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Abstract

Event cameras are increasingly being explored for space
applications due to their high dynamic range and increased
spatiotemporal resolution. Existing datasets in this appli-
cation have focused on capturing low-light, sub-pixel space
objects and Earth observation scenarios. There remains
a notable gap in datasets tailored to high-illumination
conditions, particularly those involving direct solar imag-
ing. This work introduces a dataset of solar event record-
ings captured with an event camera in a controlled sun-
simulator environment. The dataset is specifically designed
to support research in sun sensing and stray light analysis
for spacecraft attitude estimation applications. It includes
raw event data, annotated sun centroid locations, object
motion profiles, and secondary optical aberration artifacts.
In addition to the dataset, we present a systematic method-
ology for estimating the sun vector, intended to serve as a
benchmark for evaluating sun sensing approaches in this
application. All data and code are open source to facilitate
further study: (https://github.com/sydneyid/SunE).

1. Introduction

Attitude sensors determine a spacecraft’s orientation by
sensing astronomical objects. Among attitude sensors, sun
sensors are the most widely used due to their simplicity,
low-power requirements, and the Sun’s consistent visibility
in space. Sun sensors estimate the direction and position of
the sun relative to the spacecraft. Their working principle
is shown in Figure 1. As the angle of incoming sunlight
varies, the position of the projected sunspot shifts on the fo-
cal plane. This displacement is used to estimate the Sun’s
direction based off a known geometry. Following the nota-
tion of [13], the sunspot centroid (z,,y,) is extracted and
the resultant Sun latitude « and azimuth (5 are computed as
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Figure 1. Ideal single-aperture sensor operating principle. The
two sun angles o and 3 represent the relative sun angle. Figure
adapted from [13].
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where W and L are the length of a single pixel, (., y.)
is the centroid of the region of interest when o = 0, and F’
is the focal distance.

The performance of centroiding methods for sun sensing
has plateaued due to limitations in spatial resolution, optical
blur, and susceptibility to noise [5]. These constraints limit
the achievable accuracy of sun sensors with conventional
CMOS detectors. To address these challenges, we propose
the use of event-based cameras for sun sensing.

Event cameras have a high dynamic range, which al-
lows them to detect extremely bright and extremely dim ob-
jects. This makes them particularly well-suited for space
environments, which often exhibit extreme lighting con-
trasts. This increased dynamic range can be attributed to
the asynchronous functioning of event cameras. Each pixel
in an event camera functions independently and generates
an event when the logarithmic brightness intensity change
exceeds a predefined threshold. An event is defined as
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e = [z,y,t,pl., where (z,y) is the pixel coordinates, ¢ rep-
resents the timestamp, and p € [0, 1] is the polarity of the
change (where p = 1 is an increase in brightness and 0 is a
decrease).

We adopt a maskless camera model where the sunspot
centroid location (x,, y,) is identified via event-based cen-
troiding techniques. The sun’s direction is recovered
through backprojection via known camera intrinsics K.

sensor __ K. [xpa Yp, 1]T

Ve TR T [y, g, 1T

3)

Traditional sun sensing often assume a masked configura-
tion, where angular measurements are tightly coupled to the
physical geometry of the sensor’s aperture and detector lay-
out. While those models are more dependent on the specific
detector design (e.g., aperture mask, shape), the formula-
tion presented here is primarily governed by the camera’s
intrinsic parameters, making it more generalizable across
different imaging configurations. Under appropriate map-
pings between physical parameters and intrinsic calibration,
both approaches are mathematically equivalent.

