IEEE TRANSACTIONS ON NUCLEAR SCIENCE

Radiation Monitor Extension for CMOS
Imaging Instruments in Nanosatellites

Josua Florczak', Tom Neubert', Khalid El Maghawry!, Egon Zimmermann', Heinz Rongen',

Martin Kaufmann?, Friedhelm Olschewski®, Stefan van Waasen'#

Abstract— With a software-based approach using commercial off-
the-shelf CMOS imaging sensors to detect ionizing particles a low-
cost radiation monitor is published to improve fault tolerance of
nanosatellites with commodity hardware. We achieve this by
segmenting image artefacts caused by radiation effects simultane-
ously within the original capturing images. For this purpose, a
two-step segmentation method was developed using already
acquired images from a miniaturized limb sounding spectrometer
that derives atmospheric temperature profiles. The method covers
badpixel elimination and particle flux determination by a
minimalized amount of additional computational costs. This
allows the determination of the radiation environment close to the
imaging instruments inside the satellite. We present the segmented
results and compare it with simulated as well as measured data
from a reference radiation monitor experiment. The detected
particle flux is up to a factor of five lower than the simulated flux.
These effective particle flux values will be used to improve
measurement time by triggering mitigation measures on demand
and expand their life time.

Index Terms— CMOS, cosmic ray, CubeSat, dynamic threshold,
low-cost, mitigation, radiation monitoring

I. INTRODUCTION

Nanosatellites have evolved over the past 20 years and are no
longer just demonstration platforms; they are also used for
scientific applications. Remote sensing instruments as part of
observation units are typically launched in low earth orbits
(LEO) to provide global coverage [1],[2]. Realized with large
pixel arrays, imaging capabilities are combined with spec-
trometer techniques e.g., to measure structures and tempera-
tures with high spatial resolution. In order to meet these and
other growing demands, current remote sensing applications [3]
use scientific complementary metal oxide semiconductor
(sCMOS) image sensors characterized by high signal-to-noise
ratios, highly integrated readout electronics and low-cost
procurement [4].

Longer mission durations are increasingly targeted for
remote sensing instruments, e.g., to observe long-term climate
processes. The mission lifetime will be influenced by radiation
effects in electronic components. These radiation effects can be
divided into cumulative effects (Total Ionizing Dose-TID and
displacement damages) and single event effects (SEEs). While
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the cumulative effects lead to progressive degradation of
components, SEEs cause problems such as bit flips, functional
interruptions, or even destruction of components [5],[6].
Depending on the orbit, there are different radiation
environments with low radiation dose rates in equatorial and
higher in polar LEOs. The polar orbits require careful radiation
protection and safety margins in design requirements, e.g. if the
South Atlantic Anomaly (SAA) is passed [7]. To simplify
design strategies, the use of particle detection can help respond
to unexpected events such as geomagnetic storms,
inhomogeneous or anisotropic radiation environments.
Combined with on-demand mitigation measures, this can
increase the use of standard scenarios in simulating the
radiation environment, rather than worst-case scenarios. For
example, no additional margin in shielding is required, resulting
in savings in design costs and testing steps. In addition,
mitigation techniques such as triggering protection circuits
during heavy radiation fluxes may be feasible [7].

Customized CMOS image sensors or Monolithic Active
Pixel Sensors (MAPS) have been used as particle detectors in
space [10],[11], following developments at current particle
accelerators like CERN [8],[9]. In addition, studies for particle
detection with commercial of the shelf (COTS) based imaging
sensors were initiated [12]. However, such additional particle
detectors are not suitable for nanosatellites due to their addi-
tional mass, size, power consumption and cost.

