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Abstract—One of the goals of Space Weather studies is to achieve a better understanding of impulsive
phenomena, such as Coronal Mass Ejections (CMEs), to improve our ability to forecast their propagation
characteristics and mitigate the risks to our technologically driven society. The essential part of achieving
this goal is to assess the performance of forecasting models. To this end, the quality and availability of
suitable data are of paramount importance. In this work, we merged publicly available data of CMEs from
both in-situ and remote observations in order to build a dataset of CME properties. To evaluate the
accuracy of the dataset and confirm the relationship between in-situ and remote observations, we have
employed the Drag-Based Model (DBM) due to its simplicity and modest consumption of computational
resources. In this study, we have also explored the parameter space for the drag parameter and solar wind
speed using a Monte Carlo approach to evaluate how efficiently the DBM determines the propagation of
CME:s for the events in the dataset. The geoeffective CMEs selected as a result of this work are compliant
with the hypothesis of DBM (isolated CME, constant solar wind speed beyond 20 R;) and also yield
further insight into CME features such as arrival time and arrival speed at L1 point, lift-off time, speed
at 20 R, and other similar quantities. Our analysis based on the acceptance rate in the DBM inversion pro-
cedure shows that almost 50% of the CME events in the dataset are well described by DBM as they prop-
agate in the heliosphere. The dataset includes statistical metrics for the DBM model parameters. The
probability distribution functions (PDFs) for the free parameters of DBM have been derived through a
Monte Carlo-like inversion procedure. Probability distribution functions obtained from this work are com-
parable to PDFs employed in previous works. The analysis showed that there exist two different most prob-
able values (median values) of solar wind speed for DBM input based on slow (wg,w &~ 386 km/s) and fast
Wgast =~ 547 km/s) solar wind type. The most probable value for the drag parameter
(y = 0.687 x 10~ km™') in our study is somewhat higher than the values reported in previous studies.
Using a data-driven approach, this procedure allows us to present a homogeneous, reliable, and robust
dataset for the investigation of CME propagation. Additionally, possible CME events are identified where
the DBM prediction is not valid due to model limitations and higher uncertainties in the input parameters.
These events require further thorough investigation in the future.
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1 Introduction

ICMEs (Interplanetary Coronal Mass Ejections) are erup-
tions of plasma and magnetic fields from the Sun’s corona that
propagate in the Heliosphere (Webb & Howard, 2012). These
plasma and magnetic field structures are ejected from the Sun,
travel through the interplanetary space environment, and reach
the 1 AU range within 1-5 days (Chen, 2011). In in-situ data,
ICMEs can be discerned from the average solar wind by their
distinct signatures, such as the enhanced magnetic field, the
higher particle speed, and the variations in plasma density (Liu
et al.,, 2010; Papaioannou et al., 2016). They can also be
observed remotely by using instruments such as coronagraphs
(particularly SOHO/LASCO with coronagraphs C1/C2/C3
Brueckner et al., 1995; Domingo et al., 1995, STEREO/SECCHI
with COR1/COR2 Kaiser et al., 2008; Howard et al., 2008), and
Heliographic imagers (HI1/HI2) (Eyles et al., 2009).

ICMEs are among the main drivers of Space Weather,
impacting the space environment and human technologies
(Tsurutani et al., 1988; Gosling et al., 1991; Schwenn, 2006;
Pulkkinen, 2007; Temmer, 2021). The plasma and magnetic
fields ejected from the Sun can interact with Earth’s magnetic
field, leading to geospace disturbances (Koskinen & Huttunen,
2007), which affect a wide range of technological systems in
space, such as satellites, telecommunications, and the GNSS
systems (Shea & Smart, 1998; Schrijver & Siscoe, 2010;
Aquino & Sreeja, 2013; Piersanti et al., 2017). The present
strategies to mitigate the effects of ICMEs on space-based
technologies and infrastructures require the knowledge of the
ICME arrival time with low uncertainty to allow operators to
take action to protect their equipment, by shutting them down
or putting them in a safe mode (Barbieri & Mahmot, 2004;
Sreeja, 2016; Veettil et al., 2019).

In the last decades, space agencies have designed and
launched missions to observe the Sun and monitor the solar wind
characteristics, and track CMEs and ICMEs as they travel
through space, with the aim to study their interactions with the
interplanetary environment. Despite these advancements in
space weather forecasting, accurately predicting the characteris-
tics of ICMEs such as their Time-of-Arrival (ToA) and Speed-at-
Arrival (SaA) at Earth, as well as the magnitude and direction of
the southward component of their magnetic field (which is
crucial for determining the intensity of geomagnetic storms
Koskinen & Huttunen, 2006), remains a challenging task for
the scientific community (Manchester et al., 2017; Riley et al.,
2018; Vourlidas et al., 2019).

Following the evolution of numerical methods and the
increase of available computational power, a number of empirical
methods, physics-based analytical models, and MHD numerical
simulations for the ICME kinematics have been developed. In the
MHD approximation, the boundary conditions are derived from
observed magnetograms and coronographic images and model
the propagation of the ejecta by numerically solving the
magneto- hydrodynamic equations (ENLIL, HAFv.2 (Hakamada-
Akasofu-Fry version 2)+3DMHD, EUHFORIA (EUropean
Heliospheric FORecasting Information Asset) Odstreil et al.,
2003; Wu et al., 2007; Pomoell & Poedts, 2018). These simula-
tions allow for the inclusion and consideration of the physical
processes being modelled. However, their use requires substan-
tial computing resources due to their computationally inten-
sive nature, making them expensive to run. The complete

understanding of the physical processes involved in the Sun-
Earth relation relies heavily on numerical modelling techniques.
However, with present observation capabilities, the forecast-
ing performance of empirical and analytical methods are compa-
rable to, or in some cases slightly better than, those achieved
with numerical methods due to uncertainties in the input param-
eters (Manchester et al., 2017). This implies that the existing
empirical and analytical approaches are still effective and
competitive in terms of their predictive capabilities and that the
near future of space weather forecasting lies with the use of these
computationally light approaches and Machine Learning (ML).

