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Key Points:

« We present an open-access machine learning-ready dataset for nowcasting the at-
mospheric radiation environment based on a diverse set of Geospace properties.

 Flight data points are split into three partitions with non-overlapping flights that
equally sample the parameter space.

e The nowcasting test case demonstrates results comparable to predictions of physics-
based radiation environment models.
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Abstract

Nowecasting and forecasting of the radiation environment in the Earth’s lower atmosphere
are critical for the safety of aircraft and spacecraft crews and passengers. Currently, this
problem is addressed by employing physics-based particle transport and precipitation
models. However, given the increased number of radiation measurements available to the
community, it is possible to start developing data-driven approaches. We prepared Ma-
chine Learning-ready (ML-ready) datasets to nowcast the effective dose rates at avia-
tion altitudes. The presented datasets contain 92,476 individual measurements from 589
flights obtained by the Automated Radiation Measurements for Aerospace Safety (AR-
MAS) experiment from 2013 to 2023. The ARMAS measurements are augmented with
the properties of the Geospace environment, such as solar soft X-ray and proton fluxes,
solar wind properties, secondary cosmic ray neutrons, space weather indexes, and global
solar activity indicators (such as daily sunspot number). ARMAS data are separated into
three partitions, ensuring that (1) the data points from a single flight remain within the
same partition, and (2) each partition samples the flight locations and Geospace envi-
ronment conditions equally. Several versions of the datasets allow predictions based on
point-in-time measurements and use up to 24 hours of Geospace parameter history. The
test of the use case demonstrates a possibility of nowcasting ARMAS measurements with
accuracies slightly better than the considered physics-based models. The publicly avail-
able ML-ready datasets could serve as the first step in data preparation for ML-driven
nowcasting and forecasting of the radiation environment.

Plain Language Summary

Understanding the radiation levels in the Earth’s atmosphere and predicting them
at the locations along flight routes is important for the aviation industry. Machine Learn-
ing (ML) techniques are often used nowadays for prediction tasks. However, an exten-
sive data preparation phase is required before applying an ML algorithm for predictions.
Given the advantage of increasing volumes of the radiation measurement data, we present
ML-ready datasets that allow users to bypass the data preparation stage and go directly
to the phase of testing ML models for aviation radiation prediction. The ML-ready dataset
is publicly available via the Radiation Data Portall.

1 Introduction

Understanding the radiation environment at the aviation altitudes (approximately
8 — 17km) remains an important and not fully explored topic for the aviation commu-
nity. Integrating the effective dose rate along the flight trajectory constitutes the total
effective dose absorbed by the aircraft crew and passengers. Given that there are rec-
ommended limits for the annual effective dose (20 mSv/yr and 1 mSv/yr for 5 years for
the radiation occupation workers and for the general public, correspondingly; Cho et al.,
2017), accurate monitoring and prediction of the radiation environment becomes essen-
tial.

Galactic cosmic rays cascading in Earth’s atmosphere are the primary contribu-
tors to effective dose rates. In addition, the atmospheric radiation dose rates can increase
during strong solar energetic particle (SEP) events (Reames, 2021). For example, the
estimates presented for the September 10-11, 2017, SEP event demonstrated that the
location-averaged effective dose rate due to the SEP at a height of 12 km was approx-
imately 3 uSv/h (Kataoka et al., 2018). While this is less than the contribution due to
galactic cosmic rays (more than twice that amount), it becomes comparable by an or-
der of magnitude.

I https://dmlab.cs.gsu.edu/rdp/ml-dataset.html
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Routine measurements of the radiation environment have become possible in the
last decade via efforts from the Automated Radiation Measurements for Aerospace Safety
experiment (ARMAS; Tobiska et al., 2015, 2016, 2018). The ARMAS device measures
the local radiation environment conditions in real time during commercial aircraft flights.
Currently, ARMAS has flown on more than 1000 flights and provided ~400,000 individ-
ual measurements, sampling the aviation altitudes across the United States and world-
wide?. The development and release of the Radiation Data Portal (RDP; Sadykov et al.,
2021) provided a convenient overview and access to the ARMAS data.

