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Abstract 

Ship target detection is crucial in maritime traffic management, smart ports, auton-

omous ship systems, environmental monitoring, and ship scheduling. Accurate 

detection of various ships on the water can significantly enhance maritime traffic 

safety, reduce accidents, and improve the efficiency of port and waterway manage-

ment. This study proposes a high-precision ship target detection algorithm based on 

YOLOv10, named YOLO-HPSD (High-precision Ship Target Detection). To meet the 

high-precision requirements in practical applications, several precision-enhancement 

strategies are introduced based on YOLOv10. To optimize the feature fusion pro-

cess, the Iterative Attentional Feature Fusion (iAFF) is integrated with the C2F 

module in the backbone, resulting in the development of a novel C2F_iAFF module 

that utilizes a multi-scale channel attention mechanism. Meanwhile, the Mixed Local 

Channel Attention (MLCA) is introduced after the C2F module at the network neck, 

which improves the model’s ability to integrate both local and global information. 

Additionally, the BiFPN module is incorporated after the connection operation at the 

network neck, utilizing learnable weights to optimize the importance of different input 

features, thereby further enhancing multi-scale feature fusion. The experimental 

results demonstrate that YOLO-HPSD achieves excellent detection performance on 

the ship dataset, with an F1-score of 97.88% and mAP@0.5 of 98.86%. Compared 

to YOLOv10n, the F1-score, and mAP@0.5 have improved by 1.22% and 0.31%, 

respectively. Furthermore, the detection time for a single image is only 20.6 ms. 

These results indicate that the model not only ensures high detection speed but also 

delivers high-accuracy ship target detection. This study provides technical support for 

real-time ship target detection and the development of edge computing devices.

1.  Introduction

With the increasing diversification of human activities in the maritime domain, encom-
passing areas such as maritime traffic, trade, and fisheries, ships, as the key vessels 
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of these activities, play a crucial role in regulatory oversight [1–3]. Especially in the 
context of the continuous development of autonomous driving technology, the appli-
cation of autonomous ships, particularly in cargo transportation, is attracting wide-
spread attention [4]. Ship target detection technology holds significant implications 
for automated fisheries management, port emergency response, and optimization 
of maritime traffic [5]. Accurate ship target detection is not only directly related to the 
safety of civilian operations but also plays a crucial role in the execution of real-time 
tasks [6]. However, traditional ship target detection methods primarily rely on manual 
inspection and video recording, which have significant drawbacks. Manual inspec-
tion requires substantial human resources, with high labor intensity [7,8]. This is 
particularly inefficient in complex waterways and busy shipping lanes, where manual 
detection often suffers from low efficiency, leading to missed detections or misjudg-
ments [9,10]. While video recordings can preserve visual data of ship activities, the 
subsequent analysis process is cumbersome and time-consuming, making real-time 
monitoring and rapid response difficult to achieve [11,12]. Additionally, traditional 
methods struggle with low detection accuracy in complex environments, high-density 
ship traffic, or adverse weather conditions, failing to meet the modern demands for 
real-time and accurate waterway traffic management [13,14]. Therefore, there is an 
urgent need to develop efficient and automated ship target detection technologies to 
address these challenges.

In recent years, the rapid development of computer vision and deep learning 
technologies has provided new solutions for ship target detection. Significant prog-
ress has been made in the application of deep learning to object detection, with 
existing mainstream methods generally falling into two categories: models based on 
convolutional neural network (CNN) architecture and those based on Transformer 
architecture [15,16]. CNN is the most commonly used approach for object detec-
tion, widely applied in tasks such as image classification and object localization 
by extracting features layer by layer and performing classification [17,18]. Faster 
R-CNN and Single Shot MultiBox Detector (SSD) are representative CNN-based 
models. Faster R-CNN generates candidate regions using a Region Proposal 
Network (RPN), achieving high accuracy, but with high computational complexity 
that limits real-time performance [19]. In contrast, SSD optimizes detection speed 
while maintaining relatively high accuracy, making it suitable for real-time applica-
tions [20]. Another category of methods is based on Transformer architecture, such 
as Vision Transformer (ViT) [21]. ViT leverages the Transformer model’s ability to 
handle global dependencies, enhancing overall detection capability. It establishes 
global relationships between image pixels through the attention mechanism, using 
serialization and positional embeddings to represent spatial information, thereby 
effectively capturing long-range dependencies in the image [22]. ViT has been 
widely applied in computer vision tasks such as semantic segmentation and object 
detection, especially excelling in handling complex scenes. However, ViT models 
are typically large with high computational and storage overhead, making them less 
suitable for real-time monitoring tasks, particularly in applications like ship target 
detection, which require efficient real-time response.
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Compared to these algorithms, the YOLO algorithm reformulates the object detection task as a regression problem 
and adopts an end-to-end training approach, significantly improving detection speed and efficiency [23]. The YOLO series 
models are widely used in various fields, including video surveillance, autonomous driving, and drone detection, due to 
their efficiency, accuracy, and real-time capabilities. Particularly in ship target detection tasks, YOLO has emerged as 
one of the most promising object detection technologies, thanks to its rapid response and relatively low computational 
requirements.

Currently, YOLO-based ship target detection has become the mainstream approach in the field of surface target detec-
tion. With the continuous advancement of deep learning technologies, YOLO series models have achieved significant 
success in ship target detection tasks. Researchers have made various improvements to the YOLO algorithm to address 
the complex challenges encountered in ship target detection. To improve the detection accuracy of small targets, Zhao et 
al. [24] proposed a lightweight Vision Transformer, MobileViTSF, based on YOLOv8. By introducing the newly designed 
GSC2f module, the model reduced the number of parameters while enhancing detection performance. This model not 
only improved the accuracy of ship target detection but also enabled its adaptation to edge computing devices, demon-
strating promising practical application prospects. Li et al. [25] improved YOLOv8n to develop the YOLO-WSD algorithm, 
which optimizes the feature fusion network structure to meet the real-time detection requirements for surface targets. By 
adopting the WIOU localization loss function, the algorithm significantly improved both detection Precision and Recall, 
particularly in complex environments. To address the challenges of detecting unmanned and long-distance ships, Zhou 
et al. [26] proposed different optimization solutions. In one study, the YOLOv5s algorithm improved detection accuracy 
for small ships by optimizing the target clustering method at the data input stage and expanding the receptive field. The 
improved model achieved high accuracy in ship target detection tasks, especially for path planning and automatic obsta-
cle avoidance systems. Gong et al. [27] proposed Ship-YOLOv8 based on YOLOv8, which optimized target detection 
for long-distance ships. By introducing technologies such as the C-Bottleneck Transformer and the Cross-Stage Partial 
Network, this model achieved significant improvements in both detection accuracy and inference speed, demonstrating 
excellent performance, especially in small target detection and long-distance ship recognition.

Although YOLOv5 and YOLOv8 have achieved promising results in ship target detection, existing models still face sev-
eral challenges, such as large model sizes, high computational complexity, and insufficient detection accuracy in certain 
special environments. With the continuous development of YOLO series models, the YOLOv10 algorithm builds upon the 
strengths of previous generations, inheriting their excellent detection accuracy and low computational complexity, while 
providing comprehensive optimizations to core modules, such as the network backbone structure, feature extraction meth-
ods, and loss functions. This version particularly excels in complex scenarios and multi-scale object detection, significantly 
enhancing the model’s robustness and accuracy. Overall, YOLOv10 demonstrates strong potential for practical applica-
tions in ship target detection, especially in environments with real-time and high-accuracy requirements. Therefore, this 
study focuses on further optimizing the model based on YOLOv10.

