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Abstract — In recent years, oriented object detection in remote sensing images has received increasing atten-
tion due to its wide range of application scenarios. However, in complex scenes, object features are often hard to
distinguish, making accurate object detection in this case still a challenging task. In this paper, we propose a
space-filling curve-based fractional fourier feature transformation detector (SF®Det) to achieve high-precision
oriented object detection in remote sensing images. First, we propose a fractional fourier transform based multi-
domain features extraction module. By utilizing amplitude and phase information, the module can provide
discriminative and enhanced features. Then, we adopt a locality-preserving feature serialization method for
regional proposals in two-stage detectors. Specifically, object features are unfolded along a space-filling curve to
obtain feature sequences with local correlation, which helps optimize model convergence and provides efficient
local semantic cues for subsequent prediction. Finally, we apply a joint consistency-aware loss to dynamically
adjust the optimization of classification and regression losses, consistently improving the performance of both
tasks. Extensive experiments on optical remote sensing datasets and synthetic aperture radar image datasets
demonstrate the superiority of SF3Det. Our method achieves mAPs of 90.6%, 79.92%, 89.90%, and 80.40% on the
HRSC2016, DOTA, SSDD, and HRSID datasets, respectively.
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I. Introduction made great progress in the field of computer vision.
The CNN-based methods have demonstrated superior
performance in extracting robust features and handling
data, object detection in remote sensing images has 13106 gcale image data, leading to the impressive results
become an essential task in the field of geospatial infor- iy hoth accuracy and efficiency [1]-[10].

mation analysis. Remote sensing object detection plays Object detection aims to determine the locations
a critical role in various applications such as urban  and categories of objects of interest in the images. The
planning, military reconnaissance, and disaster respon-  task is the basic for downstream applications. General
se. In particular, the emergence of deep learning tech- object detection frameworks achieved remarkable
niques, convolutional neural networks (CNNs), has success and were widely adopted in various computer

With the increasing of high-resolution remote sensing
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vision tasks [11]-[16]. Classical detectors such as faster
R-CNN [11], YOLO [12], and FPN [13] have demon-
strated strong performance in these tasks. However, the
characteristics of objects in remote sensing imagery are
significantly different from those in natural scenes. For
example, remote sensing object detection often suffers
from challenges such as complex backgrounds, large
variations in object scale, and the prediction issues in
arbitrary-oriented bounding boxes. To address these
issues, current detectors commonly adopt oriented
bounding boxes (OBB) to better represent rotated
object in remote sensing imagery. A series of methods
have been proposed from different steps of the detec-
tion pipeline (such as object representation [17]-[19],
label assignment [20]-[22], feature extraction [23]-][25],
and loss function optimization [26], [27]) to achieve
accurate oriented object detection.

Despite the progress made in this area, there are
still several issues remain unresolved. First, the fixed-
basis signal analysis methods are unable to extract
localized spatial-frequency structures, and usually over-
look phase information in the detection task. Second,
the Bird’s-eye view of remote sensing images typically
contains limited texture and semantic information,
especially for small objects. In this case, it is difficult
for detectors to distinguish the object via the low-qual-
ity features. Third, the object detection task consists of
two different subtasks: classification and localization.
However, a high classification score does not always
correspond to an accurate predicted box, and therefore
high-confidence predictions may not output the precise
detection results. Moreover, remote sensing images
contain complex spatial-spectral structures with diverse
textures, scales, and orientations. The fractional
Fourier transform (FrFT) provides a tunable interme-
diate domain between spatial and frequency representa-
tions, enabling adaptive extraction of both local tex-
tures and global spectral patterns. This balance makes
FrFT particularly effective for remote sensing scenes,
and this is also one of insights of our framework.

To address the above issues, we propose a space-
filling curve-based fractional fourier feature transforma-
tion detector (SF®Det) for high-precision oriented
object detection in remote sensing imagery. Specifically,
we first propose a FrFT based multi-domain features
extraction module. This module can provide discrimina-
tive and enhanced features by utilizing amplitude and
phase information. Then, we introduce a locality-
preserving feature (LFS) method to
enhance local contextual representation of objects. LFS
unfolds object features along a space-filling curve to
produce feature sequences with both global receptive
field and strong local correlation. This promotes effec-
tive feature learning and benefits subsequent classifica-
tion and regression. Finally, to alleviate the inconsis-
tency between the classification and regression
subtasks, we employ a joint consistency-aware loss
(JCA loss). The JCA loss couples the optimization of

serialization

classification and localization losses during training,
which helps to improve consistency between the two
subtasks to ensure that high classification scores could
indicate high-quality detection outputs.

In summary, we propose a novel oriented object
detector, SF3Det, with the following key contributions:

i) A FrFT based spatial-frequency joint features
extraction (FrFSP) module is proposed to extract
multi-domain features. By utilizing amplitude and
phase information, the module can provide discrimina-
tive and enhanced features for detection tasks.

ii) A LFS method is proposed to establish spatial-
contextual relationships using a space-filling curve,
which extracts locality-preserving features with robust
semantic representation.

iii) We apply a joint consistency-aware loss to
align the optimization processes of the classification
and regression subtasks, bridging the gap between
confidence of classification and evaluation criteria of
bounding box regression.