Nowcasting or predicting the radiation environment in Earth’s atmosphere can be
carried out by physics-based approaches such as CARI (i.e., the Civil Aviation Research
Institute; Copeland, 2021), Professional Aviation Dose Calculator (PANDOCA; Matthia
et al., 2014), the Nowcast of Aerospace Ionizing RAdiation System (NAIRAS; Mertens
et al., 2013), etc. The NAIRAS model takes into account the galactic cosmic ray and SEP
inputs. It is closely integrated with the ARMAS experiment by providing the assessments
of the radiation dose rates for every ARMAS measurement. Recently, version 3 of the
NAIRAS model was released (Mertens et al., 2023; Mertens et al., 2024) that integrates
the barometric altitude corrections for a better comparison to ARMAS measurements
at the appropriate altitudes, as well as run-on-request capabilities at the Community Co-
ordinated Modeling Center (CCMC) by the National Aeronautics and Space Adminis-
tration (NASA). The available amount of the ARMAS measurements makes it possible
to explore data-driven, statistical, and machine learning (ML) based analysis for predic-
tion conditions of the radiation environment. A comparison of data-driven and physics-
based predictions is valuable for further improvements to the physics considered in the
models.

Data preparation is the first, yet most demanding step when developing an ML model.
Typically, datasets that can be easily fed into ML models with relatively low or no prepa-
ration required are called ML-ready datasets. Several works (Masson et al., 2024; Nita
et al., 2022) have introduced the key principles required for these datasets, often related
to the overall completeness, preparation levels, and accessibility to a wider community.

The preparation of the ML-ready datasets suitable for radiation environment prediction
could enhance community efforts in modeling the radiation environment and stimulate
the development of data-driven approaches.

The primary goal of this paper is to present an ML-ready dataset that could be
used for nowcasting and forecasting of the radiation environment at aviation altitudes.
The paper is structured as follows: Section 2 describes the data mining and preprocess-
ing steps required for both ARMAS and the space environment measurements. Section 3
presents steps for shaping the data into an ML-ready format. This includes the associ-
ation of ARMAS measurements with the Geospace environment properties (such as ground-
based neutron monitor counts, soft X-ray and proton flux measurements at the geosta-
tionary orbit, solar wind properties at L1 point, geomagnetic and global solar activity
indexes) and the partitioning of multi-dimensional sparse data into three subsets that
should be used directly for training and validation of the model. Section 4 provides a
case example of how the dataset could be used for nowcasting, followed by a summary
and discussion in Section 5.

2 Data Preparation
2.1 ARMAS data processing

The Automated Radiation Measurements for Aerospace Safety (ARMAS) exper-
iment provides the richest publicly available dataset of atmospheric radiation measure-

2 https://dmlab.cs.gsu.edu/rdp/
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Figure 1. Coverage of considered ARMAS flight measurements over the Earth globe. The

individual measurements are marked as orange points on the map.

ments along routes at aviation altitudes. In this work, we consider ARMAS data obtained
from 1142 flight files (589 of which passed the selection criteria and contributed to an
ML-ready dataset) from June 2013 to December 2023. This period of time covers the
peak and decay of solar cycle 24, the solar minimum, and the rise phase of solar cycle

25, which enables sampling different levels of global solar activity. The flights cover a
wide geographic span, including the extensive sampling of the continental US and ter-
ritories, the Pacific Ocean regions, the North Atlantic, and Antarctica (Figure 1). AR~
MAS measurements are stored in the individual files for each flight and device and are
accessible either via the Space Environment Technologies (SET) public data archive® or
the Radiation Data Portal*. More details on ARMAS measurements can be found in Tobiska
et al. (2015, 2016, 2018).

For each flight, we apply the following pre-processing steps. We sample the AR-
MAS measurements only in the barometric altitude range of 8.0 km—15.5km, as AR-
MAS often measures zero radiation below these altitudes. The corresponding maximum
GPS altitude in the filtered dataset is 16.272 km. We notice that several flights had two
or more ARMAS devices onboard, and the measurements of these devices were reported
in separate files. For groups of files corresponding to the same flight, we consider only
one file where ARMAS measurements are most strongly correlated with the NAIRAS
v3 model estimates (in terms of Pearson correlation coefficient). We also remove the data
points marked as non-science-use or during the periods of electromagnetic interference.
The remaining data points are inspected manually for every flight. The procedure re-
sults in 589 unique flights propagating into the final dataset, and 92,476 unique data points.