The YOLO-HPSD model proposed in this study is highly innovative. When compared with existing ship-target detection 
methods, many YOLO-based improvement approaches mainly focus on the adjustment of a single module or the optimi-
zation of detection for targets of specific scales only. To address the above issues, this study innovatively adopts multiple 
strategies for collaborative optimization. The main contributions of this study are as follows:

(1)	 To enhance the feature fusion process and improve detection accuracy, we propose the integration of the iAFF with 
the C2F module in YOLOv10. This integration optimizes multi-scale feature fusion and improves the model’s ability to 
handle complex environments.

(2)	 To strengthen the model’s learning of both local and global information, we introduce the MLCA module after the C2F 
module at the neck of the network. This improvement enables the model to better capture spatial and channel-wise 
attention, enhancing its detection performance in diverse scenarios.
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(3)	 To improve the multi-scale feature fusion capability and the model’s robustness, we introduce the BiFPN module in 
the network’s neck. This module applies learnable weights to different input features, optimizing their importance and 
enhancing the overall feature fusion process.

The structure of this thesis is organized as follows: Chapter 2 provides a detailed description of the materials and meth-
ods employed in the study, including the YOLOv10 model and its improved modules iAFF, MLCA, and BiFPN, as well as 
the constructed YOLO-HPSD model. Chapter 3 presents the experimental design, the SeaShip dataset used, evaluation 
metrics, and the experimental results, including comparative experiments with other YOLO series models and ablation 
studies, which validate the effectiveness and superiority of YOLO-HPSD. Chapter 4 summarizes the research findings, 
emphasizing the accuracy and efficiency of YOLO-HPSD in ship target detection for maritime applications, and offers 
perspectives on future research directions.

2.  Materials and methods

2.1.  YOLOv10

Tsinghua University launched the new generation YOLOv10 model in 2024 [28]. YOLOv10 inherits the efficient design 
of previous generations and incorporates several detailed module improvements [29]. Compared to YOLOv8, YOLOv10 
further enhances detection accuracy and computational efficiency by introducing various optimization measures, making it 
excel in a wide range of real-time object detection tasks [30]. The overall structure of YOLOv10 is shown in Fig 1.

The backbone network of YOLOv10 is responsible for feature extraction from the input image, consisting primarily of 
C2F modules, convolutional modules, downsampling, SPPF modules, and PSA modules. The C2F and convolutional 
modules are responsible for extracting and learning target features [31]. YOLOv10 uses the SCDown downsampling 
module, which significantly improves computational efficiency compared to the traditional CBL downsampling method. 
Additionally, YOLOv10 introduces the PSA module, which integrates a self-attention mechanism after the SPPF layer, 

Fig 1.  The overall structure of YOLOv10.

https://doi.org/10.1371/journal.pone.0321863.g001

https://doi.org/10.1371/journal.pone.0321863.g001
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enhancing its ability to process global information [32]. The SPPF module is designed to strengthen spatial information in 
the feature map, effectively capturing features of different sizes through multi-scale pooling operations, thus improving the 
model’s ability to detect objects at various scales.

In the neck network, YOLOv10 retains the design concept from YOLOv8 while incorporating innovative improvements, 
notably the C2fCIB module. The C2fCIB is a lightweight feature enhancement module that integrates point convolution 
and depth convolution, significantly boosting the model’s feature extraction and representation capabilities [33]. In the 
head network, YOLOv10 further reduces computational load by replacing the continuous convolutions from YOLOv8 with 
depthwise separable convolutions, which significantly decreases computational costs and inference time [34,35]. During 
the model’s training process, two prediction heads are used, one employing a one-to-many allocation strategy, and the 
other using a one-to-one allocation strategy [36]. This approach allows the model to leverage the abundant supervisory 
signals from the one-to-many allocation during training, while using the one-to-one allocation for inference, enabling effi-
cient inference without the need for non-maximum suppression.

In YOLOv10, the cross-entropy loss is used to measure the difference between the predicted class probability dis-
tribution and the ground truth class distribution. Each grid cell in the model predicts a probability distribution over all 
possible classes, indicating the likelihood of each class being present in that grid. The true class distribution is repre-
sented as a one-hot encoded vector, where the element corresponding to the true class is 1, and all other elements are 
0. The cross-entropy loss function is crucial for guiding the model to accurately classify objects within each grid cell. The 
cross-entropy loss is calculated using the following formula:

	 Cross – entropy loss = –
∑N

i=1 yilog(pi)	 (1)

Where yi is the true class label (one-hot encoded), pi  is the predicted probability for class i , and N  is the number of 
classes.

In conclusion, YOLOv10 significantly improves both the accuracy and computational efficiency of the model through 
innovative network architecture and optimized computational methods.

2.2.  The iAFF module

The AFF module is a feature fusion technique widely used in deep learning networks in recent years, aiming to optimize 
the fusion process of different feature maps by introducing attention mechanisms. It is typically applied to feature maps 
with different semantics and scales, such as convolutional features at the same level, skip connections in residual con-
nections, or feature maps from different levels in a feature pyramid network. The fundamental idea of AFF is to use the 
attention mechanism to dynamically learn the importance of different feature maps during the fusion process, allowing the 
network to effectively combine information from different sources. Specifically, the feature fusion of AFF is as follows:

	 Z = M(X ⊎ Y)
⊗

X+ (1 –M(X ⊎ Y))
⊗

Y 	 (2)

Where M  represents the fusion weights generated through a multi-scale channel attention mechanism, ⊎ denotes the ini-
tial feature integration. X,Y ∈ RH×W×C are the feature maps to be fused, with Z  being the final fused feature map. H×W  
is the resolution of the original image and C denotes the number of channels.

The AFF module enables the network to optimize feature selection and fusion without introducing additional compu-
tational overhead, thereby enhancing the model’s representation capability. However, despite its strong performance in 
many tasks, AFF also has some limitations. Firstly, AFF relies on the quality of the initial feature fusion. If the initial fusion 
process fails to adequately capture the correlations between features, the subsequent attention mechanism cannot effec-
tively address this issue. Additionally, AFF typically uses a single attention mechanism for feature fusion, which may lead 
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to incomplete information fusion when dealing with complex, multi-level features, thus failing to fully exploit the relation-
ships between features at different layers. As a result, AFF may be limited when handling features with high semantic or 
scale differences, particularly in scenarios that require fine-grained feature fusion.

To address these issues, this paper proposes the iAFF module. The iAFF improves upon the AFF by incorporating a 
dual-stage attention mechanism for feature fusion. Specifically, iAFF first performs an initial attention-based fusion to inte-
grate the input features with weighted emphasis and then applies a second-stage attention mechanism to further refine 
the fusion results. The formula for iAFF can be expressed as:

	 X
⊕

Y = M(X+ Y)
⊙

X+ (1 –M(X+ Y))
⊙

Y 	 (3)

Where, X  and Y  are the input feature maps, M(X+ Y) represents the weights generated by the attention mechanism, and ⊙
 denotes the element-wise multiplication operation.
The iAFF module, through this dual-stage attention mechanism, overcomes the limitations of traditional AFF, which 

relies solely on a single fusion process. Particularly in tasks involving large amounts of high-dimensional information and 
complex hierarchical features, iAFF demonstrates superior performance. Experimental results show that iAFF not only 
surpasses traditional AFF in fusion effectiveness but also enhances the robustness and accuracy of the network, providing 
a more efficient solution for multi-scale and multi-level feature fusion. The structure of the AFF module is shown in Fig 2a, 
and the structure of the iAFF module is shown in Fig 2b.

