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ABSTRACT

Detecting oriented targets in remote sensing images amidst complex and heterogeneous backgrounds remains
a formidable challenge in the field of object detection. Current frameworks for oriented detection modules are
constrained by intrinsic limitations, including excessive computational and memory overheads, discrepancies
between predefined anchors and ground truth bounding boxes, intricate training processes, and feature alignment
inconsistencies. To overcome these challenges, we present ASL-OOD (Angle-based SIOU Loss for Oriented Object
Detection), a novel, efficient, and robust one-stage framework tailored for oriented object detection. The ASL-
OOD framework comprises three core components: the Transformer-based Backbone (TB), the Transformer-based
Neck (TN), and the Angle-SIOU (Scylla Intersection over Union) based Decoupled Head (ASDH). By leveraging
the Swin Transformer, the TB and TN modules offer several key advantages, such as the capacity to model long-
range dependencies, preserve high-resolution feature representations, seamlessly integrate multi-scale features, and
enhance parameter efficiency. These improvements empower the model to accurately detect objects across varying
scales. The ASDH module further enhances detection performance by incorporating angle-aware optimization
based on SIOU, ensuring precise angular consistency and bounding box coherence. This approach effectively
harmonizes shape loss and distance loss during the optimization process, thereby significantly boosting detection
accuracy. Comprehensive evaluations and ablation studies on standard benchmark datasets such as DOTA with an
mAP (mean Average Precision) of 80.16 percent, HRSC2016 with an mAP of 91.07 percent, MAR20 with an mAP
of 85.45 percent, and UAVDT with an mAP of 39.7 percent demonstrate the clear superiority of ASL-OOD over
state-of-the-art oriented object detection models. These findings underscore the model’s efficacy as an advanced
solution for challenging remote sensing object detection tasks.
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1 Introduction

The rapid advancement of computer vision and optical remote sensing technologies has brought
significant challenges to the forefront of target detection, particularly in addressing complex image
backgrounds, varying resolutions, and the inherently multi-scale nature of military targets. Object
detection techniques can be broadly divided into traditional methods that depend on manually
engineered features and deep learning approaches that leverage automatically learned representations.
As the complexity of image backgrounds and resolutions continues to increase, manually designed
features have proven insufficient in capturing the variability and fine-grained details of intricate
targets, leading to degraded detection performance. Conversely, the emergence of deep learning-based
object detection methodologies, powered by convolutional neural networks and other sophisticated
architectures, has enabled the autonomous extraction of image features. These innovations have
demonstrated superior efficacy in overcoming the challenges posed by complex scenarios, establishing
themselves as state-of-the-art solutions in this field [1].

Deep learning-based target detection methodologies have been refined into three principal
paradigms. The traditional two-stage framework, typified by Region-Based Convolutional Neural
Network (R-CNN) [2] and Faster R-CNN [3], employs region proposal algorithms to generate can-
didate bounding boxes, which are then refined and classified using deep neural networks. Conversely,
one-stage methods, such as the You Only Look Once (YOLO) series [4,5], recast the detection task as
a regression problem, enabling the concurrent prediction of bounding box coordinates and object
categories with heightened computational efficiency. In recent advancements, Transformer-based
approaches, exemplified by the Detection Transformer [6] and Meta’s Segment Anything Model [7],
have emerged as a groundbreaking paradigm. These models harness sophisticated attention mecha-
nisms to model global dependencies among image features, achieving state-of-the-art performance in
intricate scenarios featuring densely distributed or overlapping objects.

Despite considerable progress, object detection methods that utilize horizontal bounding boxes
as anchors exhibit critical shortcomings when addressing complex backgrounds and the detection of
multi-scale military targets. Firstly, when the size of a horizontal bounding box exceeds the ground
truth boundaries of smaller objects, precise localization becomes increasingly difficult, leading to
deviations that degrade detection performance. Secondly, in cases where a horizontal bounding box
encloses multiple densely packed small objects, the conflation of feature information often results
in feature loss or blurring, thereby hindering accurate feature extraction and classification. Lastly,
in intricate scenarios such as maritime traffic involving ships, horizontal bounding boxes frequently
encompass substantial background regions, heightening the risk of background interference and
increasing the likelihood of misclassification.

In recent years, oriented object detection has undergone significant advancements, driven by inno-
vative methodologies and architectural developments. Early methods, such as oriented region proposal
networks (ORPN) [8], employed predefined anchors with multiple angles and scales (e.g., 54 angles per
position), yet faced severe limitations due to their substantial computational and memory overheads.
Furthermore, the reliance on manually designed anchors often resulted in suboptimal alignment with
ground truth, thereby constraining detection accuracy, especially in complex and cluttered scenes. To
address these challenges, the Region of Interest (RoI) Transformer [9] was introduced, which converts
horizontal bounding boxes into oriented ones using a learned RoI transformation strategy. Although
the RoI Transformer achieved commendable results, its dependence on horizontal box transformations
inherently limited its effectiveness for densely distributed and multi-scale objects. SANet (Structure-
aware network) [10] pushed the boundaries further by integrating Convolutional Neural Networks
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(CNNs) to extract discriminative shape features and Recurrent Neural Networks (RNNs) to capture
contextual dependencies. However, the combined use of CNN and RNN architectures introduced
issues such as feature bias and orientation misalignment, which remained prevalent in scenarios with
occlusion or high-density object distributions, ultimately reducing the accuracy of oriented bounding
box predictions.

