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Figure 1. We present EBS-EKEF, an event-based star tracking algorithm that combines a novel centroiding technique with an extended
Kalman filter and is validated using the first ground-truthed dataset of event streams from real stars. (a) Our centroiding technique accounts
for event camera behavior in low light, enabling more accurate tracking. (b) We develop a data collection setup of a EVK4-HD event
camera that is rigidly mounted and synchronized with a space-ready APS star tracker. The insets show APS (top) and event camera
(bottom) pixels for 8 Cygni, a subgiant star in the constellation Cygnus. (c) We demonstrate that our attitude estimates (red) are more
accurate than existing methods (purple) [29], and that we can operate above the 3 deg/sec cutoff of the APS star tracker, highlighting the

utility of our method for high-frequency star tracking.

Abstract

Event-based sensors (EBS) are a promising new technol-
ogy for star tracking due to their low latency and power
efficiency, but prior work has thus far been evaluated ex-
clusively in simulation with simplified signal models. We
propose a novel algorithm for event-based star tracking,
grounded in an analysis of the EBS circuit and an extended
Kalman filter (EKF). We quantitatively evaluate our method
using real night sky data, comparing its results with those
from a space-ready active-pixel sensor (APS) star tracker.
We demonstrate that our method is an order-of-magnitude
more accurate than existing methods due to improved sig-

“Denotes equal contribution.
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nal modeling and state estimation, while providing more
frequent updates and greater motion tolerance than con-
ventional APS trackers. We provide all code® and the first
dataset of events synchronized with APS solutions.

1. Introduction

Star trackers estimate the precise attitude — right ascension
(RA), declination (Dec), and roll — of a camera with re-
spect to the celestial coordinate frame, making them a stan-
dard sensor for space navigation. Compared to other sen-
sors, star trackers provide highly accurate measurements,

“https://gitlab.kitware.com/nest-public/kw_ebs_star_tracking#



Table 1. Overview of related works. Color indicates high (green), medium (yellow) and low (red) performance.
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. Method Design Key Features
Star Tracking Stat Centroidi titati Absolut Centroidi Updat
Algorithm ‘ af e- entroiding Quanti g Ve | era State . ‘so ute entroiding pdate
Estimation Method Evaluation Orientation Updates Accuracy Rate
ired
Chin et al. [8] iterative closest point (ICP) | mean of all events LCD screen 3D rotation KRS ~1.8 pixels | 20-100 Hz
often (e.g., every 5 s)
Iti-resoluti ired
Bagchi et al. [3] multi-reso u‘lon mean of positive events | LCD screen 3D rotation require ~2.7 pixels | 20-100 Hz
hough transform (HT) often (e.g., every 5 s)
2D Kal filt high-pas 2D positi ired
Ng et al. [29] aiman fiter ‘1g pa?s . LCD screen Lo 10r? ‘requlre‘ ~3.0 pixels | 500-1000 Hz
(2D-KF) filtered intensity + 2D velocity | intermittently (e.g., every 30 s)
Ours 3D extended Kalman filter m'ean of po.sitive events | night sky and | 3D rotatiox.l only o.n . ~0.4 pixels | 500-1000 Hz
(EBS-EKF) with magnitude offset | LCD screen + 3D velocity | initialization

with attitude estimate errors on the order of arcseconds (1
arcsecond = 1/3600 degrees). Modern trackers generally
employ active-pixel sensor (APS) cameras to identify star
centroids and determine camera attitude. While APS track-
ers perform well when stationary, their finite exposure times
and frame processing overhead usually limit update rates to
2-10 Hz, constraining performance during rapid attitude ad-
justments [27].

Event-based cameras have recently emerged as a promis-
ing technology for enhancing star tracker performance.
Also known as event-based sensors (EBS), event cameras
mimic human vision by capturing microsecond-resolution
“events” in each pixel, indicating whether the light reaching
a pixel has increased or decreased by a specified threshold.
Unlike APS cameras, EBS measurements are asynchronous
and can reach temporal resolutions down to the microsec-
ond, suggesting that event-based star trackers could achieve
significantly faster update rates. Furthermore, because
events are triggered only by changes in the scene, most
pixels remain inactive when imaging stars in the night sky,
which could lead to lower power consumption.

