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Abstract

Event cameras are bio-inspired, asynchronous sensors that detect changes in pixel brightness, providing data
updates at a microsecond temporal resolution with low power consumption. Due to their increased dynamic range and
spatiotemporal sensitivity, these cameras can capture objects that are moving very fast. These benefits make this type
of camera well-suited to space applications. Despite these advantages, event cameras introduce a new paradigm for
computer vision algorithms, with updates occurring on a pixel-by-pixel basis rather than a traditional frame-by-frame
approach, rendering most existing perception methods unsuitable. The constrained onboard resources of satellites
further challenge the development of suitable algorithms. Event cameras are highly prone to noise, particularly under
low-light, making robust onboard filtering algorithms essential to reduce the volume of data to be downlinked and to
prevent true signals from being obscured by noise.

This paper presents the experimental characterization of noise in event-based cameras for a CubeSat technology
demonstration mission and discusses preliminary approaches to modeling its temperature dependent behavior. We first
describe our thermal chamber test setup and the procedures developed to evaluate the sensor under low light conditions
representative of space. Using a thermal chamber, we recorded multiple scenes across temperatures points ranging
from —20°C to +60°C. Then, we present our noise sensitivity results from thermal chamber testing. We show that hot
pixels dominate the event stream, contributing 94.5-98.8% of events depending on scene and temperature, and occur
most frequently at low temperatures, disappearing entirely at +44°C. We discuss different hot pixel removal strategies
with attention to mitigating false positives. Analysis of the remaining signal shows a polarity imbalance with negative
events dominating at low temperatures and varying retention rates across temperatures, highlighting temperature-
dependent behavior in the background activity. These results provide first guidance for temperature dependent
calibration and in orbit noise filtering strategies. We then discuss the limitations of experimental noise modelling and
present key lessons learned from our experimental test.
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Acronyms/Abbreviations
SSA Space Situational Awareness
ROI Region of interest

1. Introduction

Neuromorphic vision sensors, such as event cameras
[1] are bio-inspired, asynchronous sensors that detect
changes in pixel brightness. Due to their design, they
achieve microsecond temporal resolution, a high
dynamic range and low latency, making them well-suited
for capturing motion. Unlike conventional frame-based
cameras, which capture full images at fixed intervals,
event cameras output only data, called events, from the
pixels which detect brightness changes. Each event stores
the pixel coordinate, the timestamp, and the polarity of
the change. Since only motion information is
transmitted, event cameras can offer reduced data volume
and power consumption. These characteristics represent
a benefit for resource-constrained application, such as
CubeSats.
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Event cameras are attractive for space situational
awareness (SSA) [2]. This has already been demonstrated
by the mobile SSA observatory Astrosite [3] and by
Falcon ODIN, a technology demonstration payload on
the International Space Station [4]. Ideal SSA requires
continuous monitoring of objects in orbit. This can be
achieved through a combination of ground-based and
space-based observations, as ground-based assets face
atmospheric interference, weather, and line-of-sight
restrictions. Space-based observation platforms can
compensate for many of these challenges. Neuromorphic
vision technologies on space platforms can enrich SSA
by complementing conventional frame-based
observations.

Despite the advantages of event cameras, event
cameras pose challenges. A major limitation lies in their
susceptibility to noise [5]. The sensors can be very
responsive to illumination variations or temperature
fluctuations [6], often producing a significant number of
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events unrelated to the actual object movement. These
noisy outputs place an burden on the already constrained
onboard resources of a spacecraft.

With this work, we aim to investigate and model the
noise behavior of event-based cameras under thermal
conditions relevant to a spacecraft in order to evaluate the
feasibility of using an event camera in a CubeSat mission.
We describe our thermal chamber test setup and analyze
the obtained data. By investigating the dependencies
between temperature and noise, this work aims to create
an initial experimental basis providing insights for
calibration strategies and development of noise reduction
algorithms. These efforts directly support the EventSat
6U CubeSat mission developed by the Technical
University of Munich, which aims to demonstrate the
potential of event cameras for SSA applications.

The structure of this work is as follows. In Section 2,
we provide an overview of the literature regarding noise
types in event-based sensors and strategies for noise
filtering. In Section 3, we shortly describe the EventSat
mission and, then, detail our thermal chamber test setup
and describes the post-processing applied to the
generated dataset. In Section 4, we present the results of
our experiments: we first analyze the signal including hot
pixels and compare strategies for their removal. We then
examine the temperature dependent behavior of the
signal after excluding hot pixels, analyze positive and
negative event count development, and apply the
Prophesee Metavision Activity Noise Filter Algorithm
[7]. We evaluate its retention rates and visualize the
filter’s performance. In Section 5, we discuss the
limitations of our results, outline directions for further
work, and summarize the lessons learned from the test.
Finally, Section 6 provides conclusions, summarizing the
key findings and their implications for the EventSat
payload.