Despite the growing interest in event-based vision for
space applications, there exists a notable lack of publicly
available datasets specifically tailored for sun sensing. To
date, no dedicated datasets, whether frame-based or event-
based, exist for this application. This is a significant chal-
lenge to the development and evaluation of sun-sensing al-
gorithms. Existing event camera datasets for space appli-
cations [3] feature objects that have more distinctive spa-
tial characteristics and cannot be considered extensible to
this application. Furthermore, while event-based versions
of frame-based datasets have been introduced ( [14]), these
are commonly generated by applying noise models to syn-
thetic event streams. As illustrated by a toy example in
Figure 2, synthetic data diverges significantly from exper-
imentally captured data. Synthetic event generators do not
accurately model stray light artifacts within the scene. The
underlying v2e ( [14]) formulation does not account for op-
tical interactions between the detector and lens or possible
off-axis light effects impacting the detector. For cases like
sun sensing, which involves observing high-intensity light
illumination, accounting for stray light effects is important
to realistically simulate sensor behavior.

The Sun emits high-intensity, broadband radiation,
which can induce stray light interactions within the sun
sensor. Incident light from the Sun can scatter off inter-
nal surfaces, causing optical artifacts like ghosts, scattered
light, diffuse reflection, and edge diffraction. The impact of
stray light is well known in optical system design and of-
ten requires expensive simulation and testing infrastructure
to predict and address. Mitigation strategies often involve
a combination of optical design and algorithmic processing
techniques. Given the influence of stray light on optical per-
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Figure 2. Example Comparison between simulated event-based
solar imagery generated using v2e [14] and experimentally cap-
tured event-based data. The initial scene was captured outdoors
and not in the laboratory set-up used to produce the Sun-E dataset.
The cluster of events near the top of the Event Camera recording
corresponds to a ghost optical artifact.

formance and the high likelihood of such artifacts in sun
sensor operation, realistic modeling of stray light effects
is important to the development of a realistic sun-sensing
dataset.

In this work, we address the broader gap in sun-
sensing datasets by developing an experimental, high-
fidelity dataset that captures realistic sunlight illumination
and complex optical interactions. To this end, we introduce
Sun-E, a novel dataset specifically designed for event-based
sun sensing. The dataset consists of 9 scenes recorded with
a fourth-generation event camera under varied sun angles,
direction, and event sensor conditions. Each scene contains
ground-truth metadata and auxiliary labels related to stray
light analysis. In addition to the dataset, we provide a base-
line methodology and evaluation protocol for event-based
sun sensing. We summarize the key contributions of this
paper as follows:

e We present an experimental dataset of nine labeled
scenes under varying conditions of orientation, mo-
tion direction, and bias parameters. Each scene is de-
signed to highlight challenges related to sun sensing
and stray light analysis for this application, providing
a controlled yet diverse benchmark.

e To support benchmarking and promote further re-
search in event-based sun sensing, we implement a
previously established sun sensing benchmark and in-
troduce a new benchmark of our own. Both bench-
marks, along with their evaluation tools, are open-
sourced to enable reproducibility and community con-
tribution.

The dataset and associated benchmark are released
openly to support the development of event-based sun sens-
ing algorithms. An overview of Sun-E , along with links to
the code and the dataset, is available on our project page.



2. Related Work

2.1. Event Cameras for Space Situational Aware-
ness and Astronomy

Event cameras have gained traction in space situational
awareness (SSA) applications due to their high dynamic
range. Early work by Cohen et al. [8] demonstrated the fea-
sibility of event cameras for space applications. Using an
event camera in conjunction with a ground telescope, they
showed that event cameras can track both Low-Earth or-
bit and geosynchronous equatorial orbit objects during day-
time. To improve the tracking reliability of this ground-
based event camera system, Ralph et al. [18] proposed a
slow-adapting network with an unsupervised feature extrac-
tion adaptive thresholds module [2] to learn spatiotemporal
features and identify dim, sub-pixel objects. Arja et al. [3]
proposed a contrast maximization framework for generating
motion-compensated maps for Earth observation event data
to improve feature visibility of event Earth observation data.
McHarg et al. deployed an event camera onboard the Inter-
national Space Station (ISS) and demonstrated event-based
lightning detection in orbit after applying motion compen-
sation to the event data [16].