The ARMAS files prepared by the SET public data archive® contain several ad-
ditional parameters that we propagate into the final dataset. For example, there is in-
formation about the geomagnetic cutoff rigidities at the point of the flight measurement,
as well as the barometric and GPS altitudes. The files also contain the physics-based now-
cast of the radiation dose rate obtained with 2nd and 3rd versions of the Nowcast of At-

3 https://sol.spacenvironment.net/ARMAS/Archive/
4 https://data.nas.nasa.gov/helio/portals/rdp/
5https://sol.spacenvironment.net/ARMAS Archive/
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mospheric Tonizing Radiation for Aviation Safety model (NAIRAS; Mertens et al., 2013,
2023; Mertens et al., 2024). Version 3 (v3) of the model provides a better agreement with
the ARMAS measurements and is therefore suggested to be used as a physics baseline
for the radiation forecasts.

2.2 Neutron monitor stations

Along with the muons, secondary cosmic ray neutrons are an abundant remnant

of the atmospheric particle cascades formed by the primary cosmic rays and, therefore,
represent one of the most reliable ways to monitor the Geospace cosmic ray environment.
The Neutron Monitor Database (NMDB, Kozlov et al., 2003; Viisénen et al., 2021) ag-
glomerates the measurements from more than 50 neutron monitors around the globe. The
NMDB Event Search Tool® (NEST) provides access to the data from these stations, in-
cluding the count rates corrected with respect to the effects of the local atmospheric pres-
sure.

The NAIRAS physics-based model utilizes neutron monitor data from four loca-

tions, Oulu (OULU, R.=0.81 GeV), Lomnicky (LKMS, R.=3.84 GeV), Thule (THUL, R.=0.30 GeV),

and Izmiran (MOSC, R. = 2.43 GeV), as inputs. However, according to the NEST inter-
face, LKMS and MOSC stations have some interruptions for the period of interest (2013-
2023). The continuity of data is critical for the construction of the ML-ready dataset.
Therefore, we decided to replace these stations with the neutron monitor station in Newark
(NEWK, R.=2.40 GeV), and we also added the South Pole station (SOP0) with extremely

low geomagnetic cut-off rigidity (R.=0.10 GeV). The pressure- and efficiency-corrected
counts are obtained for all stations with a cadence of 1 minute.

2.3 Solar wind parameters

According to Tobiska et al. (2018), ARMAS measurements tend to have higher ra-
diation dose rates than the predictions by the NAIRAS physics-based models, specifi-
cally in the regions of low geomagnetic cutoff rigidity. The presumed reason for this is
the leakage of the energetic charged particles from the radiation belts, for which the re-
gions of low cutoff rigidities are more accessible. Given that the perturbations of the Earth’s
magnetosphere and the dynamics of the radiation belts are tightly coupled with the so-
lar wind parameters, we include the properties of the solar wind in our dataset.

The curated solar wind parameters are accessible via the OMNIWeb” online dataset
with a 5-minute cadence. We include all major properties, such as the solar wind den-
sity, temperature, the magnitude, and all three components of the velocities and mag-
netic fields. All data from OMNIWeb is checked for continuity, and no affecting data gaps
were found.

2.4 Energetic particles

Radiation levels at aviation altitudes might significantly increase (even exceed the
galactic cosmic ray component) during solar energetic particle events (Kataoka et al.,
2018). Tobiska et al. (2018) also noted that there are many enhanced radiation events
in ARMAS data obtained for L-shells between 1.5 and 5 in the Western hemisphere, and
indicated the radiation belt particles as a possible reason for this. Therefore, we incor-
porate the energetic proton and electron measurements in our database, all measured
by the Geostationary Operational Environmental Satellite (GOES) series. The proton
fluxes are obtained in 7 integrated energy channels: >1MeV, >5MeV, >10MeV, >30MeV,

6 https://www.nmdb.eu/nest/
7 https://omniweb.gsfc.nasa.gov/



185 >50MeV, >60 MeV, and >100 MeV. The data are obtained from the Integrated Space

186 Weather Analysis (ISWA) webapp®. The energetic electron flux measurements are in-

187 cluded only in one energy channel, >20keV, because of the data continuity issues found
188 in other energy channels. The resolution of both the proton and electron particle data

189 is 5 min.