2. Background

Event cameras operate on a different principle than
standard frame-based cameras. Instead of capturing full
images at fixed frames, they detect logarithmic intensity
changes L = log(I) for each pixel asynchronously [1].
When the change in brightness at a pixel exceeds a
defined threshold +C, the pixel generates an event. This
event ey contains the pixel’s location (x;, ;) on the
sensor, the timestamp ¢, at which the threshold was
exceeded, and the polarity. The polarity p, € {+1,—1}
indicates whether the brightness increased or decreased
with respect to the set threshold. This results in a
continuous stream of events containing information
about the moving edges of an object [1].

Event cameras are prone to noise, leading to spurious
events within the event stream that do not correspond to
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actual changes in brightness of the input stream [5]. This
noise increases the data volume and decreases the signal-
to-noise ratio, obscuring the true signal [5]. Reducing
noise at the camera output can significantly lower power
consumption, especially under low-light conditions [1]
[8]. There are two main classes of noise. The first is
background activity noise. The main sources of
background activity noise of event camera are photon and
electron shot noise as well as leakage current in the reset
transistor [9]. The background activity noise increases
with dim light conditions [6]. The extent of the noise can
be influenced with bias setting [5]. The dominant noise
source depends on the illumination. In bright scenes,
leakage current dominates the background activity noise,
while in dark scenes, shot noise is the main contributor
[6]. Shot noise originates from fluctuations in the pixel
photoreceptor and change detector circuits that randomly
exceed the event threshold [6]. It follows approximately
Poisson statistics, generating roughly equal ON and OFF
activity [6]. The second class of noise is hot pixel noise.
Hot pixels are defective pixels that continuously generate
events regardless of actual brightness changes. They
appear as pixels with abnormally high event counts
compared to normal pixels. Hot pixels result from
transistor and device mismatch [8]. In bright lighting
conditions, a lot of hot pixels can be present [8].

Unlike events representing an actual brightness
change, noise events often lack temporal correlation with
events in their spatial neighborhood. This property
enables filtering of background noise by detecting events
from pixels that do not correlate with their neighbors or
themselves [10]. Noise, however, remains a challenge: in
[11], it is presented that distinguishing events triggered
by objects of interest from noise is difficult, particularly
because event streams span both spatial and temporal
dimensions and noise can appear arbitrarily. Many
existing approaches assume noise is sparse and isolated
from object-motion events, but this assumption can fail
under unstable lighting conditions, where noise may
dominate and obscure relevant events. Noise removal can
be done during post-processing but it is also possible to
reduce noise directly at the sensor level [12]. The
benchmark study of [13] defines two groups for event-
based noise filtering with respect to neuromorphic
satellite observations, distinguishing between logic-
based and learning-based approaches. Logic-based
algorithms, such as CrossConv [13], EvFlow [11], and
KNoise[10], use deterministic rules and spatiotemporal
heuristics to remove noise. In the benchmark study [13]
KNoise followed by CrossConv excel in hot pixel
removal, while EvFlow achieves the highest satellite
signal retention in this group. In contrast, learning-based
algorithms like FEAST [14] and FEAST+classifier [14]
rely on data-driven feature learning. Quantitative results
show that FEAST is superior, providing robust
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background noise elimination, and  superior
discrimination of satellites from noise [13].

3. Methodology

3.1 EventSat Mission

EventSat is a 6U CubeSat developed by the Technical
University of Munich. Its goal is to demonstrate the
operation of an event-based camera in space for
observing stars, satellites, and other space objects in a
Sun Synchronous Orbit. The payload employs an event
camera to collect space observations and a Nvidia Jetson
Orin Nano for event data processing and storage. The
payload is designed to run Al algorithms onboard,
enabling real-time processing of the event data in space.
The dedicated space for the payload is 2 units.

EventSat’s power system contains two body-mounted
3U and two body-mounted 6U solar panels and batteries.
Its attitude determination and control system includes
four reaction wheels, a three-axis magnetorquer, a star
sensor, two sun sensors, and a three-axis magnetometer.
Communications with the ground are managed via UHF
and S-band transceivers and antennas.

3.2 Experimental setup

To model the thermal profile expected in a CubeSat
mission, we rely on a thermal chamber to expose the
camera to a range of representative temperatures. We
place the camera inside a Kambic TK-105 CKLT thermal
chamber, with the camera lens facing the observation
window. Figure 1 shows the experimental setup. On the
other side of the observation window, with a distance of
14cm to the window, a monitor is positioned to display
the test videos. The distance between the camera and the
window is 10cm. The cable that is needed for operating
the camera is output through the second observation
window of the chamber. To block out stray light, we
enclose the monitor with blackout curtains and covered
all other observation windows of the chamber. No
additional light sources are present inside the chamber.

