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Abstract
Space objects in Geostationary Earth Orbit (GEO) present significant detection
challenges in optical imaging due to weak signals, complex stellar backgrounds,
and environmental interference. In this paper, we enhance high-frequency fea-
tures of GEO targets while suppressing background noise at the single-frame
level through wavelet transform. Building on this, we propose a multi-frame
temporal trajectory completion scheme centered on the Hungarian algorithm
for globally optimal cross-frame matching. To effectively mitigate missing and
false detections, a series of key steps including temporal matching and interpo-
lation completion, temporal-consistency-based noise filtering, and progressive
trajectory refinement are designed in the post-processing pipeline. Experimen-
tal results on the public SpotGEO dataset demonstrate the effectiveness of the
proposed method, achieving an F1 score of 90.14%.
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Abstract
Space objects in Geostationary Earth Orbit (GEO) present significant detection
challenges in optical imaging due to weak signals, complex stellar backgrounds,
and environmental interference. In this paper, we enhance high-frequency fea-
tures of GEO targets while suppressing background noise at the single-frame
level through wavelet transform. Building on this foundation, we propose a
multi-frame temporal trajectory completion scheme centered on the Hungar-
ian algorithm for globally optimal cross-frame matching. To effectively mit-
igate missing and false detections, our post-processing pipeline incorporates
several key steps: temporal matching and interpolation completion, temporal-
consistency-based noise filtering, and progressive trajectory refinement. Experi-
mental results on the public SpotGEO dataset demonstrate the effectiveness of
the proposed method, achieving an F1 score of 90.14%.

Index Terms—Space objects, geostationary earth orbit, multi-frame temporal
trajectory completion

I. Introduction
The Geostationary Earth Orbit (GEO) constitutes a unique and crucial spatial
orbital resource [1]–[4]. However, space objects in this orbit, such as defunct
satellites and discarded rocket debris, pose potential threats to space security [5],
[6]. Their specific imaging characteristics manifest as space objects with limited
pixel occupancy, lacking discernible features in size, texture, and contour [7].
In 2020, the European Space Agency (ESA) and the University of Adelaide
jointly launched a public challenge named SpotGEO, inviting global experts
to develop computer vision algorithms for detecting space objects in low-cost
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telescope images [8]. The GEO object detection task is challenging due to factors
such as faint target signals, stellar occlusion, and environmental interference [9].

Traditional approaches rely on image processing techniques like transformation
and energy accumulation to suppress stellar interference [10], while recent works
adopt deep learning methods [11]–[13]. Representative methods include GEO-
FPN with EfficientNet backbone [14], YOLO-based object detection [15], and hy-
brid designs combining single-frame detection with multi-frame post-processing
[16]. Temporal attention mechanisms [17] and ConvLSTM frameworks [18]
have further advanced multi-frame detection and tracking. Recently, attention-
guided multi-task networks and end-to-end streak-like target detectors [19], [20]
were introduced. However, most methods depend on complex models, resulting
in challenges for single-frame detection under low signal-to-noise ratio condi-
tions.

Our motivation is to leverage temporal consistency priors of targets to detect
space objects through a two-stage approach: single-frame detection and cross-
frame trajectory completion. The contributions of this paper are summarized
as follows:

• We propose a matching-centric sequential post-processing framework. The
Hungarian algorithm stabilizes cross-frame association and is combined
with statistical gating, neighborhood support filtering, and hierarchical
completion to balance precision and recall in GEO scenarios.

• We present an adaptive threshold estimation and gating mechanism,
which integrates prior knowledge and online statistics. This enhances the
method’s robustness against distribution changes and device noise.

• Experiments on the SpotGEO dataset demonstrate that our method
achieves an F1 score of 90.14%, outperforming baseline approaches. Ab-
lation experiments validate the fundamental role of Hungarian matching
in the entire pipeline.

[Figure 1: see original paper]. The framework of the proposed method. Stage 1
generates adaptive binary maps through dataset label transformation; Stage 2 is
single-frame detection via wavelet-transform-based feature enhancement; Stage
3 is multi-frame temporal completion.

II. Methodology
The overall framework of our method is illustrated in Fig. 1. It first performs
label transformation on the dataset, then enhances GEO target features through
wavelet transform. Finally, it refines the single-frame detection results using a
carefully designed sequential trajectory completer, thereby effectively improving
the performance of space object detection.
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A. Transformation of Dataset Labels

The SpotGEO dataset released by the ESA provides only centroid coordinates
of space objects. However, factors such as long exposure and atmospheric refrac-
tion cause targets to appear as diffuse regions encompassing both center points
and surrounding pixels. By selecting higher-intensity pixels near the center, we
can enhance annotation information and further improve detection accuracy.
Using fixed-size rectangular sub-images as labels fails to accommodate varying
target sizes and introduces erroneous pixel-level annotations, which adversely
affects network training. We therefore implemented region-based fine-grained
filtering for label transformation, as illustrated in Fig. 2 [Figure 2: see original
paper].