Event cameras have also been applied to astronomical
imaging. One of the earliest demonstrations was the cap-
ture of a total lunar eclipse by the International Centre for
Neuromorphic Systems [15], although no official dataset
or publication was produced. More recently, Cladera et
al. [7] presented a stabilized recording of the 2024 total so-
lar eclipse. Their work introduced a motion compensation
algorithm specifically tuned for eclipse dynamics. Unlike
direct sun observations, solar eclipses involve the light be-
ing blocked by the moon, preventing the full sun intensity
from being detected.

2.2. Event Sun Sensors

In [10], the authors proposed a sun sensor with two event
pixel rows in an L-shape. Sunlight angle was detected de-
pending on which pixels were illuminated. Building on
this initial concept, Gomez-Merchan et al. [12] introduced
a temporal firing sensor (TFS) architecture that processes
image data as a sequence of time-stamped events using a
64 x 64 pixel array. Within the TFS framework, a weighted
centroid is computed across active pixels to estimate the sun
vector, followed by a system reset. These models are lim-
ited by their reliance on custom-built sensors with a small
number of pixels, achieving a reported accuracy of 2.37°
in elevation («) and 5.82° in azimuth (/). Our approach
leverages a high-resolution commercial-off-the-shelf sen-
sor, which enables higher spatial accuracy but also extended
functionality to more general-purpose tasks beyond sun-
sensing.

2.3. Event-Based Centroiding

Centroiding determines the precise location of an ob-
ject in an image. Most event-based centroiding methods
assume that events follow a Gaussian distribution centered
around the object’s location, thereby estimating the cen-
troid via the spatial mean of positive events [4], or of all
events [6]. An alternative approach for extracting higher-
level structural features, such as prominent edges, involves
the use of Hough Transforms. Centroids can then be ex-
tracted from Hough identified global parameteric shapes.
Hough Transforms have previously been applied to event
processing [17, 21], but these primarily focused on line
segment variants. Extending these techniques to circular
Hough Transforms introduces significant complexity, due
to the increased parameter space across the time dimension.

3. The Sun-E Dataset

The Sun-E Dataset provides an event-based dataset for
sun sensing. The goal of the dataset is to enable the analy-
sis of centroiding techniques and stray light analysis under
controlled, high-intensity lighting conditions. Table 1 pro-
vides a high-level dataset description.
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Figure 3. Left to Right: (a): Diagram of the sensor rig. All sensor
axes are labeled. (b) Event camera collimating lens interaction.

All event sequences were recorded using a Sony-IMX
636 event sensor equipped with a 4 cm lens with an ap-
proximate field of view (FOV) of 8° horizontal and 10°
vertical. The lens is attached to the sensor via C-mount in-
terface, and the complete imaging system is fixed onto a
two-axis motorized gimbal platform with gearbox backlash
compensation. Figure 3 shows the motorized gimbal-axis
configurations possible in this experimental setup. A fully
calibrated variable-intensity sun simulator is used as a light
source, capable of operating over a range of 0.1-1.1 solar
constants. The simulator has been rated to Class B spatial
non-uniformity of irradiance and Class A temporal instabil-
ity specifications. The inclusion of the sun simulator rep-
resents a significant advancement over existing sun sensor
work by enabling precise control and quantification of illu-
mination levels, including the ability to replicate space-level
solar intensities with high accuracy. In all dataset scene
recordings, the sun intensity is controlled to be 1.0 solar
constant. The surrounding environment outside of the sun



Alignment ID T f# Ghosts Flares Direction MER  Biases

1 60 5 v Left 832.3  default
Center 2 20 5 X v Down 649.6  default

3 30 5 X v Down 654.0  default

4 58 8 v Right 122477  default
Upper 5 58 5 x v Right 750.4  default

6 55 5 X v Left 699.1 default

7 58 5 X v Right 784.7  default
Lower 8 58 5 X v Left 782.1 default

9 58 5 x v Right 802.2  refractory

Table 1. Sequence description. T: total time in seconds, MER: Mean event rate (kiloevents/second).

simulator is covered with a shroud drape designed to miti-
gate any additional light sources.