Figure 2 shows the temperature profile followed
during the test. The test covers a temperature range from
—20°C to +60°C in 8°C increments. Before starting the
measurement, we cool the camera down overnight to -
20°C. During the test, the chamber remains at the setpoint
for around 30 minutes after the heating period to allow
the camera to reach thermal equilibrium with the
environment. We take recordings within the last five
minutes of each stabilization period. As shown in Figure
2, we measure the temperature of the camera with a
thermocouple taped on top of the camera housing. For the
test, we do not modify or adjust biases.
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Fig. 2. Temperature profile of the test

The test video contains a total of six different scenes.
Two of the six scenes depict a simulated night sky over
Berlin on the 25th of August 2024. Figure 3 shows a
cutout of this recording. The scenes are generated with
Stellarium [15], showing both stars and satellite tracks.
The two scene 60degreeBerlin and 120degreeBerlin
differ in the panning motion of 60° or 120° per minute.
The panning motion of 60° and 120° is created by
incrementally shifting the virtual camera’s alt-azimuth
orientation between frames.

The four remaining scenes represent a simplified
stimulus, consisting of a white dot, as shown in Figure 4.
The dot moves horizontally with different speeds.

Fig. 3. Cutout of the Stellarium recording of the night sky
over Berlin
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Fig. 4. Cutout of the simplified stimulus - moving dot of
recording 5pxDot_right 2s

It serves as a simplified representation of a star or
satellite with a known direction and velocity. Two dot
sizes are used, with radii of 2 and 5 pixels, each crossing
the 1920x1080 display within 2s (right 2s 2pxRad and
SpxDot right 2s) and 5s (right 5s 2pxRad and
SpxDot right 5s). All scenes are rendered at 60 FPS to
align with the monitor’s refresh rate.

To record the scenes, we start the recording of the
camera and then start to play the scenes on the monitor.
For each temperature point, the six scenes are shown after
each other, without stopping the recording in between.
During post-processing, we segment the continuous
recordings into individual scene videos for easier
analysis. The event data is processed in fixed, non-
overlapping windows to form a polarity-wise count time
series. Figure 5 shows the sequence of the scene
SpxDot right 2s. When the moving dot is visible for the
camera, the amount of events increases. The detection
operates on the positive polarity series. Two references
are computed: an overall 10th percentile for context and
a “true baseline” as the 10th percentile within the initial
0.2s which represents the pre-stimulus activity. From the
positive polarity series we also compute the maximum
per window count (data_max) and the 80th percentile
(plateau_threshold). The onset is detected using five
adaptive thresholds that run in parallel with OR logic,
each scanning forward to its first exceedance:

e max(plateau_threshold, 12 X true baseline)
max(250 events, 10 x true baseline),
true baseline + 0.60 x (data_max — true baseline),
true baseline + 0.40 x (data_max — true baseline),
true baseline + 0.35 x (data_max — true baseline).

If any threshold is crossed, we take the earliest
crossing time as a provisional onset. We then refine it by
searching backward - up to the smaller of 100 windows
or 20% of the series - to the last local minimum in the
positive polarity counts. This timestamp we report as the
final onset. Starting from this point, we define the end of
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the recording based on a scene-dependent duration,
ensuring that the decrease of negative events as the object
disappears is included. Table 2 summarizes the resulting
recording lengths.
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Fig. 5. Cutting of scene 5pxDot_right 2s at +36°C

Due to the limitation in size of the observation
window and the characteristics of the optic of the camera,
the camera sees part of the temperature chamber walls.
Depending on the analysis we define a region of interest
(ROI) to only analyze the pixels having direct sight to the
monitor. Figure 6 shows the position and relative size of
the defined region of interest.

4. Results
4.1 Hot Pixel Analysis

For the hot pixel analysis all pixels of the sensors are
considered. We identify the ground truth of hot pixels by
examining the recorded event data in CSV format. They
are identifiable as they produced events at an unusually
high frequency. As shown in Table 1, the maximum
number of identified hot pixels is 6. This is the case for
all scenes, except for scene right 5s 2pxRad where the
maximum number of hot pixel is 5. Figure 6 shows the
hot pixel location on the sensor.

As show in Table 1, the number of hot pixels
decreases with increasing temperature. When operating
the sensor at —12°C, five hot pixels are observed. These
five hot pixels are exactly the same pixels as at —20°C,
while one of the previously identified hot pixels dropped
out at this higher temperature. This pattern repeats with
increasing temperature. Starting from a temperature of
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+44°C no hot pixels are identifiable. All identified hot
pixels have a negative polarity as an output.

