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Abstract

Maritime surveillance has gained more attention in recent years due to deep-learning vision methods
becoming more and more accurate and discriminative. Among different ways to capture maritime
images, Synthetic Aperture Radars (SARs) for ships have become an important method due to their
advantages in various weather and lighting conditions. Therefore, this work presents a hybrid model
approach using Bi-Level Routing Attention (BRA) among backbone and neck layers to improve the
YOLOvV10n original model when facing SAR images in a maritime context. The BRA insertion tries to
capture relevant features by focusing on small objects in the images. The experiment results reveal that
the proposed models achieved 97.70% mean Average Precision (mAP) against 97.36% of the original
YOLOV10 retrained for SAR context on the SAR Ship Dataset. Also, the proposed model outperformed
all analyzed models in the last five years using different approaches on the same dataset. The most
recent model achieved 97.72% while our model 97.77%, using a different combination of training and
test image amounts.

Keywords: YOLOV10; bi-level routing attention; SAR ship detection; maritime surveillance; small
ship detection

1. Introduction

Maritime surveillance has gained attention since the evolution of computer methods for detecting,
recognizing, and tracking ships in different contexts. Using images and video helps companies identify
illegal activities and monitor ships’ behavior on coastlines. The traditional Automatic Identification
System (AIS) data used to control maritime traffic and provide increased security for navigation suffer
from some problems, mainly caused by human manipulation and incorrect data sent by the ships to
the control station. Although AIS data is mandatory for some classes of ships, illegal activities can lead
to AIS transponder turn-off. To minimize the impacts, some works have proposed a fusion among AIS
data and satellite [1-3] and others with radar images [4], like Synthetic Aperture Radar (SAR). The
association between two data types allows for identifying collaborative and non-collaborative ships.

The remote sensing technologies involving satellites make the SAR sensor one important maritime
monitoring method [5]. The advantages of SAR are its all-day and all-weather data-collecting capabili-
ties. In [6] and [7], surveys on SAR ship detection are presented, ranging from traditional detection
methods using sea-land segmentation and constant false alarm rate (CFAR) based models to recent
deep learning (DL) computer vision (CV) models. Despite SAR being an important step for maritime
imagery, many problems must be tackled. Initially, land-ocean segmentation could be necessary in
some SAR image scenarios. With low SAR image volume, fine-tuning in models trained using regular
datasets was needed, leading to inefficient detections. Moreover, ships on the ocean or near land with
similar patterns can produce complex backgrounds, making the detection more challenging. Since the
SAR Ship Detection (SSD) [8] and SAR Ship [9] datasets were released in 2017 and 2019, respectively,
many researchers have been trying to improve ship detection in intricate environments with complex
backgrounds. These two datasets facilitated access to SAR images in the maritime context, contributing
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to the research, especially in using Deep Learning. In [6], 177 papers were organized into past, present,
and future development of models applied to ship detection in SAR images. Convolution Neural Net-
work (CNN) based models have been used in SAR ship detection, especially the You Only Look Once
(YOLO) in almost all versions from YOLOv1 to YOLOv10. The proposed models include modifications
in different parts of standard models to achieve better performance in benchmark datasets and try to
solve some challenges related to radar images, like small ships, complex backgrounds, and similar
objects between land and ships in the ocean.

This work introduces the YOLO-SAR Ship Object Detection (YOLO-SSOD) model, which builds
upon the recent YOLO version, YOLOv10 [10], specifically its YOLOv10n variant. The authors
demonstrated that YOLOv10 achieves reduced latency and fewer parameters than YOLOvVY size while
maintaining equivalent performance. The evolution of the YOLO family has consistently been driven
by the dual objectives of reducing complexity and increasing performance.

Leveraging these advancements, the YOLO-SSOD model is designed to enhance SAR ship detec-
tion performance. The model incorporates the YOLOv10n architecture and integrates an innovative
attention mechanism, Bi-Level Routing Attention (BRA), to improve the detection of small ships in
SAR images. The BRA module is embedded in the model using one of three strategies: during the
downsampling phase, during the upsampling phase, or as a feature fusion mechanism positioned
between the downsampling and upsampling stages. This design aims to optimize feature extraction
and enhance detection accuracy, particularly for challenging scenarios involving small or complex ship
targets in SAR imagery.

By introducing the BRA mechanism within specific layers of YOLOV10, this study contributes
to advancements in SAR ship detection. Firstly, we propose a new model, YOLO-SSOD, built upon
the lightweight YOLOv10n architecture and augmented with the BRA module in the feature fusion
layers. This module is particularly advantageous for enhancing small target detection, a frequent
and challenging requirement in SAR ship detection tasks due to the compact size of maritime vessels
in radar imagery. To our knowledge, YOLO-SSOD represents the first YOLOv10-based framework
explicitly designed for SAR ship detection, filling a critical gap in existing methodologies. Finally,
this work validates YOLO-SSOD's performance by comparing it against other models. The results
demonstrate the superiority of the proposed model in addressing the nuanced challenges of object
detection in SAR images, offering a foundation for future investigations into maritime object detection
and expanding the applicability of DL models in remote sensing.