I1. Related Work

1. Generic object detection

Object detection serves as a fundamental task in
computer vision, aiming to accurately classify and
locate objects of interest in the images. It has wide-
ranging applications [1], [28]-[29]. Early methods relied
on hand-crafted features and sliding window strategies.
These approaches were limited by low accuracy and
poor generalization to complex scenes. With the rising
of CNNs, object detection entered a new era. Generally,
deep learning-based methods are commonly catego-
rized into two types: two-stage detectors and one-stage
detectors. Two-stage methods, such as the R-CNN
series [11], [30], first generate region proposals and then
refine detections in the prediction head. In contrast,
one-stage detectors directly predict object classes and
regress bounding boxes in a dense manner, such as
YOLO [12].

In these generic object detectors, they typically
involve two subtasks: object classification and bound-
ing box regression. The classification task predicts the
category label of the detected object, while the regres-
sion task estimates its spatial location and scale. To
improve the classification confidence, some methods
have been proposed to refine the confidence scores of
predictions [31]-[33]. For example, focal loss [33] and
generalized focal loss [32] address the extreme class
imbalance in dense object detection by down-weighting
well-classified examples to focus learning on hard nega-
tives in one stage detectors. On the other hand, to
improve regression accuracy, various strategies have
been proposed. For example, cascade R-CNN [34]
employs a multi-stage architecture with progressively
increasing intersetion over union (IoU) thresholds to
refining object localization and classification step by
step to improve detection quality. There are also many
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ToU-based loss functions directly optimize the spatial
overlap between predicted and ground truth boxes,
leading to more accurate and robust bounding box
regression compared to traditional ¢,, losses [22], [26].
More recently, there are also some detectors have
emerged with new perspectives on visual modeling [35].
Carion et al. [35] designs the DETR that uses trans-
former architectures in object detection by modeling
global relationships between image patches via self-
attention. The DETR discards the anchor boxes and
post-processing such as non-maximum suppression to
build a novel framework. Subsequent works, such as
deformable DETR [36], further improved convergence
speed and spatial precision. Simultaneously, the vision
transformer (ViT) [37] and its detection variants have
demonstrated strong capability in extracting long-range
dependencies and fine-grained spatial features. These
transformer-based detectors represent a significant shift
from traditional CNN architectures, offering new in-
sights for structured prediction in complex vision tasks.

2. Object detection in remote sensing images

Object detection in remote sensing images is a special-
ized task that aims to locate and classify targets from
aerial or satellite images. Compared with natural
scenes, remote sensing images often cover wide areas
and contain numerous densely packed, small-sized
objects with arbitrary orientations. Moreover, objects
may exhibit significant variations in scale, aspect ratio,
and background complexity [25]. These factors pose
unique challenges to detection algorithms. Most current
remote sensing object detectors shares the similar
frameworks with generic object detection, but there are
fundamental differences. Generic detectors are typi-
cally designed for objects annotated with horizontal
bounding boxes (HBBs). In contrast, remote sensing
objects are usually annotated with OBBs to better
capture rotated targets (e.g., ships, planes, vehicles).
Recent advances in remote sensing object detec-
tion have focused on addressing the unique challenges
of detecting arbitrarily oriented, small, and densely
packed remote sensing objects. These studies focus on
optimizing the detection pipeline such as object repre-
sentation [17], [38], label assignment strategies [20],
[22], feature extraction [23], [24], and loss function
design [26], [39]. First, for object representation, glid-
ing vertex [38] improved localization precision by
adjusting the positions of bounding box vertices along
object contours. In terms of label assignment method,
DAL [20] introduced a dynamic anchor learning mecha-
nism to dynamically select anchors based on object
geometry and feature responses with a newly proposed
metric matching degree. The SLA [22] proposed a
sparse label assignment strategy that selects a small set
of high-quality anchors based on angle-aware cost
metrics, effectively reducing label noise and improving
detection of oriented objects. Feature extraction is
crucial for CNN-based framework, and therefore many
researches focus on building robust feature representa-

tion for oriented objects in remote sensing images. For
example, S2ZA-Net [23] proposed a two-step alignment
mechanism to improve anchor-target alignment proce-
dure. Specifically, a feature alignment module is
applied to align the regional features according to the
anchor area, and then an oriented detection module is
adopted for orientation-sensitive prediction. ReDet [24]
utilizes a rotation-equivariant backbone to enhance
feature consistency under varying object orientations.
For efficient model training, some novel loss functions
have been proposed to address the angular periodicity
and loss oscillation issues. The GWD [19] and KLD [27]
models OBBS as two-dimensional (2D) Gaussian distri-
butions and computes their similarity to avoid angular
periodicity issue. The GCL [26] calibrated the gradient
contributions of object of different sizes during training,
effectively stabilizing optimization and improving the
detection performance.