Given these potential advantages, several recent stud-
ies have investigated the utility of EBS-based star track-
ing [3, 8, 23, 29]. While these studies have introduced new
algorithms, many questions remain before EBS star track-
ers can potentially replace APS trackers. First, all quantita-
tive evaluations thus far have been conducted in simulation,
where star fields are displayed on a screen. To date, the per-
formance of EBS cameras on real-world star fields, where
noise and low-light imaging pose significant challenges, has
not been quantified. Second, existing techniques from liter-
ature yield considerable variability in EBS star centroiding,
leading to suboptimal attitude estimation. Finally, no real-
world EBS datasets or open-source EBS trackers are cur-
rently available, making it challenging to benchmark and
improve existing methods.

In this work, we present a novel event-based star cen-
troiding technique by modeling the dynamics of a star im-
aged with an EBS circuit. Leveraging this model, we design
an event-based star tracker based on an extended Kalman
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filter (EKF). We evaluate our algorithm in both lab settings
and real night sky experiments. Our specific contributions
are as follows:

1. A novel method for event-based star centroiding, based
on rigorous analysis of event camera circuit behavior in
low-light conditions.

. An extended Kalman filter tailored for EBS-based star
tracking, providing 3D attitude and velocity measure-
ments with update rates up to 1 KHz and enhanced ac-
curacy.

. The first dataset of events paired with APS tracker
quaternion solutions, collected from real starfields, en-
abling quantitative evaluation of our method against an
APS tracker and existing EBS techniques.

. Our code and dataset are released as open-source to sup-
port reproducibility of research.

2. Related Work

EBS Imaging: An EBS detects changes in pixel bright-
ness by generating measurement tuples termed ‘“events”.
Events indicate when a pixel’s intensity rises or falls past
a set threshold; each event includes the pixel’s location, a
microsecond timestamp, and polarity (i.e. “positive” if in-
tensity increased and “negative” if it decreased) [13, 26].
Compared to APS, EBS offers lower power consumption,
faster pixel response, and a larger dynamic range. EBS
imaging has proven useful for many applications, includ-
ing autonomous driving [14], robotics [37], high-FPS cam-
eras [21, 31], wavefront imaging [16], and photogrammetry
[38].

APS Star Tracking: In APS tracking, stationary stars
are typically modeled as 2D Gaussians on the imaging
plane, then localized using center-of-gravity (COG) [2, 33]
or Gaussian fitting [9, 36] techniques. Once stars are lo-
calized on the image plane, various techniques can trans-
late these positions into attitude estimates. A common ap-
proach, and the one employed by our reference APS tracker,
estimates an absolute rotation by cross-referencing identi-
fied stars with a star catalog (we use Astrometry.net [22]).
Other methods derive relative rotations from the frame-to-



frame optical flow [25, 34].

EBS Star Tracking: Chin et al. [8] were the first to ad-
dress event-based star tracking, proposing a method that
integrates events into synchronous frames and uses the it-
erative closest point (ICP) algorithm to estimate frame-to-
frame rotations; we shorthand the algorithm from [8] as
“ICP” throughout this paper. They observed that this tech-
nique is prone to noisy attitude estimates and drift, neces-
sitating periodic absolute measurements from a reference
star catalog [22]. The authors proposed a follow-up work
that used the Hough transform to asynchronously update
the tracker rotation [3] from streaks in the event stream —
we refer to this method as “Hough”. While this approach
demonstrated asynchronous EBS star tracking, it achieved
higher error rates compared to ICP [8].

More recent works propose an asynchronous 2D Kalman
filter for EBS star tracking [23, 29], which we call “2D
KF” throughout this paper. The Kalman filter models
star position and velocity as 2D linear translations and ig-
nores the non-linear effects of roll. Their simulation results
demonstrated superior update rates and accuracy to prior
works [3, 8].

The asynchronous Kalman filter works are most related
to ours, but we introduce several key advancements. First,
previous works either implicitly [3, 8, 23] or explicitly [29]
model the likelihood of events using a Gaussian distribu-
tion centered on the star, whereas we model it as a Gaussian
whose offset from the star’s location depends on the star’s
intensity. Secondly, we employ an asynchronous extended
Kalman filter that estimates 3D rotations and angular ve-
locities, and demonstrate that 3D modeling is essential for
effective tracking on real data.