A dedicated initialization routine defines the gimbal con-
trol trajectory by specifying the initial angle, angular ve-
locity, and terminal angle with respect to the sun simula-
tor. This script controls the angular path of the event sensor
throughout each sequence. Using the defined initial and fi-
nal angles, as well as the angular velocity, a time-stamped
gimbal telemetry file is created to label the relative angle
of the event camera to the sun simulator for each event se-
quence. All scenes in the dataset were generated with a
controlled gimbal speed of 1°/s.

A corresponding event acquisition script interfaces with
the event camera to initiate the recording, perform online
hot pixel filtering, and save the resulting event stream data
to HDFS format. Hot pixel filtering is applied by default, as
hot pixels are a known phenomenon in event cameras that
cause individual pixels to fire erroneously high, leading to
inflated file sizes and distortion of true event distribution.
For each recording, the event camera biases are saved to
preserve the contrast thresholds used for event generation.
The script also saves the measured temperature reading, cal-
ibrated camera intrinsic matrix, and measured illumination
levels reported by the camera drivers.

3.1. Annotations

For each sequence in the dataset, we provide the follow-
ing annotations:
Sun Vector Analysis: Each sequence includes time-stamped
solar geometry parameters derived from the programmed
gimbal mount trajectory. These include the centroid of the
sun spot in the image plane, as well as the corresponding
solar latitude («v) and azimuth (). This information is com-
puted directly from the mounting script and gimbal control
signals.
Optical Aberration Artifacts. Sequences exhibiting stray
light artifacts, such as ghosts, are annotated. For each de-
tected ghost artifact, we provide its image-plane centroid,
estimated spatial extent (radius), and time of occurrence.
These annotations were manually labeled and subsequently

verified to ensure that the ghost motion exhibited tempo-
ral consistency with the overall motion observed in the se-
quence.

Event and Simulation Metadata. All event recordings have
been preprocessed to remove spurious noise sources such
as persistent hot pixels. Each sequence is stored in HDF5
format and includes metadata fields capturing key acquisi-
tion parameters, including event camera bias settings, solar
intensity, event rate statistics, focal length, and the intrinsic
calibration matrix (K).

3.2. Sequences

A comprehensive list of sequences along with summary
statistics is provided in Table 1. The dataset contains three
possible alignment configurations: center, lower, and upper.
The alignment configuration refers to the approximate rela-
tive orientation of the event camera with respect to the sun
simulator. Specifically, whether the sensor is aligned from
face-on, from above, or from below. These alignments were
used to induce varying stray light effects in the recorded
event streams. Changes in the relative angles between the
sun simulator and the event camera result in different light
ray incidence angles, thereby producing distinct optical ar-
tifacts. For example, ghost artifacts were most prominent in
the center alignment. We also evaluated a range of aperture
settings (f/#) to assess their influence on observed phenom-
ena. We observed minimal differences in observed phenom-
ena at higher f/# values. In contrast, lower f#’s led to im-
mediate sensor saturation, rendering the data unusable. The
f/# values in the dataset were selected because they pro-
duced a clear solar artifact while also exhibiting clear stray
light interactions. Aperture configuration and lens design
are important components of the broader optical system af-
fecting stray light, but additional investigation into their se-
lection and analysis falls outside the scope of this work.