® InROI
® Out of ROI

region of interest

y coordinate

x coordinate

Fig. 6. Hot pixel location on sensor and position of region
of interest

Table 1. Hot pixel evolution over temperature increase.
Temperature Number of hot pixel [-]
[*C]
-20 6 (except right 5s 2pxRad: 5)
-12
-4
+4
+12
+20
+28
+36
+44
+52
+60

S OO === W WA W

The heatmap in Figure 7 visualizes for all scenes how
the event count per identified hot pixel varies across the
different temperature points. Each pixel-temperature
rectangular is organized as a 3x2 grid, where each
element of the gird represents a different scene, as shown
in the legend at the bottom. The horizontal axis represents
the different temperature points ranging from -20°C to
+44°C. The vertical axis shows the six identified hot
pixels. The color intensity indicates the number of
normalized events generated at each temperature-pixel
combination. Dark blue represent lower event counts,
while dark red colors indicate a higher number of events.
As the scenes differ in length, as shown in Table 2, the
data is normalized to 0.9s of recording length.

We observe the following three points: First, as
already summarized in Table 1, the number of hot pixels
decreases with increasing temperature. For instance,
pixel 6 behaves as a hot pixel only at —20°C, while at all
other test temperatures it no longer exhibits abnormally
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high event counts. At intermediate temperatures between
+20°C, +28°C, and +36°C, only pixel 1 remains a hot
pixel. With further temperature increase, even this pixel
no longer shows elevated activity.
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Fig. 7. Number of hot pixel events per hot pixel
normalized over temperature

Second, looking at one temperature point, the number
of events generated by the contributing hot pixels is
within same range. Across all scenes, hot pixels
contribute a comparable number of generated events at a
given temperature point.

Third, with rising temperature, the total number of hot
pixels decreases, but the remaining hot pixels generate
increasingly more events. For example, in the scene
120degreeBerlin, the hot-pixel event count at a
temperature of -20°C is for all 6 pixel 1,655,883 events
each. At a temperature of +36°C, the remaining pixel 1
increased the generated events to 7,833,078 events within
the same time. This increase of 6-7 times of events for
pixel 1 from the -20°C to +36°C temperatures is visible
across all scenes.

Table 2 shows the percentage range of hot pixel
events for the entire recording length for each scene.
Depending on the scene and temperature, the percentage
ranges between 94.47% and 98.78%. The remaining
percentage contains the actual signal and noise which is
not generated by hot pixels. The percentage remains
nearly constant across temperatures, since some hot
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pixels drop out while the firing rate of the remaining ones
increases.

Table 2. Length of recording and percentage of hot pixels
of the six scenes

Scene Length of  Percentage of
recording  hot pixel
[sec.] events [%]
SpxDot right 2s 0.9 95.52-96.46
SpxDot right 5s 1.8 95.50 - 96.33
60degreeBerlin 2.3 96.61 —97.53
120degreeBerlin 2.3 94.47 -96.00
right 2s 2pxRad 0.9 98.51 — 98.63
right 5s 2pxRad 1.8 98.43 - 98.78
4.2 Hot pixel filtering
4.2.1 Active Pixel Detection
The high number of hot pixel percentage

demonstrates that hot pixel filtering can significantly
reduce the data volume. To perform the filtering, we
apply a statistical outlier method following the Prophesee
Metavision Active Pixel Detection [16] methodology. In
addition, we evaluate both percentile-based thresholds
and removal based on the highest event percentages. In
accordance with the Prophesee Metavision Active Pixel
Detection, we calculate the mean value p and the
standard deviation ¢ for time windows of 0.1s. A pixel is
then classified as hot if its event count exceeds the
adaptive threshold Npixel > p + k o, where Npixel
denotes the number of events generated by the pixel and
k is a user-defined multiplier.

We iterate the multiplier k from 1.0 to 200.0 in one
step size. For the scenes that contain hot pixels
(recordings taken at temperature -20°C to +36°C), the
filter successfully identifies the hot pixels directly with a
multiple of 1.0. For recordings where no hot pixels are
present (recordings taken at temperatures +44°C and
+60°C), the filter instead flags, with a low multiplier,
pixels corresponding to the actual objects movement.
Figure 8 visualizes the active pixel mask for the scene
SpxDot right 2s at the temperature of +44°C for a time
window of 0.1s with a multiplier of 3.0. As no hot pixels
are present in this scene, the filters highlights the pixels
associated with the highest event activity which in this
case is the actual movement of the dot and are in total
1695 pixels. The filter functions correctly as designed,
however the application of the filter under the posed
conditions and chosen low multiplier would lead to a
removal of the scene. This effect decreases with rising
the multiplier value.

Table 3 displays at which multiplier value all false
positive vanish for the recordings with no hot pixels.
Starting from these multiplier value, the dataset does not
change anymore until reaching a multiplier value of
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200.0. This is only possible because hot pixels have such
a high firing rate compared to normal signal and noise
that they create a distinct statistical population.

