressive capacity of ship features but also
enhances the feature extraction capability of the MCSwin-YOLOvV8 network.

3. Results

To evaluate the effectiveness and generalization ability of the proposed MCSwin-
YOLOVS, experiments were conducted on two ship detection datasets: the public SeaShips
dataset and a private infrared maritime ship dataset. The SeaShips dataset was used to
evaluate the model under visible-light maritime scenes, while the infrared dataset was used
to verify its detection capability under weak texture, low-contrast, and complex maritime
conditions. An identical training and evaluation protocol was applied to every model
included in the comparison.

3.1. Datasets and Experimental Settings

This section introduces the two datasets used in the experiments and describes the
implementation details. The object distributions of the two datasets are summarized in
Table 1.

Table 1. (a) SeaShips dataset; (b) infrared maritime ship dataset.

(a)

Category Training Validation Test Total

1 ore carrier 542 586 1071 2199

2 container ship 245 219 437 901

3 bulk cargo carrier 489 468 995 1952

4 general cargo ship 393 368 744 1505

5 fishing boat 510 492 1188 2190

6 passenger ship 100 126 248 474
Total 2279 2259 4683 9221

(b)

Category Training Validation Test Total

1 liner 1020 101 291 1412

2 bulk carrier 4103 416 1258 5777

3 warship 1831 222 494 2547

4 sailboat 3482 347 1106 4935

5 canoe 1090 107 367 1564

6 container ship 473 64 124 661

7 fishing boat 6642 704 1734 9080
Total 18,641 1961 5374 25,976

3.1.1. SeaShips Dataset

SeaShips [29] is a public visible-light ship detection dataset constructed from maritime
video frames. It contains six ship categories, including ore carrier, container ship, bulk
cargo carrier, general cargo ship, fishing boat, and passenger ship. The publicly available
subset used in this study contains 9221 annotated ship targets. Following the official dataset
partition, the predefined training, validation, and test subsets were directly adopted in this

https:/ /doi.org/10.3390/app16178421


https://doi.org/10.3390/app16178421

Appl. Sci. 2026, 16, 8421

13 of 26

study without redistributing the samples. The official protocol recommends dividing the
dataset into training, validation, and test sets at an approximate ratio of 1:1:2. To ensure
consistency with the officially recommended evaluation protocol, the same split ratio was
adopted in this study. The original annotations were converted from PASCAL VOC format
to YOLO format for model training and evaluation.

3.1.2. Infrared Maritime Ship Dataset

The infrared maritime ship dataset was jointly provided by China State Shipbuilding
Corporation No. 717 Research Institute and Guide Infrared Technology Co., Ltd. It con-
tains 8402 infrared images with a resolution of 384 x 288 pixels and includes seven ship
categories: liner, bulk carrier, warship, sailboat, canoe, container ship, and fishing boat. The
dataset contains 25,976 annotated ship targets and was divided into training, validation,
and test sets with a ratio of 7:1:2. During the partitioning process, the category distributions
were kept as consistent as possible across the three subsets to reduce potential sampling
bias. This partition provides sufficient samples for model training while retaining indepen-
dent validation and test sets for evaluating the generalization and robustness of the model
under practical infrared maritime conditions. The original PASCAL VOC annotations were
also converted into YOLO format for model training.

3.1.3. Implementation Details

All experiments were conducted using Ubuntu 18.04, Python 3.8, and PyTorch 2.10.
The experiments were conducted on a hardware setup featuring an NVIDIA GeForce RTX
4090 GPU with 24 GB of memory (NVIDIA Corporation, Santa Clara, CA, USA). The input
images were resized to 640 x 640. Each model was trained for 300 epochs using SGD, with
a batch size of 8, an initial learning rate of 0.01, and a momentum of 0.937. The training
parameters used in all experiments are summarized in Table 2.

Table 2. Network training parameters.