190 2.5 Solar X-ray measurements

101 Solar soft X-ray emission integrated over the solar disk is traditionally measured

192 by the GOES spacecraft series, using the onboard X-ray sensor. We are utilizing 1-minute
103 averaged fluxes in two channels, 1-8 A and 0.5-4 A, as input to our dataset. A simi-

104 lar type/cadence of the data was incorporated in the currently available Radiation Data

105 Portal (Sadykov et al., 2021).

196 2.6 Geomagnetic activity indexes

197 We adopt hourly planetary Kp, Ap, and Dst indexes, all available via the OMNI-

108 Web online dataset. The presented indices reflect the state of the Earth’s magnetosphere
199 during the major interplanetary disturbances, such as the presence of the Interplanetary
200 Coronal Mass Ejections (ICMESs) or high-speed stream interaction regions in the solar

201 wind. The variations in these parameters can affect the geomagnetic cutoff rigidity (Ptitsyna
202 et al., 2021) and, therefore, modulate the galactic cosmic ray precipitation into the Earth’s
203 atmosphere.

204 2.7 Global solar activity and characteristics

205 In addition to the transient activity effects of the Sun on the Geospace, there are

206 longer-term effects associated with the global solar activity. Although the neutron mon-
207 itor data can capture effects related to the global solar activity (Section 2.2), the solar

208 activity indexes make a picture of the evolution of the radiation environment more com-
200 plete. For example, Koldobskiy et al. (2022) found the delay of about 7 months of the

210 sunspot numbers with respect to the neutron monitor measurements. Therefore, we in-

on clude the following global solar activity indicators:

212 « Solar F10.7 index. The Solar F10.7 index, which measures solar radio flux at

213 a wavelength of 10.7 cm (2800 MHz), is a critical indicator of solar activity and has
214 significant implications for Earth’s atmospheric conditions.

215 e Daily sunspot number, which tracks the daily count of visible sunspots on the
216 Sun’s surface, is a traditional characteristic of solar activity level. Managed by the
27 World Data Center SILSO? (Sunspot Index and Long-term Solar Observations),

218 hosted at the Royal Observatory of Belgium, these data provide critical data for

219 understanding solar cycles and their impacts on space weather.

220 « Solar polar fields. The solar polar magnetic fields, monitored by the Wilcox So-
221 lar Observatory!® (WSO) at Stanford University, are crucial indicators of the Sun’s
2 magnetic activity and the solar cycle’s progression. These fields, located at the

223 Sun’s poles, reverse approximately every 11 years, marking a new solar cycle. The
204 strength and structure of the polar fields are key to predicting the magnitude of

25 future solar cycles, as they play a central role in the generation of the Sun’s mag-
226 netic field through the solar dynamo process. The WSO has provided near-continuous,
227 detailed measurements of solar polar magnetic fields since 1976. It is an invalu-

8 https://ccmc.gsfc.nasa.gov/tools/ISWA/
9 https://www.sidc.be/SILSO/datafiles
10 http://wso.stanford.edu/Polar.html



208 able resource for understanding solar dynamics, space weather prediction, and their
229 influence on the heliosphere.

230 The illustration of some of these sources is presented in Figure 2. As one can see,

231 most features are continuous across the time interval of interest. The only noticeable change
23 occurs in high-energy proton flux (>50MeV) with a jump in the background. However,

233 since the protons of only a very high energy and flux could impact the radiation levels,

23 the jumps in the proton flux background levels are not a point of concern.

235 3 ML-Ready Data Set Construction

236 Although ARMAS data and the corresponding Geospace environment character-

237 istics have been collected and cleaned for the time interval of interest (June 2013 — De-

238 cember 2023), the data is still not ready for ML purposes. The ML-ready dataset must
239 meet the following characteristics, such as data integrability and understandability. Specif-
240 ically, the dataset should contain all components necessary for training and evaluating

o the ML models and results interpretability (data integrability) and should be accessi-

242 ble to non-domain experts with a reasonably low effort (data understandability). To meet
243 the data integrability requirements, at least two more steps are required: the ARMAS

244 measurements should be merged with the preceding environmental parameters, and the
25 dataset has to be partitioned. To support the understandability of the data, partitions

26 should be created with input from domain experts to prevent artificial correlations.