Active Pixel Mask

N_pixel=2.8

= e

Activity [-]

X

Fig. 8. Active Pixel Mask at +44°C and a time window
of 0.1s

Table 3. Multiplier and threshold Npixi leading to correct
hot pixel detection also for recordings without hot pixels
for a time window of 0.1s

Scene Multiplier [-]  Threshold Npixel
SpxDot right 2s > 47 42.30
SpxDot _right 5s > 54 41.65
60degreeBerlin > 55 36.49
120degreeBerlin =~ > 50 34.23
right 2s 2pxRad > 108 40.37
right 5s 2pxRad > 105 40.13

When hot pixels are present, they are easily identified
with low multipliers (k=~1.0) due to their extreme activity
levels. When no hot pixels exist, the method flags normal
scene activity at low multipliers, but once the multiplier
exceeds the statistical range of normal activity (as shown
in Table 3), the method correctly distinguishes between:
(1) hot pixels (when present), which remain detectable
even at high multipliers due to their extreme statistical
separation, and (2) normal scene activity, which no
longer qualifies as outliers. The much higher thresholds
for right 2s 2pxRad and right 5s 2pxRad (>105-108)
indicate these scenes have very low variability in normal
activity. These scenes are so low in variety that even
normal activity looks similar across pixels. Therefore a
much higher multiplier is needed to avoid false positives.

4.2.2 Active Pixel Filtering

[13] filter hot pixels by computing the 98th percentile
threshold and removing all events above it. For the entire
dataset, we calculate percentiles from the 98th to the
99.99th in steps of 0.01 and determine how many pixels
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lie above each threshold. In addition, we evaluate
maximum percentage removals based on the most active
pixels, ranging from 2.0% down to 0.01% in steps of
0.01, and quantify how many pixels would be excluded
at each temperature point. We then calculate the
reduction of the original file size in percent.
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Fig. 9. False positive of percentile removal over

temperature

We first observe that, as the amount of events creates
a large database even for a small time window of, e.g.,
0.01 s, there is no noticeable difference between applying
percentile-based thresholds and removing an equivalent
percentage of the most active pixels. Only very isolated
small deviations are observed at the 0.01% and 99.99th
percentile levels. All methods detect the hot pixels but
also lead to false positive detection. As a minimum and
maximum case, Figure 9 shows the number of false
positive identified by the 98th percentile removal and
99.99th percentile removal.

Comparing the 98th percentile threshold with the
99.99th percentile reveals that the 98th percentile
method produces significantly higher false positive rates.
Depending on temperature and scene, false positives
range from 4,784 to 18,307 across the spectrum from -
20°C to +60°C. In contrast, the 99.99th percentile method
maintains much lower false positive rates, between 55
and 93, representing a reduction of roughly 100-150
times compared to the 98th percentile approach.
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Table 4. File size reduction in percent for scene
right 2s 2pxRad

Temperature  Active pixel  98th 99.99th
[°C] detection Percentil  Percentile
[%] e [%] [%]
-20 98.85 99.53 98.88
-12 98.75 99.47 98.79
-4 98.73 99.47 98.76
+4 98.66 99.42 98.69
+12 98.63 99.4 98.67
+20 98.47 99.32 98.51
+28 98.51 99.36 98.54
+36 98.51 99.34 98.54
+44 0 51.72 1.67
+52 0 45.99 241
+60 0 41.05 1.61

Table 5. File size reduction in percent for scene
SpxDot right 2s

Temperature  Active pixel 98% 99.99th
[°C] detection Percenti  Percentile
[%] le[%]  [%]
-20 96.36 99.17 96.40
-12 96.46 99.11 96.50
-4 96.21 99.08 96.24
+4 95.97 99.02 96.00
+12 95.94 99.01 95.97
+20 95.52 98.89 95.57
+28 95.59 98.96 95.63
+36 95.57 98.99 95.61
+44 0 75.04 0.90
+52 0 78.04 0.78
+60 0 77.09 0.72

Table 6. File size reduction in percent for scene
120dgreeBerlin

Temperature ~ Active pixel 98" 99.99th
[°C] detection Percent  Percentile
[%] ile [%]  [%]
-20 95.88 96.47 95.90
-12 95.66 96.27 95.68
-4 95.60 96.20 95.62
+4 94.47 96.09 95.47
+12 96.00 96.58 96.02
+20 95.02 95.70 95.03
+28 95.69 96.35 95.70
+36 95.65 96.32 95.66
+44 0 13.68 0.13
+52 0 13.7 0.14
+60 0 13.9 0.17

Tables 4—-6 show how the file size reduces over the
tested temperature points for the three scenes
right 2s 2pxRad, S5pxDot_right 2s, and
120degreeBerlin. We apply the multiplier from Table 3
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to the active pixel detection approach, which filters only
the hot pixels, meaning no additional signal is removed
due to the filter. For the active pixel detection, the file
size drops by approximately 95-98% between —20 °C
and +36 °C. Up to +36 °C, all approaches achieve similar
reductions of roughly 98-99%, with the 99.99th
percentile slightly lower than the 98th percentile,
reflecting more conservative filtering. Starting at +44 °C,
the active pixel detection method shows no file size
reduction, correctly indicating that no hot pixels are
present. In contrast, the file size of the percentile-based
continue to reduce the file size at higher temperatures: the
98th percentile still reduces substantially (up to 52% for
some scenes), while the 99.99th percentile remains
minimal, generally below 3%, demonstrating better
preservation of the genuine signal.