Recently, transformer-based frameworks have
gained increasing attention in remote sensing object
detection. Oriented DETR [40] adapts the DETR
framework and modified the object query and predic-
tion heads to regress rotated bounding boxes, demon-
strating the feasibility of end-to-end oriented detection.
OrientedFormer introduced Gaussian positional encod-
ing for angle and size, and proposed a Wasserstein self-
attention to capture geometric relations [41]. The ARS-
DETR [42] enhanced angle regression for oriented
objects through an angle-aware circular smooth label
mechanism, a rotated deformable attention, and an
aspect-ratio-weighted angle loss, thereby achieving
competitive performance under stricter IoU thresholds.

II1I. Methodology

The overall architecture of our proposed SF?Det is
illustrated in Figure 1. In the first stage, SF3Det
employs a backbone network with a feature pyramid
network (FPN) [13] for multi-scale feature extraction.
Subsequently, the FrFSP module is utilized to obtain
discriminative and enhanced multi-domain features.
Then, region-of-interest (Rol) features are extracted via
the Rol Align operation. Next, a LFS module is
designed to generate robust feature representations for
the subsequent prediction heads. During the training
process, a JCA loss is introduced to enforce consis-
tency optimization between the classification and
regression subtasks.

1. Fractional fourier spatial-phase feature
extraction

The fixed-basis analysis methods are unable to extract
localized time-frequency structures. Thus, the FrFT is
used for localized feature representation [1], [43], [44].
By utilizing amplitude and phase information, the
multi-domain features can provide discriminative and
enhanced features for the detection task. In this part,
we designed a FrFSP feature extraction block as part A
of Figure 2 shows, which is a transform-domain filter
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Figure 1 The architecture of the proposed SF3Det.

and provide magnitude and phase features jointly.
The FrFT of a signal f(z) is defined in an inte-
gral kernel form as

Falfl = [~ Kofus)fa)as (1)

where the kernel function is

Ko, )= 1—icota exp (m (u?+x?) cosa—2ux)

27
(2)
Firstly, the FrFT is applied to the prepared FPN

signals X € REXHXW = and the fractional-domain
features after applying FrFT are

sin o

Xo = FalX®) = M, © eite (3)

where F, represents the 2D «-order FrFT operator,
which is applied to each spatial slice (H x W) for every
channel and batch. The M, =|X,| is the magnitude
while ¢, = arg(X,) is the phase. The © is the
Hadamard product.

For the magnitude part, two Conv blocks with
different window sizes T} =Csx5(M,) and To=Crx7(T1)
are applied, where Cpxj denotes convolutional layers
with k£ x k kernels.

For the phase part, a phase-aware weight module
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Figure 2 The pipeline of FrFSP module.

Predictions

is designed to extract the multi-domain phase feature
Po € REXHXW Phase feature is related to the struc-
tural details of input data. The phase-aware layes are
denoted as

Gout = 0(C1x1(0(Cax3(a)))) € RZW (4)

The output ¢y, is then split along the channel
dimension into two tensors, ¢ and ¢2, each of size
REXHXW The ¢ is the activation function.

Then, the multiple fractional phase-aware feature
X¢ € REXHXW g

X¢=¢1®T1+¢)2@T2 (5)

The motivations of designing the FrFSP module
include 1) an adaptive fractional order parameters «
enabling frequency feature selection, and 2) a phase-
aware weighting module for optimal multi-domain
feature fusion.

2. Locality-preserving feature serialization

Space-filling curves are continuous mappings from a
one-dimensional (1D) interval to a multi-dimensional
space that densely cover the target space [45]. The
Hilbert curve [46] is a special space-filling curve which
is known for its superior locality-preserving properties.
Let Hy:Zp — g,‘f denote a discrete Hilbert curve at
recursion level k, which maps a 1D index to a d-dimen-
sional grid point. A key mathematical property is that
the Hilbert curve preserves spatial locality under both
forward and (approximately) inverse mappings, i.e., for
any two adjacent points x,y € Zy, their images
Hi(z), He(y) are also adjacent or mnearby in Gg.
Conversely, under bounded distance conditions, the
inverse mapping 7—[,;1 satisfies the inequality as

M1 H(Q1) —H;  (Q2)| <o Q1 — Qa2 (6)

where ¢ >0 and @1,Q2 are adjacent spatial positions
on the discrete grid. This locality-preserving behavior is
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crucial when unfolding high-dimensional feature maps
into 1D sequences, as it ensures the preservation of
neighborhood relations and spatial coherence in the
serialized representation. Compared to raster scan [47]
or Z-order curve [48], the Hilbert curve achieves signifi-
cantly better performance in terms of minimizing the
maximum distance between neighbors in the original
space and the serialized order, making it particularly
advantageous for the convolutional operations after
flattening.