To tackle these challenges, we present ASL-OOD, a cutting-edge one-stage framework metic-
ulously crafted to enhance the detection of oriented objects in complex, multi-scale environments.
ASL-OOD introduces several pivotal innovations, notably the integration of TB and TN architecture,
complemented by ASDH. The TB module combines the c2f module from YOLOv8 with the Swin
Transformer, facilitating advanced multi-scale feature extraction and efficient modeling of global
dependencies. This hybrid design not only supports the detection of objects across varying scales
but also enhances the representation of intricate, fine-grained details. The TN module further refines
detection capabilities, particularly for small and densely packed objects, by incorporating long-range
dependencies and generating high-resolution feature representations. The ASDH module leverages an
angle-sensitive SIOU loss function to address the shortcomings of conventional horizontal bounding
box approaches. By ensuring precise alignment between predicted and ground truth angles, this
component significantly enhances bounding box orientation consistency, leading to superior detection
performance in demanding scenarios. Our work introduces key innovations that distinguish it from
existing methods:

1. The integration of the Swin Transformer into Backbone and Neck modules enhances multi-
scale feature representation and leverages attention mechanisms to capture long-range dependencies,
achieving superior detection accuracy in complex, occluded, and multi-scale scenarios.

2. By introducing an angle offset representation and a novel Angle-SIOU loss, we address the
limitations of horizontal box-based methods, ensuring precise orientation alignment and improving
the detection of symmetric objects like vehicles and aircraft in military and remote sensing applications.

3. Extensive evaluations on DOTA, HRSC2016, MAR20, and UAVDT demonstrate ASL-OOD’s
mAP superiority, showcasing its robustness and generalization in handling dense, occluded, and
symmetric targets where traditional models falter.

2 Related Works

In recent years, object detection has undergone transformative advancements, propelled by the
emergence of convolutional networks and Transformer-based architectures [11]. Despite these innova-
tions, traditional horizontal detectors remain fundamentally constrained, limiting their applicability in
complex scenarios. To overcome these shortcomings, oriented object detection has gained prominence
as a promising paradigm with diverse applications [12]. To enhance oriented bounding box regression,
SCRDet (Detection for Small, Cluttered and Rotated) [13] introduces a feature fusion architecture
that leverages anchor sampling angles and refines smooth L1 loss with an Intersection Over Union
(IOU) constant factor, effectively addressing boundary inconsistencies.

Additionally, SCRDet incorporates a supervised multi-dimensional attention network to miti-
gate the influence of background noise. Tackling the challenge of densely packed small targets in
remote sensing images, Ding et al. propose the RoI Transformer module [14], which significantly
improves detection accuracy within a two-stage detection framework. The RoI Transformer utilizes
an oriented RoI module to transform horizontal RoIs into oriented RoIs, facilitating the extraction
of orientation-invariant features through RoI Warping for downstream classification and regression
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tasks. Xu et al. advance the field by introducing a gliding vertices representation [15], enabling
arbitrary quadrilateral object detection through vertex offset learning within the head regression
branch of Faster R-CNN. However, these approaches continue to depend on horizontal RoIs for
classification and regression, limiting their ability to fully address the challenges associated with
horizontal bounding boxes in complex scenarios.

In one-stage object detection networks, the removal of region proposal generation and RoI
alignment operations substantially enhances the efficiency and simplicity of oriented object detection
[16,17]. Cheng et al. proposed C2-YOLO [18], which incorporates angle prediction and an angle loss
mechanism into the YOLOv5 framework, enabling accurate and streamlined detection of oriented
objects. Similarly, Han et al. introduced the SANet framework [19], which leverages a CNN for inter-
class feature discrimination and an RNN for structural modeling, effectively addressing discrepancies
between classification confidence and positional precision. To resolve challenges related to spatial
and feature alignment as well as regression uncertainty in label assignment, Ming et al. proposed
the dynamic anchor learning method [20]. This approach employs a novel matching degree met-
ric to comprehensively evaluate anchor positioning capabilities, ensuring optimal label allocation.
Pan et al. advanced the field with the dynamic refinement network (DRN) [21], which dynamically
adjusts neuron receptive fields based on the shape and orientation of target objects while refining
predictions in a target-aware manner, significantly improving detection accuracy.

This study introduces ASL-OOD, an advanced one-stage framework for oriented object detection.
By moving beyond the constrained contextual representation of traditional YOLO models reliant on
convolutional neural networks, ASL-OOD employs the Swin-Transformer to deliver comprehensive
multi-scale feature representation, markedly enhancing detection performance across varying target
sizes. Additionally, an effective angle offset representation model, integrated with an angle-based
SIOU loss, is proposed to improve detection precision and robustness, particularly for military targets
in complex environments.

