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Abstract—Conventional feature fusion mechanisms largely
overlook orientation information, making it difficult to effectively
represent objects with diverse rotational patterns. To address
this issue, we propose YOLO-RSL, a lightweight rotated object
detector that introduces orientation awareness into feature
representation, feature fusion, and localization optimization. The
proposed Rotation-Oriented Iterative Attentional Feature Fusion
(RO-iAFF) module incorporates implicit orientation information
derived from orthogonal asymmetric depthwise convolutions into
a two-stage channel attention process, enabling orientation-
sensitive multi-scale feature aggregation. In addition, a Swin
Transformer block and a large-kernel feature branch are
employed to enhance global context modeling and improve small-
object representation. To achieve more accurate localization, an
enhanced regression loss (LFFE Loss) is designed to jointly
optimize overlap quality, rotation angle, center offset, and aspect
ratio. Experimental results on the DIOR-R and UCAS-AOD
datasets show that YOLO-RSL achieves mAPo.s scores of 84.17%
and 98.44%, surpassing the baseline by 3.15% and 2.91%,
respectively. Moreover, the performance gains become more
pronounced as target aspect ratios increase, demonstrating the
effectiveness of the proposed orientation-aware design.

Keywords—Rotated object detection; oriented bounding box;
feature fusion; remote sensing image

L INTRODUCTION

Remote sensing platforms provide a wide range of
observation data with high space-time resolution, which makes
them irreplaceable and play an important role in the fields of
urban planning, disaster assessment, and traffic monitoring. In
remote sensing image (RSI) analysis, rotating target detection
is a basic but difficult task. In this task, most targets, such as
aircraft, ships, and vehicles, will appear at any angle in a
complex context, and there are obvious scale changes. Using
directional enclosure frames (OBBs) can give more compact
geometric representations and effectively reduce background
interference, so rotating target detection has become a key task
in the field of remote sensing analysis [1].

The target detector based on deep learning has greatly
improved the performance of general target detection.
Representative frameworks such as Faster R-CNN [2] and SSD
[3] have laid a solid foundation for the modern target detection
architecture. After that, the YOLO-based detector has made
significant progress in balancing detection accuracy and
inference efficiency. However, because of the limited
perception ability of target orientation, it has not been able to
fully model global context information. There are still many
problems in the direct use of traditional general-purpose
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detectors in remote sensing image analysis. Existing rotary
target detectors, such as SCRDet++ [4] and R3Det [5],
effectively improve the accuracy of target positioning by
introducing rotary perception regression and refined feature
learning mechanisms. Even so, when encountering the
limitations of lightweight deployment, these methods still have
some shortcomings in dealing with small targets and complex
background problems.

In recent years, Transformer-based architectures have
shown strong capabilities in long-range dependency modeling
and global feature representation. Vision Transformer (ViT)
took the lead in introducing the self-attention mechanism into
computer vision tasks, while Pyramid Vision Transformer
(PVT) [6] and MobileViT [7] improved computing efficiency
through hierarchical and lightweight design. Deformable
DETR [8] and OrientedFormer [9] extend the Transformer
mechanism to direction detection in RSI. However, these
methods address global context modeling rather than the
orientation sensitivity of the fusion stage itself, and their
computational overhead continues to limit deployment in
lightweight detectors.

Feature fusion is the stage at which multi-scale feature
maps from different backbone levels are combined before
being passed to detection heads. Existing channel attention
modules employed in this stage—SE [10], CBAM [11], and
even the iterative iAFF [12]— compute channel weighting
solely from global average pooling or local convolutional
statistics of the feature maps, without any encoding of target
orientation. This means the same channel weights are assigned
irrespective of whether a target appears at 0°, 45°, or 90°. In
RSIs, where targets span the full 180° orientation range and
object categories such as aircraft and ships have aspect ratios
exceeding 6:1, orientation-agnostic fusion leads to a systematic
failure mode: features discriminative for one orientation are
suppressed when those features happen to score poorly on a
channel statistic computed over a spatially mixed feature map.
The result is missed detections for densely arranged, arbitrarily
oriented objects and imprecise OBB regression for elongated
targets—precisely the objects that most frequently appear in
RSI benchmarks.

