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Abstract 

    Space debris (SD) represents a serious threat for all space activities. Several studies have been carried out to tackle 

the problem, some of these involving an active management of new SD coming from inactive satellites, parking them 

in graveyard orbits or deorbiting them until complete disintegration, while others suggesting the removal of resident 

SD using capture mechanisms. By contrast, another line of research addresses the problem in a passive way, accepting 

space junk and developing collision avoidance techniques. Fitting into the latter context of research, this work presents 

an innovative collision avoidance system making use of a recently developed type of imaging device, the event-based 

camera. These bio-inspired sensors operate in a significantly different manner with respect to the traditional frame-

based cameras, making them well-suited not only for computer vision and robotics, but also for Space Situational 

Awareness (SSA) and Space Traffic Management (STM). In this work, the architecture of a collision avoidance system 

based on the real-time analysis of an event-based camera data stream using a deep learning algorithm is proposed. 

Called Stack-CNN and previously used for meteor detection, the algorithm makes use of a Stacking procedure 

according to a trial velocity vector, before applying a Convolutional Neural Network (CNN) to distinguish the signal 

from the background. The algorithm has been tested on SD data recorded by terrestrial event-based cameras, 

demonstrating great results in detecting faint moving objects thanks to its ability to enhance the signal-to-noise ratio 

of the data stream. With the future possibility of coupling this type of neuromorphic sensors to recently developed 

neuromorphic processors, further reducing the absorbed power, this innovative type of camera might be extremely 

successful in the on-board space imaging field, substantially impacting space operations related to STM and SSA. 

Keywords: space debris, Space Situational Awareness, Space Traffic Management, collision avoidance, event camera, 

deep learning 

 

Acronyms/Abbreviations 

CAM – Collision Avoidance Maneuver  

CNN – Convolutional Neural Network  

EBSSA – Event-Based Space Situational Awareness  

FOV – Field of View 

ML – Machine Learning  

OBC – On-Board Computer 

PS – Propulsion System 

PU – Processing Unit 

SD – Space Debris 

SNR – Signal-to-Noise Ratio 

SSA – Space Situational Awareness 

STM – Space Traffic Management 

 

 

1. Introduction 

 

1.1 Background and motivation 

SD, also known as space junk, constitutes a major challenge for the entire space community [1]. Mainly made up 

of not-removed spacecraft at the end of their service life, upper stages of lunch vehicles and fragments formed after 

collisions, SD represents the form of human pollution of the space environment. Since the launch in 1957 of the first 
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satellite into space, Sputnik 1, there has been a continuous increase in the number of satellites and space missions 

leading to the rise of space debris, which year by year pose an ever-increasing risk for active spacecraft. Due to the 

continuous rise in the probability of future collisions, associated to the endless growth of its amount, studies on the 

topic are becoming more and more frequent in the scientific community. 

In this context, collision avoidance is critical for ensuring the longevity and safety of space operations. If the SD is 

large enough (typically over 10 cm) to be tracked from Earth and catalogued, collision avoidance maneuvers can be 

notified to the orbiting satellite directly from ground stations well in advance. But there is a much more abundant 

population of SD, the one under 10 cm size, which constitutes the greatest hazard [2]. In fact, in case of small-size SD, 

ground instruments usually fail the detection, and it is therefore necessary to have an on-board anti-collision system 

that allows not only the timely detection of small SD on a collision course, but also the prompt notification to the On-

board Computer (OBC) in order to carry out a Collision Avoidance Maneuver (CAM). 

Traditional collision avoidance systems often rely on a frame-based sensor for the detection of the incoming SD, 

coupled with a tracking algorithm to determine the risk of collision and, if necessary, to alert the OBC for carrying out 

the anti-collision maneuver. However, frame-based cameras may struggle with the dynamic nature of SD detection, 

leading researchers to the exploration of different kinds of sensors. 

