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Abstract

Satellite object detection in space surveillance is challenged by sparse and weak targets
in large-scale, structured backgrounds (e.g., star fields, clouds, and streak noise). Such
interference is not random but exhibits spatial correlation and frequency regularity, causing
target responses to be overwhelmed and difficult to separate within a single representation
space. To address this issue, we propose a lightweight framework, termed DRSS-Net,
based on the key observation that target-background separability can be enhanced across
complementary representation coordinate systems. Specifically, spatial modeling captures
local structural consistency, while frequency-domain processing characterizes global energy
distribution and structured patterns. By alternating between these domains, the proposed
method enables constraint propagation, where predictable background patterns are sup-
pressed, and structurally inconsistent target responses are emphasized. In the spatial
domain, a mutual conditioning mechanism with asymmetric channel allocation enhances
the consistency between localization and semantic responses. In the frequency domain,
a coupled refinement module models the interaction between energy distribution and
structural configuration to distinguish structured background from anomalous targets. In
addition, a scale selection strategy retains stable intermediate representations for efficient
detection. Experiments on two independent space target datasets demonstrate that DRSS-
Net consistently achieves superior detection performance with a compact model size under
diverse observation conditions, including variations in target appearance, illumination,
and structured background interference.

Keywords: satellite object detection; space surveillance; cross-domain representation;
constraint propagation; lightweight detection

1. Introduction

Satellite object detection is a fundamental component of space surveillance systems,
supporting tasks such as catalog maintenance, on-orbit monitoring, and collision risk assess-
ment [1,2]. In contrast to conventional object detection scenarios, space-based observations
are characterized by sparse targets and large-scale background interference, where weak
target responses are often entangled with globally distributed patterns such as star fields
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and cloud structures. This leads to a fundamental challenge in representation learning,
where target and background become difficult to separate within a single feature space.

Recent advances in object detection have focused on both architectural efficiency
and representation enhancement. CNN-based detectors, such as YOLO [3-7] and RT-
MDet [8], continuously improve the trade-off between accuracy and efficiency through
optimized backbone, neck, and detection-head designs. Meanwhile, Transformer-based
approaches [9-12] introduce attention-driven end-to-end detection frameworks that elimi-
nate hand-crafted post-processing components and achieve competitive performance.

To improve detection under complex backgrounds, several studies have explored
enhanced feature representations and multi-scale modeling strategies. FFCA-YOLO [13]
and FBRT-YOLO [14] improve small-object detection through feature calibration, atten-
tion mechanisms, and feature reuse strategies. CSFPR-RTDETR [15] further incorporates
spatial-frequency modeling to capture structured background patterns and improve target
discrimination. Beyond detector architecture, HRNet [16] demonstrates the importance
of preserving high-resolution representations for accurate localization and fine-grained
structural perception. These studies highlight the value of multi-scale feature preserva-
tion, cross-domain representation learning, and context-aware modeling for challenging
detection scenarios.

Recently, frequency-domain representation learning has attracted increasing atten-
tion in visual recognition. Wang et al. proposed frequency-domain disentanglement for
UAV object detection by separating domain-invariant and domain-specific spectral compo-
nents [17]. Lin et al. introduced deep frequency filtering to enhance transferable frequency
responses through learnable spectral attention [18]. Sun et al. further explored joint spatial-
frequency representation learning via spatial-frequency entanglement mechanisms [19].
Other studies have investigated frequency perception and frequency-aware feature aggre-
gation for improving feature discriminability [20]. Although these methods demonstrate
the effectiveness of spectral representations, they primarily focus on feature enhancement
or cross-domain interaction.

Despite recent progress, most detectors focus on architectural efficiency or single-
domain feature enhancement, implicitly assuming sufficiently strong target responses and
locally uncorrelated background noise. However, this assumption does not hold in satellite
imagery, where sparse and weak targets are embedded in large-scale structured back-
grounds with strong spatial correlation and frequency regularity. Under such conditions,
the limitation lies not merely in feature extraction capacity, but in the inadequacy of repre-
sentation itself. When target and background are modeled within a single representation
space, weak targets are easily overwhelmed by structured interference, leading to poor
feature separability. In contrast, background patterns exhibit predictable regularity in the
frequency domain, while targets are characterized by local structural consistency in the
spatial domain. This suggests that target-background separability can be enhanced when
features are analyzed across complementary representation spaces, rather than within a
single domain.

Unlike existing spatial-frequency or attention-based detectors that primarily aim
to enhance feature representations, the proposed framework focuses on improving tar-
get-background separability through coordinated modeling across complementary rep-
resentation spaces. We propose a lightweight spatial-frequency framework for satellite
object detection. The core idea is to alternate between spatial and frequency representations,
enabling constraint propagation across domains, where predictable background patterns
are progressively suppressed and structurally inconsistent target responses are emphasized.
Furthermore, we observe that feature reliability varies significantly across scales in satellite
imagery, where shallow features are noise-dominated and deep features suffer from exces-
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sive compression. This motivates a scale selection strategy that retains stable intermediate
representations for robust and efficient detection. The main contributions of this work are
summarized as follows:

*  We introduce a spatial mutual conditioning (SMC) mechanism to address the entan-
glement between semantic responses and spatial structures. By decoupling features
into semantic and structural components and modeling their where-what interaction,
the proposed module improves feature discriminability and structural consistency
under low-SNR conditions.