A further challenge lies in rotated bounding-box regression.
Existing methods, such as circular smoothing label (CSL) [13]
and H2RBox-v2 [14], solve the problems of periodic
discontinuity and angle blur in the process of angle prediction.
At the same time, ProbloU [15] optimizes the rotating
boundary frame by modeling geometric uncertainty. However,
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the existing loss function is still unable to fully model the joint
relationship between the overlapping area, center offset, aspect
ratio, and rotation angle at the same time, resulting in the
unstable positioning of slender and densely arranged objects.
Second, multi-scale feature fusion in the neck is typically
orientation-agnostic, producing channel-wise attention weights
that are insensitive to the rotation state of targets. Third,
conventional IoU-based losses provide incomplete geometric
supervision for OBBs because they neglect -center
displacement, aspect-ratio mismatch, and angle residual
simultaneously. The present work addresses all three
deficiencies within a single, parameter-efficient framework.
The main contributions of this study are as follows:

1) A novel Rotation-Oriented iterative Attentional Feature
Fusion (RO-iAFF) module is proposed. RO-iAFF extends the
standard iAFF framework by introducing orientation encoding
angle embeddings generated from the cosine and sine values
of the predicted rotation angle into the dual-stage MS-CAM
attention computation, thereby enabling channel-wise feature
weighting to become sensitive to object orientation. In
addition, an extra 10x10 deep feature extraction layer is
incorporated into the neck to enlarge the effective receptive
field for small targets.

2) Swin Transformer blocks replace selected C3K2
modules in the YOLOv11s-OBB backbone to enrich global
contextual representation, providing high-quality multi-scale
features on which orientation-aware fusion can act most
effectively.

3) A Four-Factor Loss Function for Enhanced regression
is proposed to jointly constrain overlap, angle, center offset,
and aspect ratio, thereby improving rotated bounding-box
localization stability and accuracy.

II.  RELATED WORK

A. YOLO-Based Rotated Object Detection

YOLO-based detectors have achieved significant progress
in balancing detection accuracy and inference efficiency.
Compared with two-stage frameworks such as Faster R-CNN
[2], the YOLO architecture provides more efficient end-to-end
interference, making it very suitable for real-time RSI
applications. SCRDet++ [4] improves rotation detection
through instance-level feature denoising and rotation loss
smoothing, while R*Det [5] enhances positioning performance
through refined feature optimization. CSL [13] re-expresses
angle regression as a classification problem to alleviate
periodic discontinuity, while H2RBox-v2 [14] improves
direction estimation through symmetric perception self-
supervised learning. YOLOv11-OBB [16] expands the
direction detection head for OBB regression on the basis of
YOLOv11, achieving high positioning accuracy with
lightweight overhead. Despite these advances, these detectors
have not solved the problem of direction insensitivity in their
feature fusion stage: no matter what the modeling effect of the
detection head is on the rotation, the attention weight of the
neck channel is still independent of the direction, resulting in a
continuous characterization bottleneck, and YOLO-RSL is
directly aimed at this bottleneck.
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B. Attention and Feature Fusion Mechanisms

Attention mechanisms are the dominant tool for feature
fusion in modern detectors. SE [10] enhances channel-wise
recalibration through global average pooling, yet its scalar
channel weights are derived from orientation-invariant global
statistics, making it blind to target rotation. CBAM [11]
combines channel and spatial attention for refined
enhancement, but generates identical orientation-agnostic
weights regardless of whether a target is oriented at 0° or 90°.
To improve multi-scale feature interaction, iAFF [12]
introduces iterative attention weighting to dynamically fuse
heterogeneous semantic features across different layers.
Compared with traditional linear fusion methods, iterative
feature fusion achieves more effective semantic alignment and
feature refinement. In addition, BoTNet [17] incorporates
multi-head  self-attention into convolutional bottleneck
structures, enabling stronger global dependency modeling
while maintaining computational efficiency.

However, most existing feature fusion strategies mainly
focus on channel or spatial attention and neglect explicit
orientation  information during feature  aggregation.
Consequently, their performance remains limited for densely
distributed and arbitrarily rotated objects in remote sensing
imagery.

C. Transformer-Based Object Detection

The Transformer architecture shows a strong ability in
modeling long-range dependencies and global context
information. PVT [6] improves efficiency through hierarchical
feature extraction, while MobileViT [7] combines lightweight
convolution with a Transformer module. For object detection,
Deformable DETR [8] reduces global attention cost through
sparse deformable sampling, ARS-DETR [18] improves
aspect-ratio-sensitive feature learning for aerial detection, and
OrientedFormer [9] introduces orientation-aware positional
encoding for rotated RSI detection. Although these methods
effectively improve contextual perception, they address
representation quality rather than fusion-stage orientation
sensitivity, and their computational overhead continues to
hinder lightweight deployment. We adopt Swin Transformer
blocks [19] selectively in the backbone to gain their
hierarchical global context benefits at moderate cost,
complementing rather than relying on them for the orientation-
awareness provided by RO-iAFF.