In this study, the iAFF module is integrated into the C2f module of YOLOv10, resulting in the creation of the novel 
C2f_iAFF module. The aim is to enhance the model’s feature extraction capability by incorporating the iterative attention 
feature fusion mechanism. The iAFF module is inserted into the C2f module, specifically after the Add operation in the 
bottleneck module. The dual-level attention mechanism, effectively strengthens the fusion process of features with dif-
ferent scales and semantics, demonstrating significant advantages, especially in the fusion and optimization of complex 
features.

The workflow of the C2f_iAFF module is as follows: the input feature map passes through conventional convolutional 
layers to extract preliminary feature representations. Then, the iAFF module performs iterative attention fusion on the 
feature map, optimizing feature information across different layers and scales to ensure more accurate feature fusion and 

Fig 2.  (a) the AFF module; (b) the iAFF module.

https://doi.org/10.1371/journal.pone.0321863.g002

https://doi.org/10.1371/journal.pone.0321863.g002
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information transfer. The integration of iAFF with the C2F module significantly enhances the model’s multi-scale feature 
fusion ability. Leveraging the multi-scale channel attention mechanism enables the model to adaptively focus on important 
features at different scales, thus improving the detection accuracy in complex marine scenarios with various ship sizes 
and environmental conditions. In this study, by replacing the C2f module with the C2f_iAFF module, the improved model 
further strengthens the fusion capability of multi-scale features, enhancing detection performance while retaining the 
advantages of the original structure. The structural diagrams of the C2f and C2f_iAFF modules are shown in Fig 3.

2.3.  MLCA module

The MLCA mechanism is an improvement upon traditional channel attention mechanisms, aiming to address the limita-
tions in utilizing spatial information in these methods. By adopting a one-dimensional convolution acceleration strategy, 
MLCA not only reduces the computational cost and parameter count but also prevents accuracy loss caused by channel 
dimension reduction. This design allows MLCA to capture spatial information more precisely while maintaining efficiency, 
enhancing the model’s ability to perceive fine details, and avoiding the computational redundancy issues inherent in tradi-
tional methods.

The working principle of the MLCA mechanism is as follows: the input feature map undergoes a local pooling opera-
tion to extract spatial information from each local region, resulting in a vector 1∗C∗ks∗ks, where ks represents the size 
of the local block. Then, MLCA divides the input into two branches: one branch extracts global information, while the 
other focuses on local spatial information. After each branch undergoes one-dimensional convolution processing, they 
are restored to the original resolution through a de-pooling operation, and the information from both branches is fused to 

Fig 3.  (a) the C2f module; (b) the C2f_iAFF module.

https://doi.org/10.1371/journal.pone.0321863.g003

https://doi.org/10.1371/journal.pone.0321863.g003
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achieve a hybrid channel and spatial attention mechanism. To reduce computational cost and parameter count, MLCA 
employs a one-dimensional convolution acceleration strategy. This strategy optimizes the original local spatial attention 
mechanism by reducing kernel size and computational load, thus avoiding accuracy loss caused by channel dimension 
reduction. The kernel size of MLCA k is determined based on the number of channels C , and the calculation formula is:

	
k = φ(C) = | log2(C)γ + b

γ |odd	 (4)

Where γ  and b are both hyperparameters, the default value is 2, odd means that k  is only odd, and if k  is even, add 1.
By capturing the attention of both space and channel simultaneously, the MLCA module enables the model to more 

deeply understand the background of the ship target in different scenarios, further enabling more accurate detection.

2.4.  BiFPN module

The core idea of the BiFPN module is to optimize the multi-scale feature representation problem in object detection 
through efficient bidirectional cross-scale connections and weighted feature fusion. Multi-scale feature fusion is one of the 
key challenges in object detection, as targets can vary significantly in scale. Traditional detectors often face performance 
bottlenecks when dealing with objects of different scales. To address this issue, the BiFPN module introduces learnable 
weights to dynamically adjust the importance of features at different scales, thereby achieving higher accuracy in the 
detection of multi-scale targets.

Traditional Feature Pyramid Networks (FPN) make predictions based on pyramid features extracted by the backbone 
network, using a top-down path to integrate multi-scale features. However, FPN does not fully consider the transfer of 
features from lower to higher levels, which can lead to the insufficient propagation of fine-grained information in high-level 
features. To address this issue, PANet (Path Aggregation Network) adds a bottom-up path on top of FPN, further enhanc-
ing the feature propagation capability. The traditional FPN aggregates multi-scale features in a top-down manner, and the 
formula is as follows:

	 Pout7 = Conv(Pin7 )	 (5)

	 Pout6 = Conv(Pin6 + Resize(Pout7 ))	 (6)

	 Pout3 = Conv(Pin3 + Resize(Pout4 ))	 (7)

Where Pin3 , ...P
in
7  are the input features. Pout3 , ...Pout7  are the output features. Resize is usually an upsampling or downsam-

pling op for resolution matching, and Conv  is usually a convolutional op for feature processing.
Unlike the unidirectional fusion in FPN and PANet, the BiFPN module repeatedly performs both top-down and 

bottom-up feature fusion, allowing low-level features to better interact with high-level features and preventing information 
loss. This bidirectional fusion mechanism effectively improves the model’s ability to recognize objects of different scales, 
particularly enhancing its sensitivity to small objects and targets that are farther from the camera, especially in complex 
scenarios. In addition, another major advantage of the BiFPN module is its introduction of a learnable weight mecha-
nism, which allows the importance of features from different scales to be dynamically adjusted during the fusion process. 
This weight learning enables the model to intelligently select which features are most critical for object detection, thereby 
achieving more efficient feature fusion across different scales. This design not only improves the model’s performance but 
also ensures computational efficiency, making it particularly suitable for resource-constrained environments, such as edge 
computing and mobile devices. The formula for the two fused features at level 6 of BiFPN is as follows:
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Ptd6 = Conv

(
ω1·Pin6+ω2·Resize(Pin7 )

ω1+ω2+∈

)
	 (8)

	
Pout6 = Conv(ω1́·P

in
6+ω2́·P

td
6+ω3́·Resize(P

out
5 )

ω1́+ω2́+∈ )
	 (9)

Where ωi is a learnable weight that can be a scalar (per feature), a vector (per channel), or a multi-dimensional tensor 
(per pixel). ∈= 0.0001 is a small value to avoid numerical instability. Ptd6  is the intermediate feature at level 6 on the top-
down pathway. Pout6  is the output feature at level 6 on the bottom-up pathway.

In the implementation of the BiFPN module, feature fusion is accomplished through multiple convolution operations and 
weighted summation. During each feature fusion step, features from different levels are weighted through both top-down 
and bottom-up operations, with the weights continuously adjusted throughout the fusion process, ultimately resulting in a 
refined and efficient multi-scale feature representation. Incorporating the BiFPN module in the neck optimizes the impor-
tance of different input features through learnable weights. This dynamic optimization mechanism greatly improves the 
multi-scale feature fusion efficiency, enabling the model to better handle the challenges of varying ship densities, weather 
conditions, and lighting in real-world applications, thereby enhancing the model’s robustness. The structure diagram of the 
BiFPN module is shown in Fig 4.