*  We develop a spectral coupled refinement (SCR) module to model the interaction
between energy distribution and structural configuration in the frequency domain. The
proposed decoupling-refinement design enhances the stability and discriminability of
weak target representations under noise and distortion.

*  We present a lightweight spatial-frequency framework that jointly integrates com-
plementary domain modeling and stability-guided scale selection. By coordinating
representation across domains and scales, the proposed design achieves improved
feature reliability while maintaining a compact architecture and efficient computation.

2. Methods
2.1. Overall Architecture

The proposed framework, termed Decoupling-Refinement Spatial-Spectral Network
(DRSS-Net), is built upon a YOLOv12-style detection pipeline [21], as illustrated in Figure 1.
In large-scale space observation imagery, weak targets are easily overwhelmed by back-
ground interference during hierarchical feature extraction, leading to progressive tar-
get-background feature entanglement. To address this issue, we redesign the backbone
using cascaded Spatial-Frequency Sequential Modeling (SFSM) stages, which explicitly
perform feature disentanglement and refinement throughout the representation learning
process. The resulting multi-scale features are subsequently processed by a scale-aware
detection pipeline tailored for sparse target detection.

A key characteristic of the proposed framework is the alternating spatial-frequency
modeling strategy implemented throughout the backbone. Specifically, each stage consists
of a spatial mutual conditioning (SMC) module followed by a spectral coupled refinement
(SCR) module. Rather than treating spatial and frequency representations as independent
branches, the network progressively alternates between the two representation spaces
across multiple stages. This design is motivated by the observation that target-background
ambiguity cannot be fully resolved within a single representation domain. Spatial represen-
tations emphasize local structural consistency, whereas frequency representations capture
global energy regularity. By repeatedly alternating between these complementary domains,
discriminative cues extracted in one representation space are inherited and further refined
in subsequent stages.

Let P; denote the input feature representation at the (/) stage. The proposed backbone
is composed of L cascaded SFSM stages. The output of the (I)-th stage is defined as

P = fs(QR (}'S(QIC(PZ_Q), 1=2,...,L 1)

where Fgpic and Fgcr denote the spatial mutual conditioning and spectral coupled refine-
ment modules, respectively. Each stage inherits the refined representation generated by the
previous stage and further performs structural disentanglement in the spatial domain fol-
lowed by spectral refinement in the frequency domain. Consequently, structural constraints
established at earlier stages are progressively preserved, propagated, and strengthened
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throughout the backbone. We refer to this recursive refinement process as spatial-frequency
constraint propagation.
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Figure 1. Overview of the proposed Decoupling-Refinement Spatial-Spectral Network (DRSS-Net)
for satellite object detection. The framework is built upon a YOLOv12-style architecture with a
redesigned backbone and scale-aware structural adaptation. Specifically, the deepest feature level
(Ps) is removed to avoid excessive spatial compression, while the shallow level (P;) is excluded from
prediction due to noise dominance but still participates in feature aggregation through the neck. The
backbone is composed of cascaded spatial-spectral modules, where spatial mutual conditioning
improves feature identifiability by modeling where-what coupling, and spectral coupled refinement
enhances structural consistency via frequency-domain interaction. The neck employs bidirectional
feature aggregation, and the detection head produces predictions only at intermediate scales (P; and
P;), achieving a balance between robustness and efficiency.

2.2. Noise-Aware Scale Pruning for Feature Pyramid Optimization

In large-scale space observation imagery, feature pyramid levels exhibit highly uneven
information quality under low complex background noise conditions. Shallow features
tend to be noise-dominated, while overly deep features suffer from excessive spatial com-
pression. This motivates a noise-aware scale selection strategy that emphasizes informative
intermediate representations.

Given an input image I, the backbone produces multi-level features:

{P2/ PS/ P4} = ]:backbone(l)/ (2)

where the deepest level P5 is removed to avoid over-compressed semantics that are less
informative for weak and sparse targets. The multi-scale features (P,, P;, P;) are gener-
ated from different depths of the cascaded SFSM backbone. Therefore, each pyramid
level not only encodes features at a particular spatial scale but also reflects a different
degree of spatial-frequency propagation. Deeper levels correspond to progressively refined
representations obtained through repeated spatial-spectral interactions.

The multi-level features are fed into a standard bidirectional feature pyramid
(FPN/PAN) for cross-scale aggregation. Different from conventional designs, we introduce
an additional spatial refinement only at the highest available level:

Py = Fomc (Py), 3)

where Fgpc () denotes the proposed spatial mutual conditioning (SMC) module. This
operation serves as a structural alignment step, which reorganizes spatial responses and
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mitigates the inconsistency introduced by cross-scale feature aggregation. P; is used to
replace P, in the subsequent feature aggregation. This design is motivated by the need for
structural alignment during multi-scale feature fusion. While the bidirectional aggregation
enhances semantic richness, it also introduces structural inconsistency due to the mixing of
features with different resolutions and signal qualities. As a result, the spatial configuration
of weak targets can become distorted or misaligned across scales. The Py level provides a
favorable trade-off between semantic abstraction and spatial resolution. After top-down
aggregation, it carries relatively strong semantic cues but may still suffer from structural
inconsistency due to weak target responses. Applying SMC at this level acts as a structural
alignment mechanism, which reorganizes spatial responses and restores coherence between
localization cues and semantic information before further propagation. In contrast, we do
not apply spectral refinement at this stage. Since P, has already undergone substantial
downsampling, its high-frequency content is limited, making additional frequency-domain
processing less effective. Spatial refinement is therefore more suitable for consolidating
structural information and achieving stable structural alignment at this level.

