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Abstract

Maritime unmanned aerial vehicle (UAV) ship detection faces challenges including vari-
ations in ship pose and appearance under multiple viewpoints, occlusion and confusion
in dense scenes, complex backgrounds, and the scarcity of ship datasets from UAV tilted
perspectives. To overcome these obstacles, this study introduces a high-quality dataset
named Marship-OBB9, comprising 11,268 drone-captured images and 18,632 instances
spanning nine typical ship categories. The dataset systematically reflects the characteris-
tics of maritime scenes under diverse scales, viewpoints, and environmental conditions.
Based upon this dataset, we propose a novel detection network named YOLO11-UAVShip.
First, an oriented bounding box detection mechanism is incorporated to precisely fit ship
contours and reduce background interference. Second, a newly designed CK_DCNv4
module, integrating deformable convolution v4 (DCNv4) and a C3k2 backbone structure, is
developed to enhance geometric feature extraction under aerial oblique view. Additionally,
for ships with large aspect ratios, SGKLD effectively addresses the localization challenges
in dense environments, achieving robust position regression. Comprehensive experimental
evaluation demonstrates that the proposed method yields a 2.1% improvement in mAP@0.5
and a 2.3% increase in recall relative to baseline models on the Marship-OBB9 dataset. While
maintaining real-time inference speed, our approach greatly enhances detection accuracy
and robustness. This work provides a practical and deployable solution for intelligent ship
detection in UAV imagery.

Keywords: UAV; ship detection; deep learning; multi-view; ship dataset

1. Introduction

As global maritime trade continues to expand, high-traffic zones such as port intersec-
tions and navigational chokepoints are experiencing unprecedented pressure in terms of
vessel scheduling and traffic management. According to statistics from the United Nations
Conference on Trade and Development (UNCTAD), the global commercial fleet surpassed
109,000 ships by 2024, placing increasing demands on maritime monitoring systems for
real-time and intelligent surveillance [1]. In recent years, image-based ship detection
techniques have been widely applied in maritime surveillance, where their accuracy and
timeliness directly influence the performance of maritime accident early warnings, vessel
trajectory management, and illegal activity detection. However, most existing studies
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rely on imagery acquired from remote sensing satellites or fixed shore-based cameras.
While these platforms have shown promising performance in specific scenarios, their
inherent limitations—such as long revisit cycles, restricted spatial resolution, and fixed
imaging perspectives—compromise their real-time responsiveness and flexibility in dy-
namic and complex maritime environments. In contrast, UAVs, with their mobility and
flexible deployment, can capture high-resolution surface imagery from multiple viewpoints
and altitudes, offering huge potential for maritime applications. However, existing ship
detection algorithms are not well-adapted to the specific challenges of UAV platforms [2—4].

Specifically speaking, unlike general-purpose object detection tasks, ships captured in
UAV imagery often exhibit large variations in orientation, pose, size, and even geometric
appearance. Models trained on satellite or shore-based images struggle to generalize across
these multi-view, multi-scale characteristics, leading to a significant drop in detection
accuracy [5]. Moreover, the maritime environment is inherently complex: natural factors
such as waves, lighting conditions, and sea fog frequently degrade image clarity, resulting in
blurred ship edges and indistinct contours. In high-traffic zones, frequent vessel occlusion
and overlap further obscure object boundaries, increasing the risk of missed or false
detections and reducing the reliability and robustness of detection models in real-world
deployments. From the data perspective, existing UAV datasets—such as the Stanford
UAV Dataset [6] and the VisDrone Dataset [7]—primarily focus on urban or inland scenes,
lacking dedicated datasets tailored to maritime conditions. Meanwhile, most publicly
available ship detection datasets are collected from satellite, shore-based, or onboard camera
platforms, which fail to adequately reflect the ship’s rich diversity in UAV-based maritime
surveillance. This lack of representative training data severely limits the development
and performance of deep learning models in this domain. Collectively, these challenges
highlight the imperative to develop specialized methodologies and datasets for reliable
UAV-based ship detection.

To address the aforementioned challenges, this paper proposes an efficiency-oriented
object detection methodology designed for accurate and efficient ship detection in high-
traffic maritime zones utilizing UAV platforms. The principal contributions of this research
are enumerated below:

1.  Construction of a high-quality dataset: We introduce Marship-OBB9, a novel UAV
ship detection dataset comprising 11,268 aerial images and 18,632 instances across
nine representative ship categories.

2. Design of a robust rotated detection framework: Building upon the YOLO11, we
propose the YOLO11-UAVShip model by integrating an oriented bounding box (OBB)
detection mechanism, the CK_DCNv4 module, and the SGKLD loss function specif-
ically designed for robust position regression of ships with large aspect ratios in
dense environments. This framework considerably improves detection accuracy and
robustness under UAV perspective.

3. Optimization of accuracy—efficiency balance: The proposed method achieves absolute
improvements of 2.1% in mAP@0.5 and 2.3% in recall compared to the baseline model
on the Marship OBB9 dataset, while maintaining negligible impact on inference speed.

4.  Comprehensive ablation and comparison experiments: We perform comprehensive
ablation studies to evaluate the efficacy of each proposed component and benchmark
our methodology against existing horizontal and rotated object detection models. The
results demonstrate that our framework offers a superior balance between accuracy,
efficiency, and generalization ability.

The remainder of this paper is organized as follows. Section 2 reviews related work
on ship datasets, rotated object detection, and ship detection. Section 3 presents the archi-
tecture of the proposed YOLO-UAVShip network and analyzes its underlying theoretical
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mechanisms. Section 4 introduces the experimental dataset, evaluation metrics, ablation
studies, and comparison experiments, followed by a comprehensive analysis and discus-
sion of the results. Section 5 reveals the limitations of the model. Finally, Section 6 concludes
the paper and outlines potential directions for future research.

2. Related Work
2.1. Marine Ship Detection Datasets

High-quality datasets constitute the cornerstone for advancing deep learning tech-
niques in maritime ship detection. Over the past few years, a variety of ship detection
datasets have been released, encompassing different sensor platforms, imaging modalities,
and application scenarios, as summarized in Table 1. However, high-quality datasets
that can truly meet the requirements of UAV maritime scenarios remain extremely scarce.
Specifically speaking, most existing datasets are captured from satellite, shipborne, or shore-
based perspectives, lacking large-scale ship image collections with diverse viewpoints and
scales tailored for UAV-based detection tasks [8].

