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Abstract

Forbush decreases (FDs) are transient depressions in the galactic cosmic-ray flux observed by global
neutron-monitor networks and are commonly associated with interplanetary disturbances driven by
coronal mass ejections and related shocks. Despite extensive observational work, quantitatively com-
paring FD morphology across events and linking it to storm severity remains challenging due to
heterogeneous station responses, coverage gaps, and the multivariate nature of the network. This
work introduces a graph-based event representation in which each FD is mapped to an event network
constructed from pairwise dissimilarities between station response time series. A controlled sparse
backbone is obtained via the minimum spanning tree, enabling comparable event graphs across cases.
From each graph, a compact set of geometric/topological fingerprints is computed, including global
integration measures, spectral summaries, mesoscopic structure, centrality aggregates, and complexity
descriptors.
Predictive skill is assessed using strict leave-one-event-out validation over a pre-defined grid of

distance metrics and distance-domain transformations, with selection criteria fixed a priori. The pro-
posed fingerprints exhibit measurable signal for three tasks: (i) multi-class classification of geomag-
netic storm intensity (G3/G4/G5) with moderate but consistent performance and errors dominated
by adjacent categories; (ii) stronger binary severity screening (≥G4 vs. G3) with high sensitivity to
severe events; and (iii) drop regression with partial least squares achieving positive explained variance
relative to a fold-wise mean baseline. These results support the premise that FD event morphology
leaves reproducible network signatures that can be captured by compact graph fingerprints, offering
a complementary, interpretable framework for comparative FD characterization and for studying how
heliospheric drivers imprint structure on global neutron-monitor responses.
Subject headings: Forbush decrease – space weather – neutron monitor – network graph

1. INTRODUCTION

Forbush decreases (FDs) are transient reductions in
the galactic cosmic-ray (GCR) flux observed at Earth
(Forbush 1937; Chilingarian et al. 2022). The physical
mechanism behind Forbush decreases involves the mag-
netic field of plasma solar wind sweeping galactic cosmic
rays away from Earth (Ghosh and Raychaudhuri 2007;
Cane 2000). These events are associated with large-scale
perturbations in the solar wind and interplanetary mag-
netic field, particularly non-recurrent decreases that are
caused by transient interplanetary events related to coro-
nal mass ejections (CMEs) from the Sun and their in-
terplanetary counterparts (ICMEs) (Blanco et al. 2013;
Huang et al. 2017).
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It is worth emphasizing that the physical relationship
between FD amplitude and geomagnetic storm sever-
ity is indirect: while both phenomena are driven by
CME/ICME transients, storm intensity is particularly
sensitive to the southward component of the interplane-
tary magnetic field (Bz < 0), whereas FD amplitude de-
pends primarily on the magnetic barrier structure of the
ICME sheath and flux rope, which modulates cosmic-
ray access independently of Bz polarity (NOAA Space
Weather Prediction Center 2024; Cane 2000).
Because neutron monitors register the integrated re-

sponse of secondary particles generated in the atmo-
sphere, FD signatures are routinely tracked in multi-
station networks, and they remain a standard observ-
able for studying the coupling between interplanetary
transients and near-Earth particle environments (Chilin-
garian et al. 2025; Bahena Bias and Villaseñor 2011;
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Papaioannou et al. 2013). Despite decades of observa-
tional work, robust event-level characterization across
stations continues to face practical challenges: FD mor-
phologies vary with event type, viewing geometry, back-
ground conditions, and data completeness, while sta-
tion responses differ systematically across the global net-
work. Recent work has further characterized FDs us-
ing global neutron monitor networks (Chilingarian et al.
2025), muon telescope arrays (Bahena Bias and Vil-
laseñor 2011), anisotropy measurements and leader frac-
tion analysis (Papaioannou et al. 2013; Potgieter 2008;
Ruffolo et al. 2016), and precursor signatures such as
loss-cone enhancements and pre-event flux variations.
A key driver of inter-station heterogeneity is geomag-