The remaining sections are organized as follows. Section 2 presents related works working
with SAR images and YOLO’s model. Section 3 includes a dataset description, metrics used, and
the architecture proposed for YOLO-SSOD. Section 4 defines the environmental setup and details of
execution, the performance of YOLO-SSOD on the SAR Ship Dataset, and the ablations study for the
proposed model, including a discussion of the results. Section 5 concludes the work.

2. Related Works

Since the development of the original YOLO model [11], researchers across various fields have
continuously proposed new iterations and enhancements to its architecture [12,13]. The evolution from
the initial YOLO reflects a consistent effort to achieve two primary goals: reducing model complexity
to enable faster image processing and improving detection performance. Remarkably, YOLOv10 has
managed to achieve both objectives simultaneously, showcasing advancements in efficiency without
compromising accuracy [10].

Detecting small objects is a particularly challenging yet crucial task these models might help
address [14]. This task becomes even more demanding when using images captured by stationary
cameras, drones, satellites, or other vision systems, where small objects are often indistinguishable
from background noise or are represented by only a few pixels [15]. Traditional CNNs face inherent
limitations in accurately identifying such small targets despite the substantial progress enabled by
the DL paradigm. Overcoming these challenges requires innovative modifications to the architecture
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and specialized techniques to enhance the detection capabilities for small objects. YOLO'’s evolution
underscores the importance of addressing these limitations while maintaining its hallmark speed and
efficiency, solidifying its relevance in real-world applications.

SAR images are crucial in maritime object detection because they capture data under various
weather and lighting conditions [16]. However, these images often include complex backgrounds
due to the unique image acquisition process employed by SAR sensors. Additionally, detecting small
objects, such as ships, relies heavily on precise chip cropping after image generation to focus on regions
of interest. One large SAR image from the sensor is cropped in sub-images, and then ship chips
(containing the ship image) are obtained and added to the dataset. This makes ship detection in SAR
data (i.e., SAR ship detection) particularly challenging.

Numerous models have been proposed to address this, with many leveraging versions of the
YOLO architecture as a baseline. Earlier versions, such as YOLOv3 [17] and YOLOv4 [18], laid the
groundwork for applying YOLO-based methods to SAR ship detection. Subsequent advancements,
including YOLOVS5 [5,19], YOLOv7 [20,21], YOLOVS [22-24], and YOLOX [25], introduced innovations
to handle the intricacies of SAR images and the challenges posed by small object detection better.

In addition to the YOLO family, other DL architectures have also been employed. These include
Deep Convolutional Neural Networks (DCNNSs) [26,27], the Detection Transformer (DETR) [28], and
the CenterNet network framework [29], among others. Each approach aims to enhance the detection
of small objects in SAR imagery, leveraging unique architectural features to improve accuracy and
robustness.

In almost all the cited works, authors have leveraged the layered architecture of recent DL models
to integrate various enhancing modules seamlessly. This approach adds to the models’ efficient and
performing operations, such as dilated [25], deformable and depthwise separable convolutions, and
ghost modules [30]. However, attention mechanisms are one of the most performative ones, which
have revolutionized how models focus on relevant regions of an image while ignoring less important
details [31]. Attention mechanisms have been particularly effective in addressing challenges like small
object detection [32], adverse weather conditions[33], and occlusion [34] by dynamically weighting
features based on their relevance. Since the introduction of attention mechanisms for image processing
in [35], followed by advancements like Vision Transformer (ViT) [24] and DETR [36], attention-based
methods have become integral to modern computer vision tasks.

One notable development is the Bi-Level Routing Attention (BRA) mechanism [37], which intro-
duces a dynamic, query-aware sparse attention mechanism. This innovation has inspired numerous
applications across diverse scenarios. For instance, BRA has been utilized in power fitting detection
tasks [38], medical imaging for chest X-ray analysis [39], and small object detection in remote sensing
images, often in combination with YOLO-based architectures (e.g., BRA+YOLO) [40,41].

Furthermore, BRA has been applied to enhance object detection in adverse weather scenarios using
BRA+YOLOV9 [42], improve recognition accuracy, and address the challenges of detecting occluded,
long-range, and diminutive targets, such as Unmanned Aerial Vehicles (UAVs) [43]. Additionally, this
mechanism has found application in classroom learning behavior recognition, as demonstrated in
BRA-enhanced YOLOvVS8 models [44].