247 We associate individual ARMAS measurements with the temporally closest pre-

248 ceding measurements of the Geospace environment. We avoid using any temporal inter-
249 polations to avoid breaking the causality principle and ensure that we are not utilizing

250 information from times in the future for the radiation nowcasting (Figure 3, left). Given
251 that some parameters, like the daily sunspot numbers, have a relatively large time ca-

252 dence (24 hours in this case), the preceding measurement of the daily sunspot number

253 may represent the conditions up to 24 hours before the actual measurements by ARMAS.
254 The second step is the separation of the individual ARMAS measurements into the
255 partitions (Figure 3, right). This process indicates the chunks of data that can be used

256 for training, validation, and testing. This ensures the reproducibility of the research and
257 the direct comparison between different models if trained on the same partitions. The

258 partitioning previously was used in other ML-ready datasets, such as the Space Weather
250 Analytics for Solar Flares, SWAN-SF (Angryk et al., 2020). The key point is that the

260 ARMAS measurements cannot be separated randomly. The data points from the same

261 flight could be just one minute away from each other. Therefore, the environmental prop-
262 erties are similar. Thus, if these data are split between the train and test partitions, this
263 could generate artificial correlation between the partitions. This effect was previously

264 recognized as a ’temporal coherence’ for the problem of flare forecasting (Ahmadzadeh

265 et al., 2021). Therefore, the data from every ARMAS flight must be allocated to the same
266 partition.

267 In principle, each partition should represent the entire dataset, meaning the dis-

268 tribution of the parameters in each partition should represent the entire dataset (Liu et
269 al., 2019). Separation into partitions could be a challenging problem if data coverage is
270 sparse, and the problem is multi-dimensional. Unfortunately, this is the case for the con-
n sidered dataset: the measurements are acquired along slightly more than 1000 individ-
272 ual flight trajectories, and more than 40 Geospace parameters are associated with ev-

273 ery measurement. To overcome the manual trial-and-error partitioning process, we uti-

274 lized an ML clustering algorithm to help with it. The steps are as follows:

215 1. Down-selection of the five parameters for clustering. As was indicated above,
276 the number of Geospace parameters is relatively large. Distance-based clustering
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Figure 3. (a) Schematic structure of the ML-ready dataset entity. A target corresponds to
the measurement of radiation dose rate during the ARMAS flight, and the feature vector repre-
sents the flight timing and coordinates, NAIRAS predictions, and prehistory of the measurements
of the environment. (b) Illustration of the subdivision of ARMAS flights into partitions.
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algorithms struggle with high dimensionality (the so-called ’curse of dimension-
ality’ problem). However, many of the parameters are expected to be correlated
with each other. For example, there is a strong correlation between all geomag-
netic indices (such as Kp, Ap, Dst), global solar activity parameters (daily sunspot
numbers, F10.7 flux, polar magnetic field measurements), description of the lo-
cation in geomagnetic coordinates (geomagnetic latitude, L-shell, cutoff rigidity),
etc. Instead of considering all of them, we down-select five parameters based on
which we will cluster the data. The first three are related to the location of the
measurement: geomagnetic longitude, geomagnetic latitude, and barometric flight
altitude. The fourth parameter describes the geomagnetic activity, for which we
use the Dst index. The last parameter we use is the daily sunspot number that
reflects global solar activity levels. Although this selection is not unique, it is suf-
ficient for partitioning purposes. Because the number of ARMAS flights during
the solar energetic particle (SEP) events is very low, we did not use the SEP-related
measurements for partitioning.

. Clustering of individual measurements. We apply the Gaussian Mixture Model

(GMM) clustering based on the five parameters for the individual ARMAS mea-
surements. The number of GMM components was selected to be 100, which is suf-
ficiently large to create a relatively equal representation for all parameters in ev-
ery partition. We note here that the GMM is a soft clustering methodology as it
assigns the probabilities of every point to belong to a certain cluster rather than
associating it with a particular cluster.