netic shielding. Station cutoff rigidity determines the
minimum particle rigidity required to reach a given de-
tector and therefore modulates both FD amplitude and
timing (Yushkov 2026). As a result, FD strength is not
solely an intrinsic property of the interplanetary driver;
it is also filtered by the spatial distribution of observing
stations and their rigidity thresholds (Laitinen and Dalla
2021; Ihongo et al. 2019; Okany 2025; Sierra-Porta and
Domı́nguez-Monterroza 2022; Sierra-Porta 2024). Be-
yond cutoff rigidity, the asymptotic viewing direction of
each station — which determines the portion of the sky
sampled by the detector — introduces additional inter-
station variability in FD onset timing and amplitude,
since stations whose asymptotic directions become mag-
netically connected to the disturbed interplanetary re-
gion may register a precursor signature earlier than oth-
ers (Smart and Shea 2005).
This motivates analyses that explicitly combine multi-

station measurements with station metadata rather than
treating each time series in isolation. In practice, how-
ever, many studies focus on a limited number of stations,
compress the network into summary curves, or rely on
pairwise comparisons without a unifying representation
that is directly comparable across events.
Graph-based representations provide a principled way

to summarize multivariate observations (Freitas Silva
et al. 2025, 2021). Nodes can represent stations and
edges can encode inter-station similarity or dissimilarity,
yielding an event-specific network that can be character-
ized by well-defined structural descriptors. In the context
of FD observations, such representations offer a path-
way to convert multi-station time series into compact
event fingerprints that can be compared across drivers,
storm intensities, and event magnitudes (Perez-Navarro
and Sierra-Porta 2026). A central methodological issue is
comparability: naive similarity thresholds often generate
overly dense graphs that trivialize many network metrics,
whereas overly aggressive pruning can distort the un-
derlying organization (Gutierrez Gomez et al. 2017). A
reproducible graph-based FD framework must therefore
specify (i) the event window and missing-data treatment,
(ii) the similarity/distance definition, and (iii) a graph-
construction rule that yields interpretable and compara-
ble connectivity across events.
This work introduces an event-level network construc-

tion for FDs observed in the Neutron Monitor Database
(NMDB). For each event, stations are treated as nodes
and edges are derived from pairwise dissimilarities be-
tween station response series within a common event win-
dow, with missing values handled through alternative,

explicitly defined strategies (coverage-based station fil-
tering or iterative imputation). In addition, transforma-
tions and optional scalings are applied in the distance do-
main to control dynamic range and enhance cross-event
comparability. For visualization and controlled backbone
comparison, minimum spanning trees (MST) are used to
provide sparse (Stam et al. 2014), connected representa-
tions that highlight the dominant inter-station couplings
while keeping the edge count fixed across events.
The scientific objective is to test whether graph finger-

prints capture systematic differences between FD events
stratified by geomagnetic storm intensity and by FD
magnitude (drop). Three complementary predictive
tasks are considered: multi-class intensity classification
(G3/G4/G5), binary severity screening (≥G4 vs. G3),
and drop regression. Throughout this work, storm in-
tensity is classified using the NOAA geomagnetic storm
scale (G-scale), where G1 denotes minor storms and
G5 denotes extreme events (NOAA Space Weather Pre-
diction Center 2024). Evaluation is performed under
strict leave-one-event-out validation, and model selection
is restricted to a pre-defined, theory-motivated grid of
pipeline choices with selection criteria fixed a priori.
The contributions of this study are threefold. First,

it provides a reproducible pipeline that maps multi-
station FD time series into event graphs with explicit
control of preprocessing, missing-data handling, and
distance-domain operations. Second, it defines a com-
pact set of graph descriptors spanning integration, spec-
tral structure, mesoscopic organization, centrality ag-
gregates, and complexity measures, enabling event-level
analysis in small-sample regimes with leakage-free val-
idation. Third, it provides evidence that graph fin-
gerprints derived from NMDB carry information about
storm severity and FD magnitude and reveal rigidity-
conditioned organization in representative event back-
bones, supporting graph-based characterization as a
complementary tool for FD and space-weather studies.