While previous research has made significant advancements in SAR ship detection using DL
models, our work introduces key innovations that distinguish it from related studies. One of the
primary distinctions lies in the architectural enhancements applied to the YOLOv10n model. Unlike
prior approaches that primarily focused on modifications to convolutional layers, such as dilated,
deformable, and depthwise separable convolutions [25,30,45], our model integrates the BRA mecha-
nism. This integration allows for improved feature selection, particularly for small objects, a critical
challenge in SAR ship detection.

Attention mechanisms have been successfully employed in various object detection models,
including Swin-YOLOV5 [32,46] and ViT-based approaches [24]. However, these works typically
focus on general object detection tasks rather than the unique complexities of SAR imagery, such as
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the presence of complex backgrounds and the low resolution of small ships. Our work specifically
addresses these challenges by embedding BRA into the feature fusion layers of YOLOv10n, optimizing
the detection process for maritime surveillance applications.

Furthermore, our approach differs from existing SAR ship detection models that rely on alternative
deep learning frameworks like DETR [28] and CenterNet [29]. While these models offer competitive
accuracy, they often suffer from increased computational costs and inference times, making them
less suitable for real-time applications. In contrast, our modified YOLOv10n model maintains the
efficiency and real-time speed of the YOLO family while enhancing accuracy, as demonstrated by its
mAP performance on the SAR Ship Dataset.

3. Materials and Methods

This section provides an overview of the dataset, metrics, architectural design, and methodologies
employed in this study to enhance SAR ship detection performance. Central to this work is using
the SAR Ship Dataset, a highly challenging dataset characterized by diverse ship sizes, complex
backgrounds, and small object features. This section also details the architecture of the proposed
YOLO-SSOD model, which integrates state-of-the-art innovations such as the YOLOv10 framework
and the BRA mechanism. By addressing specific challenges in SAR imagery, such as small object
detection and complex contextual interference, the methodologies aim to optimize detection accuracy
and efficiency. The architectural innovations and their implications for feature representation and
multi-scale object detection are explored to highlight the advancements introduced by this work.

3.1. Dataset

The SAR Ship Dataset [9] was constructed using SAR images from two satellite sources: 102
images from Gaofen-3 and 108 images from Sentinel-1. The authors processed these SAR images by
cropping subregions containing ships to generate a comprehensive collection of labeled samples. Each
subregion was resized or standardized to 256 x 256 pixels, resulting in grayscale images suitable for
SAR-specific detection tasks.

The dataset consists of 39,729 labeled Ship Chips, with each chip being a grayscale image labeled
for ship detection. These images capture diverse maritime environments, including varying ship sizes
and complex backgrounds. Representative examples from the dataset are presented in Figure 1.

Figure 1. Examples of ship chips in the SAR Ship Dataset.

The authors of the SAR Ship Dataset identify ship size and background complexity as the most
significant factors affecting performance in SAR ship detection tasks. Backgrounds in SAR images
often include elements that can resemble ships, introducing challenges in distinguishing ships from
non-ship objects. Additionally, ship sizes in the dataset can be very small, sometimes represented by
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only a few pixels, further complicating detection. These characteristics make the SAR Ship Dataset a
valuable benchmark for evaluating models designed for SAR-based ship detection.

One of the strengths of this dataset is the variety of ship sizes it offers. This variety arises from the
diverse shapes of ships, differences in resolution due to imaging conditions, and the mechanisms used
by satellites like Gaofen-3 and Sentinel-1 to capture SAR images. This diversity presents an excellent
opportunity to test models for their robustness in detecting ships at multiple scales or to evaluate the
performance of sub-models specialized in small, medium, or large ship sizes.

Further insight into ship size distribution is also presented by analyzing the bounding box size
relative to the image size. The relative size is computed as:

V Wppox X hbbox
\/ Wimg X himg

where wypo, and hypyy are the bounding box dimensions, and w;;, and hy, are the image dimensions.

Relative Size =

Their analysis reveals that the relative size of bounding boxes is predominantly less than 0.2, indicating
that most ships in the dataset are relatively small compared to the image dimensions. This characteristic
underscores the importance of models that can handle small object detection effectively.

Another significant challenge posed by the SAR Ship Dataset is its complex background. SAR
images are generated based on the reflection of radar signals, which means that all elements within
the scene contribute to the final scatter image—not just the ships. This results in a background that
can include patterns resembling ships, such as ocean waves, islands, landmasses, and man-made
structures like buildings. These elements can share scattering characteristics similar to ships, making
the dataset highly complex and demanding for ship detection tasks.

This complexity, while challenging, also offers opportunities for leveraging DCNN’s in detection
tasks. One of the primary difficulties lies in the small size of ships, which can become even harder
to discern after subsampling operations in convolutional layers. Small objects risk being lost in
deeper layers of the network due to resolution reduction. However, DCNNs excel in learning intricate
patterns and can adapt to the complex background by extracting meaningful features across multiple
scales. With the right architectural design, such as incorporating feature pyramids or attention
mechanisms, these networks can effectively address small object detection and background complexity,
demonstrating strong performance on SAR-based datasets.