As summarized in Table 1, existing methods quantify
tracking performance on simulated starfields. Ng et al. [29]
demonstrate an ability to track stars in the night sky but do
not quantify tracking performance due to lack of a ground
truth. Our work is the first to quantify the performance of
event-based tracking algorithms on real data.

3. EBS-EKF Method

We first describe our problem setting and camera geome-
try. We then define a signal model that relates the likeli-
hood of events to star positions. We use this signal model
in conjunction with an extended Kalman filter to perform
high-frequency and accurate event-based star tracking.

3.1. Measurement Geometry

As illustrated in Fig. 2, we aim to use EBS measurements
of stars to estimate the camera state S = [q,w], where
q € SO(3) is a quaternion in the 3D rotation group, and
w € R3 denotes the 3D angular velocity. We measure the
set of N stars S € RV *3; each star is 3D point normalized
to the unit sphere with negligible parallax effects [12]. Each
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Figure 2. Measurement model for event-based star tracking. (a)
depicts the coordinate systems used; (b) depicts an example oper-
ation of an EBS pixel as a star’s projection passes over it.

star has an apparent magnitude mg,, which is a measure
of the star brightness on a reverse logarithmic scale (i.e.,
smaller values indicate brighter stars)". A single stars; € S
with 3D coordinates (X,Y, Z) is rotated into the camera’s
frame using a world-to-camera quaternion, §; = qwc(si)i,
where qu.(-) denotes the quaternion’s rotation of a 3D vec-
tor. After rotating, the star is projected onto the 2D imaging

plane using the pinhole camera model:

Y

X
x:fi E?

7 v=1 ()
where f is the focal length. The EBS indicates a change
of intensity at a pixel by triggering an event e; = (x, p, t),
where x = (z,y) denotes the pixel, p denotes the event
polarity, and ¢ denotes the timestamp.

Celestial Coordinates: As illustrated in Figure 2, a cam-
era’s attitude can be defined as the optical axis’ orienta-
tion to the celestial coordinate frame, in degrees of right-
ascension (RA), declination (Dec), and roll (about the z-
axis). In alignment with star tracking literature, we use
across orientation (i.e., pointing direction) to refer to Ra

and Dec, and about to refer to roll orientation.

3.2. Event Likelihood Model

Continuous-time Event Likelihood: We now derive the
likelihood of an event triggering based on a star’s bright-
ness and dynamics on the imaging plane. A model for EBS
operation is shown in Fig 2b, where the EBS pixel’s pho-
toreceptor converts irradiance to pixel voltage and triggers
events [26].

In this work, we define the event likelihood E(t), which
is a model that defines the event rate of a EBS pixel x at each
time ¢. Because there are two polarities of events, E(t) > 0

"This works considers the set of stars with apparent magnitude < 7.
#We typically omit the wc subscript for brevity.
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Figure 3. In low-light conditions, a star’s brightness introduces a variable delay between the observed peak of positive events and its
true locations. (a) depicts the numerical solution of event likelihood Fip(¢) in Eq 4 compared to star intensity I(¢) for a single pixel.
Bright stars produce a distribution of positive and negative events that follows the derivative of the intensity. Dim stars, however, yield a
distribution of positive events that peaks nearer to the peak intensity, and the negative events fall to the tail of the distribution. (b) compares
the theoretical spatial positive event likelihood distribution (calculated by solving Eq 6) to those measured in our night sky dataset. (c)
depicts the offset z(m.s) between the centroid of the positive events and the star’s true centroid as a function of the star’s brightness (i.e.
relative magnitude m). The offsets are normalized to have a minimum offset of 0.

defines the likelihood of a positive event while E(t) < 0
defines the likelihood of a negative event. In bright (i.e.
> 100 lux) conditions, the event likelihood can be modeled
as the continuous change in the photoreceptor’s voltage over
time, or

dv(t)

0 Sog(1(0)/ 1o + 1),

E(t) ==

= 2)
where V() is the pixel’s voltage, I(t) is the pixel’s image
intensity, and I is an intensity offset defined by the circuit
and the dark current [15].