In this paper, we extend the functionality of a COTS CMOS
imaging sensor to include the ability to detect particles suffi-
ciently well parallel to its original measurement task to
determine the real radiation environment behind the shielding.
As part of the AtmoSHINE instrument, the sensor is located in
an imaging spatial heterodyne interferometer (SHI) launched in
December 2018 to derive atmospheric temperature profiles. We
use an adapted dynamic threshold method to determine the
radiation environment. This low cost radiation monitor solution
provides an extension to every imaging instrument and reacts
against unexpected events and enables additional mitigation
techniques on the satellite electronics. The methodological
challenge in this integrated solution approach is to distinguish
between the original measurement data and the radiation
artifacts. Due to fast changing measurement scenes in single
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pixel rows caused by variations of the position control system
and varying stray light as well as the degradation effects of the
sensor itself, single frame methods were needed.

The paper is structured as follows. First, we describe the
measuring instrument that serves as a reference for our
measurement and verification data, as well as the development
of a method to flag and separate certain image artifacts.
Afterwards, the quality is verified with a reference particle
counter and simulated data. The accuracy and computational
costs are analyzed and discussed in comparison to other cosmic
ray segmentation methods. Finally, the first results of particle
detection on real measured data are presented and potential
protection measures are discussed. In the outlook, further
development steps are outlined and additional planned
functions of this monitor described.

II. DESIGN MATERIALS AND METHODS

A. Instrument overview

Fig. 1. AtmoSHINE flight model, a miniaturized Spatial Heterodyne
Interferometer (SHI) launched as secondary payload in December 2018.

A highly miniaturized limb sounder (AtmoSHINE) suited for
nano/micro satellites developed at Forschungszentrum Jiilich
utilizes a monolithic SHI for atmospheric temperature measure-
ments [3] with a planned lifetime of 3 years [13]. It is a fully
integrated remote sensing instrument with optics, focal plane
array, electronics and shielded case, which is depicted in Fig. 1.
The instrument operates as a secondary payload on a Chinese
technology demonstration satellite. It is mounted on the shadow
side of the satellite and measures the nighttime atmosphere
from a sun synchronous orbit (SSO) at 1067 km altitude. To
achieve the science mission objectives, selective hardening
using state-of-the-art COTS components were used in combina-
tion with targeted mitigation measures.

The instrument contains a sSCMOS sensor (HWK1910A)
from Fairschield (BAE Systems) with a dimension of 5.04 pm
x 5.04 pm and a total resolution of 1160 x 1976 pixels, which
is well suitable for LEO operations [14]. The sensor is located
close to the readout electronics and placed perpendicular to the
viewing direction of the instrument.

AtmoSHINE has measured over a 10-month period since
December 2018 in a timeshare with other instruments. During
the observation periods, the instrument passes up to 14 times
per day the SAA region. Fig. 2 (a) shows a typical undisturbed
image of the spectral measurement and Fig. 2 (b) a disturbed
one affected by radiation inside the SAA region. Both images
show 2D-interferograms of the O2-A band night glow layer

with spectral information in horizontal direction and spatial
information in the vertical direction. Every image contains
sensor specific artifacts e.g. bad pixel, and can be affected by
anomalies caused by ionizing particles depicted in Fig. 2 (b).
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Fig. 2. (a) Undisturbed and (b) disturbed interferogram of the O2-A band
nighttime limb emission by ionizing radiation as measured by the AtmoSHINE
instrument. The left subfigure depicts measurements outside and right one
inside the SAA.

B. Artefact Segmentation

Imaging artifacts are frequently observed in imaging sensors
on satellites and interfere with the measurement data. In this
work, artifacts are detected and segmented from measurement
information and divided into sensor-specific and radiation-
specific artifacts. A two-step approach based on an adapted
dynamic threshold (ADT) is used to segment and separate these
both artifact types. The two steps differ in the frequency of their
execution and are marked as "on demand" and "frame by frame"
in Fig. 3. For the first step, an adapted Interframe Statistics
Median Filtering Detection (ISMFD) is implemented to seg-
ment the sensor-specific artefacts, such as more sensitive, dead
or flickering single pixels, related to production processes and
degradation effects [15]. This step requires multiple images and
needs to be executed on demand, therefore this step can be done
on the satellite in parallel as well as on ground. The second step
involves segmented and separated radiation specific artefacts
represented by variants of particle tracks, the number is counted
and associated with an integral particle flux. This step has to be
frame by frame. Both steps are designed to use a wide range of
measurements so that they can be performed in parallel with the
actual measurement in as many scenarios as possible.