Table 1. Maritime ship detection datasets.

Dataset C?hlp Images Instances Annotation Year Source
asses
Seaship [9] 6 31,455 40,077 HBB 2018 Camera
HRSID [10] 1 5604 16,951 HBB 2020 SAR
McShips [11] 13 14,709 26,529 HBB 2020 Search engine
ABOships [12] 9 9880 41,967 HBB 2021 Camera
FAIRIM [13] 9 2235 - OBB 2021 Satellite imagery
SSDD [14] 1 1160 2456 HBB/OBB 2021 SAR
MVDD13 [15] 13 35,474 40,839 HBB 2024 usv
MODD-13 [16] 13 9097 - HBB 2024 Uusv
MS2ship [8] 1 6470 13,697 HBB 2024 UAV
Marship-OBB9 9 11,268 18,632 HBB/OBB 2025 UAV

For instance, datasets such as Seaship, ABOships, and McShips collect images from
shore-based cameras or online search engines. While these datasets contain relatively rich
categories and sample volumes, they fail to represent the diverse aerial perspectives and
pose variations inherent to UAV imagery. FAIRIM and SSDD, built on satellite images, offer
wide-area coverage but are limited in resolution and fine-grained visual details and contain
only nadir (vertical) views of ships. Recently introduced datasets like MVDD13 and MODD-
13 focus on fine-grained ship classification for unmanned surface vehicle (USV) scenarios,
incorporating various scales, lighting conditions, side views, ship parts, backgrounds, and
occlusions—but they explicitly exclude top-down aerial imagery. MS2ship compiles UAV
rescue images from the Seagull and SeaDronesSee datasets, providing diverse appearances
and background conditions. However, it only includes a single ship class, and annotations
are limited to horizontal bounding boxes (HBBs).

To deal with these limitations, we present Marship-OBB9, a large-scale, fine-grained
ship detection dataset specifically designed for UAV ship identification. The dataset is
constructed from UAV aerial imagery collected over different maritime regions and under
various environmental conditions. It includes 11,268 images and 18,632 annotated instances
across nine representative ship categories. Notably, Marship-OBB9 provides both HBB and
OBB annotations. Compared with the existing datasets, Marship-OBB9 performs better
in terms of view angle, scale, attitude, and category diversity, which can provide strong
data support for rotating target detection, multi-scale feature extraction, and other research
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areas, and help improve the intelligent perception capability of UAV platforms in complex
maritime environments.

2.2. Rotated Object Detection

In deep learning-based object detection, HBBs are typically employed to localize ob-
jects. However, in UAV-based ship detection scenarios, this approach exhibits evident
limitations. Due to the elongated shape and arbitrary orientation of ships in UAV-captured
imagery, conventional HBBs often fail to accurately delineate ship contours, resulting in
bounding boxes that encompass substantial non-target background regions. This redun-
dancy significantly reduces localization precision. Moreover, in high-traffic zones, a large
number of overlapping horizontal bounding boxes are easily suppressed or rejected in the
post-processing stage due to the high Intersection over Union (IoU) value, which leads to
the leakage and misdetection of ship targets. As illustrated in Figure 1, OBB introduces an
additional angle parameter to construct bounding boxes, noticeably enhancing the ability
to model object geometry compared to HBB. OBB enables finer alignment with object
shapes and minimizes interference from the surrounding background. Representative
OBB-based detection methods such as S?ANet [17], RetinaNet-obb [18], and ReDet [19]
have been proposed. More recently, the emergence of transformer-based detectors [20]
has also led to notable progress in OBB, such as ROI-transformer [21], AO2-DETR [22],
and ARS-DETR [23].

(b)

Figure 1. (a) Horizontal bounding box of the ship; (b) oriented bounding box of the ship; (c) Gaussian
distribution of the oriented bounding box.

However, these rotated detection algorithms that introduce angular parameters face
boundary discontinuities and angular discontinuities due to angular periodicity. This
discontinuity in both boundary and angle space severely hampers model convergence and
training stability. To overcome this challenge, the GWD [24] model converts each OBB
to a Gaussian distribution and computes the localization loss using Wasserstein distance,
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thereby alleviating boundary discontinuity issues. However, GWD lacks scale invariance,
limiting its capability in accurately localizing small objects. Building upon GWD, KLD [25]
replaces the Wasserstein distance with the Kullback-Leibler divergence and adjusts the
angular weight according to the aspect ratio, thereby improving detection accuracy for high—
aspect-ratio objects. While these probabilistic modeling methods based on 2D Gaussians
have successfully tackled the boundary discontinuity associated with lIoU-based rotation,
they still struggle with objects that are nearly square in shape and thus less sensitive to
angular variation, resulting in suboptimal detection performance in such cases.

2.3. Ship Detection

Most vessel identification methods are based on the existing general object detection ar-
chitecture [26]. Traditional object detection techniques primarily rely on manually designed
feature extraction methods (such as HOG [27] and SIFT [28]) to achieve object classifica-
tion and position regression [29]. These methods often have huge limitations in practical
applicability stemming from their suboptimal representation of target characteristics and
significant computational complexity. With the rapid development of powerful parallel
computing devices, such as graphics processing units (GPUs), deep learning technology
has gained considerable attention. Convolutional neural networks (CNNs) [30,31] are
the mainstream approach for object detection based on deep learning. Object detection
algorithms based on CNN can be categorized into two-stage and one-stage methods. Two-
stage algorithms, such as R-CNN [32], Faster R-CNN [33], and SPP-Net [34], offer higher
detection accuracy but are relatively slower in inference speed. Conversely, one-stage object
detection algorithms, such as the YOLO series [35-39] and SSD [40], have slightly lower
detection accuracy but are faster in inference speed and more real-time, thus demonstrating
greater advantages in practical applications.