Following existing star imaging optics, the star’s point-
spread function on the sensor can be well-approximated by
a multivariate, isotropic Gaussian [9]. Therefore, we model
the star intensity I(¢) at pixel location x as

1

Ver

where xg = (xo,yo) is the star’s offset from the pixel x
att = 0, v. = (vg,vy) is the star’s image-plane velocity,
and 3 = 02I,2, where o2 is the star’s variance across pix-
els. Plugging the star intensity of Eq. 3 into the event rate
of Eq. 2 defines the measurement model leveraged by ex-
isting works [29], where likelihood E(t) is derived as the
derivative of the Gaussian intensity.

However, our key insight is that the event likelihood’s
position and shape depends on star brightness, which can
be explained by low-light EBS circuit phenomenology. In
low-light, the bandwidth of the EBS circuit is proportional

1(t) b *%exp(_%(xo_vt)zfl(xo_vt)T), 3)
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to the photocurrent, making the pixel’s voltage V (t) be-
have like a single-order low-pass filter with an intensity-
dependent cutoff frequency f. [19, 26, 28, 30]. We incorpo-
rate this into a low-light (LL) event likelihood model using
the first-order differential equation

av (t) . .
=S = ) [T

where I(t) = log(I(t)/Io + 1) is the pixel’s photocurrent
and f,(I(t)) is the intensity-dependent cutoff frequency
[19, 30]. We model the bandwidth dependence as a linear
function of photocurrent 1(t):

F(I(t) = b+ al(t), (5)

where b is the cutoff frequency when the pixel is dark (i.e.
I(t) = 0) and a is its linear dependence on photocurrent
I(t). Intuitively, the lower bandwidth associated with dim
stars delays the peak of the event likelihood compared to
the higher bandwidth of bright stars. Since the event likeli-
hood follows the derivative of a Gaussian, this implies that
the likelihood for bright stars generally leads the true cen-
troid, while the likelihood for dim stars lags (or coincides)
with it. We observe that this linear model facilitates accu-
rate prediction of the pixel offsets observed in our real night
sky data, as shown in the agreement of theory and measured
offset curves in Figure 3c.

As shown in Figure 3a, the negative event likelihood ex-
hibits high entropy for dim stars. Considering their signif-
icant latency in low-light and substantial processing over-
head, we choose to process only positive events.

By (t) m-ve|, @



Spatial Event Likelihood: Using our continuous-time
event likelihood, we can express the likelihood of a posi-
tive event e; = (x;,t;) as:

£(€i|X0, V) = I’IIEIX(O7 ELL(tv', — (X,L' — X())/V))7 (6)

given a star with constant linear velocity v and position
xo." Figure 3b illustrates several example spatial likeli-
hoods, where the positive event mean is offset from the true
centroid depending on the star brightness. Figure 3c plots
this offset, and we observe agreement with real data when
numerically solving our model with choice parameters of
the dark current [, cutoff-frequency slope a, and offset b.
We note the presence of a “bowshock™ effect for bright stars
(also observed by [5]), where the edges of the event likeli-
hood are more delayed than the center — this is due to a
lower cutoff frequency in the dimmer regions of the star,
which induces more delay relative to the bright center.
Gaussian Approximation: We aim to use the likelihood in
Eq. 6 for real-time estimation of the camera attitude, but it
is a first-order differential equation that is computationally
expensive to solve. Instead of using it directly, we propose
approximating it with an isotropic Gaussian distribution:

L(ei|xq, V) ~ N(Xi — [x0 = ¥ 2(my)], JgIng), (7

where the function z : R — R corrects for the star’s
magnitude-dependent m offset (see Figure 3c) and v de-
notes the normalized linear velocity. We quantify the accu-
racy of this approximation in Section 4.