1) Sensor artefacts

In this section, we take a closer look at the "Sensor-specific
segmentation" task from the first on-demand step, which can be
seen schematically in Fig. 3. To detect sensor-specific artifacts,
we use a slightly modified form of the "Interframe Statistics
Median Filtering Detection" (ISMFD) method [15]. The
ISMFD performs flickering pixel detection in a measurement
scene by using different single frames. Compared to other
methods for detecting bad pixels [16], it uses simple arithmetic
operations and is easily adaptable. Within the ISMFD, single
thresholds 1, are still strongly dependent on the exposure level
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of the measuring scene, which makes the processing more
complex.
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Fig. 3 Two-step segmentation flowchart. The 1st step (blue) segments sensor
specific artifacts, which only needs to be performed from time to time either on
the satellite or ground. The 2nd step (green) shows the segmentation of the
detection, filtering and clustering radiation artefacts, which runs frame-by-
frame in parallel to the actual measurements.

In order to make the segmentation more independent
according to different exposure levels, we introduce an ad-
vanced method based on a relative gain matrix

Tf(i,j) = gf(l,])/'f\n?(l,]) ’ (1)

where g (i, j) is an original image £ as shown in Fig. 2, and
1y (i, j) is the median image containing the median intensity by
the direct neighbors. The lines and columns are identified with
i and j The relative gain with a homogeneous exposure is
ideally 1 and independent of the exposure level. Here we
assume that the immediate neighboring pixels of a currently
viewed pixel at position  jrepresent a relatively homogeneous
exposure scene. Because of an overall non-homogeneous
exposure, we have chosen a relatively small median filter
window of only 3x3 pixels in order to calculate the median
image. The adaptation in Eq. (1) makes the approach simpler,
usable for night and daylight measurements and can be used
more generally and offers to set a threshold 1, after a one-time
analysis instead of determining this threshold every time.

A single frame bad pixel matrix

Lifre(i,j) > 1

with i, =1+aX o, (2)
0 else

NG = |
can now be calculated depending on the threshold value 7, and
the gain matrix where the threshold value 1y, is calculated from
standard deviation ¢ of multiple relative gain matrices 7¢ (i, j).
In the analyzed histograms of the relative gain of the images, a
normal distribution is expected with a mean of 1 and a standard

deviation depending on the manufacturing process and the
degradation of the sensor. The selection of a depends on the
pixel quality of the detector and the requirements for a non-bad
pixel, which we iterate to a value of 3.

To consider time variant artefacts, e.g. flickering pixels and
not only permanent bad pixels, analysis of multiple frames is
necessary. Here we chose the detection of flickering bad pixels
according to the ISMFD. Using a probability threshold k.., for
the flickering of bad pixels and by means of multiple single
analyzed bad pixel maps N (i, ), we can calculate a final bad
pixel matrix

3 Q ..
R(i,j) = { Lif Xfoy Ne(@)) 2 Ky, G
0 else

where Q is the total number of frames acquired in a short
contiguous time period. From the pre-analyzed histogram of
relative gains, we know how many bad pixels we expect after
O frames. Therefore, the value k., is set to a value by which
the number of permanent bad pixels ¥; ; R(i,/) equals to the
average number of bad pixels per frame expected from the
histogram M

With the resulting total matrix of bad pixels R(i,j), the
quality of the segmentation can be improved in a second step
by detecting false positive radiation-specific artifacts. Since the
number of bad pixels increases with the TID, the bad pixel
determination should be repeated after a certain radiation dose
or time period.