To better apply general object detection algorithms to ship detection, many researchers
have optimized and improved these algorithms. For example, Zwemer et al. [41] proposed
a real-time vessel detection and tracking framework utilizing port surveillance camera
feeds, in which the SSD detection model was trained by incorporating the dimensional and
aspect ratio characteristics of ships. Wang et al. [42] incorporated a Comprehensive Feature
Enhancement (CFE) module within the YOLOV3 architecture, which significantly improved
the recognition capability for small and medium-sized vessels in optical satellite imagery.
Tang et al. [43] developed an approach named H-YOLO that operates on high-resolution
imagery, leveraging color contrast between vessels and background elements to preselect
regions of interest and identify candidate areas. Li et al. [44] designed an image-based detec-
tion algorithm for unmanned surface vehicles (USVs), integrating DenseNet and YOLOv3
architectures to achieve multi-scale ship recognition and enhance detection robustness in
real-world maritime settings. Guo et al. [45] integrated deformable convolution into their
network to enhance infrared small ship detection on the maritime surface.

With the rapid advancement of UAV technology, its high mobility, low cost, and real-
time imaging capabilities have demonstrated enormous advantages in maritime surveil-
lance tasks. Some scholars have explored UAV ship detection methods [46]. Wang et al. [47]
enhanced accuracy and speed in UAV videos by incorporating attention mechanisms and
GSConv into the YOLOv7 model. Han et al. [48] designed a new model, SSMA-YOLO,
which features a new SSC2f structure combined with a multi-dimensional attention mecha-
nism to improve ship recognition in complex backgrounds. Feng et al. [2] addressed the
scarcity of multi-angle and multi-scale ship datasets by proposing a data augmentation
method using stable diffusion. Additionally, they improved the YOLOv8n-OBB model by
integrating the BiFPN structure and EMA module, enhancing its ability to detect multi-scale
ship instances. Cheng et al. [5] introduced a model named YOLOv5-ODConvNeXt, which
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integrates ConvINeXt and ODConv modules into the backbone network to accelerate ship
detection and adapt to the scale changes in ships due to UAV posture and altitude changes.
Although existing studies have achieved certain progress in UAV-based ship detection,
most methods have not sufficiently addressed the detection stability issues caused by varia-
tions in ship posture and appearance under multi-view conditions. To this end, this paper
conducts research from both data construction and algorithm optimization perspectives,
aiming to enhance the detection accuracy and robustness in UAV multi-view scenarios.

3. Proposed Network

The primary objective of this study is to achieve accurate and efficient ship detection
in high-traffic zones using UAV platforms. Based on the proposed Marship-OBB9 dataset,
we introduce an enhanced detection network built upon the YOLO11 [49] architecture. This
section first provides an overview of the baseline YOLO11 model structure, followed by
detailed descriptions of the architectural improvements and their intended purposes.

3.1. YOLO11

YOLOI11 is a high-performance object detection architecture officially released by the
Ultralytics team in September 2024. It inherits the end-to-end single-stage design paradigm
of the YOLO family while further optimizing inference efficiency, making it capable of
achieving real-time object detection even on resource-constrained devices.

The YOLO11 series includes five versions—YOLO11n, YOLO11s, YOLO11m, YOLO11],
and YOLO11x—differing in model size and computational requirements. Considering the
need for rapid responsiveness in UAV-based maritime ship detection, we select YOLO11n,
the lightest version, as our base model for further improvement.

As illustrated in Figure 2, the YOLOL11 architecture is composed of three primary
components: Backbone, Neck, and Head. The Backbone is responsible for extracting
low-level features from input images. The Neck performs multi-scale feature aggregation
and enhancement, and the Head outputs the final detection results. Structurally, YOLO11
introduces several enhancements, most notably the C3K2 module, an improved version
of the traditional C3 module, which is a core feature extraction component introduced in
YOLOIL11. It is primarily designed to enhance the model’s multi-scale feature extraction
capability in complex scenarios. Compared with the C2f module used in YOLOVS, the C3K2
module can dynamically select between using the C3K or the standard Bottleneck structure
via the parameter c3k, thereby adapting to different feature hierarchy requirements. As
shown in Figure 2, if c3k is set to True, the original bottleneck module is replaced with the
C3K module.

3.2. YOLO11-OBB

To enhance the accuracy of ship target localization, this research incorporates an OBB
detection mechanism. This approach adequately handles the diverse orientations and poses
of ships frequently encountered in UAV images, allowing the model to more accurately
align with ship contours and reduce background interference.

YOLO11-OBB is an extended model built upon the original YOLO11 framework, incor-
porating a rotated object detection head while maintaining the overall network architecture.
Specifically, it shares the same Backbone and Neck structure as YOLOL11, but introduces the
following key modifications in the detection Head: Firstly, the output format is extended
to include an additional angle parameter, enabling the prediction of object orientation in
the form (x, y, w, h, 6), where 0 represents the rotation angle of the target. Secondly, the
bounding box regression loss is replaced with ProbloU [50], a loss function tailored for
rotated object detection tasks.
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Figure 2. Network structure of YOLO11.

3.3. Improved YOLO-UAV Ship Detection Algorithm
3.3.1. Overview

To enhance the accuracy and robustness of UAV ship type detection in high-traffic
zones, we propose an improved detection algorithm named YOLO-UAVShip, which is
built upon the YOLO11n-OBB framework.

The algorithmic enhancements mainly involve the CK_DCNv4 module and the
SGKLD loss. Briefly, CK_DCNv4 improves the model’s feature extraction capability to
adapt to geometric deformations of ships in UAV images, while SGKLD enhances the
model’s ability to regress positions for large aspect-ratio objects, enabling stable rota-
tion box regression. The overall architecture of the proposed YOLO-UAVShip model is
illustrated in Figure 3.

3.3.2. Deformable Perception Module CK_DCNv4

For any given point pg on the input feature map, traditional convolution operations
are generally limited to extracting features from a fixed sampling grid determined by the
kernel size and stride. This rigid sampling mechanism struggles to adapt to the deformation
nature of objects, and the output features are expressed as in Equation (1). In UAV imagery,
ship targets are influenced by multiple factors, including drastic changes in viewing angles,
variations in ship posture caused by waves, and structural differences among ship types.
These factors collectively result in significant variability in the ship’s appearance, while
the complex maritime background can easily interfere with the target regions. Under such
circumstances, traditional convolution often incorporates a large amount of background
information during feature extraction, thereby weakening the focus on the ship’s main
contour features.