Given the multi-level features extracted from the backbone, the cross-scale feature
aggregation is performed, producing refined feature representations:

{P2, P3, Py} = N ({Py, P5, Py}). @
After feature aggregation, the detection head produces predictions only on the following;:
Y = H({Ps, P1}), (5)

while the shallow level P, is excluded from direct prediction due to its noise-dominated
nature. Nevertheless, P, is retained within the pyramid to support feature propagation and
enhance fine-grained information flow.

Overall, the proposed design performs noise-aware scale pruning by selectively sup-
pressing ineffective scales (e.g., P5 and P, for prediction), while reinforcing informative
intermediate representations. The targeted refinement at P4 further improves structural
consistency, leading to more robust feature representations under complex background
noise and sparse target conditions.

2.3. Structural Decoupling with Spatial Mutual Conditioning

In large-scale satellite imagery under complex background noise conditions, feature
representations are severely entangled, where target responses are mixed with background
noise across both spatial structures and semantic responses. Direct feature enhancement
tends to amplify noise together with signals, leading to unstable localization and degraded
discriminability. To address this issue, we propose a structural decoupling strategy that
separates feature representations into complementary components, followed by a mutual
conditioning mechanism to restore their interaction, as illustrated in Figure 2.

Given an input feature map X € RE*H*W e first perform channel-wise partition to
obtain two complementary subsets:

X — [XSr Xt]l XS c R%CXHXW, Xt c R‘%CXHXW, (6)

where X; denotes a lightweight semantic branch and X; denotes a structural branch. The
asymmetric channel allocation is designed to preserve the distinct roles of the two branches.
A larger proportion of channels is assigned to semantic representation learning, while
a smaller subset is reserved for localization-oriented structural modeling. This design
encourages complementary feature specialization before mutual conditioning.
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Figure 2. Illustration of the spatial component of DRSS-Net: spatial mutual conditioning (SMC).
The module follows a decoupling-refinement paradigm, where where-what interaction is modeled
through mutual conditioning to enhance feature discriminability and structural alignment.

The structural branch focuses on capturing local spatial patterns and structural responses:

Fr = p1x1(P3x3(P3x3(X1))), (7)

where ¢y (-) denotes a convolution with kernel size k, and F; € RE*H*W is the structural
feature. The semantic branch provides global semantic guidance with reduced complexity:

Fs :wlxl(Xs)r (8)

where 111 (+) is a point-wise convolution and F; € RE*H*W,

After decoupling, the two branches are further refined through bidirectional condition-
ing, explicitly modeling the interaction between spatial localization (where) and semantic
discrimination (what). First, the semantic branch generates a spatial attention map:

Aspa = 0(BN(Convy1(F))) € RIXHXW 9)

which encodes spatial importance and acts as a where signal. This map is used to refine the
structural feature:
Ft =FKO Aspa/ (10)

where ©® denotes element-wise multiplication. Conversely, the structural branch produces
a channel attention vector:

Acha = 0(GAP(DWConvsy3(F))) € RO, (11)

which captures channel-wise importance as a what signal. This is used to refine the semantic
feature:
Fs =K ®Achu‘ (12)

Finally, the refined features are fused to reconstruct a coherent representation:
Y=F+F. (13)

The proposed SMC module follows a decoupling-refinement paradigm. First, feature
channels are asymmetrically partitioned into localization-oriented and semantic-oriented
groups, improving feature identifiability under complex background interference. Unlike
conventional attention mechanisms that primarily perform feature re-weighting within
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a single representation stream, SMC explicitly models the interaction between comple-
mentary feature groups through bidirectional mutual conditioning. Localization cues
guide semantic refinement, while semantic context simultaneously constrains localiza-
tion responses, establishing a structured where-what coupling. This design promotes
feature consistency and discriminability, resulting in more robust representations for sparse
weak-target detection in noise-dominated scenes.

2.4. Spectral Coupled Refinement Under Energy—Structure Consistency
2.4.1. Energy-Structure Consistency Analysis

To quantitatively justify the concept of energy—structure consistency, we conducted
a detailed spectral analysis on patches extracted from satellite images. Patches were
randomly cropped from the original images with size 128 x 128 (PATCH_SIZE = 128 x 128).
Using annotations, a binary mask was generated for each patch: pixels inside object
bounding boxes were labeled 1, and background pixels 0. Patches were selected according
to target coverage thresholds: background patches contained less than 1% of target pixels
(BACKGROUND_RATIO_TH = 0.01), and target patches contained more than 50% of target
pixels (TARGET_RATIO_TH = 0.50). Each category included 200 patches, and patches with
extremely low variance (MIN_PATCH_STD = 0.03) were discarded to avoid instability in
frequency analysis caused by nearly uniform regions.

Each patch was transformed into the frequency domain using a 2D Fast Fourier
Transform (FFT). To focus on informative local structures, we only considered mid- to
high-frequency components within the normalized frequency range [0.08,0.60]. For each
patch, we computed the normalized mutual information (MI) between different spectral
representations, including magnitude and phase components (energy—structure) as well as
real and imaginary components (real-imaginary). Specifically, the MI was computed as

_ ; p(x.y)
MI(X/ Y) - ;;P( ']/) log P(X)P(y)/ (14)

where p(x,y) denotes the joint probability of the two spectral components falling into
discrete bins, and p(x) and p(y) are the corresponding marginal probabilities. Normalized
MI was used to mitigate the influence of patch entropy, quantization, and dynamic range,
allowing a fair comparison between background and target patches across different spectral
representations.