3.2. Performance Evaluation Metrics

In object detection, the performance of models is often evaluated using the metric mean average
precision (mAP). This metric summarizes how well a model detects objects across different categories
and confidence thresholds [47,48]. It is a standard measure in benchmarking datasets and object
detection models, enabling meaningful comparisons. For instance, the YOLO series employs mAP to
track its models’ performance progression across versions. At the same time, the COCO dataset uses
mAP extensively in its challenges to rank and compare models. Two commonly used mAP variations
in modern benchmarks are mAP@0.5 and mAP@0.5:0.95. These metrics provide insights into the
accuracy and robustness of a model’s predictions.

A foundational concept in computing mAP is the Intersection over Union (IoU), which measures
the overlap between the predicted bounding box, Bp, and the ground truth bounding box, Bgt. The
IoU is given by
- |Bp N Bgt‘

IoU = ————,
|Bp U By

where | B, N Bg;| is the area of intersection between the predicted and ground truth boxes, and | B, U Bg|
is the area of their union.
Precision (P) and Recall (R) are key metrics used in object detection:
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1.  Precision measures the proportion of correctly predicted bounding boxes (TP) among all predicted

boxes (TP + FP):
P TP
- TP+FP’
2. Recall measures the proportion of correctly predicted bounding boxes (TP) among all ground
truth boxes (TP + FN):
R— TP
- TP+FN’

For each class, a Precision-Recall (PR) curve is generated by varying the confidence threshold of
predictions. The average precision (AP) for a class is the area under the PR curve

AP = /01 P(R)dR.

This integration is often approximated numerically using a discrete set of points.
The metric mAP@0.5 computes the mean of AP values across all classes, where a prediction is
considered correct if its loU with the ground truth exceeds 0.5

1C
AP@05 = — AP (IoU > 0.5),
raros £ £ i 209

where C is the total number of object classes.
The metric mAP@0.5:0.95 provides a more comprehensive evaluation by averaging AP values
over multiple IoU thresholds from 0.5 to 0.95, with a step size of 0.05

1

mAP@0.5:0.95 = C

C T
1
) 7 t} 1APC(IoU =05+0.05-(t—1)),
c= =

where T is the number of IoU thresholds, typically T = 10 for thresholds [0.5,0.55, .. .,0.95].

The mAP@0.5 focuses on a single IoU threshold (0.5), offering a straightforward measure of detec-
tion accuracy, while mAP@0.5:0.95 evaluates performance across multiple IoU thresholds, providing
a more comprehensive assessment that rewards models capable of maintaining high accuracy even
under stricter criteria.

3.3. Architecture of the Proposed YOLO-SSOD

The proposed YOLO-SSOD has its baseline as the YOLOv10 [10] architecture. The YOLOv10 is an
evolution of YOLOvS8 and was proposed to optimize the YOLO parameter utilization and efficiency,
reducing the computational redundancy in YOLO's architecture. Beyond all the optimization for
efficiency and accuracy improvement under low cost, the YOLOvV10 also presents an NMS-free (non-
maximum suppression-free) post-processing, reducing the problem of redundancy predictions. The
full architecture is presented in Figure 2.

YOLO-SSOD is proposed to tackle the small ship detection task. To achieve this, an attention
mechanism called BRA (Bi-level Routing Attention) is incorporated among backbone and neck layers,
fusing different feature maps trying to improve object detection performance at multiple scales. This is
similar to the approach used in BGF-YOLO [49]. The feature fusion layer in YOLOv8 and YOLOv10
inserts redundant information from different feature maps, and this can be solved using the BRA
attention module for feature fusion to avoid redundant information across feature maps. The overall
architecture of YOLO-SSOD can be found in Figure 3.
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https://doi.org/10.20944/preprints202508.0843.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 12 August 2025 doi:10.20944/preprints202508.0843.v1

7 of 19

V10Detect

UpSample
Concat

V10Detect

11 UpSample Concat

X 22 C2fCIB V10Detect

Figure 2. YOLOvV10n Architecture.
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Figure 3. YOLO-SSOD Architecture.

The choice for inclusion of BRA in those layers is based on various tests, and all details and
comparative performance can be found in Subsection 4.3.