To address this issue, the Deformable Convolution Network (DCN) [51] innovatively
introduces a dynamic offset mechanism. This mechanism overcomes the limitation of
fixed sampling locations in traditional convolution, allowing feature sampling points to
adaptively adjust according to the actual shape of the target. As a result, it significantly
enhances feature representation and detection accuracy in UAV-based ship detection tasks.
As illustrated in Figure 4, deformable convolution generates an additional learnable offset
through a dedicated network (typically implemented via an extra convolution on the input
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feature map), transforming the originally regular square receptive field into a flexible
sampling pattern that closely aligns with the target’s contour. The dynamic offsets at the
sampling positions are automatically learned by the network, enabling precise capture of
key structural features of the ship. Mathematically, the output feature values of DCN are
computed as shown in Equation (2).

K
y(po) = Y wrex(po + px) 1
=1
K
y(po) = Y wrex(po + pr + Apk) 2)
=1

where y(pg) denotes the output feature value at location py; K represents the size of the

convolution kernel; and wy denotes the weight of the k position in the kernel. The term py
corresponds to the offset of the k sampling point relative to the kernel center; x(p, + p)
indicates the feature value at location (p, + pi) in the input feature map; and Apy denotes
the learnable offset added to py in deformable convolution.
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DCNw4 is the latest version of DCN, featuring enhanced dynamic adaptability and
expressive capability, enabling more precise capture of local non-rigid deformations,
then making it suitable for scenarios with strong dynamic variations. Furthermore,
as shown in Figure 5, DCNv4 optimizes memory access patterns through instruction-
level kernel analysis, reducing redundant operations and significantly improving overall

computational efficiency.

. . . channel group 1/2/3 «———— Memory access request

Oulput tenSOI'

in L= ]
L O £
: — 3 %
—— =3 3
3 3
L N <
AR

(a) DCNV3

Figure 5. Comparison of DCNv3 and DCNv4 optimized memory access functions. H represents
height, W represents width; and C represents the number of channels.

In this study, we improved the C3k2 structure in the YOLO11 backbone by replacing
the conventional convolution in the bottleneck of the C3k2 module with DCNv4. The
specific modifications for the CK_DCNv4 module are illustrated in Figure 6 below: DCNv4
replaces the standard convolution in the bottleneck of the C3k2 module, resulting in the
Bottleneck_ DCNV4 structure. This Bottleneck_DCNv4 is then used to replace the bottleneck
in the C3k structure, forming the C3k_DCNv4 structure. Finally, C3k_DCNv4 replaces
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the C3k in the original C3k2 module, yielding the CK_DCNv4 module. Similarly to
C3k2, CK_DCNV4 can dynamically select between using the C3k_DCNv4 structure or the
Bottleneck_DCNv4 structure via the parameter c3k.

_______________________________________________________________________________________

c3k=False

n

—
Bottleneck Bottleneck

CK DCNv4 = — CBS T split -‘* poxvd - L penwa - 1 Concat — CBS —
I

c3k=True

n

—t—
CK DCNv4 = — CBS “* split T C3k DCNv4 - C3k DCNv4 — Concat — CBS
I

1

1

Bottleneck | — DCNv4 —» DCNv4 —> DCNv4 —>» DCNv4 —» :
DCNv4 !
1

1

1

1

1

Shortcut=True Shortcut=False
n i
1
C3k_ DCNv4 = CBS —» Povleneck .| Boteweec L, Concat —| CBS —
1
I :
CBS :
1

Figure 6. CK_DCNv4 Module Structure. The CK_DCNv4 module can dynamically select between
using the C3k_DCNv4 structure or the Bottleneck_DCNV4 structure via the parameter c3k. Both the
C3k_DCNv4 and Bottleneck_DCNv4 structures are obtained by replacing the standard convolution
in the original modules with DCNv4.

3.3.3. Rotation-Robust Localization Loss Function

In the YOLO11 model, the ProbloU loss function is used for the position regression of
rotated bounding boxes, and its computation is as follows: Equations (3) and (4) represent
the transformation of an oriented bounding box B(cx, cy, w, h, ) into a Gaussian distribution
N(u,%). Here, ¢y, ¢y, w, h, 6 denote the center coordinates, width, height, and rotation
angle of the oriented bounding box. R denotes the rotation matrix, and A is the diagonal
matrix of eigenvalues.

Then, the localization loss function is calculated based on the computation of the
Hellinger distance.

p= (o) 3)
! N/ o .
= (302 (3 o) (5 )
° 2
v cos? 6 + ﬁ sin? 6 —h cos fsin 6 @

2 2
w—h

cosfsin % sin?6 + > cos? 6

However, ProbloU has two limitations: on one hand, for targets with large aspect
ratios, ProbloU can produce excessively large gradients during training, causing instability;
on the other hand, ProbloU suffers from an ambiguity of orientation information when
faced with square-like targets.

Due to the typically large aspect ratio of ships and their highly variable orientations
in drone-view imagery, the ProbloU loss function struggles to stably and accurately fit
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their actual positions and directions during bounding box regression. To address this issue,
this study introduces the SGKLD algorithm to improve the regression accuracy of rotated
bounding boxes, thereby enhancing the overall ship detection performance.

SGKLD abandons the Gaussian distribution for representing OBB and instead employs
a super-Gaussian distribution. The super-Gaussian distribution is an enhanced version of
the Gaussian distribution modified using Lamé curves, with its implementation process
illustrated in Figure 7.

Gaussion Function Lamé curve
\ n=1.0
n=2.0
\ n=4.0
i n + X n B l
=i -{(2] (3] Ay

\ )

n

+]

o))

b

f(xy)= &CXP[—[E

Super-Gaussion Function

Figure 7. Formation process of the super-Gaussian distribution. N and N are normalization coeffi-
cients. The ellipse represents the equiprobability curve of the Gaussian distribution. By reconstructing
the Gaussian function using Lamé curves, we obtain the super-Gaussian distribution, whose equiprob-
ability curve is illustrated in the lower-right section.