Algorithm 1 EBS-EKF Star Tracking

Input: Positive event stream £ = {x,t};—0.n,
Output: Camera State S (3D rotation and angular ve-
locity)
Initialize: Sy < astrometry [22] with binned events
r < max search radius
for each event e; = (x;,t;) do
Si < EKF predict at ¢;
X, ¢ closest projected catalog star to x;
if distance(x;, x;) < r then
Vv < star’s normalized linear velocity via SZ
mg <— star’s apparent magnitude
X; < X; + V5 - z(my) # apply offset correction
S; «+ EKF update with X;
end if
end for

3.3. State Estimation and Tracking Algorithm

We now use the event likelihood in a Bayesian estimation
framework to estimate the camera state. Our measurements

$The max operator effectively ignores negative events by ensuring the
likelihood remains positive.
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are the set of N positive events Ey = {(Xi,t) }izo:N»
where we denote each event as e; € £. Under a Markov
assumption, the probability distribution over all states and
measurements is,

N
P(So,-. S €o,-en) =p(So) [ [£(eilSi)p(Si[Si—1). ®)
i=0
Intuitively, this formulation estimates the states as an inter-
polation of the measurement likelihood L(e;|S;) and prior
p(S;|S;—1) on the state’s evolution. Notably, we define
the measurement likelihood £(e;|S;) as conditioned on the
state S; the state defines the star position x( and velocity v
shown in Eq. 7.
Extended Kalman Filter: We propose using an EKF to
recursively estimate the posterior distribution p(S;|&;) de-
rived from Eq. 8, which is the state conditioned on the mea-
surements up to the current time step [4]1. The EKF esti-
mates the state through predict and update phases, which
require key matrices as input: the forward model Jacobian
F, processing noise Q, and measurement matrix H. In the
supplemental material, we derive the measurement matrix
based on the projection geometry of Section 3.1 and the for-
ward model and process noise matrices for a general con-
stant velocity model in 3D space. We find that the EKF
enables more accurate state estimation compared to other
methods (see results) and recognize the potential of many
other state estimation techniques (e.g., [10, 35]) as avenues
for future research.
Full Tracking Algorithm: Alg. 1 outlines our algorithm
for estimating the camera state from events, for which we
provide more details in the supplemental material. We ini-
tialize the camera attitude by binning events with a small
time window (e.g., 30 ms), identifying event clusters with
DBSCAN clustering [11], and passing the cluster centroids
to astrometry [22] to determine an initial attitude. We then
use events to update the state. Specifically, we use the
event’s timestamp to update the EKF prediction, and check
if the event is within the radius of a catalog star, given the
current attitude. If so, we use the star’s magnitude and linear
velocity to apply our intensity-dependent offset correction,
and then use it to update the camera state using our EKF
update equations (see supplemental). We note that this al-
gorithm is asynchronous and operable from single positive
events, facilitating the 1 KHz update rate used in this work.

4. Results

We now discuss validation of our event-based centroiding
theory and star tracking algorithm.

4.1. Laboratory Centroiding Experiments

Our first set of experiments are performed in a laboratory
setting where we can manually configure star brightness,

IWe provide more details on Eq. 8’s Bayesian formulation of the
Kalman filter in the supplementary material.
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Figure 4. Testing the centroiding accuracy of Eqs 6 and 7 via
an LCD monitor. (a) depicts the hardware setup. (b) depicts the
centroiding experiment on the high-update rate monitor, where the
star is moving at 35 pixels per second and has a 2.5 pixel standard
deviation to emulate stars in our night sky dataset. (c) depicts
the centroiding accuracies of our methods (blue and orange curve)
compared to those of previous works. The black dotted line depicts
zero centroiding error. Details about the synchronization and other
aspects are included in supplementary.

position, and velocity. We use these experiments to quan-
tify the accuracy of centroiding methods and to evaluate the
accuracy of our Gaussian approximation (Eq. 7) for the an-
alytical likelihood (Eq. 4).

Implementation: Our experimental setup shown in Fig
4(a-b) consists of an EVK4-HD event camera focused on
a high-refresh rate monitor. We use the monitor to simu-
late stars by displaying gamma-corrected, isotropic Gaus-
sians that move at a constant speed. We set the apparent
magnitude of the stars on the monitor with a combination
of placing neutral-density (ND) filters in front of the cam-
era and adjusting the brightness of display pixels. We use
the transformation matrix between camera and monitor pix-
els to compute an error between estimated and ground truth
star positions. We provide more implementation details in
the supplemental.