Item Specification Parameter Value
GPU GeForce RTX 4090 24 G Initial learning rate 0.01
CPU Intel Core i9-13900K Batch size 8
CUDA 11.3 Optimizer SGD
cuDNN 8.0 Momentum 0.937
Input size 640 x 640 Epochs 300

3.2. Evaluation Metrics

Precision, Recall, F1-score, AP, and mAP were used to evaluate detection performance.
Precision measures the proportion of correctly detected positive samples among all pre-
dicted positive samples, while Recall measures the proportion of correctly detected positive
samples among all ground-truth positive samples. They are defined as

TP
P_TP+FP (10)
TP
R_TP—i—FN (11)
P xR
F1—2><P+R (12)
1 m
AP = -V AP, 1
m mZ ; (13)
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where TP, FP, and FN denote true positives, false positives, and false negatives, respectively.
For each class, AP corresponds to the integral of its precision—recall curve; averaging these
class-level values gives mAP. We report AP averaged at IoU = 0.5 and across IoU thresholds
of 0.50-0.95, with the latter evaluated at increments of 0.05. During the evaluation process,
the default confidence threshold of 0.25 and the IoU threshold of 0.70 provided by the
YOLO framework were adopted to calculate Precision, Recall, and the F1-score, ensuring
consistency and reproducibility with standard object detection evaluation protocols.

3.3. Ablation Experiments

The revised ablation study evaluates standalone MGFPN, MFPCBAM, and RepMC-
Swin configurations, as well as the combined MGFPN + MFPCBAM configuration and
the complete model. This design separates the marginal contribution of each compo-
nent from the performance of their combined architecture. The experimental results are
shown in Table 3. Since the model architecture is the same on both datasets, the numbers
of parameters and FLOPs are reported together for a fair comparison of accuracy and
computational cost.

Table 3. (a) Ablation results on the SeaShips dataset. (b) Ablation results on the infrared maritime
ship dataset.

(a)

No. MGFPN MFPCBAM  RepMCSwin P R mAP@0.5 mAP@0.5:0.95 Params FLOPs
1 X X X 94.7% 91.2% 96.0% 68.7% 11.12M 28.5G
2 Vv X X 94.1% 92.8% 96.8% 71.1% 12.00 M 383G
3 X Vv X 94.9% 92.3% 96.5% 73.4% 14.57M 451G
4 X X Vv 95.5% 91.8% 96.2% 74.3% 14.59 M 337G
5 Vv Vv X 94.0% 92.7% 96.9% 71.2% 15.85 M 514G
6 Vv X Vv 94.9% 92.9% 97.0% 74.6% 15.47 M 435G
7 X Vv Vv 95.6% 92.6% 96.8% 74.8% 16.67 M 53.7G
8 Vv Vv Vv 95.7% 93.2% 97.4% 75.1% 1929 M 56.7 G

(b)

No. MGFPN MFPCBAM  RepMCSwin P R mAP@0.5 mAP@0.5:0.95  Params FLOPs
1 X X X 92.0% 85.4% 91.1% 63.1% 11.12M 28.5G
2 Vv X X 89.6% 86.4% 92.0% 61.3% 12.00 M 383G
3 X Vv X 91.9% 87.1% 92.7% 62.6% 15.57 M 451G
4 X X Vv 91.7% 87.0% 92.1% 65.1% 1459 M 337G
5 Vv Vv X 90.3% 87.7% 92.9% 63.4% 15.85 M 514G
6 Vv X Vv 90.8% 88.3% 93.1% 65.5% 15.47 M 435G
7 X Vv Vv 91.6% 88.8% 93.5% 65.8% 16.67 M 53.7G
8 Vv Vv Vv 91.4% 91.0% 94.1% 66.9% 1929 M 56.7 G

Note: 4/ indicates that the corresponding module is included, whereas x indicates that it is not
included.

The category-wise AP results further demonstrate the effectiveness of the proposed
modules. On the SeaShips dataset, MCSwin-YOLOVS achieves the highest AP in most
categories, especially for passenger ship and fishing boat, indicating that the proposed
feature fusion and attention mechanisms improve the recognition of visually similar ship
categories. On the infrared maritime ship dataset, the AP of fishing boat increases from
81.1% to 91.5%, and the AP of sailboat increases from 79.4% to 86.5%. These improvements
show that the proposed model is particularly effective for categories with weak boundaries,
large scale variations, and high background interference.