2) Radiation artefacts

Radiation-specific artifacts are pixels affected by ionizing
particles. Artifacts are clustered into particle tracks and blobs.
The intensity and shape of these particle tracks depend on the
particle type, its energy, and the angle of impact on the sensor
surface [11]. For detection of these artifacts in single-shot
exposure imaging, common frame-based algorithms exist, e.g.
Detect and Remove Cosmic Rays (DCR, [17]) and Laplacian
cosmic-ray rejection (L.A. Cosmic, [18]) [19].

Here, an Adapted Dynamic Threshold (ADT) method was
used considering nanosatellites criteria of limited processing
and memory capacities. ADT is a simple method with a small
parameter space and sufficient shape preservation of particle
tracks. The algorithm considers an approach which is similar to
Kirsch’s method [20]. Kirsch set a fixed value of 25% to
estimate the background, the method was tested against images
of dark background only.

In ADT, a percentile value Pi(g;) is applied for our
application row-wise perpendicular to interferogram lines for
each frame £ due to the spatial information of the dataset. The
n-th percentile is an estimation of the image background at row
i. P! (g5) is multiplied by parameter § to set the threshold for
each row. Unlike [20], parameter £ is introduced to decrease
the false positive detected pixels. The range of £ is estimated
based on the dynamical range of the sensor.
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where S * P! (gf(i, j)) is less than the total number of

quantization steps, g is the input frame and D is the obtained
boolean matrix of detected radiation-specific artifacts pixels for
each frame (£).
Finally, as shown in Fig. 3, the detected pixels are clustered
with their direct neighboring pixels to identify the particle
tracks. All clusters with a size of only 1 Pixel are eliminated,
because they are either undetected sensor artefacts or only weak
interacting electrons [30]. The sensor-specific artifacts are
eliminated by applying the bad pixel matrix R({, j) obtained by
equation (3). The clustered artifacts enables us to count the
particle tracks and to obtain the integral particle flux.
Parameters P} (gr) and B are optimized by tuning both of
them based on the algorithm performance properties explained
in section II.C.

C. Validation of segmentation and quantification

1) Algorithm Validation

In order to verify the ADT algorithm, referenced data is
chosen from an in-orbit Space Application of Timepix
Radiation Monitor (SATRAM) [11]. SATRAM provides data
in similar spatial and temporal context as AtmoSHINE and
utilizing an AtmoSHINE-like sensor technology. Various dark
images with particle tracks and blobs from SATRAM open
access database [21] are merged with undisturbed interferogram
image from AtmoSHINE instrument. Pixel values of SATRAM
are scaled to the range of interferogram image pixel values to
obtain a data set of CMOS images with predetermined artifacts
referred in this paper as merged data. We picked a data set of
images of filling factor ranges from <1% to 58% representing
different radiation conditions. Filling factor is defined by the
percentage of image pixels that are disturbed by charged
particles [19]. Such a data set enabled us to evaluate the
algorithm effectively and compare it to L.A. Cosmic and DCR
algorithms.

We evaluated ADT algorithm performance using the merged
data and compared it to the performance of L.A. Cosmic and
DCR algorithms. L.A. Cosmic uses a convolution Laplacian
edge detection method [18] while DCR analyzes histograms of
small-sized sub-frames to find deviations from the Gaussian
distributions made by artifacts pixels [17]. The performance
was evaluated in terms of three quantified properties: detection
efficiency of pixels (Ey;,), false-positive F,,, and the counts
of clusters (N,) [19]. Detection efficiency is the fraction of true
positive detected artifacts out of the total predetermined
artifacts, while false positive is the percentage of pixels falsely
detected as artifacts relative to the number of undisturbed
pixels. The counts of clusters are expressed in percentage as
how many clusters of SATRAM were segmented successfully.
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Fig. 4 Parameter optimization plot. The values of the axes show the
optimization parameters and the frequency (z-axis), that meets the performance
properties constraints. The maximum value describes the optimized algorithm
parameter setting.