Results: Fig. 4c displays the centroiding results for all
methods against different star brightness levels. We use 1
ms batches to estimate the centroid using: (1) maximum
likelihood estimation (MLE) of our analytical model in
Eq. 6 (blue), (2) our Gaussian approximation with intensity-
dependent offset of Eq 7 (orange), (3) the mean of the posi-
tive events [3] (green), (4) the mean of positive and negative
events [8, 23] (red), and (5) the position of the reconstructed
intensity [29] (purple). Our analytical model is the most ac-
curate of the set (error of 0.16 + 0.18 pixels), but requires
numerically solving the differential equation in Eq 4. Our
Gaussian approximation has an error of 0.42 £ 0.48 pixels,
and is orders of magnitudes faster to calculate, taking less
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Figure 5. Our night sky data collection system with key com-
ponents labeled. The sync pulse generator ensures that we can
temporally correlate the Rocket Lab APS measurements with the
EVK4-HD event camera measurements. The Pan and Tilt Motors
are used to sweep both star trackers across the sky based on pre-
defined motion patterns.

than 0.1ms per batch compared to over 100ms for the ana-
lytical model. Both of our methods outperform previous ap-
proaches in terms of centroiding accuracy and consistency,
as they account for intensity-dependent centroiding effects
and low-light circuitry effects, which prior methods do not.

4.2. Real World Star Tracking Experiments

We also quantify the performance of ours and existing
methods on event data captured from stars in the night sky.
Hardware Configuration: As illustrated in Figure 5,
we time-synchronize the event streams from a Prophesee
EVK4-HD sensor with the outputs of a space-ready APS
star tracker (Rocket Lab ST-16RT2) via a synchronization
pulse generator as their fields of view are moved across the
night sky. The EVK4-HD sensor is fitted with a 35mm
lens, yielding a field of view (FOV) of 10.2°x5.7°. The
ST-16RT?2 is factory-installed with a 16mm lens, yielding
a FOV of 20°x15°. We compute a relative rotation between
the rigidly co-mounted cameras for use in our quantitative
evaluation. Specifically, we can use the relative rotation
to compute a difference between APS and EBS tracks as
||daps * Qrelaive — QEBs||3, Where q denotes a quaternion,
the dot operator denotes quaternion multiplication, and the
minus operator denotes the difference between quaternions.
We provide additional details on obtaining their relative ro-
tations in the supplemental material. We also provide de-
tails on the cameras’ parameters and our method for obtain-
ing the offset correction curve plotted in Fig. 3 (c).

Metrics and Dataset: We report the mean squared dif-
ference between the EBS and APS tracks in both across
(pointing) and about (roll) accuracies, as is standard in lit-
erature [27]. Performance is measured relative to solutions
provided from the Rocket Lab tracker, which has its own
error margins. Specifically, the Rocket Lab tracker is rated
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Figure 6. Plots of four real night-sky tracks that were estimated
with our EBS-EKF algorithm. Right Ascension and Declination
are shown along the bottom, and time flows vertically. Roll is
indicated by the color of the line.

for 5 arcseconds across and 50 arcseconds about at slew
rates up to 3 deg/sec in yaw and pitch. As such, we speak
of methods’ performances in terms of their difference with
respect to the APS tracker. We report differences in arcsec-
onds (denoted using ).