Representative event frames from the dataset, along with
the corresponding annotations, are shown in Figures 4-5.
Figure 4 illustrates a sample event frame accumulated over
a 10ms window, corresponding to Sequence ID 1, with
sunspot centroid and ghost annotations overlaid. This frame
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Figure 4. Scene ID 1 Event Frame, accumulation time 10 ms

Events for timeslice 43500000 us in Scenario 7
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Figure 6. Scene ID 7 Event Frame, default bias settings

exhibits several noteworthy phenomena that, to the best of
our knowledge, have not been previously reported in the lit-
erature concerning event-based cameras. Most prominently,
a “’black sun” artifact is observed. A black sun” is an area
of sensor saturation where pixel activity ceases [20]. Due to
the sensitivity of the event camera, noise events may be re-
ported even in the absence of illumination. The region near
the centroid exhibiting a low event count likely indicates
a saturated area caused by the sun’s light intensity. This
results in a lack of reported events relative to the average
background event density. The event frame also reveals sig-
nificant optical aberrations. Notably, on the right side of the
frame, a secondary, faint circular pattern is present. These
patterns, commonly referred to as ghosts [1], occur when
a secondary light path is formed through an even number
of internal reflections within the optical system, resulting
in a duplicate, misaligned image. Such ghost artifacts are
important considerations for software approaches aimed at
mitigating stray light effects. Figure 5 illustrates an event
frame from Scenario ID 5. Distinct regions of both positive
and negative event activity indicate off-axis illumination ef-
fects. As the relative angle of the sun simulator changes
over time, these regions shift accordingly, suggesting the
formation of new off-axis, secondary regions within the sen-
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Figure 5. Scene ID 5 Event Frame, accumulation time 10 ms
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Figure 7. Scene ID 9 Event Frame, altered bias settings

sor, as well as the fading of previously illuminated regions.

We also explored the impact of sensor bias selection
when creating the dataset. Scenario ID 9 is one such ex-
ample, and was recorded using an alternative bias setting
that has a longer refractory period, meaning that there is a
longer period of time during which a pixel is blind. This
scenario can be used as a reference for assessing the gener-
alizability of algorithms to different bias settings. Figures
6 and 7 compare Scenarios ID 7 and 9 under similar solar
incidence angles. Although both event frames correspond
to equivalent illumination geometry, Scenario 7 produces a
significantly higher number of negative events. This more
balanced event distribution leads to greater prominence of
flare artifacts in Scenario 7 compared to Scenario 9.

While bias configuration selection significantly influ-
enced the background activity noise, the overall event
recording of the sun itself was not substantially impacted.
We also posit that one of the values of this dataset lies
in its inclusion of realistic and challenging stray light ar-
tifacts. The conditions posed in this dataset highlight exam-
ples where conventional algorithms that rely on strict align-
ment assumptions may fail or underperform. Consequently,
detailed bias tuning and optimization are beyond the scope
of this work and are left as directions for future research.



Sequence 1 2 3 4
D lleverr|| | [[Berrl] D lleerr|| | [[Berr]l D llaerr|] | [[Berr]| D lleerr || ‘ || Berr ||
TFS [9] 0.993 5.78 0.857 | 0.995 | 0.309 0.399 0.86 1.364 2.187 | 0.996 | 12.899 1.602
Sun-E (ours) | 0.955 | 2.382 0.233 | 0.875 | 0.227 3485 | 0.873 | 0.203 3.827 | 0952 | 1.165 0.491

Table 2. Comparison across methods in the center alignment. D is the detection rate (higher is better),

Qerr|| is the normalized solar

latitude error (lower is better), and || Berr|| is the normalized solar azimuth error (lower is better).

4. Benchmark

Our dataset enables the evaluation and comparison of
existing algorithms designed for event-based sun sensing.
Where applicable, we adapted existing sun-sensing algo-
rithms to our maskless sensor configuration for direct com-
parison. We also propose a new sun-sensing method, devel-
oped in conjunction with this dataset, to serve as a baseline.
Implementations of both methods are provided alongside
the dataset.

We introduce several metrics for evaluation. The detec-
tion rate, D quantifies the proportion of successful detec-
tions over the sequence. Detections are synchronized with
ground-truth gimbal azimuth and elevation measurements
recorded at 0.1-second intervals, and the detection rate is
computed accordingly. It is important to note that a detec-
tion rate does not necessarily indicate an accurate match, it
is a metric used to indicate the convergence of the system re-
sults. ||ae,r || represents the mean normalized error between
the estimated and true sun latitude, whereas ||S....|| repre-
sents the mean normalized error between estimated and true
sun azimuth.