3.3.1. Bi-level Routing Attention—BRA

The Bi-level Routing Attention [37] was introduced as an attention module in the BiFormer model.
BRA is a dynamic, query-aware, sparse attention mechanism where the main goal is for each query to
attend to a small portion of the most semantically relevant key-value pairs. The BRA idea is to filter
out irrelevant key-value pairs and, only in a small portion of remaining regions, apply fine-grained
token-to-token attention in the union of these regions. The first step for BRA is 1. Region partition
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and input projection, where the 2D input feature map is divided into non-overlapped regions. The
query, key, and value tensor are derived with linear projections. A two-dimensional feature map,

P;—ZV feature vectors. This

, and obtain the query, key, and value tensor, respectively Q, K, and

X € REXW*C jg divided in S x S non-overlaping regions, each including

2, HW
way X turn X" € R s <€

2 HW
VeR 2 X by linear projections
Q=X"W1,K = X"WK,V = X'W?, @

where W1, Wk, and W? € RC*C are projections weights for the query, key, and value, respectively.
The second step is 2. Region-to-region routing with directed graph, where queries and keys are derived
at the region level in this phase, and one affinity metric is used to define how much two regions are
semantically related. Being specific, region-level queries and keys are derived, Q", K" € RS**C, via
applying per-region average on Q and K, repectively. An adjacency matrix, A" € RS**5 is derived of
region-to-region affinity graph via

AT = Q (KT 2

The A" adjacency matrix measures how much two regions are semantically related. After that, the
main point is to prune the affinity graph by keeping only top-k connections for each region. A routing
index matrix, I € RS"*¥ is derived with the row-wise top-k operator

I" = topkIndex(A"). 3)

The i'h row of I" contains k indices of the most relevant regions for the i'h region. Then, the third
step is 3. Token-to-token attention, where fine-grained token-to-token attention is applied using matrix I".
The key and value tensors are first gathered, then attention is applied to the gathered key-value pairs

K& = gather(K,1"), V8 = gather(V,1"),0 = Attention(Q, K$,V$) + LCE(V), 4)

where K8, V& € ]RSZX 2 Xc, and LCE(V) term is a local context enhancement term.

The BRA module can be a good choice for small targets and dense occlusion in object detection
tasks [44]. For remote sensing images like SAR ship images in the dataset used in this work, dense
small objects can be grouped in some specific areas, and BRA can be used to improve the overall
detection accuracy [41]. In [37], some results indicate that BRA can preserve fine-grained details, which
are crucial for small objects. Complex backgrounds and severe noise are common in remote sensing
images; see figure 1 for example. The attention mechanism enhances the object detection precision,
and the BRA mechanism significantly improves the precision of detecting small objects [40].

The BRA position in YOLO architecture can impact small object detection performance differently.
It can be added during upsampling, before downsampling, and before feature fusion. In all scenarios,
the small object detection is improved even with different key information from features [40]. The BRA
attention mechanism enhances feature representation through the global attention level to capture
the overall structure and global semantic information and through the local attention level to capture
details and local features. The performance of image classification tasks can be improved by capturing
structural and detailed features of images [50].

4. Results and Discussions

This section presents the results obtained from training the model proposed called YOLO-SSOD
using the SAR Ship Dataset presented in subsection 3.1. We trained different models with different
layer combinations using only YOLOV10 as the baseline model. Both YOLOv10n and YOLO-SSOD
were trained from scratch without any pre-trained model. In this section, only one of the model variants
is presented since it achieved the best performance and is considered the start of the art until now.
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4.1. Environmental Setup

All models tested and presented in this work were trained and analyzed in a machine with
Windows 10 Education OS, AMD Ryzen 9 7950X 16-core processor 4.5 Ghz, 64GB RAM, 2TB storage,
and NVIDIA GeForce RTX4090 GPU with 24GB graphic memory. For training, we use 500 epochs
with patience, defined as 100 epochs, batch 16, and 2 workers. Python was used as the programming
language for every job, since dataset manipulation, random image choosing, dataset division in
training, validation, testing subset, training model, and prediction.

4.2. Performance Evaluation on SAR Ship Dataset

Table 1 compares the baseline YOLOv10n and the proposed YOLO-SSOD model, both trained
on the SAR Ship dataset. The YOLO-SSOD model, which incorporates additional layers through
the integration of the BRA module within the backbone and neck layers (see Figure 3), achieved a
superior mAP@0.5 of 97.70% compared to 97.36% for YOLOv10n. This improvement in detection
performance is accompanied by an increase in model complexity, as evidenced by the additional
layers (413 versus 385) and higher computational load (9.2 GFLOPS versus 8.4 GFLOPS). However,
despite the increased complexity, the proposed YOLO-SSOD maintains a competitive inference speed,
operating at 434 FPS compared to 769 FPS for the original YOLOv10n. These results indicate that while
YOLO-5S0D sacrifices some speed, the gains in detection accuracy—particularly in challenging SAR
imagery—demonstrate a favorable trade-off for applications where precision is paramount.

Table 1. Model Performance on SAR Ship Dataset.

mAPO0.5-

Model P R mAP0.5 0.95 layers GFLOPS FPS
YOLOv10n 0,951 0,947 0,9736 0,687 385 84 769
YOLO-
SSOD (ours) 0,950 0,948 0,9770 0,685 413 9,2 434

Table 2 summarizes the performance of various models on the SAR Ship dataset, as reported
by multiple authors since the dataset’s release in 2019. The models listed in the table, ranging from
earlier works to more recent methods up to 2022, were originally grouped in [51]. In addition, four
very recent models have been incorporated into the comparison to provide a fair assessment alongside
the latest technologies and baseline methods.