As depicted in Figure 3, raster scanning and
continuous scanning are simple but show poor spatial
coherence between neighboring pixels. This limitation
stems from their implementation as naive 1D traversal
methodologies. In contrast, space-filling curves intrinsi-
cally preserve local spatial relationships during 2D
image traversal, such as Hilbert curve Figure 3(e). Such
geometric preservation endows the features with supe-
rior locality-preserving properties which is essential for
vision tasks.

(a) (b) (©) (d) (e

1 Start 1 Start 1 Start 9 )

2 2 ] 2 8t End 7

3 3t 3 Tr 6

4 4 [ 4 o 5

5 5H] 5 ol 4

6 6 [ 6 M 3
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12345678 12345678 12345678 9123456789 0123456738

Figure 3 Comparison of different feature scanning paths. (a) Raster

curve; (d) Peano curve; (e) Hilbert curve.

Therefore, we incorporate the Hilbert curve as a
special case into our proposed LFS module to enhance
the spatial representation of region features. Given an
Rol-aligned feature map F € R¥*"*¢ we first apply a
discrete Hilbert curve Hy:{0,1,...,n—1} — {(=4,
i) }1= to serialize the 2D spatial grid (w,h) into a 1D
sequence of n = w - h positions, while preserving local
neighborhood structure. The serialized feature S €
R™*¢ is defined as

S; = F (Hp(i),:) = F(x4,9;,:),fori =0,1,...,n—1
(7)

This step rearranges the spatial dimensions into a
1D sequence while maintaining spatial coherence. Next,
a 1D convolutional layer C; is applied to S to capture
contextual dependencies in the serialized domain as

S =y (8),8 e Rm< (8)

The output S’ is subsequently aggregated using
global average pooling or flattening, followed by a
multi-layer perceptron (MLP) to generate the final
representation z as

z = MLP(Flatten(S")) (9)

The resulting vector z is passed into task-specific

heads for classification and regression as

gcls = fcls(z)v Z}rcg = frcg(z) (10)
where Fys and F. denote the classification and
regression branches, respectively. This process ensures
that the feature representation is both compact and
locality-aware, which is particularly beneficial when the

scanning; (b) Continuous scanning; (¢) Z-order curve [48]-order

receptive field is limited and small object features need
to be preserved.

The advantages of using the LFS module are
threefold. First, intuitively, by adopting a locality-
preserving Hilbert curve, the spatial coherence among
neighboring pixels is retained even after serialization.
This is critical to maintain meaningful spatial struc-
tures subsequent prediction. Second, the 1D convolu-
tion applied over the serialized sequence helps to effec-
tive build long-range dependencies with significantly
reduced computational overhead compared to full 2D
convolutions. Third, the LFS module provides a flexi-
ble plug-in component that can be seamlessly inte-
grated into existing two-stage detection frameworks. It
enhances the robustness of feature representations,
especially for small or densely packed objects where
fine-grained spatial cues are required. Furthermore,
LFS requires no additional learnable parameters for
position modeling, thereby avoiding potential overfit-
ting risk. In conclusion, the LFS module offers a princi-
pled and efficient approach to improving Rol-level
feature representation while maintaining strong spatial
locality.

3. Joint consistency-aware loss

Current object detectors typically treat classification
and regression as independent tasks, optimizing them
separately via cross-entropy loss and regression loss
(e.g., Smooth L; loss [30], IoU loss [26]). However, the
independent learning of the two sutasks may lead to
inconsistent predictions. For instance, a predicted
bounding box might achieve a high classification score
while having poor localization accuracy, or vice versa.
These inconsistency would degrade the final detection
performance after non-maximum suppression (NMS).
To illustrate this, we first review the conventional



Space-Filling Curve-based Fractional Fourier Feature Transformation for Oriented Object Detection in... 1385
two-stage detection loss as A = €lgPi) = p. . Thus,
C:( CE(p;,vy; ¢ —q, =/
N gz:v (ps- ;) Op; Ipi Di
5 5 Substituting these back gives as
+ Z (Ereg(biabi) +£rpn(riabi))) (11) s 8
4€ Ny oLt 1+
JCA r
= — L Lireo 15
op; Di + (Lopn + Lree) (15)

where p; and y; denote the predicted classification
score and ground truth label, respectively. The b; and
b; are the regression output and its ground truth from
the detection head, while r; denote proposals from the
RPN. The N is the all candidate samples, and N
denotes the positives. The CE(:) is the cross-entropy
loss and Lyeq(-) is the Smooth L; loss used for oriented
bounding box regression.