This paper tests all methods on 14 real star data tracks to-

tal, which were collected from multiple locations in North
America. Track durations are between 1 and 5 minutes, and
were acquired using various camera trajectories, velocities,
and regions of the night sky. Visualizations of four tracks
(estimated with our tracking algorithm) are shown in Fig-
ure 6. We summarize key dataset details in the top portion
of Table 2 and provide additional details in the supplemen-
tary material.
Method Implementations: We implemented all methods
in Python and ran experiments on an M2 Silicon Mac-
Book. Open-source code was not available for existing
methods (2D-KF [29], ICP [8], and Hough [3]), so we im-
plemented it to the best of our abilities and performed pa-
rameter sweeps to optimize the performance on our dataset.
Unlike our method, existing approaches require frequent
absolute measurements to stay on track. Absolute measure-
ments are obtained by cross-referencing centroids with a
star catalog (in our case, using Astrometry.net [22]). While
they are typically too slow for real-time processing, they
are required by existing methods [3, 8], and can be com-
puted offline. Thus, in the spirit of maximizing their perfor-
mance, we chose to provide frequent (i.e., every 5 seconds)
precomputed absolute measurements to ICP and Hough and
to 2D KF when it lost track.
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Time-Varying Difference to APS of All Methods
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Figure 7. Real World Velocity Sweep 1. Differences of all meth-
ods with APS reference measurements. Our method obtains sig-
nificantly lower difference with the APS reference measurements.
Existing methods drift off track by hundreds of arcseconds due to
inaccurate centroiding and erroneous state estimation.

Results: We summarize the performance of all methods on
our night-sky tracks in Table 2. We observe that our method
is typically within 100 arcseconds (across and about) of the
APS tracker, whereas existing methods deviate by up to 1-2
degrees (i.e., several thousand arcseconds). 2D-KF is the
most competitive to ours, but periodically drifts off track
due its 2D state estimation failing to model the 3D dynam-
ics of real data. Notably, ICP is more accurate than Hough,
in agreement with reported results [3]. Figure 7 plots the
time-varying difference for all methods, showing that exist-
ing methods generate saw-tooth shaped difference plots —
they drift off track and accumulate difference, but are then
snapped on track by the periodic absolute measurements.

The bottom rows of Table 2 summarize our method’s
performance with and without using the intensity-
dependent centroiding offset. We observe that it typically
improves performance by 10-20 arcseconds, usually when
a bright star is within the FOV. Since there is 1-2 pixel
centroid offset between our brightest and dimmer stars (see
Fig. 3c), and the FOV of each event pixel is approximately
30 arcseconds, improvements within these ranges agree
with intuition. We provide an example scenario from Ve-
locity Sweep 1 of how a bright star can drastically affect
EBS tracking performance in Fig. 8, showing that attitude
estimation error spikes without using our offset correction.

High Velocity Track: Figure 1c compares our method with
2D-KF on a 7.5 deg/sec velocity track, which is not included
in Table 2 since the APS tracker fails to provide consistent
solutions past the velocity of 3 deg/sec. Both ours and Ng
et al.’s [29] method produce high frequency estimates of the
tracks, but only ours reconstructs the correct track, and it
maintains an order of magnitude closer agreement to the
available APS measurements (total difference of 80.4 arc-
seconds versus 774.3 arcseconds, respectively). We provide
a video of this experiment in the supplemental material.



Track Name
Velocity Sweep Multipose Tilt Smooth
1 | 2 | 3 | 4 | 5 | 6 | 7 1 | 2 | 3 | 4 Ladder | Sine
Metadata
Duration (s) 290 290 167 160 160 160 150 151 150 145 265 342 85
139 | 9.8 6.8 5.7 3.6 13 6.4 217 | 2801 | 7.1 113 | 0.01 5.1
ﬁ:‘n/g ?ff)/ Roll 23 6.6 29 3.8 4.7 52 32 172 | 186 | 27 8.1 44.4 3.8
8.9 144 | 08 0.9 1.1 13 5.4 552 | 360 | 449 | 902 | 92.8 40.3
Max Velocity (°/s) | 1.8 1.8 18 18 18 16 17 0.9 0.8 0.8 0.8 0.6 0.9
Star Magnitude |, , 3.1 3.8 3.6 3.6 36 0.0 25 3.1 3.6 3.6 2.0 3.8
(Brightest)
Results (across/about) in arcseconds ( | better)
1CP (8] 33E3 | 3.0E3 | 2.7E3 | 2.5E3 | 2.6E3 | 2.8E3 | 2.8E3 | 1.6E3 | 1.6E3 | 591.3 | 713.8 | 2.3E3 1.2E3
394.6 | 1.2E3 | 379.8 | 404.6 | 3292 | 729.7 | 680.8 | 2.2E3 | 2.1E3 | 3.1E3 | 3.4E3 | 6.2E3 2.5E3
Hough [3] 8.6E3 | 5.0E3 | 2.6E4 | 3.5E4 | 3.1E4 | 1.8E4 | 1.1E3 | 1.1E4 | 1.6E4 | 1.5E4 | 82E3 | 1.1E4 7.6E4
8.7E4 | 4.8B4 | 52E4 | 34E4 | 2.5E4 | 59E4 | 1.6E4 | 5.7E4 | 4.8E4 | 6.3B4 | 2.9E4 | 6.5E4 7.3E4
2D-KF [23, 29] 2289 | 2364 | 926 | 819 | 626 | 67.9 1714 | 3374 | 294.6 | 846.0 | 607.2 | 485.1 221.8
> 1.3E3 | 1.0E3 | 1.2E3 | 1.0E3 | 813.6 | 1.3E3 | 2.1E3 | 7.3E3 | 6.6E3 | 1.6E4 | 1.2E4 | 9.2E3 7.3E3
EBS-EKF 270 | 319 | 259 | 242 | 260 | 22.1 1721 | 573 | 71.1 | 21.6 170 | 503 26.7
w/o offset 83.1 109.3 | 845 88.6 | 80.8 86.1 3220 | 648 | 702 | 662 | 847 | 79.1 84.5
EBS-EKF 258 | 317 | 261 | 252 | 27.0 | 221 170.1 | 574 | 709 | 247 18.6 | 49.1 28.6
w/ offset 60.3 | 879 | 753 | 691 | 779 | 78.1 139.0 | 528 | 74.1 705 | 829 | 645 75.9