In general, analytical methods are computationally lighter
and their parameters can be easily updated with new incoming
data. Also, physics-based analytical models (e.g. Vr$nak et al.,
2013; Rollett et al., 2016; Paouris & Mavromichalaki, 2017;
Napoletano et al., 2018) can shed light on the ICME dynamics,
and this knowledge would possibly help us in refining also
numerical methods. On the other hand, the relationships
between ToA and SaA and various CME parameters measured
at (or close to) their launch, have been used in empirical predic-
tion methods (e.g. Manoharan, 2006; Gopalswamy, 2009), and
most recently in a plethora of ML approaches. ML techniques
have become more and more used in space weather, as recently
reviewed in Camporeale (2019). In the last years, there have
been many attempts to leverage ML algorithms to obtain the
characteristics of an ICME at L1 from the associated CME
observables (Bobra & Ilonidis, 2016; Liu et al., 2018; Wang
et al., 2019, just to list a few). These ML algorithms use cata-
logues of CME/ICME characteristics for the training, in order
to set their parameters, validate their results and check their
performances. Consequently, it becomes more and more impor-
tant to build CME/ICME datasets with a large number of events
and small uncertainties (ML methods typically need numerous,
relevant and reliable examples in the datasets in order to give
accurate results VanderPlas et al., 2012; Ivezié et al., 2014).

In this paper, we present a method to update the catalogue
of CME-ICME pairs published in Napoletano et al. (2022),
by using a constrained Monte-Carlo strategy to validate its
entries. The constrained Monte Carlo strategy allowed us to
explore the parameter space in a more effective way. We then
make use of this updated catalogue to revisit the Probability
Distribution Functions (PDFs) to use for the P-DBM method
(Napoletano et al., 2018; Del Moro et al., 2019). Finally, we
present a comparison of these PDFs for different solar wind
conditions and against previous literature.

The paper is organized as follows. Section 2 describes the
DBM model and the mathematical methodologies to retrieve
PDFs from the catalogue. In Section 3, we analyze the results
of the inversion procedure and use them to relabel the CME/
ICME catalogue entries and to obtain PDFs for different ICME
types. Section 4 is dedicated to conclusions and discussions.
The CME-ICME dataset compiled and used in this work can
be found at https://zenodo.org/record/8063404 and a description
of the different column headers is provided in Appendix A.

2 Methods
2.1 Drag-Based Model (DBM)

The Drag-Based Model is one of the simplest models that
describes CME propagation through the heliosphere. Due to
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its simplicity and calculation speed, it is one of the most popular
models used in CME forecast tools. In recent years, DBM has
been used in many studies to describe CME propagation which
is summarised in Dumbovi¢ et al. (2021). DBM is based on the
assumption that the Lorentz force responsible for CME launch
is negligible in the upper part of the solar corona, specifically
beyond a heliocentric distance of 20 R.,. However, this assump-
tion is not always valid; for many CME events the Lorentz force
is still comparable with the drag force and the exact distance can
vary from event to even VrSnak (2001), Vr$nak et al. (2004),
Sachdeva et al. (2015, 2017). Beyond this heliocentric distance,
the dynamics of the ICME are dominantly governed by its inter-
action with the ambient solar wind via MHD drag (Cargill,
2004; Vr$nak et al., 2013). Due to MHD drag force ICME:s that
are faster (slower) than solar wind tend to decelerate (accelerate)
during propagation, which was also supported by observations
(Gopalswamy et al., 2000). CME radial acceleration according
to the DBM approach is given as:

a(r) = =p((r)epe = W)Iv(r)ome — Wl (1)
where a(r) and v(r)cpg are the instantaneous acceleration and
speed of ICME, respectively, w is the instantaneous ambient
solar wind speed, and y is the drag parameter that is also
called drag efficiency. It is important to note that all the quan-
tities in equation (1) are space and time-dependent. Also,
beyond 20 R, y and w may be approximated to be constant
throughout the heliosphere (Cargill, 2004; VrSnak et al.,
2013). Under such approximation, equation (1) can be solved
analytically to obtain heliospheric distance and speed of
ICME as a function of time (Vr$nak et al., 2013):

v(?) oY t+ w, (2)

:lj:y(vo—w)

r(t) = j:% In(1 £ y(vo — w)t) + wt + o, (3)

where =+ sign accounts for accelerated/decelerated CMEs i.e.,
plus for vo > w and minus for vy < w. Equations (2) and (3)
give us the speed and distance as a function of CME propaga-
tion time from an initial distance (at t = 0) ry and take-off
speed vy. From those, one can determine the transit time
t1au and impact speed viaoy at 1AU.

2.2 DBM inversion procedure

DBM solution, as given in Vr$nak et al. (2013), can be used
to obtain the analytical values of free DBM parameters. If the
ICME follows the DBM model, and if its boundary conditions,
i.e, initial position 7y, initial speed vy, ToA f;ay and impact
speed vy are known, then the free parameters of the model,
namely drag parameter y and solar wind speed w, can be
obtained via a mathematical inversion of the set of presented
equations (2) and (3).