 

1.2 Problem Statement  

Current collision avoidance systems face challenges in accurately detecting fast-moving, faint objects against the 

vastness of space. This paper addresses these issues by proposing a system that combines event-based cameras with 

Stack-CNN to improve the speed of the detection and its accuracy. The former is addressed through the very high 

spatial resolution and the very low latency associated to event cameras, features that enable a timely detection of the 

SD. The latter, instead, is achieved thanks to the Stack-CNN algorithm's ability to increase the signal-to-noise ratio 

(SNR) of the scene, allowing extremely faint objects to be detected and consequently larger objected to be seen earlier. 

Moreover, the sparse nature of the data produced by the event-based camera allows to process the impending threat 

without computational overhead. 

 

1.3 Paper organization 

Section 2 will give an overview of collision avoidance methods for SD and how they are currently addressed, 

followed by an analysis of the current use of event-based cameras in the fields of robotics and autonomous systems, 

and by a discussion of machine learning (ML) methods for object detection tasks in space. Then, Section 3 will present 

the proposed system, characterizing its neuromorphic sensor and its Stack-CNN detection algorithm. Section 4 will 

provide some preliminary results on the proposed coupling between sensor and deep learning detection method, while 

Section 5 will discuss the possible limitations of the system and possible future studies. Finally, Section 6 will 

summarize the content of the entire paper. 

 

 

2. Related Work  

 

2.1 Space Debris and Collision Avoidance 

The escalating density of orbital debris - well shown in Fig. 1 - poses a significant and growing threat to operational 

spacecraft, necessitating the implementation of robust collision avoidance strategies [3]. 

Currently, a combination of on-ground and on-board solutions are employed to mitigate this risk. On-ground 

systems, primarily operated by organizations like the U.S. Space Force's 18th Space Control Squadron [5], 

continuously track catalogued objects and predict potential close approaches (conjunctions) between debris and active 

satellites. Based on these predictions, satellite operators receive Conjunction Data Messages (CDMs) and can 

maneuver their spacecraft to avoid collisions. However, the accuracy of these predictions is inherently limited by 

uncertainties in debris tracking, orbital propagation models, atmospheric interference and the size of detectable objects 

[6]. To complement ground-based efforts, on-board collision avoidance systems are increasingly being considered by 

the scientific community [7]. These systems can independently assess collision risks using on-board sensors or by 

processing tracking data, enabling faster reaction times and greater autonomy in executing maneuvers to avoid a 

possible collision, particularly for uncatalogued or newly fragmented debris. The advantages of incorporating on-board 

solutions are manifold, including reduced reliance on ground segment communication latency and the ability to react 

to unforeseen conjunctions more swiftly.  
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Fig. 1. The evolution in the number of space debris over the years [4]. 

 

Notably, the implementation of ML and statistical approaches within on-board systems holds significant promise 

for enhancing collision avoidance capabilities [8]. ML algorithms can learn complex patterns from historical 

conjunction data and sensor readings to improve the accuracy of risk assessments, while statistical methods can provide 

probabilistic estimates of collision risk, allowing for more informed decision-making regarding maneuver execution. 

This shift towards intelligent on-board systems offers the potential for more proactive and autonomous debris 

mitigation, ultimately contributing to the long-term sustainability of space operations. 

 

2.2 Event-Based Cameras in Computer Vision 

Event-based cameras have revolutionized computer vision applications in robotics and autonomous systems [9] by 

addressing key limitations of traditional frame-based sensors through their asynchronous, event-driven architecture 

[10]. Unlike conventional cameras constrained by fixed frame rates, these devices capture intensity changes at 

microsecond resolution, enabling real-time tracking of high-speed motions (refer to Fig. 2). For instance, in aggressive 

drone racing scenarios, they excel under extreme apparent scene motion and proximity to obstacles, providing precise 

state estimation critical for navigation [11]. Their vast dynamic range (exceeding 140 dB) also allows robust operation 

across varying lighting conditions, outperforming standard sensors limited by fixed exposure times. Furthermore, their 

event-driven nature reduces data redundancy and power consumption, making them ideal for resource-limited 

platforms and autonomous systems. ML has further amplified their potential: optimized algorithms have improved 

tasks such as optical flow estimation and depth prediction [12]. Direct tracking methods using photometric 3D maps, 

which model event streams probabilistically, achieve superior localization accuracy in dynamic environments 

compared to frame-based approaches. These advancements underscore the transformative role of event-based cameras 

in advancing computer vision for real-time, high-dynamic-range applications.   