Table 2. Metadata and tracking results for our real world dataset. Metrics are reported as (across, about) mean squared difference in
arcseconds. Colors rank methods with the first (green), second (yellow), or third (red) lowest across and about means.

Importance of the Intensity-Dependent Offset
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Figure 8. Snippet from Velocity Track 1. Without offset correction
(black), error spikes when a bright star (magnitude 2.23) enters the
field of view (shaded blue). Our offset correction accounts for the
star’s brightness, attenuating these spikes and lowering the average
difference by over 20 arcseconds.

5. Discussion and Conclusion

Limitations: Obtaining precise ground truth for star track-
ing presents challenges, as highlighted in prior star tracker
studies [17]. Some approaches achieve this by calibrating
a motorized pan/tilt mount to reference stars and using the
mount’s position readout as ground truth [7], while others
rely on purely simulated data for benchmarking [8]. To
assess performance in real-world conditions, we adopt the
solution of benchmarking our system against a finely cal-
ibrated, high-accuracy commercial star tracker (the Rocket
Lab APS tracker). Although our approach is bounded by the
reference star tracker’s accuracy, it enables direct, meaning-
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ful comparisons between our system and a standard tracker
on real data.

While our earth-based data contains some artifacts that
wouldn’t be present in space—such as atmospheric diffrac-
tion variations near the horizon and shifts in background
illumination — their impact on our experimental results is
expected to be small compared to the order of magnitude
larger error observed in our benchmarking methods. Ad-
ditionally, we verify our centroiding approach separately
using synthetic (LCD monitor) stars with idealized ground
truth to ensure this component of our algorithm remains un-
affected by APS tracker inaccuracy or other external factors.
Conclusion: This work presents an event-based star track-
ing method that both quantitatively improves upon the accu-
racy of previous EBS approaches and extends the operating
envelope relative to the motion tolerance and update rate of
APS-based star trackers. The accuracy improvements result
from our novel centroiding approach based on EBS pixel
modeling in low light and our EBS-EKF algorithm’s ability
to estimate attitude in three dimensions. Both the sparsity of
the event data and the sensor’s asynchronous output allow
us to achieve significantly higher update rates than our APS
reference tracker, all while achieving comparable accuracy.

While previous studies have highlighted the potential ad-
vantages of event cameras over APS trackers in proof-of-
concept scenarios, we demonstrate these benefits using real
data. We capture the first dataset of real events of real star
fields with a commercially-available event sensor, and pro-
vide synchronized attitude estimates from a conventional
star tracker as approximate ground truth. This data is re-
leased as a public benchmark to allow other researchers to
produce comparable results in this growing area of research.
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