4.2 Region of Interest — Signal Polarity Analysis and
Noise Filtering

For this analysis, we define the region of interest,
shown in Figure 6. The analysis disregards the hot pixel,
that is part of this region. First, we determine the negative
and positive event counts to analyze how the signal
including noise changes over temperature. Figure 10
shows the positive and negative event count for each
scene over temperature. The event count normalized to a
recording length of 0.9s. The event counts shows, first, a
significant polarity imbalance in the event camera data
for low temperatures. For the temperature point -20°C
and -12°C the negative event values consistently exceed
the positive event count values by approximately one to
two orders of magnitude. Second, for the negative events,
we see a massive decrease to lower counts starting with
temperature -4°C. This jump over magnitudes is not
existent for positive events. After this decrease the
negative and positive events are within in the same order
of magnitude. Third, for the negative events, starting
from -4°C, we see a increasing of event count with
increasing temperature. For the positive event count we

see at mediate and high temperature a reduction of events.

In a second step, we apply the Prophesee Metavision
Activity Noise Filter Algorithm [7] to the region of
interest. The Prophesee Metavision Activity Noise Filter
Algorithm filters events by checking for recent activity in
their local neighborhood. For each incoming event, it
accepts the event only if a similar event occurred nearby
within a specified time window. We select a time window
of 15ms and process eventsin Ims batches. This
approach suppresses isolated noise events while
preserving clusters most probably corresponding to
actual scene. For the analysis, we calculate the retention
rates for both positive and negative polarity events. It is
calculated for all six different scene configurations and
varying temperature conditions. The retention rate, is
defined as the percentage of original events preserved
after filtering. Table 7 and Table 8 show retention rate for
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the negative and positive events. The results demonstrate
that retention rates exhibit temperature-dependent
behavior, with both polarities showing distinct patterns
of event preservation.

While the absolute levels differ between datasets - all
follow the same overall pattern. At very low temperatures
(—20°C and —12°C), the retention of the negative events
rates are lower than 10% expect for scene
120degreeBerlin with 11.1%. This means the filter
removes most events.

x10°

1.4 +
1.2
1.0 ~
0.8 1
0.6 1
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—8— Scene: right_2s_2pxRad
Scene: right_5s_2pxRad
Scene: 120degreeBerlin
Scene: 60degreeBerlin
Scene: 5pxDot_right_5s

—o— Scene: 5pxDot_right_2s

Fig. 10. Event count positive and negative over

temperature for the recordings in the region of interest
without hot pixels
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Table 7. Retention rate of negative events for the six
scenes

— = =3 — o) L W
: = 2 2 2 £ %
?_1; ‘l\) ' 0 0;*: =3 =3
- S O U R Y
s 3 L § & & %
3 E E 5 5 gy
-20 1.1 2.8 11.1 74 6.2 7.3
-12 1.0 1.3 9.2 6.9 4.6 6.4
-4 499 590 744 67.1 825 758
+4 489 582 744 668 822 76.1
+12 456 559 726 644 81.1 756
+20 46.0 563 744 668 800 752
+28 43.0 519 720 635 774 739
+36 404 485 710 61.8 763 713
+44 382 450 706 60.7 728 679
+52 341 39.1 667 552 68.1 670
+60 30.0 358 64.1 517 651 668

Table 8. Retention rate of positive events for the six
scenes

— 3. =. — >N W W
? N ' 2 E S S
= N g e la g
s ¥ ¥ ¥ 3 & %
3 £ £ 5 5 g n
-20 50.0 688 893 824 90.7 86.9
-12 575 679 89.6 817 905 854
-4 56.1 673 893 813 895 859
+4 553 659 892 810 896 86.0
+12 54.6  66.1 88.1 79.1 889 863
+20 56.6 673 89.6 820 885 86.2
+28 571 678 89.1 815 882 871
436 629 721 91.1 846 900 892
+44 777 825 946 904 938 92.8
+52 913 934 975 951 975 972
+60 972 979 989 975 99.1 98.8