The SGKLD loss dynamically adjusts the weight of angular parameters based on
the aspect ratio of objects. For targets with larger aspect ratios, the model places greater
emphasis on angle optimization. This mechanism is particularly crucial for high-precision
ship detection, as even minor angular errors can lead to significant accuracy degradation
for elongated objects like ships.

Unlike ProbloU, SGKLD inherently avoids the orientation ambiguity problem. The
key distinction lies in their equiprobability curves: SGKLD maintains an anisotropic closed
curve regardless of target shape, while ProbloU’s elliptical curve becomes isotropic (de-
generating to a perfect circle) when handling square-like targets. This circular symmetry
in ProbloU causes complete overlap between predicted and ground-truth distributions,
making the model incapable of distinguishing their angular differences. As illustrated
in Figure 8, SGKLD'’s super-Gaussian distribution preserves anisotropic characteristics
even for square objects, enabling effective angular learning by maintaining distinguishable
probability distributions between predictions and ground truths.
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Figure 8. Difference in angle regression between ProbloU and SGKLD for a square-like object. D and
Loss represent the probability distribution distance and loss function, respectively. When detecting a
square-like object, the equiprobability curve of the Gaussian distribution becomes a circle. In this case,
the probability distributions of the predicted bounding box and the ground-truth box completely
overlap, resulting in D = 0 and Loss = 0, thereby preventing the model from learning the object
orientation. In contrast, the super-Gaussian distribution maintains anisotropy under all conditions.
Consequently, D and Loss never degenerate to zero, allowing the model to effectively learn the correct
directional information regardless of the object’s aspect ratio.

Equations (5) and (6) defines the super-Gaussian distribution function adopted in the

SGKLD loss.
X X . w h\ |cos® —sinf x
() =or((5) o) ez D) 0n S0I((3) ) @
2 9\ 2
fluy) = %%;) exp(— (2" + [9]")), n =4 (6)

In this formulation, S denotes the scaling matrix; R denotes the rotation matrix; and I
represents the Gamma function.

Equations (7) and (8) represents the computation of the Kullback-Leibler divergence
between two super-Gaussian distributions as the final localization loss.
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4. Experiments
4.1. Dataset Marship-OBB9

In this study, we have a self-constructed and drone-captured ship dataset, Marship-
OBB9. This dataset not only covers the ships commonly found in high-traffic maritime
regions but also takes into account the visual characteristics of ships under different weather
and lighting conditions so as to enhance the detection and recognition ability of the model
for all kinds of ships in practical applications. Through the construction of this high-
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quality dataset, we established a robust foundation for subsequent model training and
experimental evaluations.

4.1.1. Image Acquisition and Preprocessing

As shown in Figure 9, to ensure the dataset aligns with real-world maritime UAV
detection scenarios, we employed two UAV platforms with different spatial resolutions
(DJIM3E and DJI MINI4 Pro) to collect ship images under real operational conditions. The
data collection was conducted at varying altitudes (ranging from 40 m to 400 m), angles,
distances, and lighting conditions, covering a wide range of high-traffic zones. To further
enhance dataset diversity, we also collected supplementary images from professional ship
photography websites (e.g., ShipSpotting: http://www.shipspotting.com, accessed on
19 March 2025) and Google Image Search.

Multiple scales

Multiple categories Multiple angles Multiple lighting Multiple occlusions

Figure 9. Example images of different scales, categories, viewing angles, lighting conditions,
and occlusions.

The collected images were subjected to a series of preprocessing steps, which included
(1) removing corrupted and duplicated images and (2) removing images that did not match
the UAV viewpoint.

The preprocessed dataset is named Marship-OBB9. As shown in Figure 9, its main
features are as follows: (1) multiple angles: contains images from different viewpoints, such
as front, back, side, and top views, of ships; (2) multiple categories: covers 9 representative
ship categories commonly observed in high-traffic maritime zones; (3) multiple scales: the
percentage of footage of ships captured by a drone changes dynamically with height and
distance; and (4) multiple scenarios: incorporates diverse conditions including occlusion,
complicated backgrounds, varied lighting, and typical dense-traffic scenarios.

4.1.2. Data Annotation

We employed the X-Anylabelimg annotation tool to finely label the targets in the
image with HBB and OBB. Annotation results were saved in plain text (.txt) format, with
each entry containing the class label and corresponding location parameters. To ensure
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annotation consistency and accuracy, the following labeling guidelines were strictly en-
forced: (1) Bounding boxes should tightly enclose the target object, with category labels
accurately matching the annotated instance; (2) for the occluded images, only the visible
portion was annotated; and (3) all annotations underwent a strict review by professional
volunteers to identify and correct any labeling errors or positional deviations, thereby
ensuring reliability across the dataset. Based on the above process, a marine ship dataset
named Marship-OBB9 was constructed to support the research of ship detection based on a
UAV platform. As shown in Figure 10, the dataset contains nine categories: fishing boat (fc),
general cargo vessel (gc), bulk carrier (bc), tug, passenger ships (ps), coast guard ship (cg),
oil tanker (ot), container ships (cs), and other ships (e.g., sailboats, engineering vessels, etc.).
The dataset contains a total of 11,268 images and 18,632 labeled objects, with a maximum
of 24 instances per image. Table 2 illustrates the distribution of the number of each ship
category in Marship-OBB9. Specifically, representative samples from each category are
presented in Figure 10. To ensure model generalization performance, the dataset was
partitioned into training, validation, and test subsets at an 8:1:1 ratio via random sampling.
Strict separation was maintained between subsets to prevent sample overlap and mitigate
overfitting. Figure 11 illustrates the geometric feature distribution of ship targets in the
dataset. The normalized density estimation plot provides an intuitive visualization of both
the spatial positions and scale characteristics of the targets.

fishing boat container ship oil tanker bulk carrier other

g o, A e d <
coast guard ship passenger ship general cargo vessel tug

Figure 10. Examples of the Marship-OBB9 ship categories.
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Table 2. Distribution of each ship category in Marship-OBB9.