(vo — w)(v1au — W)tiaU (vo — V1aU)
(Uo - UlAU) In |:(UIAU - W) * 1}

+wtiau +Fo — riav = 0. 4)

Equation (4) is solved numerically to obtain w, then equation (5)
is used to directly compute 7:

(Uo - U1AU)
vo — W) (Viau — W)tiau ®)

T

2.3 Mathematical framework

In search for the unique distribution for the free DBM
parameters, we applied the DBM inversion procedure to the
existing dataset, published in the previous works of Napoletano
et al. (2018, 2022). A comprehensive description of the dataset
is provided in Appendix A, while the summary of a few partic-
ular quantities used in this study and associated results are
tabulated in Table A.1. In the process of DBM inversion, we
discovered that the majority of the CME events in the dataset
lack analytical solutions for equations (4) and (5). This collided
with our null hypothesis for the dataset: that the DBM assump-
tions (Vr$nak et al., 2013) were generally valid for the propaga-
tion of most of the CME events in the list and that the large
experimental uncertainties associated with the ICME quantities
allowed for a parameter space large enough to find at least one
y-w couple to solve the equation system. The reason behind this
discrepancy is that errors associated with the initial position (7),
target position (r}), transit time (#;Aoy), impact speed (v;) and
initial speed (vy) were omitted in the inversion procedure. An
alternative explanation could be that DBM is not properly
describing the CME motion (e.g. w = constant is not a realistic
approximation; CME-CME interaction is also possible).

However, for this study, we adhere to our null hypothesis
and consider the possibility of including uncertainties for the
measured CME properties. To incorporate the errors associated
with those quantities, we adapted a pairwise selection approach.
It is important to highlight that Napoletano et al. (2022) also
employed a probabilistic approach in the inversion procedure
to obtain w and y. In order to do that, they assumed that
[70, 71> Vo, V1, tiau] follows a normal distribution and draws ran-
dom samples, where the majority of samples are concentrated
around the peak of the Gaussian curve. However, our pairwise
approach allowed us to explore other parts of parameter space
where less probable values exist. We have assumed that two
parameters, ry and ry, do not suffer any errors because their
values are fixed. We took ry = 20 R, and, for 7; we have used
the actual Sun-Earth Distance at a time when CME is at ry. The
arrival speed of CME in the dataset is calculated as a mean of
solar wind speed during a disturbance in plasma and therefore
it has an associated intrinsic error. The error associated with arri-
val speed is relatively small compared to the initial speed and
arrival time, therefore it is neglected in the study. The two
remaining quantities with large errors are thus vy and #; 5. Next,
we made a pairwise selection of (¢, oy, Vo) for each DBM inver-
sion iteration from the normal distribution followed by both
quantities where u is the observed value (“Transit_Time” and
“v_r” is taken as p) and ¢ is an error associated with the
observed quantity (“Transit_time_err” and “v_r_emr” taken
as 0). Here “v_r” is the deprojected speed of CME at 20 R,
taken from the Napoletano et al. (2022) and “v_r_err” is an error
associated with deprojected speed. It is important to keep in
mind that the tails of the normal distribution function are 3¢
width. For a pairwise selection, we draw 200 samples for
tiau and the same for vy. So in the end, we have a total of
40,000 possible pairs. After this pair selection, we performed
the DBM inversion to obtain values of w and ), respectively.
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Figure 1. Schematic of DBM inversion procedure. The values of boundary conditions are fed into the equations (4) and (5) using a pairwise
approach to obtain w and y. The obtained values are checked for selection criteria. The accepted values are used to determine the solar wind
condition, the most suitable PDF of model parameters and the CME labelling scheme.

The DBM inversion procedure is a Monte Carlo process and
after the inversion procedure, we have 40,000 possible solutions
for w and y. Many of these values can not be physically feasible,
for example, negative values of w. VrSnak et al. (2013) provided
a brief description of 7y in their work, and from there we deduced
that the drag parameter y has a relation with the mass and cross-
sectional area of CME along with ambient solar wind density.
In our primary analysis, we found that the inversion procedure
also provides very high values for y which can not be explained
by the typical value range of CME features like mass, cross-
sectional area and background solar wind density. Therefore,
it is necessary to employ constraints on the values obtained
through the inversion procedure. The constraints that we
imposed on inversion values are given below.

1. 0 < w < 1000 km/s
Solar wind speed cannot be negative and the typical speed
for fast solar wind in literature is 800 km/s. It is worth
noting that the condition of realistic solar wind speed in
Paouris et al. (2021) is 300-600 km/s which is very narrow
compared to us.

2.01x107<y<30x 10" km™’
It is important to note that the typical range for the y param-
eter, in Vr$nak et al. (2013), is 0.2 — 2.0 x 1077, but we
widen this range to accept a few more extreme solutions.
Similarly, Paouris et al. (2021) has a range of
0.01 — 0.59 x 1077 for realistic drag parameter but their
obtained values are in the range of 0.21 — 0.42 x 107’

(see Table 4 of Paouris et al., 2021) which is comparable
to our range.

After this, we derive the four main quantities namely Wean,
Ymean> Wopt and 7o from the accepted values of w and y; the
opt values correspond to the DBM input that produced the min-
imum deviation from the observed transit time. In order to eval-
uate the “goodness” of the inversion procedure, we define the
“Acceptance Rate” as the ratio between the number of mean-
ingful solutions to the total number of possible solutions, repre-
sented by the number of samples.

no.of physically feasible solutions

Acceptance Rate (AR) = Total no.of solutions

m

nxn

(6)

Here, m is the no. of solutions accepted after applying constrain
and 7 is no. the of samples drawn from the 7, oy and v, distribu-
tions each. Figure 1 shows the flow diagram for the DBM inver-
sion procedure that we implemented on the CME dataset and
how the results of the inversion procedure are analysed.