. Associating flights with clusters. Each individual measurement in each flight

now has a probability (or a weight) of belonging to each of the 100 clusters. To
associate the entire flight with the particular cluster, we sum up the probabilities
of the individual measurements in this flight for every cluster. Therefore, a flight
becomes assigned entirely to a particular cluster for which the sum of the prob-
abilities of the individual measurements is the highest. We perform these assign-
ments for all flights in our dataset.

. Separation of the flights into three partitions. We start from the first clus-

ter and distribute the flights to this cluster into three partitions in sequential or-
der. After distributing all flights in the cluster, we move to the next cluster and
repeat the procedure starting from the next partition. For example, if cluster 1
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is indicated in the header of each column.

has four flights, then flight #1 will be distributed to partition 1, flight #2 — to par-
tition 2, flight #3 — to partition 3, and flight #4 — again to partition 1. Then one
moves to cluster 2, and flight #1 in this cluster goes now to partition 2, flight #2 —
to partition 3, etc. This procedure ensures that all partitions will include flights
belonging to the same cluster (and, therefore, likely sampling similar spatial lo-
cations and geomagnetic and solar activity levels).

While the partitioning strategy does not necessarily result in the ‘most optimal’
distribution of the flights, it leads to a satisfactory representation of parameter combi-
nations in every partition while avoiding the brute-force partitioning. The result of the
distribution of the parameters within each partition is presented in Figure 4. The his-
tograms of the parameters are relatively similar for every column of the partitioning, in-
dicating that each partition samples the parameter space relatively equally. Some dif-
ferences are evident only for the extreme values of the parameters, such as the Dst in-
dexes at around ~ -100nT or the daily sunspot numbers of ~150, which occur because
not too many ARMAS flights have occurred during such high activity levels.

It is important to check if other parameters are sampled evenly across the parti-
tions. Figure 5 illustrates the distributions of the parameters in three partitions that have
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Figure 5. Distribution of the parameters that were not used for the clustering of the data
points (GPS altitude, geomagnetic cutoff rigidity, Kp index multiplied by 10, ARMAS dose rate,
NAIRAS dose rate, and corrected count rates of secondary cosmic ray neutrons detected by OULU
station) within each partition of the dataset. Each row corresponds to a single parameter. The

partition is indicated in the header of each column.

not directly participated in the clustering. The distribution of parameters is very sim-
ilar, indicating a successful partitioning process.

The resulting data represents the ML-ready dataset that utilizes the last ‘snapshot’
of Geospace properties before the ARMAS measurement. The ML-ready dataset con-
sists of a feature vector (a set of characteristics based on which the prediction is made,
representing Geospace parameters) and a target (a characteristic to predict, here AR-
MAS measurement). The feature vector comprises the flight timing and location prop-
erties, as well as the most recent properties of the environment. In addition to the most

recent properties (Figure 3), one can provide the time series of the evolution of the Geospace

parameters up to the time before the measurements. The preceding properties of the en-
vironment can be forward-interpolated with the cadence At for n time steps before the
ARMAS measurement. At the same time, the partitioning of the individual ARMAS mea-



339 surements and related time series remains as described above. Following this, we have
340 finally constructed three publicly available ML-ready datasets:

3a1 » The dataset that represents the most recent Geospace measurements and does not
342 involve their time series (‘static’ dataset, n = 0);

343 e The dataset that includes a 1-hour prehistory of the Geospace measurements be-
344 fore ARMAS flight measurement (‘dynamic’ dataset 1, n = 12 and At = 5min);
35 « The dataset that includes a 24-hour prehistory of the Geospace measurements be-
346 fore ARMAS flight measurement (‘dynamic’ dataset 2, n = 24 and At = 1 hour);
347 All three versions of the datasets are currently accessible via the Radiation Data
348 Portal'!

349 4 Data Set Use Case Example

350 In this section, we illustrate how the constructed datasets can be utilized for ML-

351 driven forecasting of atmospheric radiation. For this demonstration, we proceed with the
352 simplest version of the three datasets constructed and described above, the ‘static’ ML-
353 ready dataset, which includes only the latest point-in-time measurement of every Geospace
354 parameter. We use partition 1 of this dataset to train the ML model described below,

355 and partition 2 for the evaluation of the performance of the model and its comparison

356 with the predictions of the NAIRAS-v3 physics-based model. Among the ML approaches
357 available off-the-shelf, we select the Random Forest regressor (Breiman, 2001), a bag-