Group Category Quantity Ratio

#1 fishing boat 3391 0.182
#2 tug 2521 0.135
#3 general cargo vessels 2367 0.127
#4 bulk carrier 2309 0.124
#5 container ship 2196 0.118
#6 oil tanker 2013 0.108
#7 passenger ship 2001 0.107
#8 coast guard ship 970 0.052
#9 other 864 0.046
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Figure 11. (a) The coordinate distribution diagram of the center point. (b) The width and height
distribution diagram of the boundary box.

4.1.3. Evaluation Metrics

To comprehensively evaluate the performance of the proposed model, a series of
metrics, including Precision, Recall, mean Average Precision (mAP), Parameters (Params),
Gigaflops Per Second (GFLOPs), and Frames Per Second (FPS), were chosen to measure the
model’s effectiveness across different aspects.

Precision and Recall: Precision indicates the proportion of true, correct samples among
all the results predicted as positive samples by the model. Recall, on the other hand,
indicates the proportion of the number of positive samples correctly detected by the model
to the total number of true positive samples in the category. In Equations (9) and (10),
true positive (TP) denotes the case where the sample is truly positive and is also predicted
as positive by the model; false positive (FP) refers to the case where the sample is truly
negative but is incorrectly predicted as positive by the model; and false negative (FN)
denotes the case where the sample is truly positive but is incorrectly predicted as negative
by the model.

Precision = r P 9)
CCASION =T FP ~ All detections
Recall = P P (10)

TP+ FN _ All ground truth

Average Precision (AP): AP represents the area under the Precision-Recall (P-R)
curve and serves as a key performance metric in object detection tasks. As shown in
Equation (11), it quantifies the trade-off between precision and recall across different
confidence thresholds.

AP :/01 p(r)dr (11)
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mAP: mAP refers to the mean of Average Precision (AP) across all object classes. It
is commonly used to evaluate the overall detection performance of a model. As shown
in Equation (12), where n denotes the total number of target classes, mAP is calculated
as follows:

1 n
mAP - ) AP (12)
i=1

Params and GFLOPs: Params and GFLOPs are key indicators used to assess the com-
plexity of a model. In concrete terms, Params quantify the total number of trainable weights
in the model, while GFLOPs reflect the computational cost required for a single forward
pass. Generally, lower values of Params and GFLOPs indicate a more lightweight model,
which is particularly advantageous for deployment on resource-constrained platforms such
as UAV.

FPS: FPS measures the number of images a model can process per second, serving as a
key indicator of the model’s inference speed and real-time performance.

4.2. Experimental Details

The experiments in this study were conducted on the following software and hardware
environment: the operating system was Ubuntu 18.04, with the deep learning framework
PyTorch 2.4.1, CUDA version 12.1, and Python version 3.10.14. The hardware platform
was equipped with an Intel(R) Xeon(R) Gold 6430 (manufactured by Intel Corporation,
Santa Clara, CA, USA) processor and an NVIDIA RTX 4090 GPU with 24GB of VRAM
(manufactured by NVIDIA Corporation, Santa Clara, CA, USA). Detailed configuration
information is presented in Table 3.

Table 3. Experimental environment parameters.

Parameter Values
Computer operating system Ubuntu 18.04
CPU Intel (R) Xeon (R) Gold6430
GPU NVIDI ARTX 4090 (24 GB)
CUDA Vi2.1
Python V3.10.14
Pytorch V2.4.1

During training, hyperparameters were optimized through a random-search-like
exploration, where multiple combinations were tested and validation performance guided
the final selection. The input image size was fixed at 640 x 640 pixels to balance accuracy
and computational efficiency. A batch size of 16 was chosen to maintain stable training
under memory constraints; while smaller batches may improve generalization, they often
introduce instability. The initial learning rate was set to 0.01, as overly large values risk
divergence and excessively small values slow convergence; prior literature and preliminary
experiments confirmed that 0.01 achieves stable and efficient convergence. Training was
conducted for 200 epochs, with early stopping applied to prevent overfitting once validation
performance plateaued. Momentum was set to 0.937 to accelerate gradient descent and
smooth parameter updates, thereby improving convergence efficiency. Stochastic Gradient
Descent (SGD) was selected as the optimizer for its stable convergence and compatibility
with weight decay in our dataset and model. The complete hyperparameter configuration
is summarized in Table 4.

The loss curves during training are illustrated in Figure 12. The overall trend shows
a continuous decrease followed by convergence to a stable level. By the end of training,
the loss values remained consistently low. Throughout the entire training process, no
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noticeable fluctuations in the loss were observed, and there were no evident signs of

overfitting or underfitting.

Table 4. Model hyperparameter information.

Hyperparameters Values
Images Size 640 x 640
Learning Rate 0.01
Momentum 0.937
Epochs 200
Batch Size 16
Optimizer SGD

train/box_loss

train/cls_loss

train/dfl_loss

35 ) 2.6
—e— results
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2241
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Figure 12. Network training loss function curve.

4.3. Ablation Study

To verify the effectiveness of the proposed improvement strategy, an ablation study
was conducted on the Marship-OBB9 dataset. Using YOLO11n-OBB as the baseline model,
we incrementally incorporated each proposed module under the same experimental set-

tings and conducted a comprehensive comparison to analyze the performance changes

before and after each improvement. As shown in Table 5, the symbol |/ indicates that the

corresponding module was added to the model.

Table 5. Results of ablation experiments. The best values are highlighted in bold.