As shown in Figure 10, MCSwin-YOLOVS8 exhibits a more concentrated diagonal
distribution than the original YOLOv8 model, indicating improved class-wise recognition
performance. The improvements are particularly evident for sailboats and fishing boats,
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which are more susceptible to weak boundaries, visual similarity, and maritime background
interference. Meanwhile, the reduced off-diagonal responses between these categories
and the background indicate that the proposed RepMCSwin backbone and attention-
enhanced MGFPN neck improve the discrimination of weak ship contours from background
responses. These observations are consistent with the category-wise AP improvements
reported in Table 3.
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Figure 10. Confusion matrix of infrared offshore ship dataset ablation experiment.

3.4. Comparison with Mainstream Detectors

To further evaluate the competitiveness of MCSwin-YOLOVS, comparative experi-
ments were conducted against several mainstream object detectors, including YOLOVS5,
YOLOvZ7, YOLOvS, YOLOvV9, YOLOv10, RT-DETR, Faster R-CNN, Cascade R-CNN, Reti-
naNet, DCNv2, and SSD. The comparison results on the SeaShips dataset and the infrared
maritime ship dataset are reported in Tables 4 and 5, respectively. All compared models
were trained using the same dataset splits, input resolution, training epochs, optimizer,
learning rate, batch size, data-augmentation strategy, and evaluation pipeline.

https://doi.org/10.3390/app16178421


https://doi.org/10.3390/app16178421

Appl. Sci. 2026, 16, 8421 16 of 26
Table 4. Comparison with mainstream detectors on the SeaShips dataset.
Model F1 mAP@0.5 mAP@0.5:0.95 Params FLOPs
YOLOV5s 91.1% 94.6% 69.2% 7.03 M 16.0G
YOLOvV7 93.3% 96.1% 68.2% 3721 M 105.2 G
YOLOVS8s 92.9% 96.0% 68.7% 11.12M 285G
YOLOv9s 94.1% 96.7% 74.6% 9.74M 39.6 G
YOLOv10s 92.5% 96.3% 73.2% 8.07M 248G
RT-DETR 92.1% 94.2% 66.8% 32.81 M 108.0 G
Faster RCNN 83.2% 95.1% 65.5% 4115M 91.03 G
Cascade RCNN 87.2% 95.8% 72.1% 68.94 M 118.8 G
RetinaNet 73.0% 87.6% 61.2% 3621 M 82.57 G
DCNv2 84.9% 95.5% 67.3% 148.7 M 104.2 G
SSD 79.0% 89.2% 63.2% 2441 M 138.19 G
MCSwin-YOLOvVS8 94.4% 97.4% 75.1% 1929 M 56.7 G
Table 5. Comparison with mainstream detectors on the infrared maritime ship dataset.
Model F1 mAP@0.5 mAP@0.5:0.95 Params FLOPs
YOLOV5s 85.6% 88.9% 55.8% 7.03M 16.0G
YOLOv7 89.5% 93.1% 63.5% 3721 M 105.2G
YOLOvSs 88.6% 91.1% 63.1% 11.12M 285G
YOLOV9s 88.5% 91.0% 64.8% 9.74 M 39.6 G
YOLOvV10s 88.7% 92.1% 64.4% 8.07M 248G
RT-DETR 82.9% 87.3% 59.3% 32.81M 108.0 G
Faster RCNN 85.4% 89.1% 57.3% 41.15M 91.03 G
Cascade RCNN 85.4% 89.9% 60.1% 68.94 M 1188 G
RetinaNet 69.8% 82.2% 49.8% 36.21 M 82.57 G
DCNv2 83.2% 89.7% 57.6% 148.7M 104.2 G
SSD 74.9% 84.7% 52.7% 2441 M 138.2 G
MCSwin-YOLOv8 91.2% 94.1% 66.9% 1929 M 56.7 G

As shown in Table 4, MCSwin-YOLOVS achieves the best overall performance on
the SeaShips dataset, with an F1-score of 94.4%, mAP@0.5 of 97.4%, and mAP@0.5:0.95 of
75.1%. Relative to YOLOvS8, MCSwin-YOLOVS gains 1.4 percentage points in mAP@0.5
and 6.4 percentage points in mAP@0.5:0.95. Although the model introduces additional
parameters and FLOPs, it achieves higher detection accuracy than both one-stage and
two-stage detectors.