D. Research Gap and Motivation

The survey above reveals a consistent and unaddressed gap:
while rotation-aware regression losses and backbone
representations have been extensively studied, the feature
fusion stage of lightweight YOLO-series detectors has
remained universally orientation-agnostic. The three literature
streams reviewed above address complementary aspects—
orientation-aware  regression  (Section II-A), feature
representation (Section II-C), and channel attention quality
(Section II-B)—but none provides a mechanism for making
multi-scale channel fusion weights sensitive to target
orientation. We fill this gap by proposing RO-iAFF, which
introduces orientation awareness directly into the iterative
attention fusion computation, and validate that this targeted
intervention yields the largest performance gain among all

395|Page

www.ijacsa.thesai.org



(IJACSA) International Journal of Advanced Computer Science and Applications,

proposed components, particularly for elongated, high-aspect-
ratio targets.

III.  PROPOSED METHOD

A. Overall Architecture

The proposed detector is designed around a three-level
orientation-aware  strategy applied to YOLOvl1s-OBB
(Fig. 1). At the representation level, selected C3K2 modules at
backbone stages 2 and 3 are replaced with Swin Transformer
blocks [19] to enrich global semantic representation. At the
fusion level—the central innovation—each neck output branch
is connected to the detection head via the proposed RO-iAFF

Conv

Conv
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provides orientation-sensitive channel weighting. Additional
convolutional and C3K?2 layers before the SPPF stage generate
a 10x10 deep feature map that is upsampled and fused with the
20x20 PANet output to form a fourth detection branch,
enlarging the effective receptive field for small targets. At the
supervision level, the original regression loss is replaced with
LFFE, which jointly constrains four geometric factors of
predicted OBBs. These three levels are mutually reinforcing:
the Swin backbone provides richer multi-scale features, RO-
iAFF fuses them in an orientation-sensitive manner, and LFFE
ensures that the resulting predictions are geometrically precise.
Together, they introduce only 0.56 additional GFLOPs and
0.21 M additional parameters over the baseline.

JE

Input 640*640*3

C3K2

Conv

Swin

transformer

Swin

transformer

Upsample

80*80+84

4040784

20720*84

10*10*384

Fig. 1. Overall network structure.

B. Rotation-Oriented Iterative Attention Feature Fusion

Standard multi-scale feature fusion modules, including the
original iAFF, compute channel attention weights solely from
the feature maps themselves, rendering the fusion process
rotation-agnostic. In RSIs, where targets such as aircraft, ships,
and bridges exhibit wide orientation variation, orientation-
agnostic fusion leads to suboptimal channel selection. The
original iAFF framework consists of two core components: a
Multi-Scale Channel Attention Mechanism (MS-CAM), which
extracts complementary global and local channel descriptors to
generate soft attention weights, and a two-stage iterative fusion
strategy that progressively refines the fused representation.
Building upon the standard iAFF framework, the proposed
RO-1AFF introduces a new component called the Directional
Channel Modulation (DCM) descriptor. Unlike conventional
channel attention modules that derive weights purely from
pooling statistics, DCM pulls directional information directly
out of the feature maps themselves. This is done through a pair
of asymmetric depthwise convolutions applied to the element-
wise sum of the two input feature maps. The resulting
descriptor is then injected into the MS-CAM global branch at
both fusion stages, allowing the channel weights to shift in

response to the dominant orientation present in the fused
features.

A key design decision in DCM is that it does not take a
rotation angle as an external input. Instead, it recovers
directional information implicitly from the feature maps. Given
the element-wise sum S of the two feature maps to be fused,
two directional feature maps are computed below:

f, = DWConv,,(S)ec; "€ ()
f, =DWConv, (S)e; ™" 2)

DWConv,, uses a 1xk depthwise convolution to capture
horizontal structure, and DWConv,, uses a kx1 depthwise

convolution to capture vertical structure, where k is set to 7. A
1xk kernel responds preferentially to intensity patterns that
extend along the horizontal direction, while a kx1 kernel
responds preferentially to vertically oriented patterns. For
targets with a spindle tilt angle of 0, the activation value of the
horizontal feature diagram f, is proportional to cos(0), while

the activation value of the vertical feature diagram f, is
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proportional to sin(0). The relative magnitude of the two maps
therefore encodes the dominant orientation of the scene in a
continuous and differentiable manner. This encoding spans the
full 180-degree orientation range and requires no explicit angle
label or supervision signal from the detection head, making
DCM entirely self-contained within the neck. This continuous,
self-supervised orientation encoding is what differentiates
DCM from all prior channel attention methods, which discard
directional spatial structure by pooling over entire feature
maps.