Benchmarked Methods. We briefly describe the other
benchmark method, with additional supplementary infor-
mation provided in the Appendix. TFS [9] applied a
weighted centroid approach, where the centroid is deter-
mined by the most active events. We extend this formu-
lation to accommodate maskless camera models, which
feature a larger pixel array. Our approach first applies a
weighted model to identify regions with the highest event
activity, followed by a Hough transform applied within
these regions to accurately determine the centroid. This
use of the Hough transform compensates for the absence
of inherent masked structural elements in maskless sensors,
which otherwise aid in producing a distinct sunspot pixel
signature. Due to the black sun effect, no events are re-
ported at the sun’s centroid, making this modified approach
necessary since the weighted center of reported events does
not align with the actual sunspot center.

Sun-E Proposed Benchmark Method We proposed our
own sun-sensing centroiding estimation technique, Sun-E,
informed by the phenomena observed in this dataset. Our

technique to estimate centroid location is described in Al-
gorithm 1. More details are provided in this section.

Algorithm 1: Sun-E Sun-Spot Tracking Method
Input: Time period T, camera intrinsic matrix K,
sun density threshold p
Separate events over interval T into £, &
Compute event frame F; from &;
Extract contour set {C;} from F;f
Predict Kalman state:
Xp|k—1, Prjk—1 ¢ KalmanPredict(xy 1, Pr_1)
Extract predicted centroid position:
Cpred < [xk\k—lvylﬂk—l]—r
Define best candidate score Spest < —00
for each contour C; do
. 2
(ijrj) = arg Mille , Zz (”pz - C”2 - 7"2)
Compute solar density score, p;
1 . center
Compute central suppression score: pf
Compute arc density score: pj*
Kalman Consistency penalty: p; = exp( —7(5?-);
Score candidate as: S;
if S; > Spesr then
Sbest < (Cj; 7’]‘)
Zp — C;

end

end

Xk, Pr) <

KalmanUpdate(xy|x—1, Prjp—1,2x), if2x # @

(Xk|k—1, Prir—1), otherwise

Let the event stream be defined as a set of events:
E={e; = (wi,yirtipi) | i=1,2,..,N} (4

where (x;, y;) is the pixel coordinate, ¢; is the timestamp,
and p; € {+1, —1} indicates the event polarity (positive or
negative). We define a time frame T to collect a 3D point set
of the event recording. This point set is split into positive
and negative polarities.

5% = {(xs,yi,t;) | t; €T, p; = 1} 5)

Positive polarity events are used for initial contour ex-
traction from the event cloud, due to their higher tempo-
ral precision and stronger correlation with the true bound-
ary of the incident light source, as previously demonstrated



Sequence S 6 U 8 ?
D llaers |l | 1Berrll D llaerr |l | 1[Berrll D llaerrll | [[Berrll D llaers|l | Berrll D llaerr|l | l[Berrll
TFS [9] 0.964 | 7.677 2.862 | 0962 | 7.870 | 2.301 | 0.986 | 6.553 2434 | 0926 | 5.597 2204 | 0.234 | 7.232 | 3.8325
Sun-E (ours) | 0.958 | 2.713 | 0.4921 | 0.992 | 1.579 | 0.376 | 0.965 | 4.323 1.454 | 0.967 | 2.831 0.335 | 0939 | 5.064 | 0915

Table 3. Comparison across Sequences 5-9 for each method. D is the detection rate (higher is better), ||ccerr|| is the normalized solar
latitude error (lower is better), and || Berr|| is the normalized solar azimuth error (lower is better).

in [4,19]. A binary event frame is generated using only posi-
tive events, and a standard contour detection algorithm [22]
is applied to extract prominent contours. Each identified
contour is then approximated by fitting a circle using a least
squares initialization.