Figure 3 presents the distribution of normalized mutual information for background
and target patches under two spectral representations: energy—structure (magnitude—phase)
and real-imaginary. The results reveal a clear separation between background and target
distributions in both cases. Specifically, background regions consistently exhibit higher
mutual information than target regions, indicating a stronger dependency between paired
spectral components. This observation suggests that structured backgrounds preserve a
more stable correspondence in the frequency domain, whereas weak targets tend to disrupt
such regularity and exhibit weaker spectral coupling.

The analysis reveals that background regions exhibit significantly higher mutual
information between spectral energy and structural components than target regions, in-
dicating the existence of energy—structure consistency in structured backgrounds and
energy-structure mismatch in weak targets.

Interestingly, the separation between background and target distributions is consid-
erably larger under the real-imaginary representation than under the energy—structure
representation. This suggests that the discriminative characteristics associated with target-
induced spectral perturbations are more explicitly preserved in the complex spectrum.
Although magnitude and phase provide a physically interpretable description of spectral
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energy and structure, they are obtained through nonlinear transformations of the com-
plex spectrum and require additional discretization during mutual-information estimation.
These operations inevitably reduce part of the fine-grained spectral variations introduced
by weak targets. In contrast, the real and imaginary components directly retain the original
complex-valued spectral information, leading to a stronger distinction between regular
background patterns and target-induced anomalies.

Energy-Structure Mutual Information Real-Imag Mutual Information
e 0.35+ —_
_0.0261
“é ~.0.301
£ 0.0241 g
) = 0.251
E] =
= 0.022 s
§° £ 0.201 A
= 0.020 A —_— =
= o
=z g 0.15
Ro0.018 E -1
g A 5 0.10
z
S 0.016 1 . Y
0.05 4
0.014 1 e

Backéround Tar.get Backéround Tzn:get
@) (b)
Figure 3. Mutual information analysis of background and target patches under different spectral
representations. Box plots show the distributions of normalized mutual information for (a) en-
ergy—structure (magnitude—phase) and (b) real-imaginary representations. The orange line represents
the median, while the green triangle indicates the mean.

2.4.2. Spectral Coupled Refinement

Building on the analysis of energy—structure consistency, the proposed spectral cou-
pled refinement (SCR) module leverages the real-imaginary representation of the feature
spectrum to selectively enhance target discriminability. Given an input feature map

X e RCXHXW, (15)

we first compute its 2D Fourier Transform to obtain the complex spectrum:

A

X =F(X) =X +jX; € CO¥UxY, (16)

where X, and X; denote the real and imaginary components, jointly encoding spectral
energy and structural phase information. FFT preserves the complete complex spectrum,
enabling simultaneous modeling of both energy and structural information, and making
structured background patterns more distinguishable from localized target responses.
The real and imaginary components are concatenated along the channel dimension

to form
X = concat(X,, X;) € REXU*V, (17)

followed by a 3 x 3 convolution in the frequency domain:
Y = ¢3x3(Xe). (18)

This local convolution acts as a learnable operator that models cross-component interac-
tions. Conceptually, it enforces energy-structure consistency by reinforcing spectral regions
where real and imaginary components are coherent (corresponding to consistent back-
ground patterns), while simultaneously amplifying regions exhibiting energy—structure
mismatch (corresponding to concealed or weak targets). In this way, the SCR module
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selectively strengthens regular background structures and highlights target-induced spec-
tral anomalies.
Finally, the refined complex spectrum is transformed back to the spatial domain via
inverse FFT:
Y = F (Y, +jY;) € ROHW, (19)

and a subsequent 1 x 1 convolution is applied for channel mixing:
Z = 4)1><1(Y), (20)

producing the output feature map with enhanced target discrimination while preserving
structural consistency of the background. Figure 4 illustrates the workflow of the SCR
module, highlighting its decoupling-refinement paradigm in the frequency domain.

Input feature >
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Fast Fourier Transform Fros “7 22
5 (2C.uv)
\ . - LUV, .
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; Complex reps — q (3)(33,/0” )
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\ ! I
_ s (Cuva) . ' [Cuv,2] » Output feature (C,H,W)

Figure 4. Illustration of the spectral component of DRSS-Net: spectral coupled refinement. The
module follows a decoupling-refinement paradigm in the frequency domain, where energy-structure
interaction is modeled through coupled refinement to enhance representation stability.