 

 
Fig. 2. A standard frame-based camera in comparison with an event-based camera [10]. The event-based camera activates its 

array of pixels only in case a change in light is detected, getting to lower latencies and higher temporal resolution. 
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2.3 ML Approaches for Space Object Recognition 

In modern collision avoidance for both on-board and ground-based debris detection systems, the use of ML 

techniques is envisioned. On-board detection systems will employ an array of sensors - such as optical cameras, radars, 

and LIDAR - to continuously scan the local space environment, thereby enabling satellites to autonomously identify, 

classify, and track nearby objects in real time. When these sensors are coupled with ML algorithms, the on-board 

systems can quickly analyze sensor data to predict potential collision trajectories and initiate evasive maneuvers 

without awaiting ground intervention [12]. Complementarily, ground-based detection systems harness data from 

extensive radar networks and telescopic observations to build and maintain detailed catalogues of orbital debris. ML 

models are then applied to these large datasets to refine orbital predictions, filter out noise, and assess collision 

probabilities with enhanced accuracy.   

Recent research has demonstrated that supervised learning methods, such as deep neural networks and support 

vector machines, can effectively process historical tracking data to forecast debris trajectories and classify objects 

based on their motion characteristics [13]. Moreover, probabilistic approaches employing Bayesian ML have been 

used to incorporate uncertainty into collision risk estimations, thereby offering more robust and reliable predictive 

models [14]. Reinforcement learning has also emerged as a promising tool for optimizing collision avoidance 

maneuvers. By learning from simulated space encounters through reward-based feedback, these algorithms iteratively 

improve decision-making policies that govern both evasive actions and subsequent orbit adjustments [12]. This 

combination of real-time on-board autonomy and enhanced ground-based tracking represents a significant 

advancement over traditional methods that relied on manual monitoring and delayed responses. 

Interdisciplinary efforts are further propelling the evolution of these systems. For example, initiatives such as 

ESA’s collision avoidance service and open-source projects like Kessler - a dedicated ML library for spacecraft 

collision avoidance - illustrate the potential of integrated approaches to mitigate the growing threat of space debris 

[15][16]. As satellite constellations expand and the orbital environment becomes ever more congested, the synergy 

between advanced sensor technologies and sophisticated ML models is critical to ensuring the long-term sustainability 

of space operations.  

Future advancements will encompass the integration of ground-based analysis with reactive on-board systems 

capable of autonomous decision-making and enhancing the capabilities of space assets. These developments are 

driving the authors of this paper to explore an innovative on-board detection method, aiming to eventually develop 

Commercial Off-The-Shelf (COTS) components that can be implemented in every satellite in orbit. 

 

 

3. Methodology 

 

3.1 System Architecture 

The system proposed in this study consists of two main parts: a sensor, identified in an event-based camera, and a 

Processing Unit (PU) on which the Stack-CNN deep learning algorithm is implemented to trigger the passage of any 

bright object.  

The neuromorphic camera is designed to be in constant listening mode and sends a continuous stream of data to 

the PU. These are stored in a buffer where they pass through the Stack-CNN algorithm, which in real time determines 

the possible presence of a moving light signal in the detector's Field of View (FOV). In case of detection, a tracking 

algorithm (not covered in this study), also implemented on the PU, will analyze the morphology of the light signal and 

its evolution through the event-based camera dataflow, defining as far as possible its trajectory within a certain error 

margin. Based on this, the probability of collision with the detected object (P) is computed. If the latter is smaller than 

a threshold probability, the collision is discarded. If, on the other hand, the probability is higher than the threshold, a 

CAM must be carried out as soon as possible. The CAM, then, is first computed by the payload's PU itself, and reported 

to the On-Board Computer (OBC), which will then command it to the Propulsion System (PS). 

The implementation of the maneuver by the PS will avoid the possible collision. Fig. 3 schematically shows the 

high-level functioning of the proposed system, and its interaction with OBC and PS. 
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Fig. 3. Operational sequence of actions from the event-based camera input to the Stack-CNN algorithm processing, up to the 

CAM implementation. The collision probability estimation and CAM computation modules have not been addressed in this study. 