Candidate circles are evaluated on two primary criteria.
First, the solar density score p is computed within the can-
didate circular region, based on the combined number of
positive and negative events.

Pj = ﬁ Z <\/($z —x;)% + (¥ —y;)? < 7“j> (6)

e; €&k

A smaller sub-region centered at the circles centroid is also
examined. This region is expected to be saturated and thus
contain few or no events, thus providing a negative correla-
tion cue.

center __
Pj = E

e €&k

(Voo s w-wr<a) o

Second, an arc density metric is applied, which measures
the concentration of events along the fitted arc. Viable circle
candidates are expected to exhibit a high arc density.

2

)
A Kalman filter is integrated to enforce temporal consis-
tency in centroid tracking. At each time interval 7T, the fil-
ter predicts the state vector x;,_1, which has the centroid
position and velocity. The consistency is quantified via a
penalty term p;, where §; represents the Euclidean distance
between the candidate centroid and the predicted state, and
~ controls the penalty strength. This makes the final score
computation used to identify candidate circles.

(‘\/(xi — 22+ (yi — ;)% — 7

Sj — (p;rc W p§enter) 'pj (9)

Candidates that deviate significantly from the predicted
centroid receive lower scores. The candidate with the high-
est combined score is used as the observation Z; to update
the Kalman filter state via the standard measurement update
step, thus refining future predictions. If no candidate passes
the consistency check, the filter state is propagated without
correction, maintaining a smooth trajectory over time.

Performance in Center Aligned Scenes Table 2 shows
the results of the associated benchmarks for dataset Scene
IDs 1-4. For Sun-E, the average ||a.,|| across scenes was
0.994 and average ||Berr|| was 2.009. In comparison, fine
sun sensors typically require angular accuracies below 1°,
while coarse sun sensors operate within a 1-5°range. These
results place Sun-E at the upper bound of fine sun sensor
performance. However, further refinement is needed in the
processing pipeline to consistently achieve the sub-degree
accuracy required for reliable fine sun sensing, and signif-
icantly more to approach star tracker-level precision (i.e.,
0.01-0.1°).

Sun-E exhibits the highest || 3. || error across all scenes
on scenes 2 and 3, despite the sun remaining fully in frame
throughout these sequences. This suggests a potential limi-
tation in the method’s ability to track vertical motion consis-
tently. Additionally, these shorter-duration scenes (I' < 30
seconds) may provide insufficient temporal data for the
Kalman filter to effectively converge and correct fitting er-
rors. In contrast, longer sequences appear to improve filter
stability and overall orientation accuracy.

TFS was most accurate on the downward vertical motion
scenes (ID’s 2 and 3). The lateral movement scenes exhib-
ited higher error; this in part can be attributed to the fact that
a larger portion of the sun completely exits the frame. TFS
achieved an average ||ae,r|| of 5.088 and average ||SBerr||
of 1.681. This is comparable to the results from the origi-
nal L-slit method, indicating that our adaptation preserves
its core performance characteristics. In Scene 4, the TFS
[|cterr || Was significantly larger than in other scenes. This
scene has a slightly larger (f#) resulting in a smaller ap-
parent sunspot radius. This scene has a thicker characteris-
tic arc width, leading to a higher mean event rate than ob-
served in other scenes, which also increases the overall edge
ambiguity. This scene also includes prominent ghost arti-
facts, which produce circular, sunspot-like shapes in frame
(see Fig. 8 for an example). The additional features intro-
duced ambiguity in the detection process as Hough trans-
form methods are sensitive to noise.