Global average pooling is then applied to each directional
map, and the resulting vectors are concatenated and
compressed to a C-dimensional directional descriptor via a 1x1
convolution:

d = Conv,,, ([GAP(f,)|GAP(f,)]) e © )

The parameter overhead of DCM is 2kC +C*, negligible
relative to the backbone. Since d is derived entirely from the
feature maps, DCM is fully self-contained within the neck and
introduces no dependency on detection head outputs.

The directional descriptor d is injected additively into the
MS-CAM global attention branch (Fig. 2) prior to Sigmoid
normalization at both fusion stages. For Stage 1, given the
global descriptor g =GAP(S) and local attention map

a,. =Conv,_(S) , the rotation-oriented attention weight is

computed as:
2 =O'(VV2 .BN(ReLU(VVlg))+d) 4)

glob
dir
al = o-(aglob + alac ) (5)
The intermediate fused feature Z, is then obtained as:

Z,=ae X+(-a)eY 6)

Fig. 2. Architecture of MS-CAM.
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Stage 2 refines Z; by applying a second rotation-oriented
MS-CAM block under the same directional descriptor d:

@y, ~ (W, BNRLUW,g ) +d) (D)
a, = o-(a;szbwo + Qe ) (8)
Z=a,¢e Z,+(1-a,)e Y 9)

where, g, =GAP(Z,) and a,,, = Conv,,(Z,) . Sharing
d across both stages ensures consistent directional guidance
without doubling the DCM overhead. where W, (i =1,...,4) are

the learnable weight matrices of the two-layer bottleneck
MLPs in Stage 1 and Stage 2, respectively, with reduction ratio
r = 4. Stage | performs coarse channel selection guided by the
directional prior, while Stage 2 refines the fused representation

by re-examining Z; under the same directional context. When

the feature maps contain no directional asymmetry, d
approaches a uniform vector and RO-iAFF degenerates to
standard iAFF, providing stable behavior on isotropic targets.
The DCM weights are initialized with near-zero values to
ensure that training begins from a well-understood iAFF
baseline. The complete forward pass is summarized in
Algorithm 1.

Algorithm 1: RO-iAFF Forward Pass

HxWxC

Input: Feature maps X, Y € j
Directional Channel Modulation
.S« X+Y

2. f, < DWConv,,(S) //horizontal directional feature
f, < DWConv, (S) /Ivertical directional feature

3. d < Conv,, ([GAP( fGAP(f)])e i €

Stage 1: Coarse fusion

4.g <« GAP(S)

5. a,,, <o (W, -BNReLUW,g))+d)

glob
a,. < Conv,_,(S), a, <—0'(agh,b +a,00)
6. Zy<—ae X+(1-a)eY

Stage 2: Refined fusion
7. 8, < GAP(Z,)

8. @y < (W, -BN(ReLUW,g))+d)
Qg < Conv, (Z) , @, — o-(aglob,() + aloc,O)
9. Z<a,e Z,+(1-a,)e Y

Output: Fused feature Z € | "

C. Swin Transformer Block

While RO-iAFF provides orientation-aware fusion, the
quality of the fused representations depends on the richness of
the backbone features. The C3K2 module extracts local
features through small volumes, but its receptive field is
limited. In order to enrich the global context information, we
replaced some C3K2 modules in stages 2 and 3 of the
backbone network with the Swin Transformer module [19].
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Swin Transformer adopts a hierarchical framework,
including image block segmentation, feature extraction, and
image block merging. Each module replaces the standard
global multi-head self-attention mechanism (MSA) with the
window-based multi-head self-attention mechanism (W-MSA)
and the shifted window multi-head self-attention mechanism
(SW-MSA), as shown in Fig. 3. W-MSA calculates self-
attention in non-overlapping local windows; SW-MSA loops to
move window boundaries to achieve cross-window
information exchange. After the attention sublayer, layer
normalization, multi-layer perceptron (MLP), and residual
connection are applied in turn, and finally the semantic feature
diagram is generated.

Partiton
" | e
| Embeding |
Swin 1 K N ST N
Transformer | | ! N\ ! e '
Block ) ! 1 '
H/AxW/4x48 77 o N : : N '
| e
Swin : : 3
Transformer : :
Block J LR i LN
H/4xW/4xC -
. rging| | Va
Swin ' NG
Transformer
\ Block J '
H/8xW/8x2  >:i: i W-
N ! MSA
' '
Swin — LN
Transformer '

Block

Fig. 3. Structure of Swin Transformer.