As shown in Table 5, MCSwin-YOLOVS also achieves the best detection accuracy on
the infrared maritime ship dataset. It obtains an F1-score of 91.2%, mAP@0.5 of 94.1%,
and mAP@0.5:0.95 of 66.9%, outperforming the YOLOVS baseline by 3.0% and 3.8% in
mAP@0.5 and mAP@0.5:0.95, respectively. These results indicate that the proposed model
can effectively handle challenging infrared maritime scenarios with weak texture, low
contrast, and large scale variations.

3.5. Inference Speed and Runtime Efficiency Analysis

To evaluate runtime efficiency, the inference speed of each compared detector was
measured on the same hardware platform, an NVIDIA GeForce RTX 4090 GPU with 24 GB
of memory (NVIDIA Corporation, Santa Clara, CA, USA),using the same input resolution
(640 x 640) and batch size (1) and is reported in frames per second (FPS). Figure 11 presents
the precision-speed and recall-speed trade-offs on the infrared maritime ship dataset.
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Figure 11. Comparison of (a) precision and (b) recall against inference speed (FPS) for different
detectors on the infrared maritime ship dataset. Speeds were measured on an RTX 4090 with a
640 x 640 input and batch size 1.

As shown in Figure 11, MCSwin-YOLOVS achieves the highest precision (91.4%)
among all compared models while maintaining an inference speed of 87.3 FPS. Although
its speed is slightly lower than those of the lighter YOLOv5, YOLOvS8, YOLOV9, and
YOLOvV10 models, it consistently delivers the best precision; compared with YOLOVS5, for
example, precision is improved by 1.7 percentage points. Against the remaining main-
stream detectors (RT-DETR, Faster R-CNN, DCNv2, RetinaNet, Cascade R-CNN, and SSD),
MCSwin-YOLOVS is superior in both metrics: it runs approximately 2.6 x faster than SSD,
and its precision is 24.5 percentage points higher than that of RetinaNet. Figure 11 shows a
similar pattern for recall: MCSwin-YOLOvVS8 achieves the highest recall (91.0%) at 87.3 FPS.
These results indicate that the accuracy improvements brought by RepMCSwin, MFPCBAM,
and MGFPN do not come at a prohibitive runtime cost, and that the re-parameterized
design keeps the model within a practical speed range for maritime surveillance.

3.6. Qualitative Visualization

To further examine the detection behavior of the proposed model under different
imaging conditions and target distributions, three representative cases are selected for
visual comparison: a visible-light multi-target scene and a visible-light single-target scene
from the SeaShips test set, together with an infrared scene containing a low-contrast target
with a weak boundary. All comparison models are evaluated on the same input images.
The analysis focuses on missed detections, duplicate detections, category predictions,
bounding-box localization, and confidence scores.

Figure 12 presents a visible-light multi-target scene containing three ore carriers.
MCSwin-YOLOVS correctly detects all three ships with confidence scores of 0.93, 0.92, and
0.82, whereas YOLOvV5 and YOLOvV10 miss one target and Cascade R-CNN and DCNv2
produce additional detections. This example shows that the complete model can maintain
high target coverage and a low false-positive rate when multiple ships with different
scales appear in the same image. From the perspective of module functionality, MGFPN
exchanges information across feature levels and transfers high-level semantic cues to
high-resolution features, thereby preserving responses from ships at different scales and
reducing missed detections of small targets. RepMCSwin enhances local structures and ship
boundaries through convolution-oriented multi-scale modeling, which helps distinguish
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LOvS

neighboring ships and maintain complete bounding boxes. MFPCBAM applies parallel
channel and spatial attention to suppress non-target responses from the sea background,
thereby reducing the likelihood of additional or duplicate detections.