2.5.  YOLO-HPSD

This study proposes the YOLO-HPSD algorithm, which integrates several improvements to further enhance the perfor-
mance of YOLOv10 in ship target detection tasks. The specific improvements are as follows:

(1)	 The C2F module in the backbone is replaced with the C2F_iAFF module. This integration enables iterative attention 
feature fusion, allowing dynamic weighted selection during the feature fusion process. This enhancement improves the 
model’s ability to handle features at different scales. Additionally, the iterative optimization of fusion weights strength-
ens the model’s ability to recognize fine details in complex backgrounds.

(2)	 The MLCB is introduced after the C2F module and C2FCIB module in the neck of the network. MLCB enhances the 
model’s capacity to learn both channel and spatial information. By combining local and global information, the model is 
able to focus more accurately on important regions of the image, improving its sensitivity to details and further boost-
ing its feature extraction and expression capabilities.

Fig 4.  The structure diagram of the BiFPN module.

https://doi.org/10.1371/journal.pone.0321863.g004

https://doi.org/10.1371/journal.pone.0321863.g004


PLOS One | https://doi.org/10.1371/journal.pone.0321863  May 12, 2025 10 / 20

(3)	 The BiFPN module is added after the connection operations in the network’s neck. By introducing learnable weights, 
BiFPN optimizes the importance of different input features, strengthening the bidirectional fusion of multi-scale fea-
tures. While enhancing the model’s feature representation capabilities, BiFPN also ensures computational efficiency, 
allowing YOLO-HPSD to maintain high accuracy while improving computational efficiency, making it suitable for 
resource-constrained environments.

Through these three key improvements, YOLO-HPSD significantly enhances ship target detection performance, especially 
in multi-scale object detection, fine detail recognition, and complex background scenarios. The overall structure of YOLO-
HPSD is shown in Fig 5.

3.  Results

3.1.  Ship dataset

The ship dataset used in this study is named SeaShip, which consists of 7000 annotated images captured under real-
world conditions to ensure the diversity and complexity of maritime environments. The dataset includes six ship catego-
ries: ore carriers, bulk cargo carriers, general cargo ships, fishing boats, container ships, and passenger ships. These 
images cover various ship types in different scenarios, including varying hull sections, proportions, viewing angles, lighting 
conditions, and occlusions. Sample images of the ship dataset are shown in Fig 6.

Enhancing the original images in the dataset can further increase the difficulty of the recognition task and supplement 
the number of images in the dataset. When the ship target detection model successfully overcomes the challenges posed 
by the augmented dataset and achieves excellent training results, it indicates that the model’s robustness and practical 
applicability have been improved. In this study, various data augmentation techniques were applied to the ship images, 
including: adjusting image brightness (-60% to 160%), adjusting image contrast (-50% to 160%), adding Gaussian noise, 

Fig 5.  The overall structure of YOLO-HPSD.

https://doi.org/10.1371/journal.pone.0321863.g005

https://doi.org/10.1371/journal.pone.0321863.g005
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and adding salt-and-pepper noise. Using these augmentation methods, the ship dataset was expanded by a factor of two. 
As a result, the final ship dataset used in this study consists of 14,000 images.

To ensure a comprehensive evaluation, the dataset was divided into three subsets in this study: 80% for training, 10% 
for testing, and 10% for validation. The specific configuration of the ship dataset is presented in Table 1.

3.2.  Experimental environment

The experiments were conducted on a server equipped with an Intel Core i7-9700 processor and an NVIDIA GeForce 
RTX 2080 Ti GPU, which provided GPU acceleration for model training. The system ran on Windows 11, and the program-
ming environment utilized Python 3.8, with model training and evaluation conducted using the PyTorch 1.12.0 deep learn-
ing framework. GPU acceleration was enabled through CUDA 11.6, ensuring efficient training performance. The server 
had 32GB of memory to support the computational demands. For the training process, the batch size was set to 16, and 
the model was trained for 300 epochs. The initial learning rate was 0.01, and the SGD optimizer was used, with a momen-
tum value of 0.937. Additionally, weight decay was set to 0.0005 to help regularize the model and prevent overfitting.

Fig 6.  The sample images of the ship dataset.

https://doi.org/10.1371/journal.pone.0321863.g006

Table 1.  The specific configuration of the ship dataset.

Dataset Images Proportion

Training 11,200 80%

Validation 1400 10%

Testing 1400 10%

https://doi.org/10.1371/journal.pone.0321863.t001

https://doi.org/10.1371/journal.pone.0321863.g006
https://doi.org/10.1371/journal.pone.0321863.t001
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3.3.  Evaluating indicator

In this study, the evaluation metrics for the ship target detection algorithm include Precision, Recall, F1-score, mAP@0.5, 
FPS, and Parameters, which are employed to assess the model’s performance. The number of Parameters is used to 
measure the size of the model, indicating the number of trainable adjustable parameters, and is used to evaluate the 
deployment cost of the model. Precision measures the percentage of true positive predictions out of all positive predic-
tions, reflecting the model’s ability to avoid false positives. The recall represents the ratio of correctly identified positive 
samples to the total number of actual positive samples, indicating the model’s effectiveness in detecting all relevant 
instances. F1-score is the harmonic mean of Precision and Recall, providing a balanced metric for evaluating both. The 
FPS is used to measure the real-time performance of the model, indicating the number of image frames that can be 
processed per second. The time required for the model to recognize a single image can be calculated through FPS. The 
mAP@0.5 is used to evaluate the model’s mean average precision at an intersection-over-union (IoU) threshold of 0.5, 
focusing on the model’s overall detection Precision. The ranges for Precision, Recall, F1-score, and mAP@0.5 are from 
0% to 100%. The formulas for calculating these metrics are as follows:

	 Precision = TP
TP+FP 	 (10)

	 Recall = TP
TP+FN	 (11)

	 F1 – score = 2×Presision×Recall
Precision+Recall 	 (12)

The definition of average precision and mAP is given as follows:

	 AP =
∫ l
0
P(R)d R	 (13)

	 mAP =
∑N

i=1 APi/N	 (14)

Where APi denotes the average precision of the target i . N  denotes the total number of identified targets, and mAP@0.5 
denotes the average AP of all categories when IoU is set to 0.5.

3.4.  Comparison experiments of YOLO series algorithms

In this study, we conducted comparative experiments on several mainstream lightweight YOLO models to assess their 
performance in ship target detection tasks. In real-world maritime applications, such as airborne edge computing devices 
for surveillance and unmanned aerial vehicles, computing resources are often severely limited. At present, relevant stud-
ies have proved that YOLOv10 can maintain good performance under resource constraints, making it a benchmark model 
for this study. Specifically, we selected five optimized YOLO models: YOLOv4-tiny, YOLOv5s, YOLOv7-tiny, YOLOv8n, 
and YOLOv10n. These models, all based on the YOLO architecture, were designed to optimize performance for 
resource-constrained applications, aiming to improve inference speed and reduce model size. We compared the models 
across several key metrics, including Precision, Recall, F1-score, mAP@0.5, and parameters. The results of the YOLO 
series comparison experiment are shown in Table 2.