To mitigate the inconsistency between classifica-
tion and regression tasks, inspird by harmonic loss [49]
for one-stage detectors, we design a joint consistency-
aware (JCA) loss for two stage detectors, which incor-
porates mutual guidance between classification and
regression tasks using adaptive modulation weights.
Specifically, for each output box predicted from a posi-
tive sample as

Lica =L+ \) - CE(pi, ys)
+(1+A) - (Erpn(m bi) + Lyeg(bi, 31)) (12)

where the modulation -coefficients A\, and )\, are
dynamically adjusted according to the current state of
the regression and classification branches as

67 (L',,Im(Ti ,i)i )Jr[:,cg(bi ,BL)) ,

A =
Ao = e CE(Pi i) (13)

The JCA loss introduces a symmetric supervision
mechanism. When the regression quality is poor, indi-
cated by large values of L., and Ly, the classifica-
tion loss is down-weighted through a smaller ;. This
adjustment encourages the network to focus on improv-
ing the regression branch first. Conversely, if the classi-
fication confidence is low, the regression branch is
down-weighted by A., promoting the network to
enhance class representation learning initially. In cases
where both branches perform well, the values of A\, and
Ac are both high, providing strong and positive supervi-
sion signals. However, for hard positive samples where
both losses are large, both weights become small, which
helps prevent the model from overfitting to noisy.

To better understand how the JCA loss affects the
training process, we first analyze the gradient of Efjc A
with respect to p; as

IL5cn OCE(pi, ys) O

ZHICA i <28 474 i

Op; (L+2) Op; + (Ln + L) Op;
(14)

Given that CE(p;,y;) = —log(p;), it follows that

This expression indicates that the classification
gradient depends not only on the classification error
but is also modulated by the regression loss. Specifi-
cally, when the regression loss (Lipn + Lreg) is large, the
absolute value of the gradient on p; decreases, which
suppresses the confidence scores for poorly localized
predictions.

Then, we analyze the gradient of the JCA loss
with respect to the regression prediction. Take the final
prediction b; for example, the regression loss is
(1+ Ac) - Lreg(bi, bi), where A\, = e~ E@i¥:) depends on
the classification error. The gradient of the loss with
respect to EZ is

(]

% — (1 + )\C) . %Bbubz) + ‘Creg(bi,gi) ) 8{%

(16)
Since A, only depends on the classification loss and

does not depend on Z)i, we have

e
Ob;

0 (17)

Therefore, the gradient simplifies to

oLt Te i7Ai
A — 140 w

18
0b; 0b; (18)

It indicates that the regression loss gradient is
modulated by the factor (1+ A.). When the classifica-
tion error is high, A. is small, thus reducing the regres-
sion gradient to prevent overfitting to poorly classified
samples. Conversely, when classification error is low,
the regression gradient is amplified, encouraging the
model to focus on bounding box regression.

By incorporating regression-aware classification
supervision and classification-aware regression supervi-
sion within a unified joint loss, the JCA loss effectively
mitigates the training imbalance between classification
and regression tasks.

IV. Expriments

1. Implementation details

All experiments were conducted on high-performance
computing nodes with two NVIDIA GeForce RTX 4090
GPUs (24 GB GDDR6X VRAM for each). The
proposed method were implemented with PyTorch
2.1.0 compiled against CUDA 12.1. We used stochastic
gradient descent as optimizer to train the model with
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momentum set to 0.9. Initial learning rate was set to
0.02, decaying by an order of magnitude at 50% and 75%
of the total training duration. The batch size is set to 8.
We used the backbone pretrained on ImageNet [50] in
all experiments. Data augmentation was applied during
training for better performance. Our adopted augmen-
tation strategies include: random flipping, random rota-
tion, HSV color space perturbation, and stochastic
multi-scale resizing. For DOTA dataset, we employed
test-time multi-scale augmentation with three-scales
{0.5,1.0,1.5}.

In our experiments, we use average precision
(AP)s0 and APy; for performance evaluation. The
AP5o and AP75 denote the AP at IoU thresholds of 0.50
and 0.75, respectively. The AP5q reflects the model’s
general detection ability, while AP75 emphasizes
precise localization results.

We used four datasets to verify the effectiveness of
the proposed method, including two optical remote
sensing image datasets HRSC2016 [51] and DOTA [52],
and two synthetic-aperture radar (SAR) image datasets
SSDD [53] and HRSID [54].

The HRSC2016 is the benchmark for ship recogni-
tion in high-resolution satellite imagery. It contains 1061
sub-meter resolution images acquired by Google Earth.
The dataset adopts hierarchical labeling with three
class tiers: background, generic ships, and specialized
warship subtypes. Official partitions include 436 train-
ing images, 181 validation images, and 444 test images.
We train the model for 72 epochs on HRSC2016
dataset.

The DOTA is the most commonly used public
aerial image dataset for oriented object detection. It
contains 2806 images (~ 4000 x 4000 pixels) collected
from Google Earth and JL-1 satellites. There are 188,282
rotated bounding box annotations across 15 categories:
plane (PL), baseball diamond (BD), bridge (BR),
ground track field (GTF), small vehicle (SV), large
vehicle (LV), ship (SH), tennis court (TC), basketball
court (BC), storage tank (ST), soccer ball field (SBF),
roundabout (RA), harbor (HA), swimming pool (SP),
and helicopter (HC). We train the model for 12 epochs
on DOTA dataset.