MCSwin-YOLOv8

Figure 12. Visual comparison of different detectors in a multi-target scene from the SeaShips test set.
The non-English text is an embedded timestamp/source watermark from the original dataset image;
it is not an annotation or model prediction.

Figure 13 shows a visible-light image containing a single general cargo ship. MCSwin-
YOLOVS correctly detects and localizes the target without producing additional bounding
boxes, assigning a confidence score of 0.94. YOLOv5, YOLOv10, and RT-DETR also detect
the target, with confidence scores of 0.86, 0.93, and 0.89, respectively, whereas several
two-stage and conventional detectors produce duplicate detections. Because the target in
this scene has a moderate scale, the small-target recovery effect of MGFPN is less prominent
than in Figure 12. Nevertheless, its cross-level fusion helps maintain consistency between
semantic and spatial information. MFPCBAM highlights ship-related regions from both
the channel and spatial dimensions while weakening interference from sea texture and
background structures. This behavior is consistent with the absence of duplicate responses
in the complete model. At the same time, the local contour and edge enhancement of
RepMCSwin supports the generation of a compact and stable bounding box.
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Figure 13. Visual comparison of different detectors in a single-target scene from the SeaShips test set.
The non-English text is an embedded timestamp/source watermark from the original dataset image;
it is not an annotation or model prediction.

As shown in Figure 14, the canoe exhibits low contrast and a weak boundary relative
to the surrounding infrared maritime background. MCSwin-YOLOVS correctly localizes
the canoe with a confidence score of 0.96 and does not generate duplicate detections.
YOLOVS and YOLOVS also localize the target but assign lower confidence scores of 0.64
and 0.74, respectively. YOLOv7 and Faster R-CNN each assign a confidence score of 0.90,
while YOLOV9, YOLOv10, and RT-DETR each assign a confidence score of 0.95. Although
Cascade R-CNN assigns a confidence score of 0.98 to the correct target, it produces an
additional false-positive bounding box with a confidence score of 0.52. RetinaNet generates
multiple overlapping detections and incorrectly classifies part of the target as a container
ship. Therefore, a high confidence score for one correctly detected bounding box does not
necessarily indicate reliable overall detection; missed detections, false positives, duplicate
predictions, category correctness, and localization quality should also be considered.

The three examples broaden the qualitative comparison across visible-light and in-
frared imaging conditions and across multi-target, single-target, and weak-boundary scenes.
Nevertheless, these visual results are illustrative and should not be interpreted as a com-
prehensive evaluation of model accuracy. In particular, the confidence score shown for
an individual bounding box is not equivalent to dataset-level detection accuracy. The
qualitative observations also cannot isolate the contribution of RepMCSwin, MFPCBAM, or
MGFPN, because all three components are simultaneously present in the complete model.
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Conclusions regarding overall performance and component effectiveness should therefore
be based primarily on the quantitative comparison and ablation results.

canoe 0.90

YOLOVS YOLOv7

Faster-RCNN Cascade-RCNN RetinaNet

Figure 14. Visual comparison of different detectors for a weak-boundary canoe target in the infrared
maritime ship test set.

4. Discussion
4.1. Effectiveness of the Proposed Components

The qualitative results provide a diagnostic analysis of different error sources in the
detection pipeline. RepMCSwin is introduced in the backbone to construct scale-aware and
boundary-sensitive feature representations. MFPCBAM applies parallel channel and spatial
attention to select discriminative responses and suppress irrelevant maritime background
activations. MGFPN operates in the neck and promotes information exchange among
feature levels, allowing high-level semantic information and low-level spatial details to be
used jointly.