From Table 2, it is evident that YOLOv10n achieved the highest mAP@0.5 of 98.55% for the ship target detection task 
in this study. Compared to the other models, YOLOv10n showed improvements in mAP@0.5 by 9.12%, 7.86%, 3.94%, 

mAP@0.5
mAP@0.5
mAP@0.5
mAP@0.5
mAP@0.5
mAP@0.5
mAP@0.5
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and 0.71%, respectively. Additionally, YOLOv10n also outperformed the other models in Precision, Recall, and F1-score, 
with values of 97.33%, 95.99%, and 96.66%, respectively. Notably, YOLOv10n had the smallest parameter size among 
the models, with only 2.7 × 10⁶ parameters. Moreover, YOLOv10 offers excellent real-time performance. In practical 
ship target detection scenarios, real-time response is essential for timely decision-making, such as in maritime traffic 
management and emergency rescue. The fast inference speed of YOLOv10n ensures that it can quickly and accurately 
detect ship targets, meeting the requirements of real-time applications. Considering both detection Precision and model 
size, YOLOv10n stands out for its balance between lightweight design and high performance. Based on these results, 
YOLOv10n was selected as the base model for further improvements and optimizations in this study.

3.5.  Ablation experiment

To verify the effectiveness of the three improvement strategies proposed in this study, different modules were introduced 
on the basis of YOLOv10n, and ablation experiments were conducted. In the experiments, the iAFF, MLCA, and BiFPN 
modules were embedded into the YOLOv10n model to evaluate their performance enhancement in ship target detection 
tasks. The results of the ablation experiments are shown in Table 3.

The experimental results show that each improvement method has enhanced the model’s performance to some extent. 
After introducing the iAFF module into YOLOv10n, the model’s Precision, Recall, and mAP@0.5 improved by 0.07%, 
0.19%, and 0.13%, respectively, demonstrating a certain level of enhancement, which indicates that the iAFF module 
helps improve the model’s feature expression ability. After adding the MLCA module, the model showed a more significant 
improvement in Precision and Recall, with Precision increasing by 0.18%, Recall by 1.04%, and mAP@0.5 by 0.14%. The 
experiment indicates that MLCA effectively enhances the model’s ability to learn feature channels and spatial information, 
improving the performance of target detection in complex scenarios. When the BiFPN module was added to YOLOv10n, 
the model’s performance was further optimized, especially in terms of mAP@0.5, which increased by 0.15%, while Pre-
cision and Recall increased by 0.07% and 0.35%, respectively. The BiFPN module enhanced the fusion of multi-scale 
features by optimizing the integration of features at different scales, further improving the detection performance.

Table 2.  The comparison experiment of YOLO series algorithms.

Model Precision (%) Recall (%) F1-score (%) mAP@0.5 (%) Params (106)

YOLOv4-tiny 89.24 90.72 89.97 89.43 6.0

YOLOv5s 91.40 90.91 91.15 90.69 7.2

YOLOv7-tiny 93.11 92.88 92.99 94.61 6.3

YOLOv8n 96.85 95.93 96.39 97.84 3.0

YOLOv10n 97.33 95.99 96.66 98.55 2.7

https://doi.org/10.1371/journal.pone.0321863.t002

Table 3.  The results of the ablation experiment.

YOLOv10n iAFF MLCA BiFPN Precision (%) Recall (%) F1-score (%) mAP@0.5 (%)

√ 97.33 95.99 96.66 98.55

√ √ 97.40 96.18 96.79 98.72

√ √ 97.51 97.03 97.27 98.69

√ √ 97.40 96.34 96.87 98.70

√ √ √ 97.79 97.50 97.64 98.84

√ √ √ 97.88 96.12 96.99 98.83

√ √ √ 98.10 97.39 97.74 98.81

√ √ √ √ 98.12 97.65 97.88 98.86

https://doi.org/10.1371/journal.pone.0321863.t003

mAP@0.5
mAP@0.5
mAP@0.5
mAP@0.5
https://doi.org/10.1371/journal.pone.0321863.t002
mAP@0.5
https://doi.org/10.1371/journal.pone.0321863.t003
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When both the iAFF and MLCA modules were introduced simultaneously, the model’s Precision, Recall, and mAP@0.5 
improved by 0.46%, 1.51%, and 0.29%, respectively. The combination of iAFF and BiFPN also showed similar improve-
ments, with Precision increasing by 0.55%, Recall by 0.13%, and mAP@0.5 by 0.28%. The combination of MLCA and 
BiFPN showed a larger improvement in Recall and mAP@0.5 while Precision and F1-score were also optimized. It 
is worth noting that all module combinations contributed to improving the overall performance of the model to varying 
degrees.

Ultimately, when the iAFF, MLCA, and BiFPN modules were combined, YOLO-HPSD achieved a Precision of 98.12%, 
Recall of 97.65%, F1-score of 97.88%, and mAP@0.5 of 98.86%, achieving the best performance across all metrics. 
The ablation experiment demonstrated that the model’s performance improved with the incremental introduction of each 
improvement strategy, and the combination of all three strategies delivered the best results, proving the effectiveness of 
the iAFF, MLCA, and BiFPN modules in enhancing ship target detection performance.

3.6.  Comparison of model size and recognition speed

In this section, we evaluate the model size and recognition speed of the YOLOv10-HPSD algorithm to demonstrate its 
computational efficiency and low deployment cost. The results of the model size and recognition speed test are shown in 
Table 4.

As shown in Table 4, YOLOv10-HPSD has a parameter count of 2.8 and achieves an average detection time of 20.6 ms 
per image, which results in a high FPS of 48.5. YOLO-HPSD demonstrates superior efficiency compared to mainstream 
YOLO variants. YOLO-HPSD achieves 48.5 FPS, representing significant speed improvements of 146% over YOLOv4-
tiny, 134% over YOLOv5s, 46% over YOLOv7-tiny, and 40% over YOLOv8n. Simultaneously, YOLO-HPSD maintains 
the smallest parameter size at 2.8M, 52.5% fewer than YOLOv4-tiny, 61.1% fewer than YOLOv5s, 55.6% fewer than 
YOLOv7-tiny, and 12.5% fewer than YOLOv8n. This indicates that the YOLOv10-HPSD algorithm can process images 
quickly, making it suitable for real-time applications. Therefore, the YOLOv10-HPSD algorithm strikes an excellent balance 
between computational speed and model size, ensuring that it can be deployed with minimal resource consumption while 
maintaining high detection performance.

3.7.  Comparison with state-of-the-art algorithms

To further evaluate the detection performance of the YOLOv10-HPSD algorithm, we conducted a comparative experiment 
on the SeaShip dataset, comparing the proposed algorithm with several advanced ship target detection models from the 
literature. The goal is to validate the effectiveness of the proposed method. The following algorithms were selected for 
comparison: Improved YOLOv5 [25], Improved YOLOv5s [26], and Improved YOLOv8 [24]. The experimental results are 
presented in Table 5.

As shown in Table 5, the YOLOv10-HPSD algorithm achieves the highest mAP@0.5 of 98.86%, outperforming the 
other state-of-the-art models. Specifically, compared to the Improved YOLOv5, YOLOv10-HPSD improves mAP@0.5 

Table 4.  The model size and recognition speed of YOLOv10-HPSD.