358 ging tree-based ensemble learning algorithm. Random Forest has previously been suc-

359 cessfully applied to a variety of classification and regression problems in the space physics
360 domain, including the prediction of solar flares and solar energetic particle events (Liu

361 et al., 2017; O’Keefe et al., 2022), forecasting the duration of enhanced soft X-ray ra-
362 diation during the flare (Reep & Barnes, 2021), the timing of the solar wind propaga-
363 tion (Baumann & McCloskey, 2021), ion-kinetic instability detection in the solar wind-
364 like plasmas (Sadykov et al., 2025), etc. We note here that, despite the promising track

365 record, one cannot guarantee that the Random Forest approach is the most optimal for
366 the considered problem. Therefore, the survey of other ML models is highly encouraged
367 and is one of the authors’ goals for the future.

368 We have used the Random Forest model available at the scikit-learn Python li-
369 brary package (Pedregosa et al., 2011). The model has several hyperparameters to op-

370 timize, such as the number of individual decision trees in the ensemble, the maximum

a7 depth restriction for each tree, the number of features randomly selected and propagated
372 into every tree, etc. Typically, the hyperparameters are fine-tuned during the cross-validation
373 phase when the models of different hyperparameters are evaluated on a designated par-
374 tition or a subset of the training partition. Here, we do not perform the detailed cross-

375 validation but rather use the parameters we found to perform satisfactorily for the con-
376 sidered study during our preliminary tests. Our Random Forest consists of 100 decision
377 trees of a depth of 10 or less, with at least 2 samples from the dataset required for the

378 split within the tree, and at least 4 samples to be at the leaf node. To guide the train-

379 ing process, we utilize the mean squared error as a measure of the regressor’s performance.
380 The results are presented in Figure 6. The left panel illustrates the scatterplot of

381 the radiation dose rates predicted by the ML-driven model against the ARMAS mea-

382 surements used as a ground truth. One can see that points tend to be mostly organized
383 along the red line, which represents the ideal one-to-one prediction. It is also visible that
384 the predictions demonstrate a stronger spread and systematic deviation from the ideal

385 prediction line for the larger values of dose rates. In fact, the part of the distribution cov-

1 https://dmlab.cs.gsu.edu/rdp/ml-dataset.html
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Figure 6. Left: Measured radiation dose rates VS predicted using an ML model (Random
Forest Regressor). The ML model was trained on partition 1 of the static dataset and evaluated
on partition 2. Right: Measured radiation dose rates VS nowcast of a physics-based NAIRAS V3

model for partition 2.

ering the dose rates of >15 uSv/h is mostly situated below the perfect prediction line,
indicating that the ML-driven predictions typically underestimate the actual dose rates
in the cases where the measured radiation doses are high. Interestingly, the comparison
of ARMAS measurements with the nowcast of the physics-based NAIRAS-v3 model (pre-
sented in the right panel of Figure 6) demonstrates the same pattern. The root mean
squared error (RMSE) computed for the ML-driven prediction is 3.77 uSv/h, whereas

it is 4.14 pSwv/h for the NAIRAS-v3 model. One can see that the ML-driven model seems
to deliver slightly more accurate predictions both in terms of the RMSE measure across
the test partition and based on the qualitative appearance of the scatterplots in Figure 6.
Overall, this emphasizes the potential for ML approaches in nowcasting the radiation

at aviation altitudes. The potential next steps can include generalizing the results over
various train-validation-test partition combinations, considering other ML algorithms,
and involving the time series data of Geospace parameters for forecast improvement. The
constructed ML-ready datasets enable such investigations, opening the perspective of the
new studies of the research community.