2. DATA

We use hourly neutron-monitor count-rate records
from the NMDB, selecting the subset of stations available
during each Forbush decrease event (Steigies 2023, 2016;
Mavromichalaki et al. 2011). For each event, we extract a
common analysis window around the disturbance and as-
semble a time-aligned matrix whose columns correspond
to stations and whose rows correspond to measurement
times. Station coverage varies across events due to data
availability and quality control.
To characterize the magnitude of the event at each sta-

tion, we compute the percentage reduction in the cosmic-
ray count rate with respect to a pre-event reference level
defined as the mean count rate over a quiet period of
24–48 hours immediately preceding the FD onset. This
reference is initially derived from NMDB event metadata
and subsequently verified by visual inspection of each in-
dividual time series to confirm the absence of prior dis-
turbances.
Each FD event is assigned a storm intensity class on

the NOAA G-scale, compiled from widely used FD cat-
alogs and peer-reviewed studies, complemented with op-
erational space-weather reports from NASA and GOES-
based products where applicable. The complete list of
events, including dates, storm class, observed FD drop,
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and data sources, is provided in Appendix A. A full de-
scription of the neutron monitor stations used — includ-
ing cutoff rigidity, geographic coordinates, altitude, and
mean count rate — is given in Appendix B.
Finally, we collect station metadata from NMDB and

associated station documentation, including cutoff rigid-
ity, geographic coordinates (latitude and longitude), and
altitude. These attributes are used both for descrip-
tive analysis and to evaluate rigidity-conditioned network
structure and node-level roles across events. In addition
to cutoff rigidity, we note that the asymptotic viewing
direction of each station introduces further variability in
FD onset timing across the network; this geometric effect
is discussed in the context of the results in Section 5.

3. METHODS

3.1. Event windows and missing-data treatments

For each Forbush decrease (FD) event, a common
analysis window is extracted from multi-station NMDB
count-rate records and arranged into a time-aligned ma-
trix X ∈ RT×N , where T is the number of time samples
and N is the number of stations available for that event.
Count-rate records are used at hourly resolution, con-

sistent with the temporal scale of Forbush decrease dy-
namics. Where stations provide only minute-resolution
data, hourly rates are obtained by averaging, which both
reduces statistical noise and allows the inclusion of ad-
ditional stations that report only at hourly cadence. A
complementary missing-data treatments is considered to
assess robustness. (i) Coverage filtering: stations whose
fraction of missing values within the event window ex-
ceeds a fixed threshold τ = 0.5 are excluded, and subse-
quent computations operate on the retained station set.
(ii) Imputation: missing samples in X are imputed using
an iterative multivariate scheme with a k-nearest neigh-
bours (k-NN, k = 2) regressor as the base estimator
(Van Buuren and Groothuis-Oudshoorn 2011; Pedregosa
et al. 2011), producing a complete matrix prior to dis-
tance estimation. These two treatments define alterna-
tive event representations and are treated as part of the
pre-defined pipeline grid.

3.2. Pairwise distances between station responses

Let xi ∈ RT denote the response series for station
i in a given event window. Each series xi represents
the percentage deviation of the hourly count rate from
the station-specific pre-event reference level, as defined
in Section 2. This representation places all stations on
a common relative scale, making pairwise distances di-
rectly comparable across stations with very different ab-
solute count rates (which depend on detector size, alti-
tude, and tube configuration). Event-specific pairwise
distances are computed between station responses to
form a matrix D ∈ RN×N with entries dij . Two ℓp dis-
tances are considered:

d
(p)
ij =

(
T∑

t=1

|xi(t)− xj(t)|p
)1/p

, (1)

where p = 1 corresponds to Manhattan distance, and
p = 2 corresponds to the Euclidean member of the
Minkowski family (Shirkhorshidi et al. 2015; Wang et al.
2021; Shifaz et al. 2023). This choice provides a par-