The performance of this technique is highly dependent
on the sun’s position and visibility within the frame; ac-
curate results are more likely when the sun is fully visible
and unobstructed. However, the absence of frame-to-frame
tracking limits the system’s ability to reject implausible or
inconsistent estimates.
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Figure 8. Scene ID 4, Event Frame, f# = 8

Performance in Off-Center Aligned Scenes Table 3
shows the results of the associated benchmarks for dataset
Scene IDs 5-9. In these off-center alignments, Sun-E pro-
duces more accurate ||B.,|| estimates, with ||ae|| pro-
ducing roughly comparable rates to its performance on
Scene IDS 1-4. The average ||ae || across scenes was
3.302 and average ||Ser|| was 0.714. This is likely due
to the arc fitting approach, which is better suited to partially
occluded depictions of the sun. By contrast, TFS performs
poorly both in orientation estimations under these condi-
tions. It has an average ||ae,|| of 6.983 and average || Serr ||
of 2.727. Partial sun visibility likely disrupts the symme-
try required for accurate Hough-based fitting. These results
suggest that Sun-E is less sensitive to scene-dependent fac-
tors such as alignment and bias settings, whereas TFS per-
formance is strongly dependent on idealized viewing con-
ditions.

5. Conclusion

We present Sun-E, a user-friendly annotated event dataset,
and several benchmarks. Our presented dataset enables the
analysis of event camera performance in high-intensity illu-
mination conditions. Sun-E includes challenging scenarios
such as partial sun-visibility, optical artifacts, and dynamic
motion. We include additional annotations to support the
usage and interaction with this dataset, like the relative sun
angle, bias parameters, ghost labeling, and illumination lev-
els.

We implement an existing event-based sun sensing tech-
nique and introduce our own sun sensing technique as a
benchmark for this application. Our benchmark currently
achieves coarse sun sensor level accuracy, with further ad-
vancements required to meet fine sun sensor level preci-
sion. We release Sun-E publicly to support the develop-
ment and evaluation of future event-based sun sensing al-
gorithms, and to encourage future research on stray light
modeling in event-based systems.

Limitations. During dataset recording, the two-axis rota-
tion table used for the gearbox rotation caused minor vibra-
tions. This led to occasional discontinuities in the captured
event stream. We note that the resulting breaks in conti-
nuity are subtle but may be of interest to researchers rely-
ing on the temporal consistency of the event data. Finally,
the dataset is not general purpose. It is explicitly designed
for sun sensing applications and does not include scenar-
ios involving both a dominant sun-like illumination source
and additional dynamic or static objects within the field of
view. This would be an interesting area for future dataset
development to explore the feasibility of event cameras in
dual-purpose applications

Future Work. The presented work could be used for eval-
uating and performing additional tasks, such as:

 Stray Light Artifact Filtering. In the implemented
benchmarks, only hot pixel removal was applied. Fu-
ture work could focus on more precise mitigation of
stray light effects, such as modeling the sun’s motion
to estimate potential ray paths responsible for ghost
artifacts, and subsequently excluding or de-weighting
affected regions. Alternatively, spatial or temporal fil-
tering strategies could be developed to suppress these
artifacts in the initial processing of the data.

* Contrast Maximization: Additional pre-processing
techniques for event-based motion, such as contrast
maximization [1 1], were not applied in this work. In-
tegrating such methods could be a promising direction
for future research, particularly in enhancing optical
flow estimation and overall event-based motion analy-
sis. In principle, contrast maximization could also im-
prove arc sharpness and increase the accuracy of cen-
troid estimation.

* Object Tracking under High Illumination. Because
of the precise timestamped sunspot modeling of the
sunspot centroid, this data set can be used for event-
based object tracking. As this data focuses on high
intensity light, it can be used to study how well meth-
ods developed for low-light scenarios (e.g. such as star
tracking [19]) generalize.

* Synthetic Event Data Generations. As demonstrated
in Figure 2, synthetic event generators do not model
complex optical interaction. This dataset can be lever-
aged to develop empirical approximations for opti-
cal phenomena. This enables the use of the dataset
as experimental ground truth for validating and refin-
ing event simulation models, ultimately supporting the
development of more physically realistic event-based
rendering pipelines.
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