D. Four-Factor Bounding-Box Loss

Standard IoU-based losses present a known difficulty for
rotated object detection, as OBB intersections become non-
differentiable under certain parameter configurations. While
orientation-aware fusion improves representational quality,
accurate OBB regression still demands a loss function that
captures all relevant geometric attributes jointly. LFFE
addresses this need by optimizing four orthogonal geometric
factors: overlap area, rotation angle residual, center-point
offset, and aspect-ratio discrepancy. The total training loss is:

L _A 3 L R L A L 10
tatal_ﬁnz::, abj+ﬁnz:; CIS+N"Z:; ‘box ( )

In the loss formulation L, « L, and L

o COTTESPONd tO
the confidence loss, classification loss, and bounding box loss

functions 4, =4, =land A4, =0.05 adopts the default setting.
The regression loss is:

Lbox = LSkewlaU +2‘4L(.'enter

+4,(0,-6,) (11)

Here, SkewloU is the rotated IoU indicator. L

‘center
center-related constraint. To achieve a r reasonable balance
between positioning accuracy and angle alignment, the
weighting factors 4, and A, are given values of 1.0 and 0.5,

is a

respectively. By imposing constraints on four geometric
attributes, LFFE provides more reliable supervision for OBB
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and further enhances the direction-sensitive characteristics
generated by RO-iAFF.

IV. EXPERIMENTS

A. Datasets and Metrics

DIOR-R is a rotated variant of the DIOR dataset
comprising over 23,000 high-resolution RSIs annotated with
OBBs across 20 object categories, sourced from diverse
sensors at varying spatial resolutions and imaging angles.
Large images are partitioned into 1024x1024 patches using a
sliding window, and Mosaic data augmentation is applied
during training to enrich the spatial distribution of objects
across scales and orientations. The data augmentation
examples are illustrated in Fig. 4. The training and test sets are
partitioned at an 8:2 ratio. The training and test sets are
partitioned at an 8:2 ratio. The statistical overview includes
instances of object categories, the size and quantity of ground-
truth bounding boxes, the center positions and aspect ratios of
objects, as shown in Fig. 5.

Fig. 4. Mosaic data augmentation on the DIOR dataset.

ratwces
\
v & 5 8
e & & ¢
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T ——
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Uopressvay 5
(S L LI

oo

Fig. 5. Statistics of the DIOR dataset.

UCAS-AOD contains high-resolution aerial images with
OBB annotations for two categories (airplane and vehicle).
Versions 1.0 and 2.0 together provide 1,000 airplane images
(7,482 instances), 510 car images (7,114 instances), and 910
background images. Maximum annotated aspect ratios reach
8:1. Random rotation, angle jitter, and brightness variation are
applied for data augmentation. Training and test sets comprise
1,110 and 400 images, respectively.

398 |Page

www.ijacsa.thesai.org



(IJACSA) International Journal of Advanced Computer Science and Applications,

B. Implementation Details

All experiments are conducted on Ubuntu 20.04 with an
NVIDIA RTX 3080 GPU, PyTorch 1.10.0, CUDA 11.3, and
cuDNN 8.3.4. The SGD optimizer uses a learning rate of 0.01,
momentum of 0.937, and weight decay of 0.0005. A 3-epoch
linear warm-up phase is followed by cosine annealing decay.
The batch size is 8, and all models are trained for 200 epochs.
Training results on the UCAS-AOD dataset are shown in
Fig. 6.

N oW s o

Vol. 17, No. 8, 2026

evaluated on UCAS-AOD under identical training conditions
(Table I). RO-iAFF achieves 96.64% mAPO0.5, surpassing
standard iAFF by 0.61% and CA by 0.66%, while adding only
0.03M parameters over the baseline. The consistent
performance ordering (Baseline < SE < CBAM < CA < iAFF
< RO-iAFF) mirrors the degree to which each method
incorporates spatial or directional information, strongly
supporting the interpretation that orientation-awareness is the
decisive factor.

train/box_loss trainjcls_loss train/dfl_loss metrics/precision({B) metrics/recall(B) TABLE I COMPARISON OF THE IMPACT OF DIFFERENT ATTENTION
gt it
4 e 4 08 o8 MECHANISMS
E 3 0.6 0.6
” 04 04 Method mAP 5 Param(M)
2
\ 1 k Baseline 95.53 7.72
1 0.0 0.0
o 100 200 o 100 200 o 100 200 0 100 200 0 100 200
wval/box_loss vallcls_loss val/dfl_loss - metrics/mAP50(B) metrics/mAPS0-95(B) SE 95 3 5 6 7 77
150
s Sl @ 5 CBAM 95.57 7.82
; " CA 95.98 4
N : 5. 7.7
2 50 .
20000 N 02 *® RO-iAFF 96.64 7.75
o o4 0 0.0/ 0.0

] 10 200 0 100 200 o 100 200 ) 100 200 o 100 200

Fig. 6. YOLOv11s-OBB baseline training results on the UCAS-AOD
dataset.