Model Params (106) Average detection time (ms) FPS

YOLOv4-tiny 5.9 50.8 19.7

YOLOv5s 7.2 48.4 20.7

YOLOv7-tiny 6.3 30.1 33.2

YOLOv8n 3.2 28.8 34.7

YOLOv10-HPSD 2.8 20.6 48.5

https://doi.org/10.1371/journal.pone.0321863.t004

mAP@0.5
mAP@0.5
mAP@0.5
mAP@0.5
mAP@0.5
mAP@0.5
https://doi.org/10.1371/journal.pone.0321863.t004
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by 1.06%. When compared to the Improved YOLOv5s, the mAP@0.5 increases by 0.26%. Additionally, the Improved 
YOLOv10-HPSD is surpassed by YOLOv8 by 0.06% in terms of mAP@0.5.

The results demonstrate that YOLOv10-HPSD achieves superior performance in ship target detection tasks on the 
SeaShip dataset. The slight improvements in mAP@0.5 indicate that the proposed algorithm is highly effective in utilizing 
the available features for accurate detection. The YOLOv10-HPSD not only outperforms other advanced algorithms but 
also shows its potential for deployment in real-world applications requiring high accuracy in ship target detection.

3.8.  Cross-dataset robustness evaluation

To validate the generalization capability of YOLO-HPSD beyond conventional RGB imagery, we conducted additional 
experiments on two specialized maritime datasets: the SAR Ship Detection Dataset and the Infrared Maritime Vessel 
Dataset (IMVD) from iRay Technology. The comparative experiments of different datasets of YOLO-HPSD are shown in 
Table 6.The SAR contains 21,504 synthetic aperture radar images focusing on ship targets under various sea states and 
incidence angles, while IMVD provides 8,402 thermal infrared images spanning seven vessel categories: liners, bulk carri-
ers, warships, sailboats, canoes, container ships, and fishing boats.

The cross-dataset validation demonstrates consistent performance improvements of YOLO-HPSD over the base-
line YOLOv10n. On the SAR ship dataset, the proposed model achieves a mAP@0.5 of 92.80%, representing a 0.68% 
enhancement compared to YOLOv10n (92.12%). For the IMVD, YOLO-HPSD obtains 89.06% mAP@0.5 outperforming 
the baseline by 1.23%. Notably, on the primary SeaShip dataset, our method reaches 98.86% mAP@0.5 with a 0.31% 
improvement. These experimental results confirm that the proposed enhancement strategies effectively improve ship 
detection accuracy across diverse sensing modalities. The stable performance gains on both optical (SeaShip), micro-
wave (SAR), and thermal infrared (IMVD) datasets further verify the model’s robustness and generalization capability for 
maritime applications.

3.9.  YOLO-HPSD performance testing

This section presents the performance test results of YOLO-HPSD. Fig 7 shows the comparison of the mAP@0.5 training 
curves for multiple YOLO models. The red curve represents YOLOv10n, and the blue curve represents YOLOv10n. From 
the training curves, it can be observed that when the number of training epochs exceeds 200, YOLO-HPSD consistently 

Table 5.  The comparison experiment with state-of-the-art algorithms.

Model Dataset mAP@0.5 (%)

Improved YOLOv5 SeaShip 97.80

Improved YOLOv5s SeaShip 98.60

Improved YOLOv8 SeaShip 98.80

Ours SeaShip 98.86

https://doi.org/10.1371/journal.pone.0321863.t005

Table 6.  The comparison experiments with different datasets.

Model Dataset mAP@0.5 (%)

YOLOv10n SAR 92.12

IMVD 87.83

SeaShip 98.55

YOLOv10-HPSD SAR 92.80

IMVD 89.06

SeaShip 98.86

https://doi.org/10.1371/journal.pone.0321863.t006

mAP@0.5
mAP@0.5
mAP@0.5
mAP@0.5
mAP@0.5
mAP@0.5
mAP@0.5
mAP@0.5
https://doi.org/10.1371/journal.pone.0321863.t005
mAP@0.5
https://doi.org/10.1371/journal.pone.0321863.t006
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outperforms other YOLO models throughout the training process, demonstrating the effectiveness of the improvements 
introduced in this study. In this study, we analyzed the comprehensive metrics of YOLO-HPSD and other YOLO models, 
and performed a bar chart analysis, as shown in Fig 8. From Fig 8, it can be observed that the YOLO-HPSD proposed in 
this study achieved the best recognition performance, with the smallest model size and the fastest recognition speed. The 
results demonstrate that the proposed method achieves the best balance in recognition performance, speed, and model 
size. Additionally, four images from the test set were randomly selected and input into YOLO-HPSD for testing. The testing 
results are shown in Fig 9. It can be indicated that YOLO-HPSD is capable of effectively detecting and bounding the ship 
targets in the images, exhibiting high detection accuracy and robustness.

4.  Discussion

In this study, the proposed YOLO-HPSD algorithm addresses critical challenges in maritime ship detection by integrating 
multi-scale feature fusion, dual-context learning, and dynamic feature optimization. The experimental results validate its 
superior performance over baseline models, achieving a 97.88% F1-score and 98.86% mAP@0.5 while maintaining real-
time processing capabilities. These advancements directly support practical applications such as autonomous navigation 
systems and coastal surveillance networks, where balancing accuracy and computational efficiency is paramount.

During the development of YOLO-HPSD, several challenges emerged. First, the inherent complexity of maritime envi-
ronments—including variable lighting conditions, scale diversity of ships (ranging from small boats to large cargo vessels), 

Fig 7.  The training curves of YOLOv10n and other YOLO models.

https://doi.org/10.1371/journal.pone.0321863.g007

mAP@0.5
https://doi.org/10.1371/journal.pone.0321863.g007
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Fig 8.  The comprehensive metrics of YOLO-HPSD and other YOLO models.

https://doi.org/10.1371/journal.pone.0321863.g008

Fig 9.  The testing results of YOLO-HPSD.

https://doi.org/10.1371/journal.pone.0321863.g009

https://doi.org/10.1371/journal.pone.0321863.g008
https://doi.org/10.1371/journal.pone.0321863.g009
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and cluttered backgrounds (e.g., waves, reflections, and floating debris)-posed significant difficulties in feature discrimi-
nation. To address this, the C2F_iAFF module was designed to adaptively fuse multi-scale ship features, while the MLCA 
module enhanced contextual awareness by integrating local structural details (e.g., ship superstructures) with global 
maritime context (e.g., sea-sky horizons). Second, the need for real-time performance on edge devices necessitated 
careful optimization of computational overhead, which was achieved through BiFPN’s learnable-weighted feature fusion 
and streamlined network architecture. Despite these improvements, the model occasionally struggles with distinguishing 
closely anchored ships in high-density harbor scenarios and detecting small vessels under extreme low-light conditions, 
limitations stemming from current training data coverage and single-modality (RGB) dependency.

In this study, While the absolute improvement in mAP@0.5 (0.31%) over YOLOv10n may appear modest, this 
advancement is significant given the exceptionally high baseline performance of 98.55%. Achieving further gains in such 
a high-performance regime (mAP > 98.5%) presents unique challenges, as model optimization approaches the theoret-
ical upper bounds of detection accuracy for maritime targets. Notably, this improvement aligns with recent advances in 
high-precision object detection research, where even 0.2–0.5% mAP gains in state-of-the-art models are considered 
impactful. Cross-dataset validation on SAR and infrared maritime benchmarks further confirms the method’s generalizabil-
ity, with YOLO-HPSD outperforming baseline models by 1.8–3.6% in cross-modal scenarios.