For a center point (𝑥, 𝑦), we first expand 𝑚 pixels in all directions to form a
square local window with side length of 2𝑚+1. The grayscale values within this
window are then normalized to the range [0, 1] and binarized using a threshold
of 0.5, where pixels exceeding 0.5 are considered as the effective region of objects.
Subsequently, we apply mild morphological dilation to the binary mask using a
circular structuring element of radius 1 to connect weak streak discontinuities
and bridge sparse bright spots. The binary map serves as the shape label.
Unlike fixed-size rectangular patches, it covers the distinguishable brightness
region around the center without overextending into the background.

B. Single Frame Detection Based on Wavelet-Transform Algorithm

This paper proposes a Wavelet Transform-based network for space object detec-
tion (WTNet) that incorporates wavelet feature enhancement during the single-
frame detection stage [21], [22]. The core implementation of the network relies
on the multi-scale feature processing mechanism of the wavelet feature enhance-
ment module. First, the input features are decomposed via wavelet transform
into low-frequency (LL) and high-frequency (LH, HL, HH) components. The
high-frequency components undergo convolutional enhancement and scale ad-
justment to accentuate target edge information, while the low-frequency compo-
nents preserve object contours. Subsequently, the enhanced features are recon-
structed through inverse wavelet transform and fused with base convolutional
features via residual connections. Finally, the CBAM attention mechanism is in-
troduced to recalibrate the fused features along channel and spatial dimensions.
The network adopts an encoder-decoder architecture overall, achieving mapping
from raw images to target detection heatmaps through multi-scale feature fusion
and skip connections, thereby providing more robust feature representation for
space objects.

C. Trajectory Processing Based on Multi-frame Temporal Completion
Algorithm

For detection tasks characterized by faint features and complex backgrounds,
single-model approaches often struggle to achieve a satisfactory balance between
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recall and precision. Consequently, leveraging multi-frame temporal priors of
space objects, we design a sequential trajectory completer centered on the Hun-
garian matching algorithm. As shown in Fig. 1, this completer effectively
restores trajectory continuity and enhances robustness through a three-step
pipeline comprising temporal matching and interpolation completion, temporal-
consistency-based noise filtering, and progressive trajectory refinement.

First, interpolation-based completion is performed using temporal matching.
For every pair of consecutive frames with detections (𝑓1, 𝑓2) in the sequence, the
interpolation process is triggered only when their frame gap is less than 3. Given
the sets of detection points 𝐷𝑓1

= {𝑝𝑖 = (𝑥𝑖, 𝑦𝑖)} and 𝐷𝑓2
= {𝑞𝑗 = (𝑥𝑗, 𝑦𝑗)} in

frames 𝑓1 and 𝑓2, a cost matrix 𝐶 ∈ ℝ𝑚×𝑛 is constructed (where 𝑚 and 𝑛
denote the numbers of detection points in the two frames, respectively), with
each element 𝐶𝑖𝑗 = ‖𝑞𝑗 − 𝑝𝑖‖2. The Hungarian algorithm is employed to obtain
an optimal set of matched pairs {(𝑝𝑖, 𝑞𝑗)} that minimizes the total cost. Linear
interpolation is then applied to these pairs to estimate positions in the missing
intermediate frames. Defining the interpolation coefficient as 𝛼 = 𝑓−𝑓1

𝑓2−𝑓1
(where

𝛼 ∈ (0, 1)), the interpolated position in the missing frame 𝑓 is given by:

̂𝑝𝑓 = 𝑝𝑖 + 𝛼 ⋅ (𝑞𝑗 − 𝑝𝑖)

To remove residual noise from the sequences, we employ a temporal support
degree principle. For each detection point 𝑝𝑓 in frame 𝑓 of the sequence, a
temporal window 𝑊 = [𝑓 − 𝑤, 𝑓 + 𝑤] (where 𝑤 is the window radius) is defined
to constrain the temporal scope for support evaluation. The valid frames within
the window are 𝑓 ′ ∈ 𝑊 ∖ {𝑓}. For each valid frame 𝑓 ′ in the window, the
distances 𝑑 between 𝑝𝑓 and all detection points in frame 𝑓 ′ are computed. If
there exists a detection point satisfying 𝑑 ≤ 𝜏 (where 𝜏 is the spatial distance
threshold), frame 𝑓 ′ is considered to provide valid support for 𝑝𝑓 . The number
of valid supporting frames 𝑆 within the window is counted, and the support
ratio is calculated as:

Support Ratio = 𝑆
2𝑤

For each point, if its support ratio is below a threshold and the sequence length
exceeds 3, it is identified as an isolated noise point and removed from the se-
quence. Otherwise, it is retained as a genuine target point with reliable tempo-
ral support. Additionally, all detection points are preserved when the sequence
length is less than or equal to 3 to avoid excessive filtering.