 

 

3.2 Event-Based Camera Operation 

The typology of sensor proposed in this study offers a novel way of storing the visual scene. In fact, an Event 

camera can sample the light entering its FOV depending on the dynamics of the scene [10], as opposed to a traditional 

camera which samples the scene at a fixed sampling rate, storing static scenes as well. Compared to a conventional 

frame camera, this innovative neuromorphic sensor asynchronously measures per-pixel brightness changes and outputs 

a stream of events that encode time, location and polarity of each detected change. The polarity of the event depends 

on the dynamics of the scene, which will produce an increase (positive polarity events) or a decrease (negative polarity 

events) in the brightness levels associated with each pixel. 

Compared to traditional cameras, these neuromorphic sensors offer higher temporal resolution (up to 1 µs) and 

wider dynamic range (up to 140 dB), essential features for accurate and complete light-moving object detections. In 

addition, the low latency and the very small data rate of these novel cameras allow a more rapid detection of fast-

moving SD on a collision course, permitting timely mitigation actions. Finally, the low power consumption (10-400 

mW) and the small mass associated with these devices allow to impact on space mission’s power and mass budgets as 

little as possible, from CubeSats to bigger satellites. 

For all these reasons, the choice of the detector fell on this innovative and efficient type of neuromorphic sensor. 

 

3.3 Stack-CNN algorithm 

Concerning the detection methodology, we chose to use a hybrid architecture that adopts a deep learning-based 

algorithm for feature extraction and detection of moving bright objects within the FOV of a detector. Specifically 

intended for the detection of SD or meteors [17][18], this algorithm consists of two main steps: a first part called 

Stacking, during which consecutive frames are shifted and summed according to a trial displacement vector, and a 

second part which involves the application of a CNN. Named Stack-CNN, the algorithm can increase the SNR of the 

data thanks to the shifted sum of the frames. Indeed, in case the trial velocity vector according to which the Stacking 

procedure is performed corresponds to or is very near to the correct vector by which the signal is moving, the latter 

will be summed coherently producing a point-like bright area. Therefore, the SNR will be enhanced by a √𝑛 factor, 

where 𝑛  is the number of frames used during the Stacking procedure. The following CNN solves a binary classification 
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task and gives as output 1 if the trial vector is very similar to the right one. Otherwise, a zero-output value will indicate 

either the use of an erroneous velocity vector, or the total absence of a moving bright object. Refer to Fig. 4 for an 

illustrative diagram of the Stack-CNN working principle. 

As will be detailed in Section 4, the Stack-CNN algorithm has also been shown to be applicable to an asynchronous 

dataflow such as that produced by a neuromorphic sensor, making it a perfect candidate for use as part of a collision 

avoidance system. Due to its possibility to enhance the SNR, the algorithm can detect faint signals, pushing forward 

the observational limit distance and consequently giving more time to the CAM to be performed. 

 

 

 
Fig. 4. Schematic working principle of the Stack-CNN method. After selecting a trial vector from the pool, the shift and add 

(Stacking) operations on consecutive frames are performed. The resulting Stacked image is then given to the CNN for the 

prediction. In the diagram, the shown Stacked image has a point-like shape, suggesting the selection of the correct trial vector. 

 

 

4. Results 

 

4.1 Experimental Setup and data 

With the aim of simulating an in-orbit detection scenario involving a bright object passing through the FOV of an 

event-based camera, a public dataset collected using terrestrial event-based cameras pointed at the starry sky was used 

[19]. With over 8 hours of acquisition time, this Event-based Space Situational Awareness (EBSSA) dataset was the 

first publicly available dataset containing space imaging acquired by event-based cameras. 

Using the Stack-CNN algorithm with a pool of 36 trial velocity vectors optimized to be uniformly distributed in 

the two-dimensional vector space (see Fig. 5), the detection process was attempted on a 2-minutes data-taking session 

of event-based data containing 9 human-labelled bright objects moving in the FOV: one very bright and attributable 

to a launch vehicle stage (the SL-8 R/B [20]), tracked during its passage within the FOV of the camera, while the 

remaining eight associated with other kinds of space objects and presenting a wide range of event rates and SNRs. 