The table includes key evaluation metrics such as Precision, Recall, mAP@0.5, and mAP@0.5:0.95,
as well as details on each study’s data splits (Train/Val/Test). Note that earlier works did not report
Precision and Recall, and many only provided mAP@0.5. The mAP@0.5:0.95 metric is available only
for the models trained in our work and by [23]. Due to these unbalanced metrics across studies, the
mAP@0.5 is used as the primary standard for comparison.
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https://doi.org/10.20944/preprints202508.0843.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 12 August 2025 d0i:10.20944/preprints202508.0843.v1

10 of 19
Table 2. Performance Comparison on SAR Ship Dataset.
Model Train/Val/Test P R mAP0.5 mAP0.5-0.95
[9] 7:2:1 - - 0,8907 -
[52] 8:1:1 - - 0,9470 -
[27] 7:2:1 0,944 - 0,9189 -
[53] 7:2:1 - - 0,9107 -
[54] - - - 0,9025 -
[29] 7:2:1% - - 0,9390 -
[55] 7:1:2 - - 0,9510 -
[56] 7:2:1% - - 0,9240 -
[18] 7:2:1 - - 0,9346 -
[17] 7:0:3 0,837 0,958 0,9552 -
[57] 7:0:3 - - 0,9580 -
[58] 7:2:1%* - - 0,9439 -
[26] 8:0:2 0,911 0,922 0,9610 -
[19] 8:0:2 - - 0,9510 -
[25] 7:2:1 0,924 0,957 0,9721 -
[28] 8:2:0 - - 0,9620 -
[22] 7:1:2 0,927 0,914 0,9606 -
YOLOv10n 7:2:1 0,951 0,947 0,9736 0,687
[23] 8:0:2 0,947 0,945 0,9772 0,690
YOLO-SSOD 721 0,950 0,048 0,9770 0,685
(ours)
YOLO-SSOD 8:0:2 0,952 0,951 0,9777 0,700
(ours)

Our experiments with YOLOv10n and the proposed YOLO-SSOD model were conducted under
the same environmental conditions. The results indicate that YOLO-SSOD outperformed the original
YOLOvV10n on the mAP@0.5 metric. When comparing YOLO-SSOD with [23], the two models showed
similar mAP@0.5 performance, although YOLO-SSOD achieved slightly better Precision and Recall.
One key difference lies in the training data allocation: YOLO-SSOD was originally trained using 70% of
the dataset for training, whereas [23] used 80%. To ensure a fair comparison, we retrained YOLO-SSOD
with an 80%-20% training-test split, which resulted in further improved performance, making YOLO-
SSOD the best-performing model among those using both 70% and 80% training splits. Models marked
with an asterisk (*) in Table 2 did not specify their data division strategy, so we assume they followed
the original division of the SAR Ship dataset. Overall, this comprehensive comparison highlights
the competitive performance of YOLO-SSOD in the context of SAR ship detection, with its improved
precision and recall, while maintaining high mAP@0.5 values comparable to the most recent models.

Figure 4 illustrates the evolution of the mAP@0.5 metric during the training process, spanning
from epoch 20 to epoch 500, for both the baseline YOLOv10n model and the proposed YOLO-SSOD
model. Initially, both models exhibit comparable performance with closely aligned mAP@0.5 values.
However, during the final 60 epochs, YOLO-SSOD demonstrates a notable increase in its mAP@0.5,
reflecting a significant performance boost as training converges. This late-stage improvement indicates
that integrating the BRA module in YOLO-SSOD effectively enhances feature extraction and the
learning of fine-grained details, particularly benefiting the detection of small objects in SAR imagery.
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Figure 4. mAP0.5 evolution among YOLOv10n and YOLO-SSOD.

Figure 5 presents three predictions using both models and the comparison with the ground truth
bounding box. In this example, it is possible to note the best score for bounding box predictions and
the best detection performance of YOLO-SSOD.

Ground Truth YOLO-SSOD

4

YOLOv10n

-

ship 0.87
¥

Figure 5. Predictions examples. In the first column, all images are original from the SAR Ship dataset with a
ground truth bounding box. The second column is the YOLO-5SOD prediction with a confidence score, and the
third column shows the prediction for YOLOv10n and its confidence score.
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4.3. Ablation Study of the Proposed YOLO-SSOD

This section presents an in-depth ablation study of the YOLO-SSOD model, analyzing various
configurations, their performance, and the corresponding trade-offs. The ablation study provides
insights into selecting the optimal model configuration and explores alternative setups that are effective
for small object detection.