3 Results

3.1 Inversion procedure results

The inversion procedure was performed on the entire CME~
ICME pair catalogue and it turned out to be successful for 204
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Figure 2. Joint distribution of (y,w) from the inversion procedure. Top Panel: (y,w) Phase space for the whole dataset (3,644,748 values).
Bottom left Panel: (y,w) phase space for the dataset of accelerated CMEs (25,428 values). Bottom right Panel: (y,w) phase space for the dataset

of decelerated CMEs (3,619,320 values).

out of 213 events. At the end of the inversion procedure, we
obtained 3,664,748 possible values of w and y that enable us
to provide a statistical distribution for them. Figure 2 illustrates,
the (y,w) phase space for the entire ICME dataset and there we
can identify the predictive line for a few individual CMEs. From
the DBM equation (1), one can easily notice that CMEs either
accelerate or decelerate during their propagation. Based on these
propagation conditions, we derived two different distributions
divided into accelerated and decelerated CMEs. Furthermore,
a free DBM parameter w can also be divided into two groups
called the slow and fast solar wind, and therefore we can draw
two more joint distributions based on solar wind speed
conditions.

3.2 Determining the quality of inversion process for
each CME event

It is important to note that, we claimed that the DBM inver-
sion was successful for 204 events and therefore there should be

8,160,000 possible values of y and w, which are more than
double the numbers we have obtained from the DBM inversion
procedure. This discrepancy results from either the DBM inver-
sion procedure failing or the obtained values of (y,w) being dis-
carded as they did not fulfil the constraints. This can also be
observed in the (y,w) phase space of different CME events.
Based on the density in the (y,w) phase space, we label the event
as “Optimal Fit”, “Suboptimal Fit” and “Inadequate Fit”. This
labelling helps us to determine if the propagation of CME
events in the dataset can be described by DBM. To stay consis-
tent in the labelling procedure, we used the Acceptance Rate
(AR) defined by equation (6). The description for the labels is
as follows.

1. Optimal (Nice) Fit: AR > 0.5; the DBM approximation is
demonstrably accurate for this kind of CME event as the
inversion procedure is successful for more than 50% of
the pairs. Therefore, there is a very sharp trendline in
(y,w) phase space.
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Suboptimal Fit
4.7%
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Optimal Fit [47.9% f
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Figure 3. A pie chart showing a percentage of events in the
“Optimal Fit”, “Suboptimal Fit” and “Inadequate Fit”.

2. Suboptimal (Poor) Fit: 0.25 < AR < 0.5; the DBM is
moderately accurate as one can still see the trendline in
(y,w) phase space.

3. Inadequate (Bad) Fit: AR < 0.25; the DBM approximation
is less applicable for the events and it is hard to find the
trend line in phase space.

Figure 3 shows the percentage of events in each assigned label.
We want to stress here the fact that, this labelling scheme is a
key point for the dataset that is created as a result of this work.
This labelling helps us to determine which CME event in the
dataset is described well by the DBM. Events flagged as
“Suboptimal Fit” or “Inadequate Fit” require further investiga-
tion. Hereafter, we only focused on the Optimal Fit events to
obtain the PDFs for w and y as it helps to improve the PDFs.
Eventually, these better statistics will lead to better accuracy
in CME arrival forecasting.

3.3 Relabelling the solar wind condition

We found that there are only 28 CME events that are
accelerating during propagation, these are around 13% of the
entire dataset, therefore statistics for accelerating CMEs are
not very well resolved. In order to find a distribution for the free
DBM parameters we established a group of CME based on solar
wind conditions. A dataset that is already obtained as a part of
previous work of Napoletano et al. (2022) contains information
about the solar wind speed type (see Appendix A Column:
SW_type -S/F) based on the presence of Coronal Holes close
to the source of a CME. The group of CMEs formed based
on coronal hole presence data provides two completely overlap-
ping distributions for fast and slow solar wind speeds. This dif-
ference is inconsistent with our expected knowledge of distinct
solar and fast solar wind circumstances. The discrepancy arises
from incorporating the presence of coronal holes in a calculation
of PDF for solar wind speed without explicit consideration of
solar wind speed itself. For many events, this connection
between solar wind type and a coronal hole is wrong due to
various reasons such as CME does not encounter a fast solar
wind stream at all during propagation. This leads to the overlap
of distribution, as DBM inversion provides a small value of w
and the presence of coronal holes identifies that solar wind as
fast solar wind. Furthermore, the large standard deviation makes

the model unsuitable for precise and reliable real-time space
weather forecasting applications. Therefore we redefine the
solar wind type associated with each CME by threshold
Weim = 500 km/s to discriminate the fast solar wind from the
slow one. This threshold is similar to one that is used in
Napoletano et al. (2018). In Figure 4 (y,w) phase space is shown
for the two “SW_type” and “Wind_type” solar wind labelling.
One important point to note here is, that the tail part of any dis-
tribution in a negative region is due to the plotting style not due
to the presence of any value. Also, from now onward we focus
on this new labelling scheme for solar wind speed.

3.4 PDF for solar wind speed

From the joint distribution shown in Figure 2, we can
extract a distribution function for the solar wind speed w. Here,
we have fitted Gaussian, Student-# and Lognormal functions to
the distribution function as these three functions returned a
better fit among different PDFs available in the distfit package
(Taskesen, 2023). In Figure 5, the histogram obtained from
the dataset and fitted PDFs are shown. Here we have considered
the RSS (Residual Sum of Squares) value to determine which
one is the best fit. In most cases, all 3 distribution functions
show a similar RSS value which is clear from the figure as well.
So, in the end, we decided to select the Gaussian distribution
function for the solar wind speed w to be consistent with previ-
ous works, e.g., Dumbovi¢ et al. (2018, 2021), Napoletano et al.
(2018, 2022).

