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Abstract

Dead spacecraft and burnt-out rocket bodies and the pieces of spacecraft and rocket that fragments from
old spacecraft collisions make are getting more and more crowded in orbit around the planet. The smallest
and faintest of these objects is hard to detect with surveys based on radar or the classical pipelines of
telescopes. In this article, we will explore how the current state of the art neural-network vision
technologies could be leveraged to address that challenge and outline a five-stage processing flow:
Calibration, simulated-data augmentation, multi-scale feature learning, frame-to-frame detection and
tracking. The recall, false alarms, etc. and computing cost test plans are also described. The chain is a
proposal and hasn’t been tested experimentally, as there is no common set of annotated real debris images.

Keywords: Orbital debris, neural networks, small-object detection, simulated imagery, space situational
awareness.

I. Introduction

Since the beginning of space launches, space orbit has become pollution with so many existing objects
which are no longer useful and thus pose a threat to operational satellites [1], [22]. The orbital speed is
somewhere between 7—8 km/s which is enough energy for a centimetre-sized fragment to crash a spacecraft.

Each time there is a collision, it releases more of these and increases the likelihood of more collisions

occurring in the future, a process that came to be known as Kessler syndrome [23] after Kessler and Cour-
Palais.

Learning from pixels are the tools of choice for many imaging tasks [20] and today, both region-based and
single-pass detectors are able to find objects over a wide range of scales [18]. These tools have already
been adopted for spacecraft pose estimation research [5], [8]. However, debris searching is more difficult

due to the small size and the distance of the targets, which also often appear in the starrier sky and noise
pollution.
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The article then has three objectives: to summarise the techniques that most closely apply to small-object
detection, to

II. BACKGROUND
A. Core Ideas

Three ideas underpin the proposal: to outline the proposal’s premises, and to provide the basis for the
subsequent development. On one hand, convolutional networks learn a hierarchy of representations: from
edges to bright spots to whole shapes [20]; residual connections allow very deep networks to learn easily
[17]. Secondly, as images are continually reduced, some of the most useful features of the image become
too small to detect efficiently, thus detectors can be improved by merging fine-resolution and coarse-
resolution features, as is often done in feature pyramids [11]. Third, there are relatively few annotated
orbital images to begin a network with, and we can use different simulated images to supplement existing
weights that are derived from learning on common images [21].

B. Why Debris Is Hard to See

The estimates by ESA presented in Table I [1] indicate that the vast majority of the small particles are not
tracked, while the larger ones are tracked only regularly.

TABLE 1

APPROXIMATE DEBRIS POPULATION BY SIZE (ROUGH ESTIMATE OF DEBRIS SIZE FOR A
GIVEN POPULATION SIZE)

Size Objects Observation

>10 cm ~36,500 Radar and optical tracking
1-10 cm ~1 million Mostly statistical models
I mm-1 cm ~130 million Modelled; impact data

Moments remain unchanged, but the populations of objects yield rounded numbers, Figures 1-3, and
undergone several modification due to the revision of the respective moments.

In an image, a particle can appear as a bright point, or elongated in the direction of movement, depending
on the movement of the particle and its exposure length. Lookalikes from these produce marks, their light
levels vary with the cone geometry of the light, and real detections are much exceeded by empty
background.

C. Established and Learned Detectors

Traditional pipelines only select the background and threshold, Very good at grouping bright pixels and
fitting lines to them sometimes with a Hough. transform. For very faint targets, shift-and-stack and Make
sums and add along predicted tracks. Detectors fall into several groups of learned detectors. Region-based
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networks make fine-tuned candidate boxes and tend to be correct but slower, mask branch is better for thin
long [13]; longer is optional [13].Longer is optional longer [13]; slower, mask branch is better for thin
elongated [13]. shapes [9]. The single-pass models eliminate the proposal step and To directly predict from
feature maps, at the cost of some accuracy. speed [18]. A modified loss, focal loss (or down-weights the
loss) abundant easy negatives [12], and deformable-attention In order to adapt the transformers to the
selected image, the computation is limited just to the selected image and its vicinity properties. locations
[3]. D. Training Data and Temporal Linking

It is possible to use augmentation to expand small datasets [6]. Pasting objects into new scenes worked well
for segmentation [2], and the The same technique could also be used to superimpose computer-generated
streaks onto real stars. The mosaic mixing is the mixing of several mosaic images, and the fields is to mix
the fields with images. Detecting can then be channeled back and forth in time based on frame to frame
Sorting recognition and/or filtering using the SORT algorithm and/or the DeepSORT extension, These
could be used as input for orbit determination through trajectories.