The three properties were essential for optimizing ADT,
L.A. Cosmic and DCR algorithms. We set boundary conditions
for By, Fipe and N, and investigated how often they were
achieved with different parameter settings for images with
different levels of disturbance. The plot in Fig. 4 shows the
frequency of parameter P/(g) and B values that meet perfor-
mance properties constraints Ep;, > 95%, F,,. < 0.5% and
N, is in the range of £10%. The optimum values of P(g) is 5-
10% at 8 values range from 1.9-2.0 for the filling factor range
1-58%. Other algorithms such as L.A. Cosmic and DCR were
optimized in the same way with different constraints to carry
out performance comparisons discussed in section III.A.

2) Radiation Environment Simulation

Beside the segmentation efficiency evaluation, the integral
particle flux as result of the artefact segmentation was com-
pared to pre-mission simulations that were also used in previous
designs [13]. The integral ionizing radiation flux is determined
by a flux of galactic cosmic rays (GCR), solar particles, and
trapped particles, each simulated with simulation models
provided in tools like SPENVIS [22] or OMERE [23]. With
these tools the effective shielding of the instrument was also
examined and determined.

With SPENVIS we simulated the AtmoSHINE environment
on a SSO with 1067km altitude and an inclination of LTAN
06:30 UTC. The simulated flux of trapped protons and electrons
is based on AP8 and AES [[24]-[26]] model, solar particles with
Xapsos [27] and galactic cosmic rays with ISO-15390 model.
With the "Short-term Single Event Upsets" section in SPENVIS
we account the effective shielding of the satellite. The integral
particle flux is calculated, based on MFLUX module provided
in SPENVIS for previously defined orbit points with a freely
adjustable shielding thickness. This allows us to compare the
simulated particle rates in the same grid to the satellite
measurement points.
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Fig. 5 Upper row: (a) SATRAM image, (b) sub-image of undisturbed AtmoSHINE frame and (c) the merged sub-image. Lower row: Boolean detection maps of
(d) Laplacian Cosmic algorithm, (e¢) Adapted Dynamic Threshold method and (f) Detect and remove cosmic rays. Red circles point limited edge detection of

L.A. Cosmic comparing to ADT and DCR.

III. RESULTS

In order to check ADT algorithm performance and validate the
results we used SATRAM data as mentioned in the section I1.C
and compared it to L.A. Cosmic and DCR. The comparison
aspects are detection performance, counts of clusters, and
computational complexity. The optimum performance is the
one that matches the limited processing and memory capacities
of nanosatellites. We then compare the particle flux rate calcu-
lated by the ADT using real measured data from AtmoSHINE
with the expected simulated results from SPENVIS. In the end,
we compare the effects of both particle flux rates on a selected
mitigation method.

A. Detection performance

Using optimized parameters for each algorithm, they
detected the particle tracks of the merged image Fig. 5 (c) as
shown in Fig. 5 (d-f). The merged image was made of the
original undisturbed AtmoSHINE image Fig. 5 (b) and the

SATRAM reference image of ~4% filling factor Fig. 5 (a). By
quick visual inspection, all algorithms show sufficient detection
and artifacts shape preservation at filling factor 4% Fig. 5 (d-f).

For quantitative analysis, the performance properties: detec-
tion efficiency of pixels, false-positive number and counts of
clusters are calculated for each algorithm as a function of filling
factor Fig. 6 (a-c) respectively. In Fig. 6 (a), the three algo-
rithms show good detection efficiencies at low filling factors till
~10% (weak conditions).

