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ABSTRACT

Neuromorphic event-based cameras provide low latency, high dy-
namic range, and sparse output, enabling efficient tracking of high-
speed objects at low data rates. Although widely applied in robotics
for moderate-speed scenarios, their use in Space Situational Aware-
ness (SSA) remains nascent. We present a real-time, frame-free,
multi-target clustering and tracking framework that operates directly
on asynchronous events using an Extended Kalman Filter (EKF). Its
event-driven design naturally suppresses background noise and hot
pixels, achieving near-constant computational complexity, making it
well-suited for resource-constrained SSA edge platforms. Our sys-
tem consists of a Prophesee Gen4 (IMX636) event sensor connected
to a Raspberry Pi 4 via USB, running our algorithm on-device in
real time. We present an event-driven EKF that can track blobs mov-
ing at > 17,000 px/s with per-event EKF latency of < 0.7µs. The
end-to-end pipeline (clustering+EKF) runs in ∼1µs/event, achiev-
ing <12 px localization error and clustering F1-score of >0.9. We
extensively evaluated the system through LED-matrix multi-target
simulations and telescope-based outdoor trials, including tracking a
fast-moving Starlink satellite and a slow-drifting star field. The re-
sults demonstrate its potential for SSA applications.

Index Terms— Neuromorphic event-based cameras, Space sit-
uational awareness, Multi-target tracking, Asynchronous event pro-
cessing, Edge computing, Extended Kalman Filter

1. INTRODUCTION

Tracking satellites and space debris is central to Space Situational
Awareness (SSA), enabling timely collision-avoidance manoeuvres
[1, 2]. Operationally, satellites are commanded through ground-
station contacts. Since uplinks are confined to line-of-sight visibility
windows [3], successive passes are separated by gaps of minutes,
adding huge latency to satellite control. With >1 million fragments
travelling at >7 km/s evading routine tracking [4], collision risk is
rising, motivating onboard autonomy that processes sensor data in
situ and executes real-time manoeuvre decisions [5, 6, 7]. This shift
demands high-speed sensors paired with edge-computing systems
within space platforms’ compute, power, and form-factor limits.

Cameras are widely used for real-time visual tracking. Still, the
space environment with low illumination, bright source glare, and
rapidly approaching targets stresses conventional frame-based sen-
sors (Fig. 1c). These systems suffer motion blur, limited dynamic
range (< 60 dB) [8, 9, 10], and high, redundant data rates (1080p/30
fps/10-bit ∼ 1.7 Gbps) that burden onboard processing . In con-
trast, neuromorphic event-based sensors deliver µs-scale temporal
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Fig. 1. (a) Neuromorphic sensor emits sparse events (x, y, p, t). (b)
Its high dynamic range resists bright-star glare and localises a fast
satellite. (c) A charge-coupled device (CCD) displays motion-blur
streaks due to a fixed-frame rate and saturates near a bright star due
to limited dynamic range, breaking satellite tracking.

resolution, ≥ 120 dB dynamic range [11, 12, 13], and sparse asyn-
chronous output (Fig. 1a; 1 Mev/s ∼ 16 Mbps), eliminating motion
blur (Fig. 1b) and enabling rapid detection/tracking of fast objects
[14].

Prior Work. Although neuromorphic cameras can deliver events
with µs precision, many existing approaches first bin events into
fixed temporal windows and then apply deep learning methods for
tracking [15, 16, 17]. This binning step reduces temporal resolution
and limits the detection of high-speed objects. At the same time, the
reliance on data-driven models makes performance highly dependent
on the availability of large, representative training datasets, which
are currently impractical for SSA due to limited or non-existent
data availability. At long ranges (>1 km), such objects typically ap-
pear as blobs [18]. While asynchronous clustering and tracking are
demonstrated in [19], the method targets relatively slow platforms
and reports optical-flow throughput, but does not provide ground-
truth tracking-error evaluation or an on-device, real-time hardware
implementation. Hardware implementations exist, but frame-based
designs sacrifice temporal precision [20, 21]; frameless systems of-
ten assume slow, near-linear motion [22, 23] or cap concurrency at
≤ 4 targets [24].

Contributions. In this work, we present an asynchronous event-
based clustering and tracking framework with near-constant per-
event complexity, combining a lightweight Constant-Turn EKF (CT-
EKF) tracker with constant-neighbour search algorithm. We im-
plement the pipeline in C/C++ on Raspberry Pi (RPi) 4 to track
high-speed astronomical objects. We evaluate it on an indoor LED-
matrix testbed that simulates fast-moving blobs and report tracking
error, clustering scores, and end-to-end latency. The system supports
multi-target tracking. Our method delivers good tracking accuracy
and responsiveness, making it well-suited for autonomous SSA in
both ground- and space-based deployments.