Future research should prioritize three directions to enhance practical utility. Expanding the training dataset to include 
extreme maritime conditions—such as nighttime infrared imagery, heavy fog scenarios, and congested traffic patterns—
could improve robustness through multi-modal sensor fusion. Architectural innovations like adaptive resolution scaling and 
event-triggered detection could further optimize computational efficiency for heterogeneous edge devices. Finally, integrat-
ing YOLO-HPSD with complementary systems, such as AIS data correlation modules and hydrodynamic collision predic-
tion models, would enable holistic maritime decision-support systems. These advancements could extend the algorithm’s 
impact beyond detection tasks, potentially contributing to autonomous ship navigation protocols and international maritime 
safety standards.

5.  Conclusion

This study presents YOLO-HPSD, an enhanced algorithm designed for accurate and efficient ship target detection in mari-
time environments. Our technical contributions are threefold:

(1)	 Multi-Scale Feature Fusion Innovation: We developed the C2F_iAFF module through strategic integration of iAFF with 
C2F, establishing a multi-scale channel attention mechanism. This architecture enables the adaptive fusion of ship 
features across varying scales, significantly improving detection robustness in complex maritime scenarios where 
vessel sizes exhibit substantial variation.

(2)	 Dual-Context Learning Enhancement: The MLCA module implemented in the network neck achieves simultaneous 
local-global feature learning. This dual-context mechanism proves particularly effective for maritime detection, where 
precise ship identification (local features) must be contextualized with environmental understanding (global features) 
to reduce false positives in cluttered seascapes.

(3)	 Dynamic Feature Optimization: Through BiFPN integration with learnable weighting parameters, we establish a 
dynamic multi-scale fusion process. This adaptive mechanism allows real-time prioritization of critical ship features, 
enhancing detection reliability under varying environmental conditions.

Experimental validation demonstrates YOLO-HPSD’s superior performance over baseline YOLOv10n, achieving 97.88% 
F1-score (+1.22%) and 98.86% mAP@0.5 (+0.31%) while maintaining real-time capability (20.6 ms/image). These metrics 
confirm the algorithm’s effectiveness in balancing detection accuracy with computational efficiency, making it particularly 
suitable for edge computing implementations in maritime surveillance systems.

mAP@0.5
mAP@0.5
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This work advances real-time ship detection technology by addressing three critical challenges in maritime computer 
vision: scale variance, environmental complexity, and computational constraints. Future research directions include light-
weight architecture optimization for deployment on low-power devices, and multi-modal integration with radar/LIDAR data 
to enhance performance in extreme weather conditions.

Author contributions

Conceptualization: Manlin Zhu, Dezhi Han.

Data curation: Manlin Zhu, Bing Han, Xiaohu Huang.

Formal analysis: Manlin Zhu, Bing Han, Xiaohu Huang.

Funding acquisition: Bing Han, Xiaohu Huang.

Investigation: Manlin Zhu.

Methodology: Manlin Zhu, Dezhi Han.

Project administration: Xiaohu Huang.

Resources: Manlin Zhu.

Software: Manlin Zhu.

Supervision: Manlin Zhu, Xiaohu Huang.

Validation: Manlin Zhu.

Visualization: Manlin Zhu.

Writing – original draft: Manlin Zhu, Dezhi Han.

Writing – review & editing: Manlin Zhu.

References
	 1.	 Li Q, Mou L, Liu Q, Wang Y, Zhu XX. HSF-Net: multiscale deep feature embedding for ship detection in optical remote sensing imagery. IEEE 

Trans Geosci Remote Sensing. 2018;56(12):7147–61. https://doi.org/10.1109/tgrs.2018.2848901

	 2.	 Cafaro M, Epicoco I, Pulimeno M, Sansebastiano E. Toward enhanced support for ship sailing. IEEE Access. 2023;11:87047–61. https://doi.
org/10.1109/access.2023.3303808

	 3.	 Dong C, Liu J, Xu F. Ship detection in optical remote sensing images based on saliency and a rotation-invariant descriptor. Remote Sensing. 
2018;10(3):400. https://doi.org/10.3390/rs10030400

	 4.	 Hu J, Zhi X, Zhang W, Ren L, Bruzzone L. Salient ship detection via background prior and foreground constraint in remote sensing images. 
Remote Sensing. 2020;12(20):3370. https://doi.org/10.3390/rs12203370

	 5.	 Xu F, Liu J, Dong C, Wang X. Ship detection in optical remote sensing images based on wavelet transform and multi-level false alarm identification. 
Remote Sensing. 2017;9(10):985. https://doi.org/10.3390/rs9100985

	 6.	 Ji F, Ming D, Zeng B, Yu J, Qing Y, Du T, et al. Aircraft detection in high spatial resolution remote sensing images combining multi-angle features 
driven and majority voting CNN. Remote Sensing. 2021;13(11):2207. https://doi.org/10.3390/rs13112207

	 7.	 Tan Z, Zhang Z, Xing T, Huang X, Gong J, Ma J. Exploit direction information for remote ship detection. Remote Sensing. 2021;13(11):2155. 
https://doi.org/10.3390/rs13112155

	 8.	 Zou Z, Shi Z. Ship detection in spaceborne optical image with SVD networks. IEEE Trans Geosci Remote Sensing. 2016;54(10):5832–45. https://
doi.org/10.1109/tgrs.2016.2572736

	 9.	 Yang D, Solihin MI, Zhao Y, et al. Model compression for real-time object detection using rigorous gradation pruning iScience. 2024;14:15254. 
https://doi.org/10.1038/s41598-024-64225-y

	10.	 Zhenwei S, Xinran Y, Zhiguo J, Bo L. Ship detection in high-resolution optical imagery based on anomaly detector and local shape feature. IEEE 
Trans Geosci Remote Sensing. 2014;52(8):4511–23. https://doi.org/10.1109/tgrs.2013.2282355

	11.	 Zhang Y, Li Q-Z, Zang F-N. Ship detection for visual maritime surveillance from non-stationary platforms. Ocean Engineering. 2017;141:53–63. 
https://doi.org/10.1016/j.oceaneng.2017.06.022

https://doi.org/10.1109/tgrs.2018.2848901
https://doi.org/10.1109/access.2023.3303808
https://doi.org/10.1109/access.2023.3303808
https://doi.org/10.3390/rs10030400
https://doi.org/10.3390/rs12203370
https://doi.org/10.3390/rs9100985
https://doi.org/10.3390/rs13112207
https://doi.org/10.3390/rs13112155
https://doi.org/10.1109/tgrs.2016.2572736
https://doi.org/10.1109/tgrs.2016.2572736
https://doi.org/10.1038/s41598-024-64225-y
https://doi.org/10.1109/tgrs.2013.2282355
https://doi.org/10.1016/j.oceaneng.2017.06.022


PLOS One | https://doi.org/10.1371/journal.pone.0321863  May 12, 2025 20 / 20

	12.	 Yang D, Solihin MI, Ardiyanto I, Zhao Y, Li W, Cai B, et al. A streamlined approach for intelligent ship object detection using EL-YOLO algorithm. 
Sci Rep. 2024;14(1):15254. https://doi.org/10.1038/s41598-024-64225-y PMID: 38956185