5 Summary and Discussion

This paper presents the construction of the ML-ready dataset for nowcasting at-
mospheric radiation at aviation altitudes. We have leveraged the publicly available ef-
fective dose rate measurements by the ARMAS device acquired over 589 flights, and cre-
ated a pre-partitioned ML-ready dataset, which requires minimal preprocessing to be used
for ML purposes. Some of the dataset features are summarized below:

e The resulting dataset comprises 589 ARMAS flights containing 92,476 effective
dose rate measurements. While the flights are mostly accomplished on top of the
continental US and territories (Figure 1), the dataset also samples the regions over
the Pacific Ocean, the North Atlantic region, and Antarctica.

e The radiation measurements are supported by the measurements from four neu-
tron monitor stations (OULU, DOMC, NEWK, and THUL), solar wind properties at L1,
measurements of proton and soft X-ray fluxes by GOES spacecraft series, geomag-

—13—



414

415

416

417

418

420

421

423

424

426

427

428

429

430

432

433

434

436

437

438

439

440

441

442

443

444

445

446

447

448

449

450

452

453

454

455

457

458

459

460

462

463

464

netic activity indexes, and global solar activity characteristics (such as sunspot
numbers, F10.7 flux, and solar polar fields). This provides an opportunity for com-
prehensive studies of the dependencies of the radiation environment on the Geospace
drivers.

e The dataset has been pre-partitioned into three subsets, which can be directly used
for training, validation, and testing purposes. During pre-partitioning, it was en-
sured that the data points from the same flight are within the same partition, and
that the sampling of the parameter space is more or less the same within any par-
tition (see Figures 4 and 5 for parameter distributions).

e Three versions of the dataset are constructed. The ‘static’ version includes the most
recent properties of the environment only. The ‘dynamic’ versions include the pre-
history of Geospace parameters as time series. The 1-hour and 24-hour long pre-
history is considered.

» The use case example demonstrates on the selected test subset the possibility of
constructing an ML model that predicts the effective dose rates with the average
root mean squared error of 3.77uSv/h, which is slightly better than the NAIRAS
v3 physics-based model nowcast (4.14uSv/h). This holds promise for the devel-
opment of ML-driven models of radiation forecasting in the future.

We envision that the constructed datasets could be used for various scientific ap-
plications. First, the problem of the atmospheric radiation nowcast given the state of
the environment requires a detailed evaluation with respect to the ML algorithms and
involvement of the time series. As highlighted in Section 4, even the static version of the
dataset with the Random Forest regressor demonstrates the promising results. The now-
casting and forecasting results can vary with the algorithm (Ali et al., 2024; Goodwin
et al., 2024; O’Keefe et al., 2024); therefore, the consideration of other ML methods is
necessary. The benefits of including time series properties need to be assessed as well.
Second, the slight manipulation of the dataset allows us to consider a forecasting prob-
lem instead of nowcasting. All one has to do is consider the ‘dynamic’ dataset versions
and avoid considering the data within a certain latency window before the ARMAS mea-
surement. Obviously, the length of the time series (1h and 24h) would limit the con-
sidered latency windows. Third, the dataset could enhance the understanding of radi-
ation environment physics. Besides the standard correlation analyses possible, one could
investigate feature importance to understand the influence of some Geospace parame-
ters on the radiation environment (e.g., Yeolekar et al., 2021; Sadykov & Kosovichev, 2017).
The developed dataset opens a promising number of prospective studies and facilitates
the development of models for the aviation radiation domain.

Open Research

The developed machine learning-ready dataset to nowcast the effective dose rates
at aviation altitudes is currently publicly available via the Radiation Data Portal (https://
dmlab.cs.gsu.edu/rdp/ml-dataset.html). The original ARMAS data files are pub-
licly available from the ARMAS Data Archive at Space Environment Technologies (https://
sol.spacenvironment.net/ARMAS/Archive/). The Neutron Monitor can be accessed
via the NMDB database (https://www.nmdb.eu/). The solar wind measurements, ge-
omagnetic activity indexes, and F10.7 index data are publicly accessible via the OMNI-
Web service (https://omniweb.gsfc.nasa.gov/). The GOES energetic particle flux
and soft X-ray data can be accessed via the National Oceanic and Atmospheric Admin-
istration National Centers for Environmental Information Archive (NOAA NCEI, https://
www.ncei.noaa.gov/). We thank the developers of the Integrated Space Weather Anal-
ysis (ISWA, https://ccmc.gsfc.nasa.gov/tools/ISWA/) systems API for the possi-
bility of retrieving the GOES integrated proton fluxes since 2020. The daily sunspot num-
ber is obtained via the publicly accessible World Data Center SILSO (https://www.sidc
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465 .be/SILS0/datafiles). The solar polar field measurements are publicly available via
466 the Wilcox Solar Observatory website (http://wso.stanford.edu/Polar.html).
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