3. Experiments
3.1. Experimental Setup

We evaluate the proposed method on the Satellite/Space Object Detection Dataset v2
(SODv2) [22,23] and the Large-Scale Synthetic Benchmark Dataset for Non-Cooperative
Space target Perception (NCSTP) [24]. The SODv2 dataset contains satellite targets ob-
served under diverse conditions, including variations in target brightness, star-field density,
cloud interference, and structured background noise. These factors produce substantial
appearance variations and make the dataset representative of practical space surveillance
scenarios. The proposed model follows the standard YOLOVS training configuration. The
total loss is defined as

L = ApoxLiou + AcisLeas + AapiLpFL, (21)

where Lj,;; denotes the CloU-based localization loss [25], Lpr; denotes the distribution
focal loss for fine-grained bounding box regression [26], and L, represents the classification
loss [5]. All models were trained for 300 epochs using a cosine annealing learning-rate
schedule. Data augmentation was implemented using the Albumentations library [27].
All experiments are implemented using PyTorch 2.2.1 with CUDA 12.1 and conducted
on a single NVIDIA RTX 3090 GPU. We adopt the Stochastic Gradient Descent (SGD)
optimizer with an initial learning rate of 0.01, momentum of 0.937, and weight decay of
5 x 10~ to train the models. The batch size is set to 16 x 16. Unless otherwise specified,
all models are trained under the same settings to ensure fair comparisons. For SODv2,
650 images are used for training and 150 images are reserved for testing. For NCSTP,
1820 images are used for training, 260 images for validation, and 520 images for testing.
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We evaluate the performance using standard object detection metrics, including pre-
cision, recall, and mean average precision (mAPs5y and mAPs5p.95). Specifically, mAPsg
measures detection performance at an intersection-over-union (IoU) threshold of 0.5, while
mAPs5.95 averages results over multiple IoU thresholds from 0.5 to 0.95, providing a more
comprehensive evaluation of localization accuracy. In addition, model efficiency is assessed
in terms of the number of parameters (Params) and floating point operations (FLOPs).

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

We compare the proposed method with a wide range of state-of-the-art object detec-
tors, covering both general-purpose YOLO variants (e.g., YOLOvS, YOLOv9, YOLOV10,
YOLOv11, YOLOvV12, and YOLO26 with different model scales) and representative methods
designed for small objects, including FFCA-YOLO [13], its lightweight variant L-FFCA-
YOLO, FBRT-YOLO [14], CSFPR-RTDETR [15], RTMDet [8], RT-DETR [12], and HRNet [16].
The quantitative results on SODv2 are summarized in Table 1. The proposed method
achieves the best overall trade-off between detection accuracy, model complexity, and
inference efficiency. In particular, mAP@50 is adopted as the primary evaluation metric,
as it more directly reflects target detection capability under sparse and weak signal condi-
tions. The proposed method achieves the highest mAP@50 of 79.15%, outperforming all
competing detectors, including larger YOLO variants and Transformer-based approaches.
More importantly, it also attains a competitive mAP@50-95 of 28.47%, demonstrating that
the performance gains are preserved under stricter localization requirements. These re-
sults indicate that the proposed framework improves not only target detectability but also
bounding-box localization quality. Meanwhile, the model contains only 3.46 M parameters
and requires 23.0 G FLOPs, which are substantially lower than most state-of-the-art detec-
tors. In addition, the proposed method achieves 72.69 FPS, corresponding to an average
inference latency of approximately 13.76 ms per image, demonstrating its suitability for
real-time deployment in resource-constrained space surveillance systems.

Table 1. Comparison with state-of-the-art object detectors on the SODv2. The proposed method
achieves the best trade-off across all evaluation metrics while maintaining a lightweight model size
and computational cost.

Scale Model Precision Recall mAP@50 mAP@50-95 Params FLOPs FPS
(%) (%) (%) (%)

YOLOv8-s 76.77 72.32 71.76 26.82 11.13 M 284G 101.65
YOLOV9-s 68.33 69.10 69.51 25.92 717 M 26.7 G 40.99
YOLOv10-s 69.12 62.66 69.40 25.93 722M 214G 83.94
YOLOv11-s 73.05 70.97 70.67 25.69 941 M 213G 85.14

Small YOLOv12-s 75.69 73.82 73.01 27.64 9.23 M 212G 50.94
YOLO26-s 64.09 66.52 65.80 24.62 947 M 205G 66.28
L-FFCA-YOLO 67.20 66.50 61.70 19.50 5.04 M 37.1G 91.01
FBRT-YOLO 74.10 74.20 74.00 27.30 736 M 58.7 G 111.00
FFCA-YOLO 71.00 63.10 62.10 20.70 712 M 512G 70.87
YOLOv11l-m 72.07 70.87 69.55 27.51 20.03 M 67.6 G 59.43
YOLOv12-m 68.49 72.75 72.21 26.93 20.11 M 67.1G 38.00