3 Method

The architecture of ASL-OOD, shown in Fig. 1, comprises three core components: the
Transformer-based Backbone, the Transformer-based Bidirectional Feature Pyramid Network
(BiFPN) Neck, and the Angle-SIOU-based Decoupled Head. Traditional YOLO models, constrained
by the limited receptive field of convolutional operations, face challenges in capturing global context
from ground images with complex scenes, varying resolutions, and small-scale targets. ASL-OOD
addresses these limitations by incorporating the Swin-Transformer within the Backbone and BiFPN
Neck, enabling efficient multi-level feature extraction and fusion. The Angle-SIOU technique extends
SIOU to accommodate targets with extreme aspect ratios, while the decoupled head ensures accurate
generation of oriented bounding boxes.
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Figure 1: Architecture of ASL-OOD. Features are extracted via a transformer-based backbone and
fused through bidirectional neck to enhance multi-scale representation. The decoupled head, utilizing
the proposed oriented definition, generates high-quality detection boxes with precise alignment

3.1 Transformer-Based Backbone (TB)

In complex scenarios, objects vary widely in scale and aspect ratio, with small objects like
cars and bridges occupying only a few pixels, while larger objects, such as planes and ships, cover
extensive areas. Capturing both shallow local features and deep global features is essential. However,
traditional YOLO networks, based on CNNs, struggle to model global contextual information and
feature interdependencies due to the inherent limitations of convolutional kernels. To overcome these
constraints, we propose an enhanced Backbone leveraging the Transformer mechanism, as shown
in Fig. 2. By utilizing the self-attention mechanism of Transformers, the model effectively captures
global feature interactions while improving the extraction of local target features. Specifically, we
integrate the Swin-Transformer [22], which employs W-MSA (Window Multi-Head Self-Attention) to
parallelize computations and reduce complexity. SW-MSA (Shifted Window Multi-Head Self Atten-
tion) enhances feature communication across windows, while the patch merging module downsamples
feature maps to optimize resolution and channel dimensions, enabling a hierarchical design that boosts
computational efficiency.
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Figure 2: Architecture of transformer-based backbone

Initially, we replaced all convolutional layers in the Backbone with Swin-Transformer Blocks
during experimentation. However, this led to a loss of essential contextual features, negatively
impacting detection accuracy. To address this, we introduced the c2f structure from YOLOv8 at
the Backbone’s front end to enhance preliminary feature extraction. Additionally, Swin-Transformer
Blocks were deployed in stages 2, 3, and 4 to capture low-resolution features efficiently. This design
achieves a balance between performance and resource consumption, making the model more viable
for industrial applications.

3.2 Transformer-Based Neck (TN)

Within YOLO network architectures, the Neck module, as described in [23], serves as a vital
component, linking the backbone network to the detection head. Its core objective is to refine up-
down sampling and feature fusion processes across backbone features at multiple stages, thereby
enhancing the model’s capacity to detect targets of varying scales. The original YOLOv5 framework
employs PANet (Path Aggregation Network) for feature fusion, utilizing both top-down and bottom-
up pathways to generate multi-scale feature maps, achieving notable performance gains. Building upon
this, BiFPN, introduced in [24], offers superior performance by integrating bidirectional connections
and additional edges within the PANet framework, enabling more efficient cross-scale fusion. Fur-
thermore, BiFPN incorporates learnable parameters to dynamically optimize feature weights across
different levels during the fusion process.

However, accurately detecting minuscule objects remains a persistent challenge in our dataset
due to their dependency on high-resolution features. BiFPN’s top-down and bottom-up fusion
mechanisms often struggle to retain or amplify the fine-grained details necessary for small object
detection. Moreover, the sparse representation of these tiny objects within feature maps exacerbates
information loss and dilution during the fusion process, further impairing detection accuracy.
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To address these challenges, we present the TN module, a novel integration of BiFPN and Swin-
Transformer. TN leverages localized window interactions and global path dependency modeling with
weighted edges, enabling the effective capture of long-range dependencies critical for detecting tiny
objects within expansive receptive fields. Additionally, TN adopts a hierarchical feature resolution
reduction and rescaling mechanism, harnessing the strengths of the Swin-Transformer. This ensures
the preservation and enhancement of feature resolution at multiple levels, facilitating precise localiza-
tion and the retention of fine-grained details essential for small object detection. Lastly, TN employs
an FPN-inspired multi-scale feature fusion framework, ensuring efficient information transfer across
feature map levels through bidirectional sampling pathways. This design significantly improves
the representation of small-scale targets across diverse contexts, enhancing detection accuracy and
robustness in complex scenarios.

When fusing features of different scales from the TB module using our TN module, we employ
fast normalized fusion to assign weights to the additional edges. The calculation of the normalized
weight, denoted as O, is defined as follows:

O =
∑

i

ωi

ε + ∑
j ωj

· Ii, (1)

β =
{

βv1, if σv > τv

1, otherwise
, (2)

where ωi represents a learnable weight matrix, while ε = 0.0001 is a small value introduced to mitigate
numerical instability. This approach enables the learning of weights ωi and performs a normalization
operation, ensuring that the contribution of the additional edge is appropriately adjusted to enhance
the effect of feature fusion.

3.3 Angle-SIOU-Based Decoupled Head

In complex scenes, targets such as vehicles, buildings, or ships often possess distinct orientations
or tilts, rendering horizontal bounding boxes inadequate for accurately delineating their shapes and
boundaries, thus leading to unreliable detection. Moreover, horizontal boxes often encompass densely
packed small objects and irrelevant background regions, injecting noise into feature computation and
significantly degrading network performance.