simonious comparison between a more robust absolute-
deviation geometry (p = 1) and a quadratic geometry
(p = 2).
We note that this percentage-deviation representation

does not fully equalize station responses: stations at
higher cutoff rigidity exhibit systematically smaller per-
centage variations (both from FDs and from other mod-
ulation, with the notable exception of the diurnal vari-
ation, which is nearly rigidity-independent). An addi-
tional standardization step — e.g., per-station z-scoring
of xi prior to distance computation — could place all sta-
tions on a more equal footing and is a natural candidate
for the pipeline grid in future work.

3.3. Distance-domain transformations and
normalizations

To control dynamic range and improve comparability
across events, additional operations are applied directly
in the distance domain. Let t denote a robust scale de-
fined as the median of the off-diagonal distances {dij}i<j

for a given event. Three distance-domain transforma-
tions are explored:

d̃ij = dij (none), (2)

d̃ij = log

(
dij
t

)
(log), (3)

d̃ij = exp

(
dij
t

)
(exponential). (4)

After transformation, an optional normalization is ap-
plied to D̃ (e.g., none, min-max, z-score, robust scaling,
or decimal scaling), yielding a final event-specific dissim-
ilarity matrix used for graph construction.
Each transformation serves a distinct purpose. The

identity (no transform) preserves absolute dissimilarity
magnitudes, which may retain information about event
amplitude. The log transform compresses the dynamic
range of the distance matrix, reducing the influence
of outlier station pairs and stabilizing topology- and
centrality-based summaries across events with heteroge-
neous station coverage. The exponential transform am-
plifies large dissimilarities, sharpening contrasts between
strongly and weakly coupled station pairs at the cost of
increased sensitivity to outliers.
The optional post-transformation normalization can

introduce systematic effects that interact with down-
stream graph metrics. Min-max scaling maps all events
to the same distance range [0, 1], removing cross-event
amplitude information but improving comparability of
graph topology. Z-score and robust scaling preserve rel-
ative structure while standardizing spread; decimal scal-
ing reduces numerical magnitude without altering ratios.
These effects are part of the explicitly modeled pipeline
grid and are accounted for through the a priori model
selection protocol described in Section 3.6.

3.4. Graph construction

Each event is represented as a weighted, undirected
graph G = (V,E,W ) (Chung and Lu 2006; Kim and Wil-
helm 2008) where nodes correspond to stations (|V | =
N). Edges connect all station pairs (E is complete over
the retained stations), and weights are given by the trans-

formed/normalized dissimilarities (wij = d̃ij). In this
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representation, smaller weights indicate stronger similar-
ity (shorter dissimilarity). No additional edge sparsifica-
tion is imposed; comparability across events is primarily
enforced through the station-level coverage filtering and
the distance-domain scaling described above.
A consistent visual pattern is a core–periphery organi-

zation in which intermediate-rigidity stations tend to oc-
cupy bridging positions, while very low-rigidity stations
(polar/high-latitude, darker colors) more often appear as
peripheral branches. High-rigidity stations (warmer col-
ors) show partial clustering and connect through a small
number of intermediates, suggesting that similarity in
rigidity can translate into similarity of FD response mor-
phology and, consequently, shorter dissimilarities. This
qualitative behavior motivates rigidity-aware summaries
such as assortativity and centrality–rigidity relations at
the event level.
Figure 1 provides an illustrative event-level network

visualization for a representative FD. Nodes correspond
to neutron-monitor stations and node color encodes the
cutoff rigidity (GV). Edges correspond to the MST com-
puted from the event-specific dissimilarity matrix, pro-
viding a sparse, connected backbone with fixed edge
count (N − 1) and enabling direct visual comparison
across distance metrics.
The two vertical panels highlight that changing the

distance metric (Manhattan vs. Minkowski) can alter the
backbone geometry (e.g., hubness and branch structure)
while preserving the main large-scale station groupings.
For the illustrated event (drop ≈ 10.4%), the back-