Medium YOLO26-m 68.95 69.53 69.29 25.88 20.35 M 67.8 G 66.22
RTDETR-r18 72.71 72.02 71.95 26.01 19.87 M 56.9 G 33.22
CSFPR-RTDETR 70.90 68.70 70.40 25.00 14.08 M 63.8 G 45.2
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Table 1. Cont.
Scale  Model Precision Recall mAP@50 mAP@50-95 Params FLOPs FPS
(%) (%) (%) (%)
YOLOv11-1 75.74 78.11 75.92 27.73 2528 M 86.6 G 40.90
YOLOv12-1 73.54 69.19 69.36 26.50 26.34 M 88.5G 30.84
Large YOLO26-1 72.98 64.38 67.17 24.20 2475M 86.1G 36.64
RTMDet 67.37 70.50 69.10 28.30 2420 M 392G -
HRNet 73.44 71.30 74.50 27.20 23.00 M 383G -
YOLOv11-x 71.56 73.45 73.01 27.64 56.83 M 1944 G 40.42
Xlarge YOLOv12-x 79.58 76.92 76.44 29.83 59.04 M 1985 G 26.69
YOLO26-x 67.08 66.95 67.59 26.67 55.63 M 1934 G 40.89
- Ours 77.06 76.40 79.15 28.47 346 M 230G 72.69
The quantitative results on the NCSTP are summarized in Table 2. The proposed
method achieves the best overall trade-off, obtaining 99.38% mAP@50 and 83.19% mAP@50-
95, while using only 3.46 M parameters. Compared with recent YOLO variants and remote-
sensing-oriented detectors, our method consistently delivers higher detection accuracy with
a substantially lighter model size. Notably, it surpasses the strongest competing methods in
both mAP@50 and mAP@50-95, indicating that the proposed mechanism remains effective
under different target categories and imaging conditions.
Table 2. Comparison with state-of-the-art object detectors on the NCSTP dataset. The proposed
method achieves the best trade-off across all evaluation metrics while maintaining a lightweight
model size and computational cost.
Model Precision Recall mAP@50 mAP@50-95 Params FLOPs FPS
(%) (%) (%) (%)
YOLOV8-s 98.55 96.92 98.66 82.27 1113 M 284G 115.80
YOLOV9-s 99.16 97.99 99.12 82.98 717M 26.7 G 49.45
YOLOvV10-s 96.24 97.35 98.60 81.20 7.22M 214G 83.94
FBRT-YOLO-m 98.71 98.11 99.05 82.54 7.36 M 58.7G 90.32
FFCA-YOLO 97.60 97.20 99.10 79.60 712M 512G 52.73
L-FFCA-YOLO 98.50 97.70 98.50 76.50 5.04 M 371G 46.83
YOLOv11-s 98.68 97.30 98.45 82.60 9.42M 213G 80.94
YOLOv12-s 97.15 96.80 98.68 81.87 9.08 M 193G 51.92
YOLOvV13-s 97.84 97.18 99.09 82.63 9.01M 201G 3741
YOLO26-s 96.96 97.62 98.84 81.95 9.47M 205G 77.14
Ours 98.84 98.16 99.38 83.19 3.46 M 23.0G 70.64

From a performance perspective, the improvement is particularly evident when com-
pared to models of similar or even larger capacity. While larger models tend to rely on
deeper architectures and higher computational complexity, they do not consistently yield
better results in this task. This suggests that simply increasing model capacity is insufficient
for handling large-scale sparse scenes with complex background noise. In contrast, our
method explicitly addresses these challenges through noise-aware scale pruning and a
decoupling-refinement design, leading to more effective feature representations.

To further illustrate the qualitative performance, Figure 5 presents visual comparisons
on challenging cases. The examples are divided into two groups: (a) large-scale prominent
targets and (b) small-scale weak targets. For large and prominent targets, most methods
are able to produce correct detections, indicating that such scenarios are relatively less chal-
lenging. However, for small and weak targets, baseline methods often fail to detect objects
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or produce incomplete detections due to insufficient feature representation under complex
background noise conditions. In contrast, the proposed method is able to accurately localize
these challenging targets with higher recall and more precise bounding boxes. These results
demonstrate that the proposed method is particularly effective in handling small-scale and
weak targets, where conventional detectors struggle. This improvement can be attributed
to the proposed decoupling-refinement mechanism, which enhances feature identifiability
in the spatial domain and stabilizes structural representation in the spectral domain.

3.3. Ablation Study
3.3.1. Component-Level Ablation

We conduct a detailed analysis of the effectiveness of each component, as shown in
Table 3. Note that the first row corresponds to the baseline model, where the proposed
modules are replaced by the original backbone blocks (e.g., C3k2 and A2C2f), resulting in
higher parameter count and computational cost.

Large-Scale Prominent Targets Small-Scale Weak Targets
Al
Ground §
Truth | P
satellite 0.75 S— - satellite 0.43|
3 . S ; i sateliite 0.35
YOLOv12-s § : fsotelite 0. . sateliite 0.42
satellite 0. A satellite 0.39]
sateiiite 083 (¥ Pie- o
5 lite 0. « sotellite 0.34
YOLOV10-s [ i sotelite 0.30
sateliite 0.86
sateliite 0.76 P G- sateliite 0.52)
X 3 < ’ soteliite 0.34
YOLOV1L-s 3 hoteite 0. -
» satellite 0.39
. satelite 0.40
soteliite 0.76
satelite 0.68 ¥ -,
YOLO26-s § satelite 0.68 satelite 0.46
: : sotelite 0.37
selelite 052

sotelite 0.87

Ours . e satelite 0.27 satelite 0.27
3 sotellite 0.40

soteliite 0.42
satellite 073

satelite 0.31)

Figure 5. Qualitative comparison of challenging scenarios. The first two columns show large-scale
prominent targets, where most methods perform comparably. The last four columns present small-scale
weak targets under complex backgrounds, where baseline methods suffer from missed detections and
false alarms, while the proposed method achieves more accurate and complete detection. The blue boxes
represent the detected targets, while the green boxes indicate the ground-truth annotations.

Introducing the spatial module together with the P, structural alignment leads to a
notable improvement in mAP@50-95 (from 26.23 to 28.90), while significantly reducing
model complexity (5.25 M — 2.94 M parameters). This indicates that the proposed spatial
decoupling effectively enhances feature identifiability under low-SNR conditions, while
the structural alignment at P further stabilizes spatial responses after cross-scale fusion.
The improvement in recall suggests better localization of weak targets, whereas the slight
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variation in precision reflects a more balanced trade-off between detection sensitivity and
noise suppression.