We categorized our dataset into Slow and Fast CMEs based
on the ambient solar wind condition experienced by the CME
during its propagation (using a threshold of 500 km/s to separate
fast and slow solar wind conditions), as described before in this
section, and attempted again to fit the same three distribution
functions. Unlike the prior attempt, the fitting’s RSS value is
not the same for slow and fast solar wind conditions. For slow
CME:s, the “student-7’ distribution describes the best PDF while
for fast CMEs the lognormal function is the most suitable PDF.
Here, we only emphasize the fact that “student-” and “lognor-
mal” distributions are the best fits and are strongly biased by the
hard thresholding. In Figure 6 PDFs for the slow and fast solar
wind conditions are shown. The parameters for the fitted distri-
butions are reported in Table 1.

Paouris et al. (2021) studied the same 16 CME-ICME events
from Dumbovié et al. (2018) to compare the performance of the
Effective Acceleration Model (EAM) with Drag Based Ensem-
ble Model (DBEM). They have also performed the inversion
technique to find optimal values of solar wind speed w and drag
parameter y. In Table 2, optimal values of w from different stud-
ies have been shown. It is important to note that the sample size
employed in Napoletano et al. (2022) and this work is large,
which helps to explain the higher value of the standard deviation.

3.5 PDF for drag parameter

For the drag parameters, we employed the same methods
and distribution functions that we have used for the solar wind
to infer the PDF. The RSS values obtained from the various fits
are significantly different. The lognormal distribution consis-
tently emerges as the best fit among various considered distribu-
tion functions throughout a wide range of cases. In Figure 7,
distributions fitting for the accelerated and decelerated CMEs
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Figure 4. (y, w) Phase space in different solar wind speed condition labeling scheme. On the x-axis, W_sim shows solar wind speed obtained
from a DBM inversion with a unit of km/s while on the y-axis drag (Gamma_sim) value obtained from the inversion procedure is shown on a
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Figure 5. Probability distribution functions for solar wind speed w for accelerated and decelerated CMEs with a kernel density p on the
y-axis. Left: w PDFs for accelerated CMEs with Optimal Fit label. Note that the normal and student-¢ distributions overlap with each other.
Right: w PDFs for decelerated CMEs with Optimal Fit label. All three distribution functions overlap with each other. The overlapping of
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label. Right: w PDFs for fast CMEs with Optimal Fit label. (In both cases the Normal and Student-¢ functions overlapped with each other).

are shown, while in Figure 8 PDFs for slow and fast CMEs are
shown. The fitting parameters for the different distribution func-
tions of the drag parameter 7y are tabulated in Table 3.

4 Discussion and conclusions

The CME-ICME pair published in Napoletano et al. (2022)
is improved by the inclusion of the predicted DBM data,
PDF fitting parameters, and various other significant variables

e.g., CME arrival time and speed, Dst index, source location,
B, component, etc related to each CME-ICME occurrence.
By quantifying the success rate of the DBM inversion proce-
dure, we were able to identify a subset of CME-ICME pairs that
are well described by the DBM during their heliospheric prop-
agation and added to the dataset. For the space weather commu-
nity, this kind of categorization can provide significant insight
into the conditions that make the DBM forecast fail to predict
the correct transit time for a CME event. On the other hand,
for those CME events where the DBM forecast is accurate,
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Table 1. Parameters for the different functions used to model the solar wind speed distribution. For the Lognormal function, tabulated values
can not be used directly as average and standard deviation. The transformation from the fitting parameters to values used in the model can be

done by equation (B.4).

CME group PDF w (km/s) a,, (km/s) Args RSS
Accelerated Normal 503.356 55.848 - 0.000538
Student’s-7 503.356 55.848 1.526 x 10° 0.000538
Lognormal —-0.407 3.910 349.009 0.001469
Decelerated Normal 409.168 117.545 - 0.00046
Student’s-¢ 409.168 117.543 1.479 x 10° 0.00046
Lognormal 9.524 0.009 —1.328 x 10* 0.000458
Slow Normal 370.530 88.585 - 0.000714
Student’s-z 383.169 64.944 4.101 0.000622
Lognormal 9.784 0.005 —1.738 x 10* 0.00072
Fast Normal 579.058 67.871 - 0.002862
Student’s-¢ 579.058 67.872 1.837 x 10° 0.002862
Lognormal 4.084 0.883 494.597 0.001934

Table 2. Optimal (mean) values for solar wind speed w from different studies.

Optimal solar wind speed w (km/s) Standard deviation a,, (km/s)
Dumbovié et al. (2018) 350 50
Napoletano et al. (2018) (slow) 400 33
Napoletano et al. (2018) (fast) 600 66
Paouris et al. (2021) 431 57
Calogovié et al. (2021) 453 64
Napoletano et al. (2022) (slow) 370 80
Napoletano et al. (2022) (fast) 490 100
This work (slow) 370 88
This work (fast) 579 68
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Figure 7. Probability distribution functions for drag parameters y for accelerated and decelerated CMEs. Left: w PDFs for accelerated CMEs
with Optimal Fit label. Right: w PDFs for decelerated CMEs with Optimal Fit label.

it can contribute to providing information about the model
parameters w and 7. Thus, all the CME-ICME entries that do
not follow the DBM approximation deserve even further inves-
tigation, since we cannot tell if a “no solution”, a “suboptimal”
or an “inadequate” label comes from a possible error in the
initial CME-ICME association, a shortage in the geometrical
description of the ICME, or something happening during
the ICME propagation that cannot be described by the DBM
(e.g. a CME-CME interaction). This, however, would require
a thorough analysis of every single ICME and is beyond the
scope of this work and may be the subject of a different work.
The revised CME-ICME collection we are presenting
also includes additional details such as the solar wind speed

conditions experienced by propagating CME events, more
parameters about the validation of the DBM hypothesis, and
information about the acceleration or deceleration mechanisms
during their propagation. The list of the improvements over
the previous version published by Napoletano et al. (2022) is
summarised in Table 5. The revised dataset compiled and used
in this work has been published at https://zenodo.org/record/
8063404 and a description of its columns is also provided in
Appendix A.