4.3.1. Ablation Study on BRA Positioning in YOLO-SS5OD

As discussed in Subsection 3.3.1, the placement of the BRA module within the YOLO architecture
can significantly affect both performance and model complexity. In this study, we systematically
investigate different insertion points for the BRA module within the YOLOv10n architecture. For
this purpose, we employed a subset of the original SAR Ship dataset, consisting of 2856 images for
training, 814 images for validation, and 410 images for testing. Using this reduced dataset accelerated
the experimentation process while still providing sufficient data to evaluate the impact of different
BRA positioning strategies.

Table 3. Performance for BRA positioning in YOLO-SSOD.

BRA Positioning P R mAPO0.5 mAP0.5-0.95
YOLOV10n (baseline) 0,925 0,938 0,972 0,678
Layer 5 post C2f 0,925 0,929 0,966 0,671
Layer 7 post C2f 0,945 0,907 0,971 0,676
Layer 9 post C2f 0,933 0,940 0,972 0,680
Fusion 4 to 14 0,924 0,946 0,969 0,682
Fusion 2 to 17 0,930 0,938 0,971 0,682
Layer9 + Busion 2 to 0,944 0,927 0,974 0,678
Fusion2 to 19 + 0,948 0,930 0,975 0,690

Fusion 4 to 14

Table 3 summarizes the performance of different BRA insertion strategies within the YOLOv10n-
based architecture on the SAR Ship dataset. The results indicate that using fusion modules spanning
from layers 2 to 19 combined with fusion from layers 4 to 14 yields the highest performance, achieving
a Precision of 0.948, mAP@0.5 of 0.975, and mAP@0.5-0.95 of 0.690—substantially outperforming the
baseline YOLOv10n model. Notably, the fusion from layer 4 to 14 configuration alone provided the best
Recall value at 0.946. Figure 3 illustrates the final YOLO-SSOD architecture derived from these results.
Retraining the model with the optimized BRA positioning on the full SAR Ship dataset confirmed
the performance improvements observed in this ablation study, as shown in Table 2. Furthermore,
inserting only two BRA modules was sufficient for YOLO-SSOD to surpass the original YOLOv10n;
in contrast, the configuration with the BRA insertion in Layer 9 post C2f module alone achieved
performance comparable to YOLOv10n, with only marginal improvements in Precision, Recall, and
mAP@0.5-0.95.

4.3.2. Ablation Study on the Small Object Detection Layer Applied to YOLOv10n

To address the challenges associated with detecting small objects, several studies [59-61] have
incorporated an additional detection head into the YOLO architecture, each targeting small objects
in different contexts—such as fish, vehicles, and fruits. Similarly, in [44], the authors introduced a
fourth detection head, the Tiny Object Detection Layer (TODL), to improve the detection of small faces
in classroom environments. These works primarily utilize YOLOv5 and YOLOVS, which originally
included three detection heads. In contrast, our approach adapts the concept for YOLOv10 by adding
new upsample and downsample modules that enlarge the feature map before the first detection head
by a factor of 2.
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The SAR Ship dataset presents significant challenges due to the prevalence of small ships amidst
complex backgrounds. We integrated the TODL concept into the YOLOv10 architecture to better
capture these small targets. Figure 6 illustrates the modified architecture, which includes additional
layers (layers 17 to 21). Specifically, the upsampling module in layer 17 doubles the feature map size
to 160 x 160, while the convolutional module in layer 20 reduces it back to 80 x 80, aligning with the
original scale. A new detection module, V10Detect, is incorporated as a detection head in layer 19.
This configuration is designed to improve the detection of small objects by processing them at a higher
resolution.

Subsection 4.3.3 further details the performance evaluation of the TODL-enhanced YOLOv10n,
including experiments that combine the TODL with BRA modules at various layers. The combined use
of BRA and TODL aims to synergize the benefits of both methods, enhancing feature representation
and small object detection capabilities in the challenging SAR ship detection task.

160x160
6A0K640 V10Detect

V10Detect

Concat

UpSample Concat

SCDown

11 UpSample Concat

I 28 C2fCIB V10Detect

Figure 6. YOLOv10n with a new head layer for Tiny Object Detection.

4.3.3. Ablation Study on TODL and BRA Applied to YOLOv10n

To further enhance the detection of small objects in the SAR ship context, we conducted an
ablation study to evaluate the combined effects of the Tiny Object Detection Layer (TODL) and the
BRA module in the YOLOv10n framework. Using the YOLOv10n architecture augmented with the
TODL layer (as depicted in Figure 6), we inserted the BRA module at various positions and trained the
models from scratch under the same dataset and environmental configurations. A similar experimental
approach was undertaken in [44] in a classroom setting, where the combination of BRA and TODL
yielded the best performance compared to using only BRA or TODL.