Table 3. Ablation study on the effectiveness of different components. “Spatial (Backbone)” and
“Spectral” denote the proposed spatial and spectral modules embedded in the backbone, respectively,
while “Structural Alignment (P; Neck)” denotes the additional spatial refinement applied at the P,
level in the neck.

Spatial Spectral Structural Alignment Precision Recall mAP@50 mAP@50-95 Params FLOPs
(Backbone) (Backbone) (P4 Neck) (%) (%) (%) (%)

X X X 73.80 73.82 75.56 26.23 525M 359G

v X v 74.26 73.06 75.45 28.90 294M 204G

v v X 74.20 74.96 75.37 27.18 325M 224G

v v v 77.06 76.40 79.15 28.47 346 M 230G

Note: v denotes the presence of the corresponding module in the model configuration, whereas x denotes
its absence.

When the spectral module is introduced without structural alignment, recall increases
(73.82 — 75.54), but precision and mAP degrade. This phenomenon suggests that spectral
modeling enhances sensitivity to global structural patterns (improving detection of weak
signals), but may also amplify noise or introduce structural inconsistency if not properly
constrained in the spatial domain. This highlights that spectral refinement alone is in-
sufficient and requires complementary spatial alignment. By jointly integrating spatial
decoupling, spectral coupled refinement, and structural alignment, the model achieves
the best trade-off across all metrics. This demonstrates a clear complementary mechanism:
spatial decoupling improves feature separability, spectral refinement enhances structural
expressiveness, and structural alignment stabilizes cross-scale representations. The sig-
nificant gain in both precision and recall indicates that the proposed design effectively
balances noise suppression and target sensitivity.

Compared to the baseline, all variants with the proposed modules achieve substantial
reductions in parameters and FLOPs. This confirms that the performance gain is not due
to increased model capacity, but rather more efficient feature representation enabled by
the proposed design. The final model achieves superior accuracy with significantly lower
complexity, highlighting its suitability for large-scale space observation scenarios.

To further understand the effectiveness of the proposed design, we visualize feature
responses at different stages of the network. As shown in Figure 6, the features after
spatial-frequency modeling already exhibit enhanced target responses, indicating that
complementary domain modeling helps suppress interference. After introducing structural
alignment, the target regions become more concentrated and spatially consistent, while
irrelevant background patterns are further attenuated. This progressive refinement demon-
strates that the proposed framework improves feature discriminability through coordinated
modeling across domains and scales, rather than relying on a single-stage enhancement.

3.3.2. Scale-Level Ablation

We further analyze the impact of the proposed noise-aware scale pruning strategy
by examining the roles of the shallow level (P,) and the deepest level (Ps). The results
are presented in Table 4. By removing Ps and excluding P, from prediction, the proposed
method achieves the best trade-off. This confirms that effective scale selection is crucial for
this task. Instead of uniformly utilizing all pyramid levels, the proposed strategy selectively
suppresses unreliable scales while preserving informative intermediate representations,
leading to more robust detection results.
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After Spatial-
Frequency Modeling
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Figure 6. Visualization of feature evolution at different stages. From top to bottom: ground truth,

features after spatial-frequency modeling, and features after structural alignment. It can be ob-
served that target responses become progressively more salient, while background interference is
gradually suppressed, leading to improved localization consistency. The color map represents the
feature intensity, with warmer colors indicating higher activation values and cooler colors indicating

lower values.

Overall, these results validate that both component-level design and scale-level se-
lection are essential for handling large-scale sparse scenes under complex background
noise conditions. The proposed framework achieves improved performance by jointly
optimizing feature representation and scale utilization.

Table 4. Ablation study on noise-aware scale pruning. “P2 Head” indicates whether predictions
are made on the P, level, and “P5 Layer” denotes whether the deepest feature level is retained in
the backbone.

P5 Layer P2 Head Precision Recall mAP@50 mAP@50-95 Params FLOPs
(%) (%) (%) (%)

v X 74.48 74.68 74.30 26.87 991 M 192G

X v 77.18 71.24 74.68 27.85 3.62M 30.7G

X X 77.06 76.40 79.15 28.47 3.46 M 23.0G

Note: v denotes the presence of the corresponding module in the model configuration, whereas x denotes

its absence.

3.3.3. Effect of Frequency Representation

To investigate the impact of different frequency representations, we replace the FFT-
based spectral branch with a wavelet-based counterpart while keeping the remaining archi-
tecture unchanged. For the wavelet-based variant, a one-level discrete wavelet transform
(DWT) with the Haar wavelet basis is employed. The input feature map is decomposed into
four sub-bands (LL, LH, HL, and HH), corresponding to low-frequency and high-frequency
components. Symmetric boundary extension is adopted to mitigate boundary artifacts. To
ensure a fair comparison, the resulting wavelet features are processed using the same net-
work architecture and training configuration as the proposed FFT-based implementation.
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The quantitative results are reported in Table 5. As shown, the FFT-based representa-
tion achieves superior performance across all evaluation metrics while maintaining lower
computational complexity. This suggests that the global spectral characteristics captured
by FFT are more effective for distinguishing weak targets from background interference in
satellite imagery.

Table 5. Comparison of different frequency representations within the spectral refinement module.