A distinct step change occurs around —4°C, where
retention rises sharply into the higher range (>40%).
Between —4°C and +28°C, retention remains high and
relatively stable, indicating a conservative filtering
behavior that keeps most events. Beyond +28°C, the
retention rate decreases gradually with increasing
temperature, where the filter again removes more events.
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In contrast, the retention rate of positive events shows
already, even at —20°C, high retention rate (> 50%),
meaning the filter is conservative and preserves the
majority of events. A shallow dip occurs up to around
+12°C, where retention drops slightly but still remains
above the 50% threshold. From +20°C onward, retention
begins to rise again, exceeding the initial values by
+36°C. At higher temperatures above +44°C, retention
climbs sharply, reaching nearly 100% at +60°C, which
corresponds to nearly no filtering being applied. As the
filter checks for spatiotemporal coherence within a time
window, this indicates that more isolated negative events
are present at low temperatures, that the filter removes.
The high retention of positive events suggests they
exhibit better spatiotemporal clustering, while the low
retention of negative events at cold temperatures
indicates they are more randomly distributed and lack
local activity patterns.

To visualize the behavior of the filter we analyze the
recordings using again the active pixel detection
approach, described in Section 4.2.1 Active Pixel
Detection. With an appropriate multiplier and window
duration it is visible that persistent, connected tracks
from stars or satellites are preserved, while random
isolated noise is suppressed.

Active Pixel Mask - Original (ROI)

1 |N_pixe|=0,1 i R K:)% 52 1.0
.‘.- < .. i @ 0l8
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%0 : @.o : 0.2
0T— e2l | oo
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Active Pixel Mask - Filtered (ROI)
1 |N7pixe|=0.1 . L‘)oo . 1.0
ol - 0.8
0o 6 9 i
5 . 0O 0 0.6 =
ARl
o . (©) ' 048
.© 0 @.o 0.2
; 2"
0 ‘ o2 | oo
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Fig. 11. 120degreeBerlin at +60°C recording with a
multiplier of 0.01 and a duration of 0.1s
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The first finding demonstrates that noise visualization
requires different multiplier strategies depending on
scene characteristics. For scenes with low activity
variability (like the horizontally moving dot), higher
multipliers are necessary to reveal noise patterns. For
scenes with high activity variability, lower multipliers
effectively separate signal from noise. Figure 11 shows
the visualization of scene 120degreeBerlin at +66°C with
a multiplier of 0.01 and a duration of 0.1s. On the top the
non-filtered recording is displayed, below the recording
is shown after applying the Prophesee Metavision
Activity Noise Filter Algorithm. Figure 3 shows the
visible section represented by the white rectangle.

. Star track
Satellite track

[ Dim star track

Clusters of active connected pixels

Fig. 12. Cutout of 120degreeBerlin test video with stars
marked in purple and satellite marked in green

By comparing the event data with the cutout of the

test video shown in Figure 12, we can distinguish
between recognized stars (marked in purple), satellites
(marked in green), and randomly distributed,
unconnected noise. For better visibility only a set of stars
and satellites are marked. After applying the filtering, this
noise is no longer present.
Extending the observation duration to 1.5 s makes the
tracks of stars and satellites visible, as illustrated in
Figure 13. Also in this figure, satellite tracks are marked
in green and star tracks in purple. Larger and brighter
objects appear with thicker, continuous tracks, while
smaller and fainter objects show thinner or interrupted
tracks. Due to the introduced panning motion, stars can
be identified by their parallel movement, whereas
satellite tracks deviate from this direction. Visual
inspection confirms that the filter preserves tracks from
brighter objects, but some faint star tracks nearly vanish
after filtering, highlighted in red in Figure 13.

Additionally, we observed regions marked in orange
in Figures 11 and 13 that do not correspond to star or
satellite tracks. A comparison with Figure 12 shows no
visible objects in these locations, suggesting that these
are clusters of active connected pixels that likely
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represent noise. Such artifacts appear only in the
60degreeBerlin and 120degreeBerlin recordings and
were not present in the scenes with the horizontally
moving dot.
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Fig. 13. 120degreeBerlin recording with a multiplier of
0.01 and a duration of 1.5s

5. Discussion

The results presented in this paper are subject to
several limitations. The analysis is based on a single
dataset which consists of six scenes taken at 11 different
temperature points, ranging from -20°C to +60°C. This
limits the statistical significance of the results and limits
the generalizability. Using a monitor to display the test
videos introduces additional limitations. The monitor’s
refresh rate produces discrete frame-to-frame changes
rather than the continuous motion present in real-world
scenes. Flicker, ghosting, and aliasing from the monitor
can distort the recorded spatial structure. The limited
brightness range of the display reduces the dynamic
range of the stimulus. To create the recording, the scenes
60degreeBerlin and 120degreeBerlin have been
generated using the software Stellarium which presents a
simplification compared to orbital environments. In
space, even with using a baffle, varying illumination
from the Earth, Moon, and Sun would affect the sensor.
The illumination condition of the object to observe show
a strong impact on the noise generation [6]. In the
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experiment, the constant lighting conditions therefore
does not fully capture the expected operational
conditions. The lighting conditions were not monitored:
the chamber inside was darkened with blackout curtains,
and the same video stimulus was used for all recordings.