To illustrate the limitations of traditional horizontal boxes, Fig. 3 provides examples of various
scenarios. In Fig. 3a,b, horizontal boxes include significant irrelevant background information,
increasing the risk of misclassifying background regions as objects or expanding bounding boxes
to encompass extraneous areas. Fig. 3c,d reveals another challenge: horizontal boxes often enclose
densely packed small objects, leading to feature merging that causes loss or blurring of target-specific
details, hindering the accurate extraction and classification of individual small targets. In contrast,
as shown in Fig. 3, oriented boxes achieve consistently higher IOU values, underscoring their ability
to better constrain target positions and deliver more precise localization, effectively addressing the
shortcomings of horizontal boxes.
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Figure 3: Examples of different types of horizontal boxes and oriented boxes under the same ground
truth

3.3.1 Angle-Offset Representation

In this section, we propose a novel object representation scheme called angle-offset representation,
which accurately represents a rotated bounding box using its minimum bounding rectangle and angle.
Fig. 4 illustrates this representation, where the red box represents the ground truth oriented box of
the object, the blue box represents the minimum bounding rectangle, and the black point denotes the
midpoint of each side of the minimum bounding rectangle.

Let (x, y) be the center coordinates of the ground truth oriented box, θ be the angle with respect
to the x−axis, and m and n be the length and width of the minimum bounding rectangle, respectively.
To obtain the offsets Δx and Δy of the oriented box relative to the bounding rectangle based on the
angle θ , we calculate:

Δx = m − nsin2θ

2cos2θ
and Δy = msin2θ − n

2cos2θ
. (3)
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By predicting the five values (x, y, m, n, θ), we can obtain the coordinate representation
(v1, v2, v3, v4) of the oriented box:⎧⎪⎨
⎪⎩

v1 =
(

x + Δx, y − n
2

)
, v2 =

(
x + m

2
, y − Δy

)
v3 =

(
x − Δx, y + n

2

)
, v4 =

(
x − m

2
, y + Δy

) . (4)

The angle-offset representation effectively encodes the angular deviation of the oriented box
relative to its bounding rectangle, simplifying the interpretation of its orientation and shape by utilizing
their spatial relationship. This approach facilitates direct prediction and decoding of the oriented box’s
center coordinates, orientation angle, and dimensions (length and width) of the bounding rectangle,
obviating the need for complex post-processing steps. Furthermore, it offers a more compact and
efficient representation of the position and shape of the oriented box compared to existing methods
[25]. Based on this representation, our loss function integrates three components: angle-based distance
loss, angle-based shape loss, and IOU loss.

3.3.2 Angle-Based Distance Loss

Conventional distance loss focuses solely on the Euclidean distance between ground truth and
predicted boxes, disregarding angular discrepancies that critically affect alignment. To resolve this
limitation, we introduce angle-guided distance loss, which integrates 2D angular differences into
the distance computation. This refinement mitigates the impact of distance-independent variables,
enhancing the accuracy and robustness of the loss function.

In Fig. 5, the angle α represents the angle between the line connecting the predicted box and the
ground truth box and the horizontal line. The center points of the predicted box and the ground truth
box are denoted as (x, y) and (xgt, ygt), respectively. The horizontal and vertical differences are denoted
as cw and ch, respectively. Inspired by the Selective IOU (SIOU), we introduce an angle coefficient λ:

λ = 1 + 2sin2
(

arcsin
ch

d
− π

4

)
, d =

√
(y − ygt)

2 + (x − xgt)
2, (5)

cw = max
(
x, xgt

) − min
(
x, xgt

)
, ch = max

(
y, ygt

) − min(y, ygt). (6)

Figure 4: Examples of angle-offset representation Figure 5: Examples of angle-based distance loss
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The angle-based distance loss LD can be defined as:

LD =
∑

t=(x,y)
(1 − e−λρt), (7)

ρx =
(

xgt − x
cw

)2

, ρy =
(

ygt − y
ch

)2

. (8)

More specifically, when the angle α is 0 and the coefficient λ is 2, the distance cost follows a more
conventional formulation. Conversely, when α is

π

4
and λ is 1, the contribution of the distance cost is

amplified, allowing the model to prioritize the consistency of distances between the ground truth box
and the predicted box.

3.3.3 Angle-Based Shape Loss

Detecting oriented objects with pronounced aspect ratios requires more than Euclidean distance,
as it fails to fully capture their geometric and orientation-specific properties. Moreover, conventional
shape loss is highly susceptible to pose variations and tilts, adversely affecting detection accuracy. To
address these limitations, we incorporate an angle-aware component, γ , into the Angle-based Shape
Loss. This enhancement improves the model’s sensitivity to orientation changes, accurately captures
the similarity between oriented objects, and substantially enhances detection precision for such targets.

As shown in the Fig. 6, we consider the calculation of the shape loss, where the ground truth
oriented box has a length of wgt and a width of hgt, while the predicted box has a length of w and
a width of h. The offset angles of the ground truth and predicted boxes are denoted as θ gt and θ ,
respectively.

The angle-aware component γ can be defined as:

γ = 1 + 3sin2
(
θ gt − θ − π

2

)
. (9)

The angle-based shape loss LS can be defined as:

LS =
∑

t=(w,h)
(1 − e−μt)γ , (10)

μw = |w − wgt|
max(w, wgt)

, μh = |h − hgt|
max(h, hgt)

. (11)

When the difference between the angles of the ground truth box and the predicted box, θ gt and
θ , is 0, it indicates a small angle disparity between the oriented box and the real box. In such cases,
we set γ = 4, which effectively reduces the shape cost. Conversely, when the difference θ gt − θ = π

2
represents the largest angle difference between the oriented box and the real box, we assign γ = 1,
thereby increasing the shape cost.