 

 
Fig. 5. Representation of the 36 trial velocity vectors used during the Stack-CNN performance test. This hexagonal configuration 

is optimized to cover the vector space as uniformly as possible, limiting to 1 the maximum pixels/frame displacement due to the 

necessity for the CNN to obtain a point-like bright area after the Stacking rather than a segment. 
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4.2 Preprocessing 

To process the event-based data stream, a transformation of its content was first performed. We chose to use the 

simil-frames representation [10], accumulating the events over a fixed exposure time Δt. Afterwards, a spatial 

downsampling was performed aimed at reducing the original 240x180 spatial resolution in order to reduce not only 

the computational time associated with the Stacking procedure, but also the pixels/frame displacement of the bright 

moving objects (constrained to maximum 1 pixel/frame movements due to the Stack-CNN working principle). This 

spatial downsampling led to 80x60 frames. 

 

4.3 Performance and comparative analysis 

Once the pre-processing was completed, the run of the event-based data under the Stack-CNN algorithm was 

performed. This led to the detection of six out of nine light-moving objects, equaling the number of events detected by 

the algorithm proposed by the authors of the dataset themselves (see Fig. 6 for the visual presentation of four of them). 

Avoiding the spatial downsampling, the run of the Stack-CNN algorithm was repeated, leading to the detection of all 

the nine bright traces. Thus, three faint objects, seen during the human-labelling procedure but not detected by the 

dataset authors’ algorithm, are detectable by the Stack-CNN algorithm when the downsampling of the frame’s spatial 

resolution is not performed. 

This result demonstrates the soundness of the Stack-CNN algorithm used, underlining that it is not only able to 

process a traditional frame-based dataset [17][18], but also an event-based dataset by means of an appropriate 

transformation of the latter. In addition, the Stack-CNN algorithm is proved to be more sensitive to fainter traces, 

finding more bright traces in the analyzed EBSSA data-taking session. In the next Section we will discuss the real-

time potential associated with this methodology and its possible capabilities. 

 

 
Fig. 6. Volumetric representation of the event-based data associated to four light-source events detected by the  

Stack-CNN algorithm in the SL-8 R/B data-taking session of the EBSSA dataset. The purple dashed line,  

parallel to the trace, helps its visualization. One very bright trace (B), two middle-bright traces (C, D)  

and one last very-low-SNR trace (A) are shown. 
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5. Discussion 

 

5.1 Interpretation of Results 

The combination of an event-based camera with the Stack-CNN algorithm has been presented, proving the 

possibility to successfully couple the two systems.  

The advantages related to the use of a neuromorphic sensor, detailed in Section 3.2, can be summarized not only 

pointing out the efficiency of the camera for the purpose of detecting moving objects in general (storing only moving 

signals), but also underlining that it constitutes a perfect payload for the SSA performed in space due to its suitable 

working parameters. 

For what concerns the advantages of using the Stack-CNN detection algorithm, they are mainly linked to the 

possibility to enhance the SNR of the data through the Stacking procedure, detecting very faint signals and 

consequently increasing the observational limit distance. In this way there is a larger time interval available to perform 

the CAM, increasing the capability in avoiding a collision with a space debris. Although the application of the Stack-

CNN pipeline on the SL-8 R/B dataset shows similar detection results with respect to the dataset authors’ algorithm 

[19] when performing the spatial downsampling of the datastream, the Stack-CNN algorithm is able to detect all the 

bright traces in the analyzed dataset (9 out of 9) when the downsampling is avoided. Indeed, reducing the spatial 

resolution from 240x180 to 80x60 by grouping 3x3 pixel blocks results in the dilution of the signal, making it fainter 

than it already is. Without applying the downsampling it is possible to enhance the Stack-CNN detection capabilities, 

but slowing down the analysis of the dataset. 

This analysis proves the possibility for the algorithm to detect very faint traces due to the Stacking procedure. In 

addition, Stack-CNN is a detection method which can be able to operate in online mode, a crucial requirement for in-

orbit collision avoidance purposes.  