Constant Neighbour Search
+ Gated Association

Per-Event 

Camera Bias Control

Event Stream Interface

Camera Interface (C++)

c
Polarity Filter

Event

d

True Trajectory

e

CT-EKF + Cell Assignment

f

M
er

gi
ng

 &
Pr

un
in

g
Per-Batch

 Raspberry Pi 4

USB

Neuromorphic
Camera

C
lusters

a

b

Fig. 2. Proposed Architecture running on RPi 4. (a) A neuromor-
phic camera streams events over USB; (b) a C++ interface configures
biases and ingests the stream. (c) A polarity filter selects positive
events. (d) For an event in cell (i, j) (green), constant-neighbour
search restricts candidates to clusters in adjacent cells (peach) and
applies gated Euclidean association. (e) The cluster’s CT-EKF is up-
dated. If its centroid crosses a cell boundary (blue), the cluster is
re-indexed to the new cell. Steps (c–e) run per event. (f) After each
batch of events, nearby clusters are merged, stale or out-of-field of
view (FoV) clusters are pruned. Steps (c-f) are implemented in C.

2. METHODOLOGY

Distant targets (stars, most satellites) are unresolved when observed
from Earth or far-away distances and appear as compact point spread
functions in our images. Their apparent motion generates bright-
ness changes that trigger asynchronous events when the sensor’s log-
intensity crosses a preset threshold. Under our bias settings (on =
140, off = 190), negative-polarity activity exhibits longer persistence
and latency [25]. Thus, as depicted in Fig 2c, we restrict processing
to only positive events, which lowers the per-update rate without af-
fecting detection. Each positive event updates a CT-EKF. The CT
model captures non-linear apparent curvature arising from the (a)
relative observer–target geometry (b) earth rotation and motion jitter
over short observation intervals.

2.1. Constant-Turn EKF (CT-EKF)

We track each target with a ns-dimensional state with ns = 5

xk =
[
px,k py,k vk θk ωk

]⊤
, with image-plane position (px,k, py,k) in pixels, speed vk (px/s),
heading angle θk (rad), and turn-rate ωk (rad/s) at the k-th event.
With ∆t = tk − tk−1, we define the discrete-time CT-EKF predic-
tion step as:

x̂k|k−1 =



px,k−1 + vk−1

∫ ∆t

0

cos(θk−1 + ωk−1s) ds

py,k−1 + vk−1

∫ ∆t

0

sin(θk−1 + ωk−1s) ds

vk−1

θk−1 + ωk−1∆t
ωk−1


(1)

with process noise wk ∼ N (0, Qk) and

Qk = diag
(
qp, qp, qv, qθ, qω

)
∆t. (2)

where qp, qv , qθ , qω are variance rates with units [px2/s], [px2/s3],

[rad2/s], and [rad2/s3] respectively. Linearization of the CT dynam-
ics about state xk−1 with |ωk−1∆t| → 0 yields

Fk ≜ ∂f
∂x

∣∣
xk−1

=


1 0 cos θk−1 ∆t − vk−1 sin θk−1 ∆t 0
0 1 sin θk−1 ∆t vk−1 cos θk−1 ∆t 0
0 0 1 0 0
0 0 0 1 ∆t
0 0 0 0 1


(3)

The prediction and update steps of the CT–EKF, using the measure-

ment model H =

[
1 0 0 0 0

0 1 0 0 0

]
, measurement noise R =

diag(rp, rp) with rp being the position measurement noise vari-
ance in px2, state error covariance P , innovation covariance S, and
Kalman gain K, are summarized in Algorithm 1.