C. Ablation Experiment

To justify the selection of RO-iAFF over alternative
attention modules, SE [10], CBAM [11], Coordinate Attention
(CA) [20], the standard iAFF [12], and the proposed RO-iAFF
are ecach inserted at the four neck output branches and

(a) Original images (b) CBAM

(c) CA

The heat maps (Fig. 7) on DIOR further show that RO-
iAFF can maintain a clearer attention to the target arca at
different scales and in complex contexts. Placing RO-iAFF at
multiple levels of the neck can achieve finer features across
scales, so as to obtain better positioning and classification
effects.

(e) IAFF

Fig. 7. Heatmap images by different neck designs on the DIOR dataset.
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Table II shows that each proposed component brings steady
improvements on both DIOR-R and UCAS-AOD. On DIOR-R,
the baseline YOLOv11s-OBB achieves 81.02% mAPO0.5 and
49.12% mAPO0.5:0.95. After the introduction of the Swin
Transformer module, these scores increased to 81.56% and
50.54%, respectively, confirming that the self-attention
mechanism based on hierarchical windows can enhance the
global context representation in messy remote sensing
scenarios. After replacing the standard iAFF with our proposed
RO-1AFF (also integrating the 10x10 depth feature branch), the
single-component gain is the largest, mAP(.5 increased to
83.24%, and mAP0.5:0.95 increased to 51.73%, indicating that
directional perception fusion can significantly improve the
multi-scale feature quality of slender and densely arranged
targets. The subsequent integration of LFFE achieved the best
performance, with mAP0.5 at 84.17% and mAP0.5:0.95 at
52.98%, an increase of 3.15% and 3.86% respectively over the
benchmark, while maintaining only 16.54 GFLOPs of
computing cost and 8.12 M parameters.

Vol. 17, No. 8, 2026

On the UCAS-AOD data set of small densely distributed
targets, each proposed component has made similar continuous
improvements. The baseline model achieved mAP0.5 at 95.53%
and mAP0.5:0.95 at 71.35%. After the introduction of the Swin
Transformer module, the score increased to 96.64% and
71.93%, respectively, verifying that global context modeling
can improve target detection performance even on a relatively
compact two-category benchmark dataset. RO-iAFF further
increased mAP0.5 to 97.25% and mAP0.5:0.95 to 72.84%.
This result shows that directional perception fusion is
particularly effective for slender targets such as aircraft and
vehicles. After adding LFFE, the mAP0.5 of the complete
model reached 98.44%, and the mAP0.5:0.95 reached 74.19%,
which was 2.91% and 2.84% higher than the baseline model,
respectively. Although there are differences in the number of
categories, object scale, and annotation density, the model
performance on the two datasets has improved, indicating that
the three components can work well together and apply to
different remote sensing conditions.

TABLE II. ABLATION EXPERIMENT ON THE DIOR AND UCAS-AOD DATASETS
Model Dataset Swin Transformer RO-iAFF LFFE mAP,s #Param(M) GFLOPs
x x x 81.02 791 16.45
v x x 81.56 7.95 1591
DIOR
4 v x 83.24 8.08 16.23
v v v 84.17 8.12 16.54
YOLOv11s-OBB
x x x 95.53 7.72 16.47
v x x 96.64 7.75 16.55
UCAS-AOD
v v x 97.25 7.78 16.63
v v 98.44 7.93 16.65
TABLEIII. PERFORMANCE GAIN STRATIFIED BY TARGET ASPECT RATIO ON DIOR-R

Aspect Ratio Group Target Examples Baseline mAPo.s(%) YOLO-RSL mAPo.5(%) Gain

AR <2 Vehicle, Dam 86.5 88.3 +1.8

2<AR <4 Bridge, Harbor 83.3 86.7 +3.4

4<AR<6 Ship, Airplane 79.5 84.2 +4.7

AR>6 Aircraft 74.7 82.1 +7.4

To verify the directional perception of YOLO-RSL, we
group according to the target aspect ratio (AR) to analyze the
performance of mAPys on the DIOR-R dataset (Table III).
Four groups are defined: AR < 2 (near-isotropic targets), 2 <
AR < 4 (moderately elongated targets), 4 < AR < 6 (elongated
targets), and AR > 6 (highly elongated targets).