Method Precision Recall (%) mAP@50 (%) mAP@50-95 (%) Params FLOPs FPS
Wavelet-based 75.23 72.10 72.46 26.75 579M 258G 5391
FFT-based (Ours) 77.06 76.40 79.15 28.47 346 M 230G 72.69

3.3.4. Effect of Spectral Kernel Size

As shown in Table 6, the proposed 3 x 3 spectral kernel achieves the highest detection
accuracy while maintaining the lowest computational complexity. Increasing the kernel
size leads to a noticeable decline in mAP@50, despite the larger receptive field. This
suggests that local spectral interactions are sufficient for capturing the structured frequency
patterns relevant to weak target detection, whereas larger kernels tend to over-smooth
discriminative spectral responses and introduce unnecessary computational overhead.

Table 6. Effect of spectral kernel size in the SCR module.

Kernel Precision Recall mAP@50 mAP@50-95 Params FLOPs FPS
3x3 77.06 76.40 79.15 28.47 346 M 230G 72.69
5x5 82.01 75.54 77.15 27.95 484M 282G 64.01
7 %7 75.03 73.51 71.80 28.01 691M 360G 5348

3.4. Robustness Analysis

To evaluate the stability and reproducibility of the proposed framework, we con-
ducted three independent training runs using different random seeds under the same
experimental settings on the SODv2 dataset. The quantitative results are summarized in
Table 7. The proposed method exhibits consistently stable performance across different
random initializations. In particular, the standard deviation of mAP@50 is only 0.49%,
while the standard deviation of mAP@50-95 is 0.24%. Similar low variances are observed
for precision and recall. These results indicate that the performance gains achieved by
DRSS-Net are reproducible and not attributable to favorable random initialization. The
small variance across multiple runs further demonstrates the robustness and training
stability of the proposed framework.

Table 7. Robustness analysis of the proposed method across three independent runs on the
SODv2 dataset.

Metric Run1 Run 2 Run 3 Mean =+ Std
Precision (%) 77.06 76.88 77.84 77.26 +0.42
Recall (%) 76.40 75.18 76.09 75.89 4+ 0.52
mAP@50 (%) 79.15 78.06 78.17 78.46 4+ 0.49
mAP@50-95 (%) 28.47 28.16 27.88 28.17 £ 0.24

To further demonstrate the robustness of DRSS-Net, we conducted three independent
runs on the SODv2 dataset. We performed Welch’s t-tests against the strongest baseline
(YOLOV12). As shown in Table 8, all improvements are statistically significant (p < 0.05),
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confirming that the proposed method consistently outperforms the baseline and is robust
to random initialization.

Table 8. Robustness analysis and statistical significance of the proposed method compared to
YOLOV12 on SODv2 across three independent runs.

Metric Baseline (Mean) Ours (Mean) Improvement Welch t-Test p-Value  Significant (p < 0.05)
Precision (%) 74.77 77.26 2.49 0.0261 Yes
Recall (%) 73.15 75.89 2.74 0.0095 Yes
mAP@50 (%) 74.24 78.46 4.22 0.0093 Yes
mAP@50-95 (%) 27.14 28.17 1.03 0.0496 Yes

Challenging Detection Scenario

Figure 7 presents a representative challenging scenario under extreme bright-star
interference. In this case, strong stellar emissions generate highly concentrated responses
that dominate the surrounding feature representation. Although the proposed framework
effectively suppresses most structured background patterns, the target signal becomes
partially submerged within the intense stellar response, resulting in a missed detection.
This observation suggests that the proposed method remains sensitive to cases where the
target-to-background contrast is extremely low. Nevertheless, such scenarios are relatively
uncommon in the evaluated datasets, and the overall results demonstrate strong robustness
across a wide range of observation conditions.

F ’
Challenging

Scenario

Ground
Truth

Figure 7. Detection results under extreme bright-star interference. The target response is partially
overwhelmed by strong stellar emissions, resulting in a missed detection. The blue boxes represent
the detected targets, while the green boxes indicate the ground-truth annotations.

4. Conclusions

In this paper, we investigated the problem of satellite object detection from a repre-
sentation perspective, focusing on the intrinsic difficulty of separating weak targets from
background interference in large-scale space observation scenarios. We argued that this
challenge arises from the limitation of single-domain feature representations, where target
and background become entangled and difficult to distinguish.
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To address this issue, we proposed a lightweight spatial-frequency framework that im-
proves feature discriminability through coordinated modeling across complementary rep-
resentation spaces. By alternately exploiting spatial structural consistency and frequency-
domain regularity, the proposed design enables more reliable suppression of structured
background patterns and enhancement of target responses. In addition, we introduced a
stability-guided scale selection strategy that focuses on informative intermediate feature
levels, providing a better balance between structural preservation and semantic abstraction.
Extensive experiments demonstrate that the proposed framework achieves strong detection
performance while maintaining a compact model size and efficient computation. These
results highlight the importance of considering representation reliability, rather than solely
increasing model complexity, for satellite object detection in space surveillance scenarios.

Although the proposed framework demonstrates strong performance across di-
verse observation conditions, extremely severe motion blur may remain challenging for
frequency-domain representation learning. In such cases, motion-induced spectral distor-
tion can weaken the discriminability of frequency features and reduce the effectiveness of
the proposed SFC-Block. Future work will investigate adaptive enhancement mechanisms
for extremely high-intensity interference regions and motion-aware modeling and temporal
information integration to improve robustness under high-speed imaging conditions.
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