Just as mentioned, the subset of events where the DBM
approximation holds can be employed to extract the y and w
parameters of the DBM via a Monte Carlo-like inversion proce-
dure. In this statistical study, we consider the uncertainties
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Right: w PDFs for slow CMEs with Optimal Fit label.

Table 3. Parameters for different PDFs used to model drag parameter distribution. For the Lognormal function, tabulated values can not be used
directly as average and standard deviation. The transformation from the fitting parameters to values used in the model can be done by equation

(B.4).
CME group PDF 7 (km™") o, (km™") Args RSS
Accelerated Normal 1.590 x 1077 5.793 x 1078 - 2.528 x 10%3
Student’s-t 1.503 x 1077 4247 x 1078 1.988 2.490 x 103
Lognormal —15.642 0.354 —1.186 x 107% 6.385 x 10"?
Decelerated Normal 9.339 x 107 7.562 x 1078 - 1.089 x 10Y°
Student’s-¢ 6.899 x 1078 5.016 x 1078 1.988 8.029 x 10"
Lognormal —16.178 0.652 0.6518 2723 x 10*
Slow Normal 8.609 x 10798 7419 x 1078 - 1.519 x 10"
Student’s- 5.936 x 107% 4595 x 107% 1.988 1.010 x 10%°
Lognormal —16.252 0.658 —2.276 x 107 4,034 x 10
Fast Normal 1.256 x 1077 7.342 x 1078 - 5.319 x 10*
Student’s-¢ 1.079 x 107" 5.238 x 1078 1.988 4749 x 10'
Lognormal —15.884 0.518 —1.838 x 107 2.575 x 10"

associated with the measure and the observation and incorporate
them as input for the model and we only consider those CME
events with more than 50% acceptance rate in the inversion pro-
cedure. The reason behind this criterion is to ensure that the
CME propagation is modelled by DBM with enough confi-
dence. It is important to highlight that the cone geometry of
CME is not included in our calculation. We simply employ
the 1-dimensional version of DBM in our calculation. Different
versions of the DBM, that take into account the different cone
geometries discussed in Dumbovi¢ et al. (2021), Schwenn
(2006) can be seamlessly implemented in the calculation in
the future by including additional free variables in the DBM
inversion procedure. We have retrieved y and w for 204 out
of 213 ICMEs, which enables us to obtain robust statistics.
The empirical PDF for the solar wind w is modelled using
two separate distributions for slow and fast solar wind condi-
tions respectively with a threshold value of w = 500 km/s for
the fast solar wind. In Dumbovié¢ et al. (2018, 2021),
Napoletano et al. (2018, 2022), a Gaussian distribution is
assumed as input PDF for w. Here, we have used the threshold
of w = 500 km/s for the fast solar wind speed, therefore, a nor-
mal distribution is no longer the ideal PDF. With this new
threshold, the Student’s z-distribution is the best choice for most

CME events. This latter finding is also supported by fitting
PDFs for w in a single CME approach. In Figure 9, a histogram
of the most suitable PDFs for w in individual CMEs approach
is shown. Here, the Student’s z-distribution is strongly biased
by the fact of hard thresholding and the RSS values of
Student’s-t and normal distribution are fairly comparable, we
therefore prefer the Gaussian PDF for the solar wind w. In
our study, the mean value for slow solar wind speed is
Weow = 370 km/s with a standard deviation of 88 km/s, which
is comparable with Napoletano et al. (2022). While for fast solar
wind speed, the mean value is wg,y = 579 + 68 km/s and this
value is somewhat higher than Napoletano et al. (2022). Nota-
bly, the median values are 386 km/s for the slow solar wind
speed and 547 km/s for the fast solar wind scenario, respec-
tively. It is important to realize that these mean values are mar-
ginally different from the median values because some extreme
values are accepted in the inversion procedure. For instance,
low values of some accepted solar wind speeds shift the mean
leftward for the slow solar wind, whereas high values cause
the mean to move rightward for the fast solar wind speed.
The comparison of values of solar wind speed w for differ-
ent previous studies is tabulated in Table 2. Also, the most prob-
able value of solar wind speed obtained in different situations
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Table 4. Statistical values for all CME events flagged as “Optimal Fit” analyzed together to obtain drag parameter y and ambient solar wind

speed w using DBM inversion procedure.

Slow Fast Decelerating Accelerating

Solar wind speed w (km/s)

Mean 371 579 409 503

Median 386 547 402 494

4 89 68 118 56
Drag parameter y (x 1077 km™")

Mean 0.86 1.26 0.93 1.59

Median 0.56 1.10 0.70 1.50

4 0.74 0.73 0.76 0.58

like slow, fast, decelerating and accelerating is provided in
Table 4.