bone already exhibits coherent connectivity across mul-
tiple rigidity regimes, but with visible heterogeneity in
node roles: some stations act as connectors across sub-
groups, while others remain weakly coupled and attach as
leaves. Across the full event set, the regression analysis
formally tests whether such global organization patterns
(e.g., efficiency, spectral complexity, centrality aggrega-
tion, and mixing structure) carry predictive signal for
drop magnitude beyond a fold-wise baseline, rather than
relying on individual visual examples.
For visualization and controlled backbone comparison,

the minimum spanning tree (MST) is computed from the
event-specific dissimilarity matrix using Kruskal’s algo-
rithm (Kruskal 1956). The MST retains exactly N − 1
edges — the minimal connected subgraph that links all
N stations while minimizing total edge weight. This
produces a sparse, connected backbone that highlights
the dominant inter-station dissimilarity structure while
keeping the edge count fixed and independent of event-
specific threshold choices. Cross-event comparability is
thereby enforced by construction: all event graphs share
the same topological constraint (N−1 edges), and differ-
ences in fingerprints reflect genuine differences in inter-
station organization rather than artifacts of density vari-
ation (Stam et al. 2014).

3.5. Event-level graph fingerprints

From each weighted event graph, a compact finger-
print vector is computed by aggregating node-level and
spectral/mesoscopic properties into event-level descrip-
tors. The reported feature set includes: global efficiency,
Estrada index, modularity, assortativity, average Katz
centrality, average closeness, average betweenness, and
a Laplacian-based summary, together with additional

complexity descriptors: a Shannon entropy of the edge-
weight distribution, a fractal-dimension estimate ob-
tained via the Compact-Box-Burning (CBB) algorithm
(Song et al. 2007) applied directly to the MST graph,
varying the box-diameter threshold ℓb ∈ {2, . . . , 11},
counting the minimum number of boxes required to cover
all nodes at each scale, and extracting the slope of the
logNb vs.log ℓb regression (so that df=-slope); and a
Hurst exponent estimated via rescaled-range (R/S) anal-
ysis (Schölzel 2019) applied to the ordered sequence of
MST edge weights.
When centrality measures depend on path lengths,

weighted shortest paths are computed using the dis-
similarity weights. Event-level centralities are obtained
by averaging node-wise values, producing comparable
scalars across events. These descriptors are designed
to capture complementary aspects of global integration
(efficiency), spectral complexity (Estrada), mesoscopic
structure (modularity), mixing patterns (assortativity),
and heterogeneity/complexity (entropy/fractal/Hurst)
in the station-response network. For a description of
these descriptors, metrics and markers see for example
Omar and Plapper (2020) and references therein.

3.6. Event labels, predictive tasks, and evaluation
protocol

Each FD event is assigned (i) a storm intensity label on
the NOAA G-scale and (ii) a continuous magnitude label
given by the observed FD drop (%). Three tasks are con-
sidered: multi-class intensity classification (G3/G4/G5),
binary severity screening (≥G4 vs. G3), and drop regres-
sion.
Model selection is performed over a pre-defined,

theory-motivated grid of pipeline choices (missing-data
treatment, distance metric, distance-domain transforma-
tion, and optional normalization). Selection criteria are
fixed a priori : macro-F1 for classification and R2 for re-
gression. Predictive evaluation is carried out with strict
leave-one-event-out (LOEO) validation. For regression,
performance is additionally compared against a fold-wise
mean-predictor baseline computed on each training fold.
In LOEO, each of the n events is held out in turn as

the test set while the remaining n − 1 events form the
training set; this process is repeated n times and per-
formance is aggregated across all held-out events. Any
preprocessing steps that involve data-driven fitting —
specifically, median imputation and feature standardiza-
tion — are fitted exclusively on the training fold and
applied to the held-out event, ensuring that no informa-
tion from the test event leaks into the model. Given the
modest sample size (n ≤ 34), LOEO provides the least
biased estimate of generalization error available without
external validation data.
This evaluation design follows established practice

for small-sample classification in space-physics con-
texts (Sierra-Porta 2024; Sierra-Porta and Domı́nguez-
Monterroza 2022).