YOLOlln-obb ~ DCNv4 SGKLD P(%) R(%) mAP@0.5(%) mAP@0.5-0.95(%) Model Size (M)  GFLOPs (G) FPS
v 88.9 822 86.1 71.2 5.46 6.6 94
v Vv 89.5 84.4 86.7 715 5.57 6.7 83
v v 90.2 822 86.3 71.7 5.46 6.6 100
v v v 91.0 84.5 87.8 72.8 5.57 6.7 89

The experimental results indicate that each proposed improvement strategy con-

tributes to enhanced ship detection performance with varying efficacy. After replacing the
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C3k2 module in the YOLO11n-OBB backbone with the CK_DCNv4 module, the model
exhibited a slight increase in parameters and GFLOPs due to the higher computational com-
plexity of deformable convolutions compared with standard convolutions. Nevertheless,
detection accuracy improved by 0.6%, recall increased by 2.2%, mAP@0.5 rose by 0.6%, and
mAP@0.5-0.95 improved by 0.3%. These findings demonstrate that deformable convolu-
tions can effectively capture the geometric variations in ships under complex backgrounds
and multi-view scenarios, achieving more robust and precise detection while maintain-
ing a favorable balance between accuracy and efficiency. Upon substituting the original
loss function in YOLO11n-OBB with SGKLD, the model demonstrated a 1.3% increase in
precision, a 0.2% improvement in mAP, and a 0.5% increase in mAP@0.5-0.95, alongside
enhanced inference efficiency. SGKLD contributes to more accurate localization in rotated
bounding box regression. When combining both improvements, the model achieved a 2.1%
gain in detection accuracy, a 1.7% increase in mAP@0.5, and a 1.6% boost in mAP@0.5-0.95,
with a slight increase in model complexity.

In order to more clearly demonstrate the robustness of the improved strategy of
this study, Figure 13 shows the inference results of the above different models. Four
representative scenes are selected, including different lighting conditions, flight altitudes,
and backgrounds. These scenes cover multi-view, dense, and occluded ship targets.

(a)

(b)

YOLOM YOLO11+DCNv4 YOLO11+SGKLD YOLO11-UAVship

Figure 13. Visualization of ablation study result. Row (a-d) show the the ship from multiple
perspectives. Rows (a,b) show the shape variations in ships caused by UAV oblique imaging, row
(b) represents low light conditions, row (c) represents dense condition, row (d) represents occluded
ship targets.

It can be clearly seen from the comparison of the detection results in Figure 13 that
the improved YOLO11-UAVship exhibits superior ship detection performance relative to
the original architecture. By comparing the images in rows (a) and (b), it can be observed
that the CK_DCNv4 module more accurately predicts bounding boxes when coping with
shape variations in ships caused by UAV oblique imaging, while effectively reducing the
missed detection rate. Meanwhile, the comparison in rows (c) and (d) demonstrates that
the SGKLD loss function improves detection accuracy in ship-intensive areas and exhibits
stronger occlusion robustness.
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In summary, the improved YOLO11-UAVship model shows superior adaptability and
robustness for ship detection in both multi-view and dense maritime scenarios. Although
the incorporation of deformable convolutions has modestly increased model complexity,
the system maintains satisfactory real-time performance (89 fps), achieving an optimal
balance between precision and efficiency for practical UAV applications.

4.4. Comparative Experiment

To evaluate the performance improvements of the proposed model, we conducted
comparative experiments against several current advanced object detection algorithms.
Table 6 shows the comparative test results of different algorithms. In this experiment, we
evaluated three HBB methods and seven OBB methods. The methods encompass not only
conventional CNN-based approaches, including both single-stage and two-stage object
detection methods, but also incorporate increasingly prevalent transformer-based detection
algorithms. The HBB models were trained on datasets annotated with standard rectangular
bounding boxes, while the OBB models were trained using datasets annotated with rotated
bounding boxes.

Table 6. Results of different detection methods in Marship-OBB9.

Method (Psiﬁs) Recall (%) mAP@0.5(%) Params(M) GFLOPs(G)  FPS
YOLOv8n 640 79.5 80.7 3.01 8.1 133
HBB YOLO11ln 640 80.4 81.5 2.58 6.3 110
RT-DETR [52] 640 86.5 86.3 32.00 103.5 36
rotated-faster-rcnn [33] 640 73.3 68.04 41.13 91.01 15
Rol-Transformer [21] 640 77.4 74.3 55.08 104.96 13
Redet [19] 640 82.7 80.7 31.60 48.3 6
OBB Retinanet-obb 640 80.6 71.9 36.29 83.28 23
S2Anet 640 80.7 79.1 38.57 76.96 15
YOLOv8n-OBB 640 814 84.9 2.76 7.1 108
YOLO11n-OBB 640 82.2 86.1 2.66 6.6 94
Ours 640 84.5 87.8 2.72 6.7 89

The results show that, within the HBB group, YOLOv8n achieves 80.7% mAP@0.5 and
79.5% recall, while YOLO11n achieves 81.5% mAP and 80.4% recall. RT-DETR achieved the
highest precision in this group with an mAP of 86.3% and a recall of 86.5%, but at the cost
of a substantially increased model complexity—32 million parameters, 103.5 GFLOPs, and
an inference time of 27.9 ms—making it less suitable for real-time or resource-constrained
applications. In the OBB group, models such as Rotated-Faster-RCNN, Rol-Transformer,
and ReDet showed moderate detection accuracy but suffered from extremely low FPS.
YOLOv8n-OBB and YOLO11n-OBB achieved mAP values of 84.9% and 86.1%, respectively,
which are better than YOLOv8n and YOLO11n. However, the FPS of YOLOv8n-OBB
and YOLO11n-OBB are lower than YOLOv8n and YOLO11n, which shows that after the
introduction of the rotation box, the detection accuracy of the model is improved, but the
detection efficiency is slightly reduced. Our proposed method further pushes mAP@0.5
to 87.8% with a recall of 84.5%, achieving the highest detection performance among all
compared models. In general, under the condition of maintaining real-time performance
and lightweight deployment, the single-stage detection framework proposed in this paper,
which combines the rotation bounding box mechanism with the improved module, can
achieve superior detection effects in complex marine scenes.