The performance of YOLO-RSL in each group is better
than that of the baseline model, but the increase is not uniform.
It is worth mentioning that the performance improvement
gradually increases with the increase of the target aspect ratio.
For targets whose aspect ratio is less than 2, the performance
improvement is limited. The visual appearance of such targets
does not change much with rotation. In this case, the direction-
sensitive channel weighting of RO-1AFF is also limited. With
the increase in aspect ratio, the performance improvement

continues to increase and peaks in the AR 6 group. The
appearance of the clearer target of the spindle changes more at
the rotation angle, and the advantage of RO-iAFF integrating
direction information into channel attention calculation is
becoming more and more obvious.

D. Comparison with State-of-the-Art Methods

To evaluate how the proposed method compares against
existing work, extensive experiments were carried out on the
DIOR dataset. The comparison covers a variety of detector
architectures. On the two-stage side, Faster R-CNN [2] and
Mask R-CNN [21] are included. On the one-stage side, the
comparison includes RetinaNet [22], YOLOvS8 [23], YOLOvI10
[24], and YOLOV11 [16]. Several specialized models are also
included, namely CANet [25], CE-FPN [26], SCRDet [4], and
YOLOP [27]. The full results are reported in Table I'V.
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TABLEIV. COMPARISON OF STATE-OF-THE-ART MODELS ON THE DIOR DATASET
Model airplane ship bridge dam vehicle harbor airport chimney mAP,s Param | GFLOPs

Faster-RCNN | 88.1 773 81.2 723 84.5 75.4 79.5 74.7 79.4 82.4 33.1
Mask-RCNN | 88.3 78.1 81.4 70.9 85.0 75.7 80.0 753 79.7 80.5 28.6
RetinaNet 82.4 82.7 81.9 82.0 81.8 82.7 83.1 81.6 82.5 7.0 15.8
YOLOvV5 87.8 76.9 80.6 715 83.1 74.1 78.3 73.5 78.5 7.1 174
YOLOV8s 89.4 78.4 82.3 73.6 85.3 76.3 80.6 75.8 80.2 6.98 13.7
YOLOvV10 89.2 79.2 82.3 74.3 86.2 77.0 81.0 76.4 80.9 16.2 16.8
YOLOP 87.1 75.3 79.1 70.8 82.4 73.3 79.5 72.6 71.3 189 19.7
ToRvHs 903 79.5 833 747 86.5 779 81.9 772 81.02 791 | 1645
CANet 91.2 81.2 84.4 76.2 87.1 79.0 833 78.0 82.9 37.1 123
CE-FPN 91.0 81.3 83.7 75.4 84.4 82.3 82.0 77.5 81.5 34.8 15.5
SCRDet 91.7 81.7 85.1 76.6 88.2 79.4 83.4 79.1 83.7 30.3 14.7

Ours 92.0 82.5 82.9 83.2 81.1 86.3 843 85.9 84.17 8.12 16.5

As demonstrated in Table IV, our model exhibits superior
performance across the majority of object categories in the
DIOR dataset. Specifically, the proposed method achieves the
highest AP across the categories in the DIOR dataset.
Furthermore, the model attains a robust mAPO0.5 of 84.17%,
surpassing both traditional models and recent variants of
YOLO. Notably, while maintaining competitive GFLOPs at
16.5 and a relatively lightweight parameter size of 8.12 million,
our model outperforms heavier architectures like Faster R-
CNN and Mask R-CNN, which achieve mAP0.5 scores of
79.4% and 79.7%, respectively, as well as specialized models
like SCRDet and CANet. These findings underscore the
efficacy and efficiency of the proposed method in large-scale
RSOD tasks.

To rigorously evaluate the performance of the proposed
model in the target detection task, we perform a comparison
with several state-of-the-art models on the UCAS-AOD
dataset, as summarized in Table IV. Compared with Faster R-
CNN, NAS-FPN [28], RT-DETR [29], Zhang et al. [30], Li et
al. [31], S*Anet [32], ARS-DETR [33], Oriented-Former [9],
and SASM [34], our model achieves better accuracy and
efficiency.

On UCAS-AOD (Table V), our method achieves an
impressive mAP0.5 of 98.44%, surpassing all other models in
this category. This indicates that our model achieves higher
detection accuracy while also maintaining an effective
precision-recall  balance. = Furthermore, the  model's
mAP0.5:0.95 score of 74.19% demonstrates its consistent
performance across a range of intersection-over-union
thresholds, further highlighting its robustness. The proposed
model operates with a relatively low parameter count of 7.93M
and a GFLOP value of 16.65. While the parameter count is
slightly higher than some of the other models, its superior
detection performance, as evidenced by the mAP scores,
justifies this trade-off. Overall, this result demonstrates that
explicit orientation-aware feature fusion at the neck level is
more parameter-efficient than relying on Transformer-based
global attention for orientation modeling. Show more8:07 PM
Claude responded: The strong performance on UCAS-AOD is

consistent with the aspect-ratio analysis reported earlier.
Aircraft dominate this dataset, with aspect ratios reaching up to
8:1. These are exactly the targets for which orientation-aware
channel weighting delivers the largest gains.