4. RESULTS

The model-selection grid spans distance-domain trans-
formations, normalization choices, and two adjacency
metrics, evaluated under strict LOEO with leakage-free
preprocessing. Selection criteria were fixed a priori
(macro-F1 for classification; R2 for regression). Only the
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Fig. 1.— Illustrative two event graph for 2012-03-08 (G3) and 2023-04-23 (G2) which are representative Forbush decreases. Nodes are
stations colored by cutoff rigidity (GV). Edges correspond to the MST computed from the event-specific dissimilarity matrix, yielding a
sparse, connected backbone with N−1 edges that minimizes total distance. Left: Manhattan (p = 1); right: Minkowski/Euclidean (p = 2).
While the main station groupings persist, the MST topology (branching patterns and connector nodes) changes with the distance metric.

best-performing configuration per task is reported here;
the full sweep is available in the accompanying reposi-
tory.

4.1. Rigidity-conditioned node roles in event graphs

To assess whether geomagnetic shielding shapes lo-
cal station roles within event graphs, node-level descrip-
tors were stratified by cutoff rigidity and summarized
across events. Stations were grouped into three rigid-
ity bands using fixed physical thresholds: low rigidity
(Rc < 3 GV), high rigidity (Rc ≥ 6 GV), and an in-
termediate group spanning 3 < Rc < 6 GV. For each
event, node metrics were aggregated within each band to
obtain group-level summaries, and the resulting distri-
butions across events were compared.
Figure 2 shows the across-event distributions for four

representative descriptors (avg. katz, avg. closeness,
avg. betweenness, and a Laplacian-based summary).
A clear separation by rigidity emerges. Low-rigidity
stations exhibit systematically larger avg. katz and
avg closeness across events, indicating that these sta-
tions tend to occupy more central positions in the
event-network backbone and contribute disproportion-
ately to global communicability-like structure. In the
same group, avg. betweenness is also markedly higher,
suggesting that low-rigidity stations more frequently act
as bridges connecting subnetworks (or branches) in the
backbone representation. Conversely, medium- and high-
rigidity groups show substantially lower centrality levels,
consistent with a more peripheral or locally confined role.
The Laplacian-based summary displays a complemen-

tary pattern: the intermediate-rigidity group (3 ≤ Rc <
6 GV) exhibits larger values and broader variability than
the low- and high-rigidity groups. This is physically in-
terpretable in terms of the shielding structure of Earth’s
magnetosphere: low-rigidity (polar) stations are most
sensitive to GCR modulation and respond strongly to

any interplanetary barrier, making them dominant hubs
in the dissimilarity backbone; intermediate-rigidity sta-
tions, partially shielded, mediate between the strongly
modulated polar responses and the weakly modulated
equatorial responses, and consequently tend to occupy
spectral-bridging positions in the graph; high-rigidity
stations are the least modulated and appear as periph-
eral nodes. This hierarchy — directly traceable to geo-
magnetic shielding — is precisely what makes rigidity-
conditioned centrality a physically grounded fingerprint
component. Notably, the two descriptors showing the
strongest rigidity separation here (avg. Katz and avg.
Laplacian) also rank among the top predictors in the in-
tensity classification models (Table 5), directly linking
physical interpretability to predictive performance.