Algorithm 1: Constant–Turn EKF (per event, k)
Input: Previous estimate (x̂k−1|k−1, Pk−1|k−1), time

difference ∆t, event with location zk =
[
xk, yk

]⊤,
process rates qp, qv, qθ, qω , measurement noise R,
wrap operator wrap(·)

Output: Updated estimate (x̂k|k, Pk|k)
State/Model: state xk ; Measurement model H

1. Prediction
x̂k|k−1 ← f(x̂k−1|k−1, ∆t),
θ̂k|k−1 ← wrap(θ̂k|k−1) // Eq. (1)

Pk|k−1 ← Fk Pk−1|k−1 F
⊤
k +Qk // Eqs. (3), (2)

2. Measurement update
ẑk|k−1 ← H x̂k|k−1

yk ← zk − ẑk|k−1 // innovation
Sk ← H Pk|k−1 H

⊤ +R // innovation covariance
Kk ← Pk|k−1 H

⊤ S−1
k // Kalman gain

x̂k|k ← x̂k|k−1 +Kk yk; θ̂k|k ← wrap(θ̂k|k)

Pk|k ← (I −KkH)Pk|k−1 (I −KkH)⊤ +KkRK⊤
k

2.2. Asynchronous Clustering and Tracking

Each positive event ek = (xk, yk, tk) updates a dynamic set of
clusters C. A cluster c ∈ C stores cluster id c, centroid c c

k =
[cx,k, cy,k]

⊤, previous centroid c c
k−1 = [cx,k−1, cy,k−1]

⊤, velocity
v c = [vx, vy]

⊤, count of associated events nc, time of most recent
associated event tlast, time of first associated event tinit, time of
cluster birth tbirth, EKF state, active flag ac∈{0, 1}, missed counter
mc, gate threshold dc. All cluster fields are updated asynchronously
according to Algorithm 2.

Constant-Cost Neighbor Search. To make per–event compu-
tational cost independent of the active clusters M , we partition the
image into square cells of side s = 3 dbase, where dbase is a fixed
distance threshold used to initialize each cluster’s gate threshold dc.
Each cell stores up to K cluster pointers (by centroid). For an event
in cell (i, j), we search only neighboring cells within (Fig. 2d)

r =

⌈
2 maxc∈cell(i,j) dc

s

⌉
(often r = 1), (4)

yielding at most (2r + 1)2K candidates (e.g., ≤ 9K), independent
of M . Hence association time is O(1) in M with predictable latency.
When a centroid crosses a cell boundary, we remove its pointer from
the old cell and insert it into the new cell (Fig. 2e).



Algorithm 2: Asynchronous clustering and tracking
Input: Batch size N ; grid G (cell size s, cap K); cluster set

C; thresholds dbase, dmerge,mmax, tmin, vmin, nmin;
CT-EKF, global event counter nevt←0

Output: Updated C
Seeding: if C = ∅ or ∀ c ∈ C : ∥yc

k∥2 > dc then
create c at (xk, yk); cck ← cck−1 ← [xk, yk]

⊤;
(tbirth, tinit, tlast)← tk; nc ← 1; dc ← dbase;
x̂c
k|k−1 ← [xk yk 0 0 0]⊤; insert c into G with rest of

cluster fields been zero.
Batch initialization: foreach c ∈ C do

cck−1←cck; tinit← tlast; ac←0;

Per-event processing for ek = (xk, yk, tk):
cell(i, j)← (⌊xk/s⌋, ⌊yk/s⌋); compute r via Eq. (4);
gather candidatesN from the (2r+1)× (2r+1)
neighborhood (fixed scan order); assigned← false

foreach c ∈ N do
predict (x̂c

k|k−1, P
c
k|k−1) via Eq. (1);

ẑck|k−1 ← Hx̂c
k|k−1, yc

k ← [xk yk]
⊤ − ẑck|k−1,

rc ← ∥yc
k∥2;

if rc ≤ dc then
// Winning cluster update
EKF update (Alg. 1) with zk = [xk yk]

⊤;
cck ← Hx̂c

k|k; tlast ← tk; nc ← nc+1;
mc ← 0; ac ← 1;
if cell(cck) ̸= cell(cck−1) then

move pointer to new cell
assigned← true; break;

if assigned is false then
apply the seeding clause above

nevt ← nevt + 1
if nevt = N then

// Periodic maintenance: merge, prune, rebuild
Merge: apply Eqs. (5), (6); Prune: apply Eq. (7);

Cluster Re-assignment: apply Eq. (8);
nevt ← 0;

Cluster Merging. Extended or bright targets can spawn mul-
tiple nearby clusters, while small targets may split under jitter. To
suppress fragmentation, we merge spatially proximal clusters after
receiving a batch of N events (Fig. 2f) if they satisfy the Merge
condition: For clusters ci, cj ∈ C with centroids c ci , c cj ∈ R2,
merge if ∥∥c ci − c cj

∥∥
2

< dmerge. (5)