	13.	 Yang D, Solihin MI, Zhao Y, Cai B, Chen C, Riyadi S. A YOLO benchmarking experiment for maritime object detection in foggy environments. 2024 
IEEE 14th Symposium on Computer Applications & Industrial Electronics (ISCAIE), Penang, Malaysia; 2024. p. 35–49. https://doi.org/10.1109/
ISCAIE61308.2024.10576412

	14.	 Krizhevsky A, Sutskever I, Hinton GE. ImageNet classification with deep convolutional neural networks. Commun ACM. 2017;60(6):84–90. https://
doi.org/10.1145/3065386

	15.	 Wu Z, Tang Y, Hong B, Liang B, Liu Y. Enhanced precision in Dam Crack width measurement: leveraging advanced lightweight network identifica-
tion for pixel‐level accuracy. Int J Intelligent Syst. 2023;2023(1). https://doi.org/10.1155/2023/9940881

	16.	 Hu K, Chen Z, Kang H, Tang Y. 3D vision technologies for a self-developed structural external crack damage recognition robot. Autom Constr. 
2024;159:105262. https://doi.org/10.1016/j.autcon.2023.105262

	17.	 Qian X, Cheng X, Cheng G, Yao X, Jiang L. Two-stream encoder GAN with progressive training for co-saliency detection. IEEE Signal Process 
Lett. 2021;28:180–4. https://doi.org/10.1109/lsp.2021.3049997

	18.	 Lin S, Zhang M, Cheng X, Wang L, Xu M, Wang H. Hyperspectral anomaly detection via ual dictionaries construction guided by two-stage comple-
mentary decision. Remote Sensing. 2022;14(8):1784. https://doi.org/10.3390/rs14081784

	19.	 Shao Z, Wu W, Wang Z, Du W, Li C. SeaShips: a large-scale precisely annotated dataset for ship detection. IEEE Trans Multimedia. 
2018;20(10):2593–604. https://doi.org/10.1109/tmm.2018.2865686

	20.	 Zhou Z, Sun J, Yu J, Liu K, Duan J, Chen L, et al. An image-based benchmark dataset and a novel object detector for water surface object detec-
tion. Front Neurorobot. 2021;15:723336. https://doi.org/10.3389/fnbot.2021.723336 PMID: 34630064

	21.	 Zou Y, Zhao L, Qin S, Pan M, Li Z. Ship target detection and identification based on SSD_MobilenetV2. In Proceedings of the 2020 IEEE 5th Infor-
mation Technology and Mechatronics Engineering Conference (ITOEC), Chongqing, China, 12–14 June 2020. p. 1676–80.

	22.	 Liu C, Li J. Self-correction ship tracking and counting with variable time window based on YOLOv3. Complexity 2021;2021:2889115.

	23.	 Han X. Zhao L. Ning Y. Hu J. ShipYOLO: an enhanced model for ship detection. J Adv Transp. 2021;2021:1060182.

	24.	 Zhao X, Song Y. Improved ship detection with YOLOv8 enhanced with MobileViT and GSConv. Electronics. 2023;12(22):4666. https://doi.
org/10.3390/electronics12224666

	25.	 Li C, Wang L, Liu Y, Zhang S. Lightweight water surface object detection network for unmanned surface vehicles. Electronics. 2024;13(15):3089. 
https://doi.org/10.3390/electronics13153089

	26.	 Zhou J, Jiang P, Zou A, Chen X, Hu W. Ship target detection algorithm based on improved YOLOv5. JMSE. 2021;9(8):908. https://doi.org/10.3390/
jmse9080908

	27.	 Gong Y, Chen Z, Deng W, Tan J, Yabin A. Real-time long-distance ship detection architecture based on YOLOv8. IEEE Access. 2024;3445154.

	28.	 Zhang J, Jin J, Ma Y, Ren P. Lightweight object detection algorithm based on YOLOv5 for unmanned surface vehicles. Front Mar Sci. 
2023;9:1058401.

	29.	 Zhou J, Jiang P, Zou A, Chen X, Hu W. Ship target detection algorithm based on improved YOLOv5. JMSE. 2021;9(8):908. https://doi.org/10.3390/
jmse9080908

	30.	 Tang H, Gao S, Li S, Wang P, Liu J, Wang S, et al. A lightweight SAR image ship detection method based on improved convolution and YOLOv7. 
Remote Sensing. 2024;16(3):486. https://doi.org/10.3390/rs16030486

	31.	 Xie H, Yuan B, Hu C, Gao Y, Wang F, Wang C, et al. ST-YOLO: a defect detection method for photovoltaic modules based on infrared thermal 
imaging and machine vision technology. PLoS One. 2024;19(12):e0310742. https://doi.org/10.1371/journal.pone.0310742 PMID: 39666680

	32.	 Chen D, Sun S, Lei Z, Shao H, Wang Y. Ship target detection algorithm based on improved YOLOv3 for maritime image. J Adv Transp. 
2021;2021:1–11. https://doi.org/10.1155/2021/9440212

	33.	 Wang W, Li Y, Zhang Y, Han P, Liu S. MPANet-YOLOv5: Multipath aggregation network for complex sea object detection. J Hunan Univ. 
2022;49(10):69–76.

	34.	 Wei J, Wang Q, Zhao Z. YOLO-G: improved YOLO for cross-domain object detection. PLoS One. 2023;18(9):e0291241. https://doi.org/10.1371/
journal.pone.0291241 PMID: 37695772

	35.	 Wang Y, Wu H, Shuai L, Peng C, Yang Z. Detection of plane in remote sensing images using super-resolution. PLoS One. 2022;17(4):e0265503. 
https://doi.org/10.1371/journal.pone.0265503 PMID: 35446858

	36.	 Wang Y, Wang B, Huo L, Fan Y. GT-YOLO: nearshore infrared ship detection based on infrared images. JMSE. 2024;12(2):213. https://doi.
org/10.3390/jmse12020213

https://doi.org/10.1038/s41598-024-64225-y
http://www.ncbi.nlm.nih.gov/pubmed/38956185
https://doi.org/10.1109/ISCAIE61308.2024.10576412
https://doi.org/10.1109/ISCAIE61308.2024.10576412
https://doi.org/10.1145/3065386
https://doi.org/10.1145/3065386
https://doi.org/10.1155/2023/9940881
https://doi.org/10.1016/j.autcon.2023.105262
https://doi.org/10.1109/lsp.2021.3049997
https://doi.org/10.3390/rs14081784
https://doi.org/10.1109/tmm.2018.2865686
https://doi.org/10.3389/fnbot.2021.723336
http://www.ncbi.nlm.nih.gov/pubmed/34630064
https://doi.org/10.3390/electronics12224666
https://doi.org/10.3390/electronics12224666
https://doi.org/10.3390/electronics13153089
https://doi.org/10.3390/jmse9080908
https://doi.org/10.3390/jmse9080908
https://doi.org/10.3390/jmse9080908
https://doi.org/10.3390/jmse9080908
https://doi.org/10.3390/rs16030486
https://doi.org/10.1371/journal.pone.0310742
http://www.ncbi.nlm.nih.gov/pubmed/39666680
https://doi.org/10.1155/2021/9440212
https://doi.org/10.1371/journal.pone.0291241
https://doi.org/10.1371/journal.pone.0291241
http://www.ncbi.nlm.nih.gov/pubmed/37695772
https://doi.org/10.1371/journal.pone.0265503
http://www.ncbi.nlm.nih.gov/pubmed/35446858
https://doi.org/10.3390/jmse12020213
https://doi.org/10.3390/jmse12020213