To further test the robustness of the proposed detection algorithm in identifying
different types of ships, we provide the mAP@0.5 results for each ship category using
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various detection methods, as detailed in Table 7. The results demonstrate that the proposed
YOLO-UAVship model consistently outperforms existing methods across all ship categories.
Compared to the benchmark YOLO11n-OBB, our model achieves an improvement in
detection accuracy ranging from 0.4% to 2.7% across different ship types. The model
demonstrates strong performance across most categories. Specifically, for large, structurally
stable, and visually distinctive ship types such as container ships, general cargo vessels, oil
tankers, bulk carriers, passenger ships, and coast guard ships, the mAP exceeds 95%, which
shows that our algorithm has a strong ability to identify and locate these types of targets.
In contrast, the mAP for fishing boats and tugs is slightly lower, which may be attributed
to their smaller size and greater difference in shape and appearance, making them more
challenging to detect. Notably, the performance in the “other” category is suboptimal.
This can be explained by several factors. First, the “other” class exhibits high internal
heterogeneity, encompassing diverse ship types such as engineering vessels, government
ships, small yachts, and sailboats, which differ markedly in structural appearance and scale.
The lack of consistent visual patterns makes it difficult for the model to learn effective
decision boundaries. Second, the “other” class has the fewest samples in the dataset
(accounting for only 4.6%), making it susceptible to long-tailed effects, which in turn limit
the model’s performance. At last, during the annotation process, this category often serves
as a fallback for ships that cannot be clearly classified, introducing semantic ambiguity and
label inconsistency, which further hinders the model’s learning.

Table 7. Comparison of test results (mAP0.5 (%)) for each category with different methods. The
best values are highlighted in bold. The first line is the abbreviation of each ship type, such as fb for

fishing boat.

Category fb tug gc bc cs ot ps cg Other
YOLOvS8n 90.7 92.7 93.2 96.7 94.3 97.0 94.9 97.8 51.7
YOLO11n 91.0 92.9 95.3 98.4 95.3 98.7 94.9 97.5 521
RT-DETR 91.7 93.9 95.5 96.3 93.8 97.2 94.5 98.1 55.3
rotated-faster-rcnn 62.0 65.4 724 80.2 77.2 76.7 80.6 78.8 19.0
Rol-Transformer 68.5 76.9 84.2 85.0 84.7 82.4 81.5 77.7 27.6
redet 79.0 80.9 88.5 89.5 89.9 87.6 90.1 88.5 32.7
Retinanet-obb 70.1 69.7 79.3 77.5 80.3 80.9 83.6 82.0 244
S2Anet 77.0 79.5 86.4 86.1 87.4 80.1 89.6 79.0 46.7
YOLOv8n-OBB 92.0 93.1 95.8 96.7 94.7 97.6 95.8 98.3 48.7
YOLO11n-OBB 91.7 92.9 95.9 96.6 94.6 98.0 95.7 98.4 55.0
Our 92.1 94.7 96.1 98.9 96.9 99.1 96.7 98.5 57.7

Figure 14 presents the visualized detection results of different algorithms in com-
plicated and ship-intensive areas. The analysis reveals that YOLOv8n, YOLO11n, and
RT-DETR generate horizontal bounding boxes that include a substantial amount of non-
target background, leading to frequent missed and false detections in crowded areas. Faster
R-CNN, ROI-Transformer, and ReDet exhibit redundant bounding boxes, indicating over-
detection. Furthermore, YOLOv8n-OBB and YOLO11n-OBB suffer from misclassifications;
for example, YOLO11n-OBB erroneously classifies background regions as tugboats. In con-
trast, the proposed method in this study accurately localizes and classifies ships, achieving
high-precision recognition across multiple ship categories and thus verifying the accuracy
of the proposed improvements.
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Figure 14. Comparison of detection results of different methods in complicated scenarios.
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5. Discussion

Through both ablation and comparative experiments, our proposed method—which
integrates a rotated bounding box detection mechanism, designs the CK_DCNv4 module,
and introduces the SGKLD loss for robust rotated box regression—demonstrates significant
improvements in adaptability and detection accuracy under diverse perspectives, geometric
distortions, and occlusion scenarios.

To further assess the robustness of YOLO-UAVShip, we also conducted evaluations in
additional challenging maritime environments. These results demonstrate that, despite the
model’s strong performance, certain limitations remain to be addressed.

First, as illustrated in Figure 15, the model exhibits limited performance in detecting
extremely small or distant targets that frequently appear in UAV imagery. This limitation
is largely attributable to the inherently low resolution of such objects and the insufficient
contextual information available for reliable identification. Second, UAV imagery often
involves highly complex environments, such as nearshore port areas where docks, cranes,
and other infrastructure exhibit visual characteristics similar to ships. This visual similarity
can mislead the detector and result in false positives, highlighting the challenge of robust
detection in cluttered maritime scenes.

Figure 15. Visualization of false negatives and false positives. Red circles indicate missed detections,
while yellow circles indicate false detections.

6. Conclusions

UAV ship detection fulfills a critical function in enhancing maritime traffic safety and
facilitating efficient maritime supervision. Aiming at the problem of UAV ship detection in
complicated, high-density navigational areas, we propose an improved detection algorithm
named YOLO-UAVship, based on the YOLO11 architecture. First, an oriented bound-
ing box detection mechanism is incorporated to precisely fit ship contours and reduce
background interference. Second, a newly designed CK_DCNv4 module, integrating de-
formable convolution v4 (DCNv4) and a C3k2 backbone structure, is developed to enhance
geometric feature extraction under aerial oblique view. At last, for ships with large aspect
ratios, SGKLD effectively addresses the localization challenges in dense environments,
achieving robust position regression. In addition, we construct a diverse and high-quality
UAV ship detection dataset, Marship-OBB9, which provides a solid data foundation for
future research on maritime ship detection from a UAV perspective. Experimental results
demonstrate that our method substantially improves detection accuracy and robustness
compared to the baseline model while maintaining competitive inference efficiency. The
algorithm achieves an optimal balance between precision and computational cost, demon-
strating considerable promise for maritime applications such as port surveillance, maritime
law enforcement, and search-and-rescue operations.
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Future research will focus on the following directions: First, reconstructing the “other”
category using a fine-grained classification strategy, while employing generative adversarial
network (GAN) for data augmentation to improve the consistency of samples within
category; Next, designing a hybrid network architecture that combines multi-scale feature
pyramids (FPN) with adaptive attention mechanisms, aiming to enhance the extraction of
geometric features for small and distant ship targets; At last, exploring more lightweight
and efficient network designs that maintain strong feature representation capabilities,
thereby improving the deployment adaptability of the algorithm in real-world applications.
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