Let the survivor be the cluster with the larger event count, csurv =
argmax(nci , ncj ), and the other, cdead = {ci, cj} \ {csurv}. We
perform one EKF update on csurv using the dead centroid as a pseudo-
measurement to re-centre on the merged evidence. We then delete
cdead and enlarge the survivor’s gate:

dsurvc ← min
(
1.2 max

(
d(surv)c , d(dead)c

)
, 4 dbase

)
. (6)

Cluster Pruning. We prune clusters after a batch of N events
(Fig. 2f) if they satisfy any of the following conditions.

agec = tlast − tbirth > tmin and ∥vc∥2 < vmin, (7a)
nc < nmin, mc > mmax, c c /∈ [0,W )× [0, H). (7b)

Condition (7a) removes hot-pixel clusters since they show negligi-
ble velocity after a certain age; Condition (7b) prunes low-support
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Fig. 3. LED-matrix Simulation Results: Panels (a–c) summarise the
circular, Lissajous, and multi-object collision simulations, with in-
sets (a.1–b.1/a.2–b.2) zooming speed ramps and cluster assignments.
Panel c shows the instant impact between two bodies, while panel
c.1 captures the post-collision debris ejecting radially outward with
tracking close to ground truth. (d) Our real-time experimental setup
with an LED matrix, a neuromorphic camera and an RPi4. Over-
lays: ground truth green; CT–EKF (ours) red; events gray.

noise clusters with few events per batch; deletes clusters which be-
come stale with too many consecutive misses; and drops clusters that
moved outside the FoV.

Cluster Re-Assignment. Merging and pruning operations delete
clusters, re-centre survivor clusters, and enlarge their dc, invalidat-
ing cell pointers and the per–cell gate maxima used to set r. Hence,
after each pruning/merging phase, we re-assign the clusters to cells.
For each surviving cluster with current centroid cc = [cx, cy]

⊤, we
compute its cell and its index

(i, j) ←
(
⌊cx/s⌋, ⌊cy/s⌋

)
, idx ← i+ j ncols, (8)

then insert c into cell idx and update the cluster’s gate dc via Eq. (6)
in case of merging operation and recompute r via Eq. (4). This
flushes deletions, relocates moved survivors, and restores the con-
stant candidate bound (2r+1)2K.

3. EXPERIMENTAL EVALUATION

We evaluate our asynchronous clustering and tracking algorithm us-
ing (i) a controlled LED-matrix testbed with programmable ground



truth and (ii) night-sky recordings using an 8-inch telescope.
LED-Matrix Testbed. We built a testbed comprising a matrix

of 32×32 LEDs controlled by an ESP32 microcontroller. (Fig. 3d).
The ESP32 running at 240MHz streams per-pixel updates, provid-
ing deterministic cadence and intensity control. Trajectories are gen-
erated in Python at µs resolution and flashed as LED buffers. Single-
target motion includes (i) circles and (ii) Lissajous curves, x(t) =
A cos(at+ ϕx), y(t) = B sin(bt+ ϕy), with programmable kine-
matics. Across patterns, we sweep the turn-rate ω to simulate slow-
fast motions. For multi-target studies, we simulated a two-body ap-
proach and collision, followed by the radial ejection of four faster
fragments emulating debris.

Telescope Trials: Night–Sky Observations. A Prophesee Gen4
[26] was mounted at the focal plane of an 8-inch telescope; the ef-
fective FoV is≈8′′×10′′. To induce drift without tracking artefacts,
sidereal tracking was disabled so stars traversed the sensor at a near-
constant rate. We recorded (i) slow drift with the tube fixed and (ii)
fast drift via deliberate slews, stressing association across slow–fast
transitions. Multiple Starlink passes (Fig. 4b), were also captured,
and raw event streams were saved for offline playback and analysis.

4. RESULTS

We evaluated the asynchronous clustering and CT–EKF tracker run-
ning in real time on an RPi 4 at 1.5 GHz, implemented primarily
in single-precision. We report (i) mean tracking error, (ii) mean
per-event processing time from event arrival to completed associa-
tion (including the EKF update), and (iii) clustering F1-score after
matching predicted to reference clusters. As shown in Fig. 3(a–c)
and Table 1, across all runs the tracker stayed close to ground truth:
the mean tracking error was < 12 px for both single- and multi-
target simulations over low-to-high rotation rates. The mean pro-
cessing latency was ≈ 1.1µs/event, with the EKF update averaging
≈0.7µs/event.

Table 1. Real-time results of our implementation on RPi4.
Hyperparameters: qp = 0.5, qv = 10−3, qθ = 10−3, qω = 10−3, rp =
20.0, dbase = 20.0 dmerge = 40.0, nmin = 10, mmax = 40, N = 2000,
K = 16, tmin = 0.001, vmin = 1.0.