Our method outperforms SIOU in angle consistency by integrating variations in oriented angles,
increasing the sensitivity of shape loss to orientation changes. Significant alterations in the object box’s
orientation result in a proportional increase in shape loss, effectively penalizing shape inconsistencies
and improving the accuracy and stability of the box representation. Additionally, the Angle-based
Shape Loss further enhances angle consistency by explicitly accounting for orientation variations. Its
heightened responsiveness to substantial angular deviations ensures effective penalization of shape
inconsistencies, significantly boosting the precision and stability of object box shape representation.
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3.3.4 Angle-Based Loss Function

Subsequent to the incorporation of the oriented angle component to guide both shape and dis-
tance loss, we introduce an IOU loss to comprehensively assess the position, shape, and overlap of the
object bounding box. As shown in Fig. 7, the IOU loss, denoted as LIOU , quantifies the degree of
overlap between the predicted object box and the ground truth object box, providing an evaluation of
the accuracy of the object box. A low IOU loss indicates a small overlap between the predicted target
box and the real target box, suggesting potential errors in the position or shape of the target box. The
IOU loss is computed using the following formula:

LIOU = 1 − A ∩ B
A ∪ B

, (12)

where A represents the ground truth box and B represents the predicted box.

Figure 6: Examples of angle-based shape loss Figure 7: Examples of IOU loss

Optimizing the IOU loss ensures precise alignment between the predicted object box and the
ground truth, effectively reducing errors in shape and position. This process guides the model during
training to iteratively refine the object box’s position and shape, thereby enhancing detection accuracy
and localization precision. To holistically address the shape, position, and overlap of targets in ASL-
OOD, we combine LD, LS, and LIOU . This comprehensive optimization approach enables the model
to better adapt to objects with different shapes and oriented angles, thereby improving detection
performance and robustness. The overall loss, denoted as LTAS, is defined as follows:

LTAS = LD + LS + LIOU . (13)

Traditional YOLO architectures utilize a unified head module to simultaneously predict target
location and category information. In this work, we adopt the decoupled head design from YOLOX
[26], which separates these predictions into independent branches. This decoupling enables separate
training and optimization of location and category components, enhancing model flexibility and
improving the overall efficiency and effectiveness of the training process.



1890 CMC, 2025, vol.82, no.2

4 Experiments

To rigorously evaluate the performance of the proposed ASL-OOD model across a diverse range
of object categories and scales, we conducted extensive experiments on multiple benchmark datasets.
Specifically, we utilized DOTA [27], HRSC2016 [28], MAR20 [29], and UAVDT [30], each presenting
distinct and challenging object detection scenarios. These datasets were carefully selected to provide a
comprehensive evaluation of ASL-OOD’s capabilities and robustness in handling complex detection
tasks.

4.1 Datasets

DOTA Dataset: The DOTA dataset is a comprehensive benchmark for object detection in aerial
imagery, featuring 2806 high-resolution images and 188,282 labeled object instances spanning 15
diverse classes, including vehicles, infrastructure, and recreational areas such as small vehicles (SV),
tennis courts (TC), and planes (PL). Image resolutions range from 800 × 800 to 4000 × 4000 pixels. For
training preparation, the images were cropped into 608 × 608 sub-images with a 100-pixel stride and
split into training, validation, and test sets in an 8:1:1 ratio. Multi-scale training and testing involved
resizing images to scales of 0.5×, 1.0×, and 1.5×, followed by cropping into 1024 × 1024 patches with
strides of 824 and 524 pixels. The ASL-OOD model was trained over 45 epochs with an initial learning
rate of 0.005, which was decreased by a factor of 10 at epochs 24 and 33.

HRSC2016 Dataset: The HRSC2016 dataset, specifically designed for ship detection in maritime
surveillance, consists of 1070 images capturing ships in a variety of orientations and scales. Image
resolutions range from 300 × 300 to 1500 × 900 pixels. To maintain aspect ratios, images were resized
such that the shorter side was scaled to 800 pixels, with the longer side constrained to a maximum of
1333 pixels. The dataset was divided into training, validation, and test subsets following an 8:1:1 split,
consistent with the DOTA dataset. The ASL-OOD model was trained on HRSC2016 over 40 epochs,
with an initial learning rate of 0.005, which was systematically reduced by a factor of 10 at epochs 24
and 33.

UAV Datasets (UAVDT and MAR20): To evaluate the generalization ability of our model in UAV
(Unmanned Aerial Vehicle)-based target detection, we utilized two UAV-specific datasets: UAVDT
and MAR20. While both focus on detecting targets in UAV imagery, they pose distinct challenges,
and experiments were conducted separately to highlight their unique attributes.

The UAVDT dataset [30] comprises 100 video sequences with over 80,000 annotated frames,
capturing urban environments at varying altitudes and under diverse weather conditions. It includes
three primary detection categories (car, bus, and truck) with significant variations in scale, occlusion,
and viewpoint. Frames extracted from the videos were resized to 1024 × 1024 pixels and divided into
training, validation, and test sets with an 8:1:1 split. The model was trained on UAVDT for 50 epochs,
initialized with a learning rate of 0.005, which was reduced by a factor of 10 at epochs 30 and 40. The
mAP was employed as the primary evaluation metric, with IOU thresholds of 0.5 and 0.75 to assess
detection performance under different precision requirements.