On the SeaShips dataset, the three standalone configurations exhibit distinct perfor-
mance signatures. MGFPN increases recall from 91.2% to 92.8% and mAP@0.5 from 96.0%
to 96.8%, indicating that cross-scale feature exchange helps recover ship targets that may be
missed by the original feature pyramid. However, precision decreases to 94.1%, suggesting
that broader multi-scale aggregation may also introduce additional background responses.
MFPCBAM contributes more strongly to feature discrimination and localization quality.
Its mAP@0.5:0.95 reaches 73.4%, representing a gain of 4.7 percentage points over the
baseline, while both precision and recall also improve. RepMCSwin produces the highest
strict-IToU performance among the single-module configurations, increasing mAP@0.5:0.95
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to 74.3%, or 5.6 percentage points above the baseline, and achieving the highest precision of
95.5%. These distinct metric patterns indicate that MGFPN mainly supports target recovery,
MFPCBAM performs feature selection and background suppression, whereas RepMCSwin
more directly improves boundary localization under scale variation.

The infrared dataset further demonstrates why these functions are necessary. Because
infrared images contain low contrast, weak texture, and blurred target boundaries, MGFPN
alone increases recall by 1.0 percentage point and mAP@0.5 by 0.9 percentage points but de-
creases precision by 2.4 percentage points and mAP@0.5:0.95 by 1.8 percentage points. This
result indicates that simply expanding cross-scale information flow can propagate both tar-
get evidence and background noise in weak-target scenes. MFPCBAM improves mAP@0.5
by 1.6 percentage points and recall by 1.7 percentage points, but its strict-IoU performance
remains slightly below the baseline. Thus, attention improves target response and category
discrimination but cannot independently resolve unstable boundary localization. RepMC-
Swin, in contrast, increases mAP@0.5:0.95 by 2.0 percentage points, confirming the value of
multi-scale convolution and local edge modeling for weak-boundary infrared targets.

The two-component configurations provide direct evidence of complementarity.
On SeaShips, combining MGFPN with RepMCSwin increases recall to 92.9%, which is
1.1 percentage points higher than that of RepMCSwin alone, while mAP@0.5 reaches 97.0%.
This indicates that the cross-scale recovery capability of MGFPN compensates for the
stronger emphasis of RepMCSwin on local representation and precise localization. Con-
versely, adding RepMCSwin to MGFPN increases mAP@0.5:0.95 from 71.1% to 74.6%,
showing that boundary-sensitive backbone features can reduce the localization uncertainty
introduced by multi-scale fusion. The MFPCBAM + RepMCSwin configuration achieves
95.6% precision and 92.6% recall, with mAP@0.5:0.95 reaching 74.8%. This result demon-
strates a strong complementarity between attention-based feature selection and boundary
modeling. By comparison, the MGFPN + MFPCBAM configuration provides only limited
additional improvement, suggesting that feature fusion and attention alone are insuffi-
cient to fully improve localization without the fine-grained local representation supplied
by RepMCSwin.

The infrared results reveal an even clearer interaction among the modules. When
MGFPN is combined with RepMCSwin, mAP@0.5:0.95 increases from 61.3% with MGFPN
alone to 65.5%, while recall reaches 88.3%. This indicates that RepMCSwin constrains and
refines the multi-scale information aggregated by MGFPN through boundary-sensitive
local features. The MFPCBAM + RepMCSwin configuration reaches 93.5% mAP@0.5 and
65.8% mAP@0.5:0.95, representing gains of 0.8 and 3.2 percentage points over MFPCBAM
alone. RepMCSwin therefore compensates for the limitation of attention in precise local-
ization. Meanwhile, combining MGFPN with MFPCBAM increases precision from 89.6%
to 90.3% relative to MGFPN alone, indicating that MFPCBAM can partially suppress the
background false positives introduced by broad multi-scale aggregation. These results
suggest that MGFPN expands the coverage of target evidence, MFPCBAM filters irrelevant
responses, and RepMCSwin restores boundary and localization details. The three com-
ponents consequently address three related but non-equivalent requirements: finding the
target, distinguishing it from the background, and accurately enclosing it.