The PDF for y is up for discussion from the previous works
of Calogovi¢ et al. (2021), Dumbovi¢ et al. (2018, 2021) and
Napoletano et al. (2018, 2022). One group employs a lognormal
function, while the other group uses a Gaussian Function as
input PDF. We have tried to fit the PDF on the entire dataset
and single CME events, and our study has provided light on
the preference for these two different functions. From Table 3,
it is clear that lognormal distribution is the most favourable PDF
as the RSS value is lower among other PDFs. On the contrary,
when searching for the most suitable PDF in the single CME
approach, the Gaussian PDF seems to be the best. In Figure 9,
a histogram of the most suitable PDFs for 7y in individual CME
approaches is shown. A possible reason behind this discrepancy
is the extensive dataset. Here, we have used a vast dataset of
CMEs, which covers different ranges of mass and cross-sections
of CME, also including almost two solar cycles’ length of CME
events resulting in several kinds of solar wind density fluctua-
tions in CME propagation. The inclusion of all these back-
ground parameters in fitting a PDF through a dataset leads to
the long-tailed lognormal function since the y-parameter is a
quantitative measure of the drag efficiency that depends on
many factors such as the mass and the cross-section of the
CME, and on the solar wind density (VrSnak et al., 2013).
The values of drag parameters obtained in this study are quite
higher compared to Calogovi¢ et al. (2021), Dumbovi¢ et al.
(2018, 2021). These higher values are the result of a long-tailed
lognormal function. The statistical measurements for the values
of drag parameter y are tabulated in Table 4. It is important to
note that one can not use the values mentioned in Table 4

directly as model input to predict CME arrival time and speed.
To determine the CME arrival time and speed using DBM one
has to use values provided in Table 3 using a transformation
described in Appendix B.

The refined dataset and the updated method presented in this
work allowed us to explore a larger part of the w—y parameter
space of the P-DBM model, including extreme values. We have
investigated the possibility of y being a function of the ICME
kinematic properties (i.e., accelerating or decelerating) or the
solar wind properties (i.e., fast or slow). While there seems to
be some difference between accelerating or decelerating ICMEs
(see Table 3 and Fig. 7), the statistics need to be more robust to
draw strong conclusions. Therefore, similar efforts have been
carried out for solar wind speed. The note-worthy iteration over
a work of Napoletano et al. (2022) is to redetermine the solar
wind type associated with a CME propagation in the helio-
sphere. Using 500 km/s as a threshold for the fast solar wind
speed, we were able to infer distinguishable PDFs for fast and
slow solar wind speed.

We suggest that the space weather community will benefit
from our findings, especially the improved list of CME-ICME
since it will provide a test bench to compare how well we can
predict CME arrival time and impact. Also, the information
associated with every CME ICME entry can help improve the
accuracy and precision of other CME propagation models, by
including other relevant parameters. For example, we want to
use the Markov Chain Monte Carlo (MCMC) method in the
future to constrain the PDF for w and 7. This catalogue’s new
entries are expected to play a relevant part in this work, promot-
ing the convergence of Markov chains and boosting the perfor-
mance of our strategy.
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Appendix A

Description of revised dataset

As mentioned above, the DBM inversion procedure requires
initial position ry, target position r|ay, transit time #; oy, initial
speed v and arrival speed v, to obtain w and ). For the purpose
of this work, we have used the CME-ICME dataset from
Napoletano et al. (2022). This dataset contains all the required
input quantities for the DBM inversion procedure. This dataset
consists of 213 CME-ICME pairs from the year 1997 to 2018,
which cover a time span of two solar cycles 23 and 24. In this
dataset, information about the kinematic properties of CMEs at
launch time was retrieved from the SOHO/LASCO CME
Catalog'. While arrival time and speed of the related ICMEs
have been obtained from the Richardson & Cane (2010).

As mentioned in Section 2.2, the uncertainties associated
with different quantities are included in the inversion procedure.
SOHO/LASCO catalogue provides CME speed in the plane of
sky (POS) but to make a DBM forecast more accurate de pro-
jected speed has been used in the calculation. De projected
radial speed has been obtained using equation (1) of
Gopalswamy (2009). A more detailed explanation is given in
Appendix A2 of Napoletano et al. (2022). Associated solar wind
speed type (column: SW_type) for each event is hypothesized
by determining the presence of a coronal hole close to the
CME source region (see Appendix A3 of Napoletano et al.,
2022). The description of different columns in the dataset and
their source work is provided in a Table A.1.

Appendix B

Mathematical description of lognormal distribution

To find the parameters of lognormal PDF we have used a
Python package named distfit Taskesen (2023) which relies
on SciPy Virtanen et al. (2020). The standardized form of the
lognormal function is given as:

1 —In%x
x,8) =———exp | —|.
flos) = p(ZSz)

To shift and/or scale the above distribution function, SciPy or
distfit use two more input parameters namely loc and scale.
With these 2 more parameters, the new function will be:

S (,s)

scale ’

(B.1)

f(x,s,1oc, scale) = (B.2)

oc
x—. Suppose, a variable X is following a nor-
scale

mal distribution with parameters p and o. Then, lognormally

where y =

1 https://cdaw.gsfc.nasa.gov/CME_list/.
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Table A.1. Column description of the ICME dataset created as a part of this work.

Name Keyword Description Source

LASCO start LASCO_Start First CME appearance in LASCO C2/C3 LASCO/CDAW'
coronagraphs

Start date Start_Date Time when CME reaches to 20 R, Napoletano et al. (2022)

Arrival date Arrival_Date Estimated arrival time of ICME using insitu R & C?

Plasma event duration

Arrival speed
Transit time
Transit time error
LASCO date
LASCO speed

Position angle

Angular width

Halo

De-projected speed
De-projected speed error
Theta source

Phi source

Source POS error
POS source angle

Relative width

Mass
Solar wind type (CH)

Bz

Dst
Statistical de-projected speed

Acceleration

Analytical wind
Analytical gamma

Transit Time (Simulated)
Transit Time error (Simulated)
Impact Speed (Simulated)

Impact Speed error (Simulated)
Solar Wind Speed

Solar Wind Speed Error
Gamma Simulated

Gamma Error Simulated
Gamma Simulated (log)
Optimal Transit Time

Optimal Impact Speed

Optimal W
Optimal gamma

PE_duration

Arrival_v
Transit_time
Transit_time_err
LASCO_Date
LASCO_v

LASCO_pa
LASCO_da
LASCO_halo
v_r

v_r_err
Theta_source

Phi_source

source_err
POS_source_angle

rel_wid
Mass
SW_type

Bz

DST
v_r_stat

Accel.