Testcase Mean
Tracking
Err (px)

Mean
Event

Rate (Mev/s)

Mean
Proc.

Latency (µs)

Cluster
F1

Score

Rot.
Rate

(rev/s)

Circular 10.71 0.5 1.145 0.99 1–10
Lissajous (a=1, b=3) 11.77 0.8 1.133 0.99 1–4
Multi-object collision 6.47 0.9 1.3 0.90 1

Abbreviations— px: pixel; Mev/s: mega-events per second; rev/s:
revolutions per second.

Table 2. Comparison with prior work on asynchronous clustering &
tracking algorithms for circular trajectory experiment.
Method Algo ω (rev/s) Trackable speed (px/s) H/W
jAER [27, 19] Async. clustering

+ Linear Tracking
< 6 > 9000 No

jAER [27, 24] (10µs latency) 1.67 – FPGA
Prophesse [28, 19] < 6 > 2000 No
AB tracker [19] Async. Clustering

+ EKF (100 KHz)
< 6 > 11000 No

Ours Async. Clustering
+ EKF (1.1µs latency)

< 10 > 17000 RPi4

Table 2 benchmarks the circular trajectory experiment against prior
work: our implementation tracks > 17,000 px/s with ≈ 1.1µs pro-
cessing latency; while AB TRACKER with no hardware implementa-
tion updates at >100 kHz (∼10µs) and was tested up to 11,000 px/s.

Other trackers are linear, operating at lower speeds with compara-
tively high latency.

For the telescope trials, we used dbase=40, N=3500, nmin=100.
We captured multiple passes of Starlink, of which three representa-
tive passes are shown in Fig. 4(a,b). Pseudo-ground truth was ob-
tained by performing clustering and tracking on frames by accu-
mulating events over 2 ms duration (green track). Our implementa-
tion maintained a stable trajectory (red track) matching the pseudo-
ground truth with a tracking error of < 5 px. We next imaged a
stellar field containing bright and faint stars (Fig. 4c). With cluster-
merge logic enabled, the CT-EKF maintained stable tracks for both
bright (red track) and faint (purple track) sources across slow and
fast-drift segments, without loss of track continuity, outperforming
the frame-based baseline (green track), which lost tracking intermit-
tently. Noise-induced, stale clusters visible in Fig 4c get pruned as
they age; thus, no stale clusters are visible in Fig. 4d.
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Fig. 4. Telescope Trials: (a–b) three Starlink passes. Frames are
2 ms event accumulations. (c) stellar field with bright and faint stars
with slow drift (telescope stationary); (d) fast, curved motion dur-
ing deliberate slews. Our tracker maintains lock across slow→fast
manoeuvres. Overlay: CT–EKF red, frame-based tracking green,
events white.

Computational Complexity. With a square cell of size s, we
get Cx =

⌈
W
s

⌉
× Cy =

⌈
H
s

⌉
cells, each with cell cap K, each

event probes only B = (2r+1)2 neighboring cells. With ns = 5 di-
mensional CT-EKF state, the per-event processing latency is Tevent =
O(BK) + O(n3

s) ≈ const, independent of active clusters M and
W×H as long as per-cell occupancy ≤ K.

Memory. Each track stores O(ns + n2
s) values (e.g., 30 for

ns=5) along with small metadata. The grid holds O(CxCy) cells
with O(M) total pointers for M active clusters. Thus, memory
scales linearly with M .

5. CONCLUSIONS

We introduced a real-time, plug-and-play, high-speed asynchronous
multi-target edge computing platform for SSA that operates directly
on events, with a CT–EKF tracker delivering near-constant per-event
computational complexity on an RPi 4. The system localizes fast
targets (>17000 px/s) with sub-µs EKF latency (∼ 0.7µs/event).
The algorithm simultaneously tracks bright and faint stars across
slow/fast drift regimes and their transitions without losing track-
ing. Our EKF-based formulation supports high event rates; how-
ever, the current prototype targets sparse SSA regimes and operates
reliably at rates <1 MeV/s. In denser fields, event rates >1 Mev/s
can lead to event drops and degraded performance due to the current
single-threaded implementation. Parallelizing the clustering–EKF
steps and FPGA offloading are natural next steps to raise the sup-
ported event-rate ceiling. The demo of our implementation is avail-
able here: Demo

https://drive.google.com/drive/folders/181q3atemi0QJyIxTpPeRfZzZC5sEGQbH?usp=sharing
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