From an experimental perspective the following
lessons learned can be taken. The synchronization
between video playback and recording should be refined.
This includes that the video stimulus should also be
adapted to the observation window size to reduce the
postprocessing of the scenes. In addition, the setup relied
on the sensor viewing a display through glass, with part
of the chamber walls visible. Although a region of
interest was defined to exclude pixels that directly
captured the walls, reflections near the ROI boundaries
cannot be entirely ruled out. The recordings at -20°C
exhibit gaps, which are likely caused by interface issues
rather than the sensor itself. Further investigation of the
interfaces is therefore required.

In terms of mission relevance, the results indicate that
a large proportion of events are attributable to hot pixels,
ranging between approximately 94.5% and 98.8%
depending on scene and temperature. This results that
especially identifying and deactivation of the hot pixels
is very important. The analysis showed that the activity
of the hot pixel is not dependent on the activity level of
scene, it depends on temperature. Since the number of hot
pixels has been maximal at low temperatures, a
calibration procedure at the end of eclipse, when external
temperatures are lowest, appears suitable for the mission.
Complementary short calibration recordings at different
orbital positions may further support the identification of
hot pixels. As the number of hot pixels identified with 6
in total is low in absolute terms, their removal would not
significantly reduce the useful signal. Because hot pixels
can be detected within microseconds, such calibration
recordings can be kept in a view microseconds range.

The application of the active pixel detection for hot
pixel identification showed that careful parameter
selection is required, since in sparse activity scenes or
when multipliers are set too low, parts of the signal may
be filtered out. In general, higher multipliers tend to
reduce to eliminate false positives. With the correct
multiplier the active pixel detection removes only hot
pixels over all test temperature points. This results in a
file size reduction of about 94-98% between —20°C and
+36°C, and no file size reduction as no hot pixels are
present (> +44 C). In contrast, percentile-based approach
leads to false positive and a higher file size reduction as
part of the signal are removed. Due to the large number
of events, even for very short time windows, there is little
practical difference between the percentile-based and
percentage-based approaches. The false positive rate is
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significantly lower for 99.99th percentile threshold,
while both thresholds contain the to identify hot pixels.

By applying the active pixel detection to the
recordings with excluded hot pixels, selecting a too high
multiplier results in excluding small and dim object
tracks. These objects also have a patchy track before the
Activity Noise Filter Algorithm, making it hard to
identify a clear streak characteristic with most object
tracks. For large and brighter objects, the signal can be
distinguished from the background. Further work is
needed to analyze if the performance for dim objects
increases by adjusting the threshold from the default
15ms to shorter time windows (5-10ms) or by increase
the spatial neighborhood size. The retention rates showed
temperature dependent behavior, with both polarities
displaying different patterns of event retention. Based on
the recordings, the Activity Noise Filter Algorithm shows
that a larger fraction of negative events was removed
compared to positive events, suggesting that negative
events contribute more strongly to noise. This
temperature dependent behavior implies that further
filters should be analyzed with taking temperature
changes into account to maintain robustness across
varying thermal conditions.

6. Conclusions

This study  presented  an experimental
characterization of noise in event-based cameras under
varying temperature conditions, for a CubeSat mission.
Using a thermal chamber, we obtained recordings across
arange of temperatures, and we analyze the resulting data
with a focus on noise sources and their implications for
space operation. While the experiments were constrained
by a limited dataset, they provide insights into the
behavior of hot pixels and background noise.

This study shows that hot pixels are most prevalent at
low temperatures and decrease in number as temperature
increases, although the firing rate of the remaining hot
pixels rises with temperature. We showed that hot pixel
removal can lead to a file size reduction of up to 95% to
98%, which is a significant facilitation for further
onboard processing and downlink. When hot pixels are
excluded, the analysis of signal shows a clear polarity
imbalance. At very low temperatures negative events
exceed positive events by nearly up to two orders of
magnitude. Around —4°C, a step change occurs: negative
event counts drop sharply, within the magnitude of
positive events, and subsequently increase with rising
temperature. Positive events remain more stable and
gradually decrease at higher temperatures.

The retention analysis further confirms this
temperature dependence. For negative events, retention
is low at very cold conditions, increases sharply near
—4°C, stabilizes around room temperature, and then
decreases again at elevated temperatures. Positive events,
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in contrast, are largely retained across all conditions, with
retention increasing further at high temperatures. These
observations represent only a first insight. Further
investigation is required using an improved test setup that
incorporates the lessons learned from this study. Overall,
the study underscores that temperature plays a critical
role in event camera performance and should be
explicitly considered in mission design and data
processing strategies.
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