Analyitic_w
Analyitic_gamma

T1_Sim
T1_Sim_err
V1_Sim

V1_Sim_err
W_Sim
W_Sim_err
Gamma_Sim_s
Gamma_Sim_loc
Gamma_Sim_scale
T1_opt

V1_opt

W_opt
Gamma_opt

signatures

End of ICME plasma signatures after col 3 is
recorded

ICME arrival speed at L1 (km/s)

(h) Computed between col 1 and col 3

(h) Error associated to the start date of CME
Most likely associated CME observed by LASCO
(km/s) Speed correspond to the fastest moving
point of CME in LASCO FOV

(deg) Counterclockwise (from solar North) angle
of appearance into coronographs

(deg.) Angular expansion of CME into
coronographs

If LASCO_da is >270° then “FH” (full halo), if
>180° “HH” (half halo), if >90° “PH”(partial
halo), otherwise “NO”

(km/s) De-projected CME speed

(km/s) Uncertainty of CME initial speed
(arcsec) Longitude of the most likely source of
CME

(arcsec) Co-latitude of the most likely source of
CME

(deg.) Uncertainty of the most likely CME source
(deg.) Principal angle of the most likely CME
source

(rad.) De-projected width of CME

(gm) Estimated CME Mass

Solar wind (slow, S, or fast, F) interacting with the
ICME based on the presence of coronal hole near
CME location

(nT) z-component of magnetic field at L1 and
CME arrival time

Geomagnetic Dst index recorded at CME arrival
(km/s) Statistical de-projected CME speed, that is,
v_r_stat = LASCO_v x 1.027 + 41.5

(m/sz) Residual acceleration at last CME
observation

(km/s) Solar wind from DBM exact inversion
(kmfl) Drag parameter, y, from DBM exact
inversion

(h) Transit time calculated using P-DBM

(h) Error associated with transit time in P-DBM
(km/s) Calculated CME arrival speed using
P-DBM

(km/s) Error associated with arrival speed in
P-DBM

(km/s) Mean value of solar wind speed from
inversion procedure

(km/s) Standard deviation of solar wind speed
from inversion procedure

(km™) “s” parameter for lognormal PDF

(km™") “loc” parameter for lognormal PDF
“scale” parameter for lognormal PDF

Minimally deviated transit time compared to
observed one

V1 correspond to T1_opt

W correspond to T1_opt

Gamma correspond to T1_opt

R&C

R&C

Napoletano et al. (2022)
Napoletano et al. (2022)
LASCO/CDAW
LASCO/CDAW
LASCO/CDAW
LASCO/CDAW
LASCO/CDAW
Napoletano et al. (2022)
Napoletano et al. (2022)
Napoletano et al. (2022)
Napoletano et al. (2022)

Napoletano et al. (2022)
Napoletano et al. (2022)

Napoletano et al. (2022)
LASCO/CDAW
Napoletano et al. (2022)
R&C

R&C

Napoletano et al. (2022)

Napoletano et al. (2022)
Napoletano et al. (2022)

This Work
This Work
This Work

This Work
This Work
This Work
This Work
This Work
This Work
This Work
This Work

This Work
This Work
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Table A.1. (Continued)
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Name Keyword Description Source

Optimal V_r V_r_opt V_r correspond to T1_opt This Work

W CI min ‘W99_min Minimum value of 99% confidence interval for w This Work

W CI max ‘W99 _max Maximum value of 99% confidence interval for w This Work

Gamma CI min Gamma99_min Minimum value of 99% confidence interval for This Work
gamma

Gamma CI max Gamma99_max Maximum value of 99% confidence interval for This Work
gamma

CME Type (V_r_opt) CME_type CME type based on W_sim (Accelerating/ This Work
Decelerating)

CME Type (V_r) CME_type_v0 CME type based on W_opt (accelerating: This Work
Aldecelerating D)

Solar wind Type (Wth) Wind_type Solar wind (based on threshold value) interacting This Work
with ICME

Target distance R1(AU) (AU) Sun-Earth Distance at CME start date (Col2) This Work

Fitting Fitting (AR) Goodness of Inversion procedure: Optimal/ This Work
Suboptimal/Inadequate

Acceptance Rate Acceptance_Rate Acceptance rate of inversion procedure This Work

Best W PDF Best_fit W Most suitable PDF for W This Work

Best gamma PDF Best_fit_gamma Most suitable PDF for gamma This Work

' LASCO/CDAW: https://cdaw.gsfc.nasa.gov/CME_list/
2 Richardson and Cane ICME list (R & C): https://izw]1.caltech.edu/ACE/ASC/DATA/level3/icmetable2.htm

distributed variable Y = exp(X) has p = In(scale) and ¢ = s. while a lognormal function used by Napoletano et al. (2018) is
The simplified version of formula (B.2) is given as follow:

1 (Inx —p)\’
1 (In(x — loc) — @)\ f(x,) = exp [ <> 1 . (B.4)
S Toavam [‘ (") } ’ v vas

f(x,s,loc, scale) =

(B.3)

Cite this article as: Mugatwala R, Chierichini S, Francisco G, Napoletano G, Foldes R, et al. 2024. A catalogue of observed geo-effective CME/ICME
characteristics. J. Space Weather Space Clim. 14, 6. https://doi.org/10.1051/swsc/2024004.
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