The complete model demonstrates that the third component is valuable because
it compensates for the remaining limitation of the preceding pair, rather than merely
increasing the parameter count. On SeaShips, compared with the strongest two-component
configuration, MFPCBAM + RepMCSwin, the complete model increases recall from 92.6%
10 93.2%, mAP@0.5 from 96.8% to 97.4%, and mAP@0.5:0.95 from 74.8% to 75.1%, while
precision also improves slightly. On the infrared dataset, the complete model increases
recall from 88.8% to 91.0%, mAP@0.5 from 93.5% to 94.1%, and mAP@0.5:0.95 from 65.8%
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to 66.9%, with only a minor 0.2-percentage-point decrease in precision. The particularly
large recall gain in the infrared setting indicates that, after RepMCSwin provides boundary-
sensitive representations and MFPCBAM filters background interference, MGFPN can
further exploit cross-level semantic and spatial information to recover weak, small, or
low-contrast ships.

4.2. Comparison with Mainstream Detectors and Practical Implications

Compared with the mainstream one-stage and two-stage detectors evaluated under
the same experimental settings, MCSwin-YOLOVS achieved the best overall detection
accuracy on both datasets. On SeaShips, its F1-score, mAP@0.5, and mAP@0.5:0.95 reached
94.4%, 97 4%, and 75.1%, respectively, exceeding the results of YOLOv5, YOLOv7, YOLOVS,
YOLOv9, YOLOv10, RT-DETR, and the evaluated two-stage detectors. Its advantage
over recent models such as YOLOvV9 and YOLOv10 was particularly evident under the
stricter mAP@0.5:0.95 metric, indicating more reliable target localization across different
IoU thresholds.

A similar performance pattern was observed on the infrared maritime ship dataset.
MCSwin-YOLOv8 achieved an Fl-score of 91.2%, an mAP@0.5 of 94.1%, and an
mAP@0.5:0.95 of 66.9%. The model outperformed YOLOvV9 and YOLOvV10 in all three
metrics and also achieved higher detection accuracy than RT-DETR, Faster R-CNN, Cas-
cade R-CNN, RetinaNet, DCNv2, and SSD. These results demonstrate that the proposed
feature-learning strategy remains effective when the imaging modality changes from vis-
ible light to infrared. The consistent improvements across the two datasets indicate that
MCSwin-YOLOVS can learn scale-aware and boundary-sensitive representations rather
than relying only on modality-specific appearance information.

The visualization experiments provide qualitative support for the quantitative results.
In challenging infrared scenes, MCSwin-YOLOVS8 produces fewer missed detections and
false detections than the comparison models, particularly for targets with weak boundaries
and strong background interference. RepMCSwin strengthens local edge and multi-scale
feature extraction, MFPCBAM suppresses irrelevant background responses, and MGFPN
facilitates the interaction of semantic and spatial information across different feature levels.
Their combination consequently improves both category discrimination and localization
reliability in complex maritime environments.

The accuracy improvements are accompanied by an increase in model complexity.
MCSwin-YOLOVS contains 19.29 M parameters and requires 56.7 G FLOPs, compared with
11.12 M parameters and 28.5 G FLOPs for the original YOLOvVS8. Nevertheless, the proposed
model remains substantially smaller than several two-stage detectors, including Faster
R-CNN and Cascade R-CNN, while achieving higher detection accuracy. These results
indicate that the additional computational cost is converted into meaningful improvements
in feature representation, difficult-category recognition, and high-IoU localization. Con-
sequently, MCSwin-YOLOvVS8 provides a competitive accuracy—complexity trade-off for
maritime surveillance and ship safety applications.

5. Conclusions

This study proposed MCSwin-YOLOVS to address the difficulties associated with
ship detection under large scale variations, high inter-class visual similarity, weak target
boundaries, and complex maritime backgrounds. The model integrates three complemen-
tary components. First, the RepMCSwin backbone enhances multi-scale representation
and fine-grained boundary modeling through a convolution-oriented architecture. Sec-
ond, MFPCBAM applies parallel channel and spatial attention to strengthen ship-related
responses and suppress background interference. Third, MGFPN improves cross-scale
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feature interaction and preserves information that is important for detecting small and
weakly represented ships.