Since prolonged target occlusion and sudden drops in signal-to-noise ratio still
cause missed detections in the sequence, we adopt a progressive trajectory com-
pletion approach that incrementally completes missing points from conservative
to aggressive strategies. Based on the statistical characteristics of inter-frame
distances and the maximum trajectory distance, an adaptive threshold 𝑇stat is
constructed and further extended to define the regular completion threshold
𝑇comp and the aggressive completion threshold 𝑇agg. Using the target frame as
a reference, the preceding three frames are selected as reference frames. Valid
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matching pairs are then filtered based on Euclidean distance, followed by the
computation and normalization of displacement vectors for each frame. Here,
𝑖 denotes the frame interval between the reference frame and the target frame,
while (𝑥ref, 𝑦ref) and (𝑥check, 𝑦check) represent the coordinates of the target frame
and reference frame, respectively.

For scenarios with dual-end constraints, interpolation completion is employed.
The Hungarian algorithm is used to match the preceding (𝑓prev) and succeeding
(𝑓next) frames, retaining pairs with a distance less than 𝑇comp. The interpolation
coordinates are then calculated based on the temporal proportion:

(𝑥interp, 𝑦interp) = (𝑥prev + 𝛼(𝑥next − 𝑥prev), 𝑦prev + 𝛼(𝑦next − 𝑦prev))

For single-end constraint scenarios, motion vector-based extrapolation is applied,
where Δ𝑓 denotes the number of intervening frames, and ⃗𝑣𝑥, ⃗𝑣𝑦 represent the
components of the motion vector:

(𝑥extrap, 𝑦extrap) = (𝑥ref + ⃗𝑣𝑥 ⋅ Δ𝑓, 𝑦ref + ⃗𝑣𝑦 ⋅ Δ𝑓)

In cases of weak constraints (significant missing data), an aggressive comple-
tion strategy is adopted, which utilizes linear regression to model the temporal-
spatial correlation of available detections.

III. Experiments
A. Experimental Setup

Experiments were conducted on the public SpotGEO dataset. Evaluation met-
rics included the F1 score and Mean Square Error (MSE). We implemented our
model using a U-net architecture [23] within the PyTorch framework. The model
was trained for 400 epochs using the AdamW optimizer, with the learning rate
dynamically adjusted by a cosine annealing strategy and initialized at 0.0015.
All experiments were performed on an NVIDIA GeForce RTX 3090 GPU.

B. Quantitative Analysis

We conducted a systematic assessment on the SpotGEO dataset and compared
it with several single-frame detection algorithms. Table I presents the compar-
ative results of different object detectors, indicating that the proposed WTNet
achieves an F1 score of 88.07% and outperforms other methods.

To validate the effectiveness of the sequential trajectory completion module, we
tested different post-processing strategies. Experimental results indicate that
combining single-frame detection with spatial point clustering alleviated false
alarms to some extent, achieving an F1 of 88.56%. However, due to the lack
of a trajectory-level constraint mechanism, inter-frame mismatch remained no-
ticeable. To address this, our Hungarian matching-based trajectory completion
strategy establishes one-to-one correspondences between consecutive frames and
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performs completion for missing trajectories. This strategy ultimately improves
our method’s F1 score to 90.14% while reducing the MSE to 61958.1973.

[TABLE:I]. Performance comparison of 2D single-frame object detectors.

C. Visual Results

Fig. 3 [Figure 3: see original paper] presents the sequential detection results
of our method on the SpotGEO dataset. The selected eight sequences include
both single-target and multi-target detection scenarios. Close observation re-
veals that during the single-frame detection stage, the wavelet transform module
effectively enhances the high-frequency features of space objects, maintaining
distinct separability against strong stellar backgrounds and high-noise interfer-
ence, while achieving precise candidate point localization. After incorporating
Hungarian matching for multi-frame trajectory fitting and completion, the sys-
tem successfully restores trajectory continuity and integrity even under challeng-
ing conditions including dense star fields, low signal-to-noise ratios, and partial
occlusion, significantly reducing the probability of missed detections. The blue
dots denote ground truth, the green dots represent true positives, the yellow
dots indicate false positives, and red dots correspond to false negatives.

IV. Conclusion
In this paper, we propose a framework based on single-frame detection and multi-
frame temporal trajectory completion strategy. The proposed WTNet achieves
an F1 score of 88.07%, outperforming typical single-frame detection approaches.
Visual results demonstrate the effectiveness of the multi-frame temporal tra-
jectory completion strategy, which can accurately predict missed objects and
reduce false detections. This combination of single-frame detection and tempo-
ral completion strategy shows promise for improving space object detection. In
future work, this approach can be extended to improve the model’s robustness
across diverse observational scenarios and complex space environments.
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