The SSDD is a SAR dataset specialized for ship
detection research. It contains 1160 SAR images from
Sentinel-1, TerraSAR-X, and RadarSat-2 platforms.
The dataset contains more than 2000 ship targets with
bounding box annotations. We train the model for 72
epochs on SSDD dataset.

The HRSID is a popular benchmark for high-reso-
lution SAR ship detection. The dataset contains 5604
images and 16951 ships. We train the model for 72
epochs on HRSID dataset.

2. Ablation study

i) Component-wise ablations

To validate the effectiveness of the proposed modules,
we conducted ablation studies on the individual compo-

nents of SF3Det. As shown in Table 1, we report AP
and APr5 to respectively reflect general detection
performance and high-precision object localization
capability. Specifically, the proposed FrFSP module
achieves 83.5% by extracting both amplitude and phase
feature in fractional frequency domains, leading to 0.8%
AP5p gains over the baseline. On this basis, we further
incorporate the LFS module to introduce spatially
semantic local feature correlation, which boosts APs5g
by an additional 5.2%. Finally, the application of the
JCA loss enhances the consistency between the classifi-
cation and regression branches, ensuring that high clas-
sification confidence corresponds to accurate localiza-
tion. In this way, JCA loss yields a 1.2% improvement
in AP75. These results demonstrate that proposed
modules contribute to consistent performance improve-
ments.

Table 1 Experiments on different modules of the proposed SF3Det

Models Metrics
FrFSP module | LFS module | JCA loss | AP5o(%) | AP75(%)
82.7 69.5
v 83.5 69.6
v 87.1 69.5
v v 88.7 69.9
v v v 89.1 71.1

Note: The bold fonts indicate the best performances.

ii) Effect of fractional fourier spatial-phase feature
extraction module

As shown in Table 2, we evaluate the FrFSP module’s
performance under varying fractional orders. The table
illustrates that the module achieves its best APgg of
83.5% at 0.4 fractional order and its best APrs of
70.3% at 0.6 fractional order. The spatial domain
achieves AP35y values of 80.7% and the Fourier domain
with order 1.0 achieves 80.8%. Compared to these
traditional transforms, the FrFSP performs better by
providing multi-domain features that leverage both
amplitude and phase information. The adaptive ability
of the FrFSP module allows it for selecting optimal
fractional domain feature, which contribute to the
improvement of detection performance.

Table 2 Effects of different settings in FrFSP module

Order AP 50 (%) AP75(%)

0.0 (Spatial domain) 80.7 69.1
0.2 80.8 69.6

0.4 83.5 69.6

0.5 83.3 69.5

0.6 82.8 70.3

0.8 80.9 69.7

1.0 (Frequency domain) 80.8 69.6

Note: The bold fonts indicate the best performances.
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iii) Effect of locality-preserving feature serialization

To further discuss the performance of the LFS module,
we conducted experiments to evaluate the impact of
different serialization strategies. The results are
presented in Table 3. The default kernel size is with
d = 1. First, compared to traditional scanning meth-
ods such as raster scan and continuous scan —which
tend to disrupt the spatial correlations of local
features —space-filling curves enable spatially coherent
feature sequence unfolding, thus demonstrating supe-
rior performance. For instance, both the Z-order curve
and the Hilbert curve outperform the raster scan in
terms of APsy by 1.6%. Furthermore, we explored
convolution kernels with varying receptive fields and
observed that excessively large receptive fields may
actually lead to performance degradation by 0.4%. In
general, a larger receptive field is beneficial to capture
long-range dependencies in standard convolutions.
However, the Hilbert curve provides a feature traversal
that inherently preserves local continuity, and a large
stride would instead disrupt this local property, signifi-
cantly weakening the spatial dependencies between
adjacent pixels. Therefore, for SFCs that scan along
complex paths, a large stride can actually degrade
model performance.

Table 3 Effect of different serialization methods in LF'S module

Scanning path Kerner size AP 50 (%) AP75 (%)
Raster scan [47] 1*9 85.5 69.3
Continuous scan 1*9 85.8 69.2

Z-order curve [48] 1*9 87.0 67.6
1*9 87.1 69.5

Hilbert curve [46] o %4 09:5
1*3 (d=2) 85.6 67.7

1*9 (d=2) 86.7 69.3

Note: The bold fonts indicate the best performances.

We can also analyze results from the view of
spatial continuity. Different space-filling curves exhibit
distinct abilities to preserve spatial locality, which criti-
cally influences serialized feature coherence. Let C
denote a curve mapping C:Z%2 — R. The locality
preservation can be quantified as L(C) = % Zf\i_ll |Dit1
—pill2, where p; and p;y1 are adjacent positions in the
traversal order. Empirically, Z-order and raster scans
yield large £ due to frequent discontinuities, while
continuous and Hilbert curves progressively reduce L
through smoother traversal. The Hilbert curve achieves
the minimum £, providing superior locality preserva-
tion and consequently stronger feature consistency,
which explains its best performance among all curves.