Table 4 reports the performance metrics for different BRA insertion strategies when combined
with TODL. For the subset of the SAR Ship dataset used in these experiments, the baseline YOLOv10n
achieved a mAP@0.5 of 0.972, while the model with only TODL reached 0.974. In contrast, config-
urations with various BRA insertions showed mixed results: for example, the fusion configuration
spanning layers 4 to 14 achieved the highest Recall (0.948), while the configuration combining fusion
from layers 2 to 19 with fusion from layer 4 to 14 yielded a slightly lower mAP@0.5 of 0.968.
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Table 4. Performance for TODL+BRA applied for YOLOv10n.
Positiorll?’iI;gA+TODL P R mAP0.5 mAP0.5-0.95
YOLOvV10n (baseline) 0,925 0,938 0,972 0,678
Only TODL 0913 0,939 0,974 0,688
Layer 5 post C2f 0,937 0,934 0,973 0,685
Layer 7 post C2f 0,928 0,935 0,972 0,680
Layer 9 post C2f 0917 0,921 0,968 0,679
Fusion 4 to 14 0,920 0,948 0,969 0,681
Fusion 2 to 17 0,925 0,944 0,970 0,681

Fusion 2 to 19 +

Fusion 4 to 14 0,928 0,925 0,968 0,683

To facilitate a fair comparison, we retrained the models on the entire SAR Ship dataset, with
the summarized results presented in Tables 5 and 6. When trained on the smaller subset, the best
performance was obtained with the model using only TODL (mAP@0.5 = 0.974) or using only the
BRA configuration (Fusion layers 2 to 19 + Fusion layers 4 to 14) with a mAP@0.5 of 0.975. In the
full-dataset scenario, the baseline YOLOv10n achieved a mAP@0.5 of 0.9736, while the model with only
TODL slightly improved this metric to 0.9769. The best performance was observed with the BRA-only
configuration (Fusion layers 2 to 19 + Fusion layers 4 to 14), which achieved a mAP@0.5 of 0.9770.

Table 5. Performance comparison for all models—Best in each scenario using a subset of SAR Ship Dataset.

Model P R mAP0.5 mAP0.5-0.95
YOLOV10n (baseline) 0,925 0,938 0,972 0,678
Only TODL 0,913 0,939 0,974 0,688
Only BRA Fusion 2 to

19 + Fusion 4 to 14 0,948 0,930 0,975 0,690

Table 6. Performance comparison for all models—Best in each scenario using whole SAR Ship Dataset

Model P R mAPO0.5 mAP0.5-0.95
YOLOV10n (baseline) 0,951 0,947 0,9736 0,687
Only TODL 0,950 0,948 0,9769 0,692
Only BRA Fusion 2 to

19 + Fusion 4 to 14 0,950 0,948 0,9770 0,685

Overall, these results indicate that while both TODL and BRA independently contribute to
improved small object detection in SAR images, combining them does not necessarily yield further
enhancements and, in some cases, may even introduce distortions that adversely affect the detection
of very small ships. In our experiments, the optimal configuration was achieved by inserting the
BRA module in the feature fusion layers spanning from layer 2 to 19 and from layer 4 to 14, which
resulted in an improvement in mAP@0.5 from 97.36% (baseline) to 97.70%. Figure 7 provides visual
examples demonstrating instances where the optimized YOLO-SSOD outperforms the baseline and
the TODL-only configuration.
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Figure 7. YOLOv10n with a new head layer for Tiny Object Detection.

5. Conclusions

In this work, we proposed the YOLO-SSOD model, an enhanced YOLOv10n-based architecture
tailored for SAR ship detection. Our model demonstrated improved feature extraction by incorporating
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the Bi-Level Routing Attention (BRA) mechanism within the backbone and neck layers, particularly
for small and complex ship targets in SAR imagery. The experimental results confirmed the efficacy of
our approach, with YOLO-SSOD achieving a mAP of 97.70%, outperforming the original YOLOv10n
model on the SAR Ship Dataset. Moreover, YOLO-SSOD set a new benchmark, surpassing previously
proposed models over the last five years.

Despite its improved accuracy, YOLO-SSOD incurs a slight increase in computational complexity
due to additional layers introduced by the BRA module. However, the significant performance gains
observed in maritime surveillance tasks justify this trade-off. These findings highlight the potential of
integrating advanced attention mechanisms into YOLO-based models to enhance detection capabilities
in challenging remote sensing applications.

Future work will explore optimizing the model’s computational efficiency to reduce inference time
without compromising detection performance. Moreover, we will extend this approach to tracking
scenarios and further evaluate YOLO-SSOD's performance on additional datasets, including those
with oriented bounding boxes and aerial images. This will help assess the model’s generalizability and
adaptability to maritime monitoring conditions. Investigating YOLO-SSOD’s applicability to real-time
ship monitoring systems will also be a valuable next step. The results of this research contribute
to the advancement of SAR-based maritime surveillance and provide a solid foundation for further
improvements in deep learning-based ship detection methodologies.
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