The MAR20 dataset targets the detection of 20 distinct aircraft types using remote sensing
imagery. It contains 3800 images with a resolution of 800 × 800 pixels, divided into training, validation,
and test sets in an 8:1:1 ratio, consistent with the UAVDT dataset. The model was trained on MAR20
for 75 epochs, with an initial learning rate of 0.005, reduced by a factor of 10 at epochs 50 and 65. The
mAP was employed as the primary evaluation metric, with performance assessed on both small- and
large-scale targets to gauge the model’s robustness in handling diverse target types.
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4.2 Evaluation Metrics

In our experiments, mAP serves as the primary evaluation metric, using a fixed IOU threshold
of 0.5, referred to as mAP@0.5. This metric evaluates the detection performance by quantifying the
overlap between predicted bounding boxes and ground truth, with predictions deemed correct if the
IOU is equal to or greater than 0.5. The average precision (AP) for each class is determined as the area
under the precision-recall curve, defined as:

AP =
∫ 1

0

p(r)dr, (14)

where p(r) is the precision at recall level r. The mean of AP values across all object classes gives the
mAP:

mAP@0.5 = 1
N

∑N

i=1
APi, (15)

where N is the number of object classes, and APi is the AP for class i at IOU = 0.5. In all subsequent
experiments, mAP refers exclusively to mAP@0.5, meaning that the performance is evaluated based
on an IOU threshold of 0.5. This metric reflects the model’s ability to detect objects with a moderate
overlap requirement, making it a reliable measure for general object detection tasks.

4.3 Comparison with State-of-the-Art Methods

Results on the DOTA Dataset: The experimental results on the DOTA dataset are summarized
in Table 1, detailing the category-wise AP for each class and the overall mAP achieved by the ASL-
OOD model. For comparison, existing object detection methods are categorized into one-stage and
two-stage models. As shown in Table 1, traditional one-stage models like SSD (Single Shot MultiBox
Detector), which are limited to horizontal detection, struggle to address the oriented characteristics
of targets in complex scenes, leading to suboptimal performance. In contrast, ASL-OOD consistently
outperforms other oriented detection models, demonstrating superior performance for dense, oriented
small objects and large objects. On the test set, ASL-OOD achieves an impressive mAP of 80.16%.
These results highlight ASL-OOD’s ability to effectively model the oriented relationships between
ground-truth and predicted boxes by incorporating angle-aware components and optimizing the loss
function. This approach mitigates the influence of distance-independent variables, enhances detection
accuracy, and improves the modeling of oriented objects, ultimately bolstering the model’s robustness
across diverse detection scenarios.

Table 1: Comparison with state-of-the-art methods on DOTA dataset

Methods PL BD BR GTF SV LV SH TC BC ST SBF RA HA SP HC mAP

One-stage
PIOU [31] 80.90 69.70 24.10 60.20 38.30 64.40 64.80 90.90 77.20 70.40 46.50 37.10 57.10 61.90 64.00 60.50
DRN [21] 88.91 80.22 43.52 63.35 73.48 70.69 84.94 90.14 83.85 84.11 50.12 58.41 67.62 68.60 52.50 70.70
RSDet [25] 89.80 82.90 48.60 65.20 69.50 70.10 70.20 90.50 85.60 83.40 62.50 63.90 65.60 67.20 68.00 72.20
R3Det [16] 88.76 83.09 50.91 67.27 76.23 80.39 86.72 90.78 84.68 83.24 61.98 61.35 66.91 70.63 53.94 73.79
SANet [19] 89.11 82.84 48.37 71.11 78.11 78.39 87.25 90.83 84.90 85.64 60.36 62.60 65.26 69.13 57.94 74.12
YOLOv5 [32] 88.15 84.04 49.89 54.13 69.63 77.91 87.52 90.80 80.17 86.68 59.93 54.64 68.81 72.66 44.23 71.21
C2-YOLO [18] 87.19 83.16 48.77 51.83 78.88 85.07 88.12 90.07 82.83 87.62 57.65 65.57 75.95 80.69 49.72 74.20
R-YOLO [33] 90.15 84.51 54.27 68.45 78.86 86.97 89.32 90.84 74.26 89.06 66.78 67.84 74.54 74.21 65.13 77.01
K-CBST-YOLO [34] 89.50 83.30 65.90 67.60 80.10 91.20 80.90 65.50 64.30 83.60 93.30 81.80 77.20 80.90 69.50 78.40

(Continued)
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Table 1 (continued)

Methods PL BD BR GTF SV LV SH TC BC ST SBF RA HA SP HC mAP

Two-stage
SCRDet [13] 89.98 80.65 52.09 68.36 68.36 60.32 72.41 90.85 87.94 86.86 65.02 66.68 66.25 68.24 65.21 72.61
Vertex [15] 89.64 85.00 52.26 77.34 73.01 73.14 86.82 90.74 79.02 86.81 59.55 70.91 72.94 70.86 57.32 75.02
MaskOBB [35] 89.61 85.09 51.85 72.90 75.28 73.23 85.57 90.37 82.08 85.05 55.73 68.39 71.61 69.87 66.33 74.86
FAOD [36] 90.21 79.58 45.49 76.41 73.18 68.27 79.56 90.83 83.40 84.68 53.40 65.42 74.17 69.69 64.86 73.28
FR-Est [37] 89.63 81.17 50.44 70.19 73.52 77.98 86.44 90.82 84.13 83.56 60.64 66.59 70.59 66.72 60.55 74.20
Ours
ASL-OOD 91.23 86.42 63.99 65.89 82.98 88.03 90.19 91.87 87.99 89.31 65.99 69.37 81.66 83.13 64.39 80.16

We provide visualizations of representative detection results from the DOTA dataset using
ASL-OOD, depicted in Fig. 8. These examples showcase the model’s precision in capturing fine
details of small objects and its robustness in handling targets of varying scales. The visualizations
substantiate the efficacy of the proposed TN and TB modules, which leverage long-range dependency
modeling, high-resolution feature representation, and multi-scale feature fusion. These advancements
significantly improve detection accuracy and performance in complex object detection scenarios.