TABLE V. COMPARISON OF STATE-OF-THE-ART MODELS ON THE UCAS-
AOD DATASET
Model mAPs mMAP5.0.05 Params(M) | GFLOPs

Faster-RCNN 89.43 7247 38.43 11.3
NAS-FPN 90.64 73.93 34.20 9.49
RT-DETR 90.85 71.25 31.27 16.1
Zhang et al. 91.46 72.79 28.73 7.2
Lietal. 92.86 73.73 24.56 73
S?Anet 89.87 72.55 49.14 15.6
SASM 86.54 69.63 41.58 15.8
Oriented RepPoints 85.72 68.16 36.67 204
Gliding Vertex 91.65 73.23 41.32 15.56
ARS-DETR 90.13 72.13 61.60 15.84
Oriented-Former 9225 72.98 58.47 16.38
YOLOvI11s-OBB 95.53 73.57 7.72 16.47

Ours 98.44 74.19 7.93 16.65

E. Visualization

To evaluate the performance of YOLO-RSL, representative
samples were selected from both DIOR and UCAS-AOD for
visual inspection and quantitative testing. Fig. 8 compares
detection results of YOLOv11s-OBB and our method on
DIOR-R. The orientation-agnostic baseline frequently misses
densely arranged targets at non-canonical orientations and
generates false positives in cluttered backgrounds with
repeated texture patterns. YOLO-RSL can accurately identify
and locate small targets (aircraft and vehicles less than 30 x 30
pixels). YOLO-RSL extracts the local characteristics of small
objects through its improved feature enhancement module, thus
improving the detection accuracy. In scenarios involving large
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objects, the recognition accuracy of the baseline algorithm is
also low. The most significant differences are in the ship and
aircraft categories, which have the highest aspect ratio. These
remarkable results are due to the improvement of the YOLO-
RSL feature fusion path and backbone network.

2 2 8l
- * L e

vehicle 0.84

X vehicle 0.87
vehicle 0.85

vehicie 0.87

Vvvehicie 08%:1e' 0.866 DX

(a) Original images (b) YOLOV11-OBB (c) YOLO-RSL

Fig. 8. Comparison of detection results on the DIOR dataset.

Fig. 9 shows the test results of YOLO-RSL on the UCAS-
AOD dataset. Our method shows high accuracy in target
detection, especially in aircraft detection, and the mAP value of
the model is relatively high. The mAPO0.5 value of automobile
detection is slightly lower than that of aircraft detection, but the
overall score is still very high. This result shows that the model
maintains good robustness for different types of objects. In
high-density scenarios such as airport aprons, the direction-
sensitive channel weighting mechanism of RO-iAFF can also
be handled well. However, the confidence score of some test
results is lower. These low-trust situations are concentrated in
two specific scenarios: the target is blocked, and the imaging
platform is different from the perspective of the training data.

Vol. 17, No. 8, 2026

At this time, the shape and proportion of the target may be very
different from the content recognized by the model, resulting in
a decrease in detection confidence. The feature extraction
component designed to be more stable under changes in
viewing angle and occlusion is a far-reaching research
direction in the future.

Fig. 9. The visualization of detection on the UCAS-AOD dataset.

V. CONCLUSION

This study presents YOLO-RSL, a unified framework that
operates across three synergistic levels: backbone
representation, neck-level feature fusion, and bounding-box
regression supervision. First, the novel RO-iAFF module
injects rotation-angle embeddings into the dual-stage iterative
attention fusion, making cross-scale channel weighting
explicitly orientation-aware; this represents the first known
integration of rotation prior into the multi-scale feature fusion
stage of a YOLO-series detector. Second, Swin Transformer
blocks embedded in the YOLOvI1s-OBB backbone enrich
global feature representation while preserving inference speed.
Third, the LFFE loss jointly constrains four geometric
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attributes of predicted OBBs, yielding more stable and
complete regression supervision. Experimental results on
DIOR-R and UCAS-AOD validate the effectiveness of each
component and demonstrate that YOLO-RSL achieves state-
of-the-art accuracy with fewer parameters than transformer-
heavy competitors. Future work will focus on extending
orientation awareness to the backbone stage, incorporating
multi-modal optical and SAR fusion, and applying knowledge
distillation for edge-device deployment.
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