In addition, we explored the performance of using
the LFS module to serialize features into sequences and
then reconstruct them into 2D local representations for
prediction. Typically, the serialization and reconstruc-
tion strategies are expected to be consistent for

spatially alignment. However, we found that adopting
different strategies for serialization and reconstruction
can yield the unexpected performance gains. As shown
in Table 4, reconstructing features serialized by raster
scanning using a Hilbert curve led to increases of 1.6%
in APsp and 3.1% in AP75. Furthermore, when
features were unfolded using the Z-order curve and
reconstructed via the Hilbert curve, AP5y was signifi-
cantly improved by an additional 3.9%. We suggest
that for feature blocks in Rol representations,
mismatched serialization and reconstruction paths push
the hidden layers to learn dependencies between local
feature blocks. Such dependencies effectively capture
long-range relationships on top of local representations,
thereby enhancing the robustness of features and ulti-
mately improving detection performance.

Table 4 Performance evaluation of serialization-reconstruction

combinations
Serialization Reconstruction APs0 (%) | AP75(%)
Raster scan [47] Continuous scan 82.8 66.3
Raster scan [47] | Z-order curve [48] 84.5 68.6
Raster scan [47] Hilbert curve [46] 84.4 69.4
Z-order curve [48] | Hilbert curve [46] 88.3 67.4

Note: The bold fonts indicate the best performances.

3. Main results

i) Results on HRSC2016 dataset

The results on HRSC2016 dataset are shown in Table 5.
The HRSC2016 contains numerous ships with large
aspect ratios, and therefore the accurate detection of
these ship are challenging. As a result, SF®Det achieves
the mAP of 90.60%, surpassing many recent state-of-
the-art methods. Visualization of detection results are
shown in Figure 4.

Table 5 Comparison with other methods on the HRSC2016
dataset
Methods Reference mAP (%)
DAL [20] AAAT 2021 89.77
GWD [19] ICML 2021 89.85
OSKDet [55] CVPR 2022 89.98
TIOE-Det [39] ISPRS&RS 2023 90.16
S2 A-Net [23] TGRS 2021 90.17
GCL [26] TGRS 2024 90.19
SASM [56] AAAT 2022 90.27
DDDet [14] TGRS 2024 90.27
O-RepPoints [57] CVPR 2022 90.38
SGKLD [58] TGRS 2023 90.40
ReDet [24] CVPR 2021 90.46
O-RCNN [59] ICCV 2021 90.50
TSConv [60] TNNLS 2024 90.59
SF3Det (Ours) - 90.60

Note: The bold fonts indicate the best performances.
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Figure 4 Detections on HRSC2016 dataset.

ii) Results on HRSID dataset and SSDD dataset

The SSDD and HRSID datasets are designed for high-
precision oriented object detection in SAR imagery.
Challenges such as low image resolution, significant
noise, and cluttered backgrounds make precise detec-
tion in SAR scenes particularly difficult. As shown in
Table 6 SF?Det achieves mAP of 89.90% on SSDD and
80.40% on HRSID, establishing new state-of-the-art ben-
chmarks. Detection examples are illustrated in Figure 5.

iii) Results on DOTA dataset

The DOTA dataset [52] serves as the most prominent
large-scale benchmark for aerial oriented object detec-
tion in remote sensing images. We evaluate the perfor-
mance on this benchmark and compare it with many
current advanced methods, as presented in Table 7.
SF?Det achieves a leading mAP of 79.92%, surpassing
numerous state-of-the-art models and highlighting its

Table 6 Comparison with current methods on SSDD and HRSID
datasets

Methods Reference mAP(%)
SSDD HRSID
R-Retinanet [33] ICCV 2017 78.32 68.07
S2 ANet [23] TGRS 2021 89.57 79.44
ReDet [24] CVPR 2021 90.04 79.84
R3Det [61] AAAT 2021 81.04 70.92
O-RCNN [59] ICCV 2021 89.45 71.38
RR-GWD [19] ICML 2021 78.55 74.43
RR-KLD [27] NeurlPS 2021 84.18 75.46
SASM [56] AAAT 2022 88.98 76.09
O-RP [57] CVPR 2022 89.94 79.70
RR-PSC [62] CVPR 2023 79.14 67.82
CF-ORNet [63] TGRS 2023 89.85 74.40
SF3Det (Ours) - 89.90 80.40

Note: The bold fonts indicate the best performances.