Figure 8: Examples of detection results on the DOTA dataset. Boxes of different colors correspond to
objects of different colors

Results on the HRSC2016 Dataset: The performance of ASL-OOD on the HRSC2016 dataset is
detailed in Table 2, with evaluations conducted using both the PASCAL VOC07 and VOC12 metrics.
The mAP for VOC07 is computed using the 11-point interpolation method, which assesses precision
at 11 evenly spaced recall levels (0, 0.1, 0.2, . . . , 1.0), providing a coarse yet consistent measure
of detection performance across various recall levels. In contrast, VOC12 employs a continuous
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interpolation method, calculating precision at every point along the precision-recall curve for a more
granular and comprehensive evaluation. As shown in Table 2, ASL-OOD achieves outstanding mAP
scores of 91.07% on VOC07 and 98.13% on VOC12, outperforming all other listed methods. Fig. 9
presents visualizations of selected detection results from the HRSC2016 dataset, further illustrating
ASL-OOD’s superior accuracy and robustness in detecting oriented objects.

Table 2: Comparison with state-of-the-art methods on MAR20, UAVDT, and HRSC2016 datasets

MAR20 UAVDT HRSC2016

Methods mAP Methods mAP Methods VOC 07 VOC 12

FCOS-O [38] 70.69 YOLOv3-tiny [39] 26.90 PIOU [31] 89.20 –
RetinaNet [40] 73.43 YOLOv4-tiny [41] 27.70 DRN [21] – 92.70
SANet [19] 81.10 YOLOv5-S [42] 29.80 DAL [20] 89.77 –
ATSS [43] 72.20 YOLOX-tiny [26] 29.10 SANet [19] 90.17 95.01
Faster R-CNN [3] 81.35 PP-PicoDet-L [44] 31.10 C2-YOLO [18] 89.77 –
RoI-tran [14] 82.72 YOLOv7-tiny [45] 31.20 RoI-tran [14] 86.20 –
Vertex [15] 81.48 YOLOv8-S [46] 31.90 Vertex [15] 88.20 –
Oriented R-CNN [47] 81.92 LWUAVDet-S [48] 34.10 HLA [49] 90.42 –
HLA [49] 83.97 YOLOv10 [5] 36.00 Oriented R-CNN [47] 90.50 97.60

ASL-OOD 85.45 ASL-OOD 39.70 ASL-OOD 91.07 98.13

Figure 9: Examples of detection results on the HRSC2016 dataset

Results on the MAR20 & UAVDT Dataset: To further validate ASL-OOD’s performance in specific
domains, we conducted experiments on the MAR20 dataset, with results detailed in Table 2. ASL-
OOD achieved an impressive mAP of 85.45% across 15 aircraft categories, significantly surpassing all
comparison models. Visualizations in Fig. 10 demonstrate ASL-OOD’s ability to leverage its angle-
offset scheme, precisely capturing the position and shape of symmetric targets such as airplanes,
thereby ensuring more reliable detection results. For evaluating ASL-OOD’s rotational detection
capabilities, particularly for highly symmetric objects, we also conducted experiments on the UAVDT
dataset. As presented in Table 2, ASL-OOD attained a remarkable mAP of 39.7%, outperforming all
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state-of-the-art models on this challenging dataset. UAVDT introduces distinct challenges, including
small, densely packed, and heavily occluded targets within complex urban settings. Many of these
targets, such as vehicles, exhibit high symmetry, often leading to detection ambiguities in conventional
models. ASL-OOD effectively addresses these challenges, demonstrating enhanced robustness and
precision in these demanding scenarios.

Figure 10: Examples of detection results on the MAR20 dataset. Boxes of different colors correspond
to objects of different colors

ASL-OOD, powered by its TB and TNmodules, effectively overcomes these challenges with its
sophisticated rotational detection mechanism. By integrating an angle offset scheme, ASL-OOD
precisely captures the orientation and alignment of symmetric objects, achieving notable improvements
in detection accuracy and localization precision. This method proves particularly effective for highly
symmetric objects like cars and buses, which are prone to misclassification in traditional detection
frameworks.

4.4 Ablation Experiment

To evaluate the impact of the TB and TN modules in the ASL-OOD model, we performed ablation
experiments on the DOTA, HRSC2016, and MAR20 datasets. The results, measured in terms of mAP,
are summarized in Table 3.