As it is getting harder to clearly separate pixel clusters from
each other with more than 10 % of pixels disturbed [11]. DCR
efficiency declines sharply at filling factors >10%. The sharp
decline is due to the sub-frame histogram detection method
used by the algorithm. The artifact pixels predominate the local
distribution of pixels values. This predominance increases the
threshold value for the sub-frame missing most of artifact
pixels.
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Fig. 6 Comparison of pixel detection efficiency (a), numbers of false positive detected pixels (b) and percentage of cluster deviation (c) for L.A Cosmic, Adapted
dynamic threshold (ADT) and DCR. The DCR is not efficient for filling factors >10% as seen in (a), so the values for the DCR from (b-c) are not very conclusive.
Because of the chosen parameters, the ADT is slightly over-sensitive in detection, results into higher numbers of false positive detected pixels (b) and the L.A.
Cosmic shows a non-monotonic behavior. The deviation for small fill factors in (c) is caused by the small absolute number of detected clusters.
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Although L.A. Cosmic misses the edges of the image during
the convolution process as pointed in red circles in Fig. 5 (d),
L.A. Cosmic shows efficiencies >98% similar to ADT for the
same data set. The false positive numbers F,,, of all three
algorithm are highly dependent on the filling factor. ADT is
decreasing and shows small numbers for higher filling factor
Fig. 6 (b). It should be pointed out that in the same figure DCR
indicates a decreasing number of false positive pixels with the
filling factor, but this is only due to the decrease of the detection
capability of the algorithm at fill factors >10%. In Fig. 6 (c) we
see that the ADT for filling factors above 1% has an uncertainty
<8% and basically tends to identify more clusters, the L.A.
Cosmic of <10%, as well as basically identifies fewer clusters
and the DCR scatters strongly at filling factors >10% .

The other aspect of the comparison analysis is the computa-
tional complexity to fit satellite’s resources. Based on the used
methods by each algorithm, we can define the O-notation for
each of them to calculate the number of running operations.
Astroscrappy [28] is the used python package in this study to
run L.A. Cosmic. The package is convolving the image (MxN)
with Laplacian kernel of size (kxk). The convolution process is
I(MxN) * (kxk) which implies to quadratic O-notation 0(n?).
DCR is well optimized in C language. The histogram has a
quadratic notation [32] also run for the number of sub-frames
Ngyps - The O notation of DCR is (Nsub fnz) . On the other hand
ADT uses an optimized numpy percentile function utilizing
quick sorting function of quasi-linear complexity O(nlo g (n)).
A quantitative analysis of run time using a machine of six CPUs
with 2.20GHz each and 16 GB RAM is carried out against the
image size matches the previously mentioned complexities. The
analysis of run time using the same machine is extended against
the filing factors Fig. 7. As shown in Fig. 7 (c), DCR shows
high dependency on the filling factor, run time increases till
~10%filling factor before decreasing sharply due to detection
efficiency decline. L.A. Cosmic and ADT are more independent
of filling factor Fig. 7 (a,b). The quasilinear O-notation of ADT
gives the algorithm advantage of being computationally
cheaper than L.A. Cosmic by one order of magnitude.
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Fig. 7 Comparison of runtime for (a) L.A. Cosmic, (b) ADT and (c) DCR at
different filling factors.

B. Observed integral particle flux

During observation on 7 August 2019, interferograms were
acquired using a region of interest of 840x1160 pixels for day
and nighttime with a total of 2072 measurements. Each
acquired image of the AtmoSHINE instrument was analyzed by
the ADT and bad pixels were removed. These images were
acquired with the CMOS sensor inside the instrument, and the
results imply the effective shielding of the satellite. The integral
particle flux as result of the artifact segmentation is plotted in
Fig. 8 (a) for the location of the satellite and varies about three
orders of magnitude in this period, with the highest values when
passing the SAA region.