(b)

strong detection capability. Visual examples on the Figure 5 Detection results on the SAR datasets. (a) SSDD;
DOTA dataset are shown in Figure 6. (b) HRSID.
Table 7 Comparision with state-of-the-arts on the DOTA dataset
Methods PL | BD | BR |GTF| SV | LV | SH | TC | BC | ST |SBF| RA | HA | SP | HC |mAP(%)
GCL [26]  |89.65|85.1343.25|77.41|81.25 | 77.93 | 86.69 | 90.90 | 86.93 | 84.49 | 64.13 | 65.77 | 68.14 [ 78.51 [61.31| 76.10
R®Det [61] [89.80|83.77|48.11|66.77|78.76|83.27|87.84|90.82 |85.38 | 85.51 | 65.67| 62.68 | 67.53| 78.56 | 72.62| 76.47
DAL [20]  |89.69|83.11|55.03|71.00|78.30|81.90 | 88.46|90.89 |84.97 | 87.46 | 64.41 | 65.65 | 76.86 | 72.09 | 64.35| 76.95
DCL [64]  |89.26|83.60 |53.54|72.76|79.04|82.56 | 87.31|90.67 |86.59 | 86.98 | 67.49 | 66.88 | 73.29 | 70.56|69.99 | 77.37
32&32?: GWD [19]  |89.06|84.32|55.33|77.53 | 76.95|70.28 |83.95 |89.75 | 84.51 | 86.06| 73.47 | 67.77 | 72.60| 75.76 | 74.17| 77.43
O-Rep. [57] |89.11|82.32|56.71|74.95|80.70|83.73 |87.67|90.81 |87.11 | 85.85 | 63.60 | 68.60 | 75.95 | 73.54 |63.76 | 77.63
KLD [27]  [88.91|85.23|53.64|81.23|78.20(76.99 | 84.58|89.50 | 86.84|86.38 | 71.69 | 68.06 | 75.95 | 72.23 | 75.42| 78.32
S2A-Net [23] |89.28[84.11|56.95|79.21 |80.18|82.93 89.21 |90.86 | 84.66 | 87.61|71.66 | 68.23 | 78.58(78.20 [65.55 | 79.15
SASM [56] |89.54|85.94(57.73|78.41|79.78 |84.19|89.25 | 90.87|85.80 | 87.27 | 63.82| 67.81 | 78.67 | 79.35 | 69.37| 79.17
Rol-Trans. [65] |88.64 |78.52|43.44|75.92|68.81 |73.68|83.5990.74|77.27|81.46 | 58.39 | 53.54| 62.83 | 58.93|47.67| 69.56
SCRDet [66] |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
FRED [67] |89.37|82.12|50.84|73.89|77.58 77.38|87.51[90.82|86.30 | 84.25|62.54 | 65.10(72.65 [ 69.55|63.41| 75.56
CSL [18]  |90.25|85.53|54.64|75.31|70.44|73.51|77.62|90.84|86.15 |86.69(69.60 |68.04|73.83|71.10|68.93| 76.17
Tdve:‘;:ttjrg: RSDet [68] |89.93|84.45|53.77|74.35|71.52|78.31|78.12|91.14 | 87.35| 86.93| 65.64|65.17| 75.35| 79.74|63.31| 76.34
COBB [69] |89.52(84.98|54.99|72.16|77.71|82.81|88.10(90.81 |85.45 | 85.62 | 63.89 | 66.15 | 76.64|70.13|59.05| 76.53
SCRDet++ [70]]90.05 |84.39|55.44|73.99 | 77.54|71.11|86.05|90.67 | 87.32| 87.08 | 69.62|68.90 | 73.74|71.29 | 65.08| 76.81
AProNet [71] [88.77[84.95 [55.27|78.40 | 76.65 | 78.54 | 88.45 | 90.83 | 86.56 | 87.01 | 65.62 | 70.29 | 75.43| 78.17|67.28| 78.16
SF3Det 88.44(83.82(60.00 | 78.95 | 80.83 | 84.69 | 88.73(90.53 | 85.87| 86.56 | 69.16 | 67.71 | 78.98 | 82.51|72.09| 79.92

Note: The bold fonts indicate the best performances.
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Figure 6 Visualization of detections on DOTA dataset.

V. Conclusion

In this paper, We propose SF?Det, a novel framework
that integrates space-filling curve and fractional
Fourier feature transformation to addresses the chal-
lenges of oriented object detection in remote sensing
images. First, a FrFT based multi-domain features
extraction module is proposed. By utilizing amplitude
and phase information, the module can provide discrim-
inative and enhanced features. Next, a novel locality-
preserving feature serialization method is designed to
use space-filling curves to build geometrically coherent
features with spatial contiguity. Then, a joint consis-
tency-aware loss is applied to address task-misalign-
ment in multi-task learning by establishing dynamic
cross-task supervision during training. Comprehensive
experiments on remote sensing datasets prove the
state-of-the-art performance of the proposed method.

Furthermore, we suggest that the deterministic
traversal pattern of SFCs may limit adaptability to
irregular or non-convex spatial structures. Their inher-
ent ability to preserve locality and hierarchical continu-
ity makes them particularly effective for structured
feature encoding. Therefore, we will explore integrat-
ing SFCs with adaptive or data-driven scanning strate-
gies could further enhance their flexibility, offering new
perspectives for efficient spatial reasoning in future
vision systems.
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