Experiments on the public SeaShips dataset and a private infrared maritime ship
dataset demonstrated the effectiveness of the proposed approach. MCSwin-YOLOvS8
achieved an Fl1-score of 94.4%, an mAP@0.5 of 97.4%, and an mAP@0.5:0.95 of 75.1% on
SeaShips. On the infrared dataset, it achieved an F1-score of 91.2%, an mAP@0.5 of 94.1%,
and an mAP@0.5:0.95 of 66.9%. The substantial improvements for difficult categories, par-
ticularly fishing boats and sailboats in infrared images, indicate that the proposed model is
effective in detecting ships with weak boundaries and visually similar appearances. The
ablation experiments further confirmed that RepMCSwin, MFPCBAM, and MGFPN con-
tribute complementary improvements to feature representation, background suppression,
and multi-scale fusion.

Several limitations should also be acknowledged. First, the experiments were con-
ducted on only two datasets, and the private infrared dataset may not fully represent the
diversity of real maritime environments. The robustness of the model under fog, rain,
strong sea clutter, glare, occlusion, dense traffic, and long-distance small-target conditions
therefore remains to be verified. Second, the present evaluation focuses primarily on de-
tection accuracy and computational complexity; inference latency, memory consumption,
energy usage, and stability on embedded maritime hardware were not systematically
evaluated. Third, machine learning models can be highly sensitive to random weight
initialization and data partitioning strategies, which may affect experimental robustness
and reproducibility [30,31]. Due to computational resource constraints during the revision
period, reporting the mean and standard deviation over several runs was not feasible.
Future work should expand the infrared dataset, conduct cross-dataset and multi-seed
validation, and evaluate the model under a broader range of adverse maritime conditions.
Model pruning, knowledge distillation, lightweight convolution, and hardware-aware
deployment should also be investigated to achieve a better balance between detection
accuracy and real-time performance.
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Abbreviations

The following abbreviations are used in this manuscript:

AIS Automatic Identification System
AP Average Precision
C2f Cross-Stage Partial Bottleneck with Two Convolutions
CBAM Convolutional Block Attention Module
CBS Convolution-Batch Normalization—-SiL.U Block
CNN Convolutional Neural Network
ConvMLP Convolutional Multilayer Perceptron
CPU Central Processing Unit
CUDA Compute Unified Device Architecture
DCNv2 Deformable Convolutional Network Version 2
F1 F1 Score
FLOPs Floating-Point Operations
FN False Negative
FP False Positive
FPN Feature Pyramid Network
GAN Generative Adversarial Network
GFPN Generalized Feature Pyramid Network
GPU Graphics Processing Unit
ToU Intersection over Union
LN Layer Normalization
mAP Mean Average Precision
MCBot Multi-Scale Convolutional Bottleneck
MCSwin Multi-Scale Convolutional Swin Block
MFPCBAM Multi-Feature Parallel Convolutional Block Attention Module
MGFPN Modified Generalized Feature Pyramid Network
MLP Multilayer Perceptron
PAFPN Path Aggregation Feature Pyramid Network
PConv Partial Convolution
PASCAL VOC Pat.tern Analysis, Statistical Modelling and Computational Learning Visual
Object Classes
R-CNN Region-Based Convolutional Neural Network
RDSC Reverse Depthwise Separable Convolution
RepMCSwin Re-Parameterized Multi-Scale Convolutional Swin Backbone
RepVGG Re-Parameterized Visual Geometry Group Network
RT-DETR Real-Time Detection Transformer
SAR Synthetic Aperture Radar
SGD Stochastic Gradient Descent
SPP Spatial Pyramid Pooling
SPPF Spatial Pyramid Pooling-Fast
SSD Single Shot MultiBox Detector
SW-MSA Shifted-Window Multi-Head Self-Attention
TP True Positive
W-MSA Window-Based Multi-Head Self-Attention
YOLO You Only Look Once
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