Fig. 8 (b) shows the time distribution of integral particle flux
according to the simulation with SPENVIS and the determined
integral particle flux of the ADT by using the AtmoSHINE data.
The corresponding regions are labeled and show a suitable
correlation in the SAA region. The difference in particle fluxes
by an order of magnitude can be explained by daily fluctuations
[29], which differ significantly from the long-term averaged
values used in simulation. In addition, we considered variances
in effective shielding thickness of + 4 mm. Such variances can
occur with secondary payloads, but also with inhomogeneous
radiation. Due to the effective shielding thicknesses in the
current design, electrons are not dominant in the expected
particle flux, which allows using the simulating models where
electrons are only partially considered compared to the well-
modeled protons [13]. In addition, the interaction of electrons
with electronics is much weaker than for heavier ionizing parti-
cles, so electrons are negligible for further considerations [30].
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Fig. 8. (@) Spatial and (b) time distributions of integral particle flux calculated with the ADT by using the AtmoSHINE measurements on 7 August 2019 at an
altitude of 1073km. The data shown in (b) provide a section of a 3-hour orbit with two tracks passing the SAA. Time distribution is compared with simulated
integral particle flux including an equivalent Al shielding thickness of 6 mm. For orientation, the corresponding regions in (a) and (b) are marked in red and in (b)

a threshold value for further mitigation measures is marked with two dashed lines.
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C. Mitigation measures

As result of particle counting, additional mitigation measures
can be identified. Once, real-time monitoring can be
implemented to record the accumulated dose rates [31] and thus
also detect degradation defects in the sensor or identify bad
pixels. In addition, adjusted exposure times can improve data
quality depending on the radiation environment. Furthermore,
at a predefined particle flux threshold, it may be possible to
protect the instrument by selectively switching sensitive
components on and off. Investigations based on simulation data
were performed by Neubert et al. [13] and results in a reduction
of failure rate due to Single Event Upsets (SEUs) in the
electronics by a factor of four. This measure is coupled with a
limitation in measurement time.

For that case, in Fig. 9 the shutdown time per orbit is
plotted against the integral particle flux threshold on the
x-axis. As in Fig. 8 (b), an exemplary threshold value of 400
particles / (s cm?) (red line) is plotted. Using this threshold and
taking into account the deviations due to shielding, it results in
up to 9 % less shutdown time to achieve a similar reliability of
the instrument. This corresponds to an effective extension of the
measurement time by approx. 2 hours per day. The difference
between simulation and measurement remains relatively
constant in the range of 60-2000 particles / (s cm?).
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Fig. 9. Relative shutdown time for different threshold flux values on 7 August
2019. The difference in shutdown time between simulated (orange) and
measured (blue) particle flux by short-term fluctuations is shown according for
a given threshold line (red). Simulation results include an equivalent Al
shielding thickness of 6mm and their margins.

IV. CONCLUSION

With measurement data of the AtmoSHINE instrument, the
feasibility of a radiation monitor based on COTS sCMOS
sensors could be demonstrated. A two-step approach is used to
detect sensor- and radiation-specific artifacts, were an adapted
dynamic threshold method drives the segmentation of the
radiation-specific artifacts. It was shown that the ADT is one
magnitude of order faster compared to other common
segmentation methods and has a much smaller parameter space
with only two parameters, which allowed a fast and easy
optimization of the parameters. Using the ADT, on more than
99% of the pixels affected by ionizing particles were detected
and only a few pixels were detected falsely positive. By

clustering the segmented artifacts, the particle rate could be
determined with an uncertainty of <8%.

In the future, the approach will enable real-time detection of
sensor degradation effects, setting demand-controlled exposure
times to improve data quality, or triggering additional mitiga-
tion measures. It was shown that the count rates per measure-
ment point can be up to an order of magnitude lower compared
to simulation results, which enable us to react directly to the
effective radiation condition behind the shielding, e.g. by
selectively switching off the instrument. This increases the
lifetime and it has been shown that the measurement time can
be extended up to 2 hours per day using the ADT compared to
estimations based on simulation.

Further studies are planned to determine the effective
energies of the particles and resulting LET spectra. This would
allow a real-time analysis of the actual SEU error rates in order
to operate the instrument with further mitigation measures even
longer in orbit and to enable long-term observations.
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