E. Gaps and Questions

Three gaps stand out: no common benchmark of real, reliably Multiple images that have been labeled; there
is a problem with the units used to measure the minimal recall of incorrect aspects of the past; and
incomplete recall against the incorrect aspects of the past. He kept writing alarms for run time, particularly
on-board equipment. The problem in the study is thus: given (1) how the detector families Compare with
classical methods of small faint targets, (3) Extends the range of synthetic augmentation and multi-scale
fusion how far can it go? O tradeoffs could be achieved in reality?What possible accuracy—cost tradeoffs
might arise in practice? Look up into the sky.Arrays of suits ground vs onboard. The corresponding The
null hypotheses are that the learned detectors recover nothing more than. More faint objects than would be
obtained by thresholding at the same false alarm rate, A multi-scale attention models outperforms no better
than a single-scale model. To get a grasp on things, one must fear baselines, and that synthetic data does
not help on real imagery.

I1II. PROPOSED FRAMEWORK

Chain in Fig. 1 is from image capture to a catalogue. entry. The calibration of the raw frames includes bias
calibration, dark correction and Incorporates a flat field correction, has been subtracted from the cosmic
ray and hot-pixel. hits, and backgroundnormalised. Then training images are chosen for training the model,
thus, Enlarged, having pasted streaks, noisiness and brightness. Various changes [2], [4], [6] and
randomised rendering setting. A residual backbone that extract features with feature pyramid [11], [17],
and the detection head, whether they are one-stage or two-stage or attention-based [3], [13], [18], outputs
boxes, and Masks or streak end-points. Postprocessing filters low-confidence results, tracks objects through
time [15], [16]
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Image acquisition
(optical / telescope / on board camera)

v

Pre-processing
Calibration, denoising and star field normalisation.

v

Data augmentation
Ins (synthetic debris, mosaic, noise).

v

Deep feature extraction
(CNN / Transformer backbone + FPN)

v

Detection head
Rebounding box / bounding box / mask / endpoints of streaks

v

Post-processing
(NMS, confidence filtering, tracking)

v

Output: debris catalogue entry
The coordinates (position, size class), with track ID,
L. >

Fig. 1. The proposed end-to-end debris detection framework is shown on the figure 1.

Data will be gathered by ground based telescopes and surveys would be undertaken cameras, their public
two-line catalogues immediately being used to. anticipate the location of familiar objects; label sequences.
Simulated star fields with added streaks of varied Their length, direction and brightness would complement
them, It is always verified against observations [14].

A. Planned Experiments

The data are split on an observation scale level to avoid: Distortion in the training and test sets. Pre-trained
detectors are optimized using Adam optimization [19] and focal loss [12]. Ablation When an augmentation
is removed synthetically, the feature is provided by The attention head and focal loss take turns to
pyramid.Pyramid turns the attention head and the focal loss. Final In the testing, hold-out real sequences
were used followed by the tracking. The desired results are demonstrated in the simulation on Fig. 2.

(a) Svathetic frame [B) Detections
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Fig. 2. Simulated star-field frame (a) and detections (b), for illustration only

Results will be reported in a COCO style average. precision and reliability (FAR) at a specified FAR,
Number of false alarms per frame, inference latency and centroid. position error. Some random numbers
and paired statistical tests detect true learning from ‘noise’ in learning

IV. COMPARATIVE ASSESSMENT

Since there is no shared real-image benchmark, this comparison is a qualitative synthesis of published
work, not new measurements.

Classical methods are fast but rely on hand-set thresholds that are sensitive to imaging conditions. Region-
based networks suit offline cataloguing [13], while single-pass networks with pyramids and focal loss suit
time-critical work [11], [12], [18]. Deformable transformers show promise for tiny targets, at the cost of
more data and computation [3]. Multi-scale fusion, pasted-streak augmentation and focal loss each address
a particular weakness, but their combined effect on real debris is untested. Ground stations can afford GPUs
and delays of a few seconds, whereas spacecraft must operate within tight power and memory limits, where
lightweight backbones [10] and integer quantisation [7] help. Prior evidence suggests that all three null
hypotheses would be rejected, but this remains an expectation until real data are available.

V. DISCUSSION

The smallest targets are the greatest challenge, because they can disappear during down-sampling.
Remedies include feature fusion [11], higher-resolution or tiled inputs, and attention that preserves detail
[3], while segmentation masks or end-point prediction describe long trails better than boxes [9]. Synthetic
data is appealing because labels are free, but a model may learn quirks of the simulator; varied rendering,
mixing in real frames and fine-tuning on real data lessen that risk [14].

VI. LIMITATIONS

No new experiments were conducted. All comparisons come from general-purpose benchmarks and related
studies, so performance in real orbital conditions may differ.

VII. CONCLUSION

The article outlined a processing chain for identifying small, faint debris in images, together with a plan
for testing it. On current evidence, single-stage detectors with multi -scale features and realistic synthetic
training look like a sensible starting point when speed and recall both matter, while two-stage and
transformer models may suit offline processing. These remain expectations, not results.

Priorities for future work are an open, multi-sensor, labelled benchmark; recall reported at fixed false-alarm
rates on held-out real sequences; direct comparison of synthetic and real sensor data; temporal tracking to
suppress isolated false alarms; and compact, quantised models for onboard use.
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