Table 3: Ablation study on ASL-OOD modules across datasets

Models DOTA HRSC2016 MAR20

ASL-OOD-TB 78.18 (−1.98) 89.66 (−1.41) 83.32 (−2.13)
ASL-OOD-TN 78.58 (−1.58) 89.58 (−1.49) 83.73 (−1.72)
ASL-OOD-ASDH 72.37 (−7.79) 85.82 (−5.25) 81.27 (−4.18)
ASL-OOD 80.16 91.07 85.45

ASL-OOD-TB (Transformer-Based Backbone): ASL-OOD-TB denotes a variant of ASL-OOD
where the TB module is replaced with the standard YOLOv5 Backbone, allowing us to assess the TB
module’s contribution to detecting multi-scale targets in complex backgrounds. As reported in Table 3,
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removing the TB module causes an absolute mAP decrease of 1.98 on DOTA, 1.41 on HRSC2016,
and 2.13 on MAR20. These reductions highlight the critical role of the Transformer-based Backbone
in enhancing ASL-OOD’s performance under challenging conditions, including complex scenes and
varying target scales.

ASL-OOD-TN (Transformer-Based Neck): The ASL-OOD-TN variant replaces the Transformer-
based Neck (TN) module with the standard PANet architecture to assess the impact of multi-scale
feature fusion strategies on detection performance. As presented in Table 3, this modification leads
to a reduction in mAP by 1.58 on DOTA, 1.49 on HRSC2016, and 1.72 on MAR20, relative to the
full ASL-OOD model. These results highlight the critical role of the Transformer-based Neck module
in improving detection accuracy for multi-scale and densely distributed targets. By enhancing feature
fusion across scales, the TN module enables the model to better capture fine-grained details in complex
scenes, thereby bolstering overall detection performance.

ASL-OOD-ASDH (Angle-SIOU-Based Decoupled Head): The removal of ASDH leads to signif-
icant mAP drops of 7.79 on DOTA, 5.25 on HRSC2016, and 4.18 on MAR20, highlighting its critical
role in optimizing angle consistency and bounding box alignment. The impact is most pronounced
on DOTA, a dataset with large aspect ratio variations and complex orientations, where precise angle
predictions are crucial for detecting diverse, densely packed targets. On HRSC2016, ASDH proves
essential for elongated maritime targets, ensuring accurate orientation alignment. The smaller drop
on MAR20 reflects its relatively simpler aspect ratio and orientation characteristics.

These ablation experiments underscore the pivotal roles of the TB, TN, and ASDH modules in
boosting ASL-OOD’s detection capabilities. The TB module enhances overall performance by deliver-
ing a robust, context-sensitive backbone, while the TN module facilitates accurate localization and the
detailed extraction of multi-scale target features through sophisticated multi-scale fusion strategies and
Transformer-based methodologies. Furthermore, the ASDH module plays a critical role in refining
angle predictions and bounding box alignment, significantly improving detection performance for
oriented and elongated objects across datasets with diverse aspect ratios and orientations.

4.5 Model Complexity Analysis

To augment the performance evaluation, we present an in-depth analysis of the computational
complexity of the proposed ASL-OOD model in comparison with state-of-the-art object detection
models such as YOLOv4 and YOLOv5. This analysis considers essential metrics, including the number
of parameters, floating-point operations (FLOPs), and training/inference speeds, providing a holistic
assessment of the models’ complexity, efficiency, and suitability for real-world applications.

As detailed in Table 4, ASL-OOD comprises 21.89 MB of parameters, slightly more than YOLOv5
(21.25 MB) while remaining significantly lighter than YOLOv4 (27.6 MB). Despite this marginal
increase in parameter count, ASL-OOD delivers a substantial boost in detection accuracy, achieving
a mAP of 80.16 compared to 68.18 for YOLOv5 and 67.23 for YOLOv4. In terms of computational
cost, ASL-OOD requires 51.38G FLOPs, which is marginally higher than YOLOv5 but still lower than
YOLOv4, further underscoring its computational efficiency. The model also demonstrates competitive
training and inference speeds, with a training speed of 327 ms per image and an inference speed of
34.21 ms, showing only a slight increase compared to YOLOv5. These results underscore ASL-OOD’s
ability to achieve an excellent trade-off between complexity and performance. The minimal increase in
parameters and FLOPs relative to YOLOv5 leads to a significant improvement in detection accuracy,
solidifying ASL-OOD as a highly efficient and effective model for object detection tasks.
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Table 4: Model complexity comparison in terms of FLOPs, number of parameters, and speed (DOTA)

Model Parameters (MB) FLOPs (G) Train speed (ms) Test speed (ms) mAP

YOLOv4 27.6 52.21 323 33.88 67.23
YOLOv5 21.25 49.71 316 32.33 68.18
ASL-OOD 21.89 51.38 327 34.21 80.16

5 Conclusion

In this paper, we introduce ASL-OOD, a one-stage oriented object detection framework that
overcomes the limitations of conventional YOLO-based approaches, particularly their reliance on
horizontal bounding boxes. By incorporating Transformer-based modules in both the Backbone
and Neck, ASL-OOD enhances multi-scale feature extraction and achieves effective information
fusion, particularly for small and low-resolution targets. Additionally, we propose an innovative angle
offset representation and an angle-based IOU loss, which significantly enhance detection accuracy
for oriented objects across diverse scales and orientations. Extensive experiments on four military
target datasets demonstrate the superior performance of ASL-OOD, achieving state-of-the-art mAP
and confirming its robustness in oriented object detection tasks. In future work, we plan to expand
the framework’s capabilities by addressing challenges associated with boundary blurring in dynamic
military targets. This may include exploring advanced data augmentation techniques and employing
image restoration networks to tackle these complexities effectively.
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