 

5.2 Limitations and Challenges 

As much as the combination of event-based camera and Stack-CNN seems to work, there are some critical issues 

depending on the task, i.e. the real-time detection of space debris entering the detector's FOV. 

Firstly, for the algorithm to operate in real time, the frames analyzed should not be too time-resolved. As Stack-

CNN operates on packets of consecutive frames to be shifted and summed, the higher is the temporal resolution, the 

greater will be the computational time. For this reason, the pre-processing step described in Section 4.2 aims to group 

the events on a not too small sampling interval Δt. At the same time, the higher is the Δt, the more the benefits of the 

high temporal resolution camera will be lost, considering that time is a critical factor for a timely CAM.  

Secondly, the sampling time Δt also determines the speed at which the signal moves frame to frame, resulting in 

faster displacements for higher Δt. In addition, the speed at which the debris moves in the pixel matrix is a function of 

the distance at which the debris enters the FOV (faster if it enters close to the detector, slower otherwise, see Fig. 7). 

However, since Stack-CNN is constrained to have a maximum speed of 1 pixel/frame to work properly, depending on 

the Δt it is possible to define a distance below which the debris would not be detected because too fast. The higher is 

the sampling time Δt, the deeper is this threshold. For this reason, the choice of Δt is critical, and should be a trade-off 

choice - fixed all the other parameters involved in the problem - to allow both the real-time operation of the algorithm 

and the observation of the greatest amount of debris by the Stack-CNN detection algorithm, maximizing the collision 

avoidance possibilities of the system.  

 

5.3 Future Directions 

Future experimental studies will aim to quantify the detection sensitivity of an event-based camera in relation to its 

FOV, once coupled with the Stack-CNN method. This will make it possible to estimate the time span available to the 

spacecraft to perform a CAM, which gets smaller and smaller as the size of the SD decreases.  

In addition, an evolution of the approach for the detection task is currently being developed. Avoiding the explicit 

use of the Stacking procedure, it is characterized by very low computational time, showing promising preliminary 

results in terms of detection capabilities.  

Furthermore, to implement a completely neuromorphic pipeline, from the sensor (event-based camera) to the 

detection algorithm and the processor on which it is implemented, future studies will aim to convert the CNN of the 

algorithm into a Spiking-CNN, allowing it to be implemented on a neuromorphic chip. This will permit the detection 

system to be extremely efficient, minimizing the power consumption. 
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Fig. 7. The figure above shows 3 examples of space debris entering the FOV in the worst condition (velocity vector perpendicular 

to the FOV axis, producing the maximum displacement on the pixel matrix) at different distances from the sensor, highlighting the 

different displacement velocities on the pixel matrix (red notes). All the numbers are referred to a square FOV with theta = 40°, 

assuming a 48x48 matrix and a space debris velocity equal to 7.5 km/s. Under these conditions, the trade-off choice for Δt could 

be 80 ms, a time below which the Stack-CNN is most likely able to operate in real time, and able to see debris beyond 25 km (even 

if the displacement exceeds 1 pixel/frame, Stack-CNN is still able to detect up to 1.5 pixels/frame displacements). 

 

 

6. Conclusions 

 

Targeting a space-based collision avoidance system, this study analyses some preliminary aspects of combining an 

event-based camera - a neuromorphic sensor particularly suited for use in space environments - with the Stack-CNN 

online detection method - a powerful deep learning algorithm capable of seeing extremely faint moving objects. The 

latter was tested on an EBSSA dataset and, thanks to its ability to increase the SNR of the acquired scene, was able to 

detect more faint traces compared to the dataset authors’ algorithm. Due to this ability, the Stack-CNN algorithm might 

be able to anticipate the detection of a debris on a collision course, providing a larger time interval to perform a CAM. 

Future studies will aim to determine more precisely the sensitivity of the neuromorphic sensor when coupled with the 

Stack-CNN method, and the available time interval that this system would provide to operate a CAM in case of SD on 

a collision course.  

Due to the high efficiency characteristics of the neuromorphic sensor, which is extremely well-suited for space 

application, and due to the excellent detection capabilities of the Stack-CNN algorithm, such a system could be 

extremely helpful in the future for in-space STM and SSA. 
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