4.2. Multi-class classification of storm intensity
(G3/G4/G5)

The main classification task targets the categorical
storm intensity associated with each Forbush event
(G3/G4/G5). The best multi-class result was obtained
using a log transformation in the distance domain, no
post-distance normalization, and Minkowski-based adja-
cency, followed by linear discriminant analysis. Under
LOEO (n = 33 events), the classifier achieved an accu-
racy of 0.576, balanced accuracy of 0.572, and macro-F1
of 0.575.
Table 1 reports the confusion matrix. Class-wise recalls

are RecG3 = 6/10 = 0.60, RecG4 = 8/13 = 0.62, and
RecG5 = 5/10 = 0.50, indicating that performance is not
driven by a single class. Misclassifications are dominated
by neighboring categories (notably G4↔G5), consistent
with the expectation that storm severity forms a contin-
uum and that graph fingerprints may partially overlap
when intensities are close in magnitude. Figure 3 visual-
izes the same configuration in discriminant space (LD1–
LD2), showing a moderate but nontrivial organization
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Fig. 2.— Rigidity-conditioned distributions of node-role sum-
maries across events. For each FD event graph, node-level metrics
are aggregated within three cutoff-rigidity bands defined by fixed
thresholds: low (Rc < 3 GV), medium (3 ≤ Rc < 6 GV), and
high (Rc ≥ 6 GV). Boxplots summarize the distributions across
events. Low-rigidity stations show systematically larger avg. katz,
avg. closeness, and avg. betweenness, indicating more central and
bridging roles in event backbones, while the Laplacian-based sum-
mary peaks for the medium-rigidity group.

by intensity.

TABLE 1
LOEO confusion matrix for the best multi-class intensity

model (LDA; G3/G4/G5; n = 33).

Pred G3 Pred G4 Pred G5

True G3 6 1 3

True G4 1 8 4

True G5 2 3 5

Fig. 3.— LDA projection (LD1–LD2) for the best multi-class
intensity pipeline (log distance transform, no normalization and
Minkowski adjacency). Colors indicate storm classes (G3/G4/G5).

4.3. Binary severity screening: ≥G4 versus G3

A binary severity screening task was also considered,
grouping strong storms (G4/G5) versus moderate storms
(G3). The best-performing configuration for this task
— log distance transform, decimal-scaling normalization,

and Minkowski adjacency — differs from the multiclass
optimum, reflecting that the binary and multiclass tasks
favor different representations of inter-station dissimilar-
ity structure. Under LOEO (n = 33), LDA achieved
an accuracy of 0.788, balanced accuracy of 0.735, and
macro-F1 of 0.741 (Table 3).
Sensitivity to severe events is high: the true positive

rate for ≥G4 is 20/23 = 0.87. Specificity for G3 is
lower (5/10 = 0.50), indicating that a subset of mod-
erate events remains difficult to separate from the severe
group. This asymmetry is consistent with the expecta-
tion that stronger disturbances imprint more distinctive
global network signatures, while moderate events can oc-
cupy an intermediate regime in which fingerprints overlap
with adjacent categories.

TABLE 2
LOEO confusion matrix for binary severity screening

(LDA; ≥G4 vs. G3; n = 33).

Pred G3 Pred ≥G4

True G3 5 5

True ≥G4 3 20

4.4. Drop regression with PLS (5 components)

The regression task evaluates whether graph finger-
prints encode quantitative information about Forbush
magnitude by predicting the observed drop (%). The
best performance was obtained with Minkowski-based
adjacency and no distance transformation or normal-
ization, combined with partial least squares regression
(PLS) using 5 components. Under LOEO (n = 34), the
model achieved R2 = 0.350, MAE = 2.41 percentage
points, and RMSE = 3.06.
This outperformed a fold-wise mean-predictor baseline

(LOEO), which yielded R2 = −0.062, MAE = 2.69, and
RMSE = 3.91. Figure 4 shows predicted versus observed
drops, indicating measurable skill together with a typi-
cal regression-to-the-mean pattern: very large drops are
underpredicted and small drops slightly overpredicted,
which is expected given the limited sample size and the
intrinsic variability linking event morphology to magni-
tude.

4.5. Summary of best configurations

Table 3 summarizes the best-performing configurations
and LOEO performance. Overall, the results support the
hypothesis that geometric/topological graph fingerprints
extracted from multi-station Forbush observations con-
tain reproducible signal for (i) stratifying storm intensity
and (ii) partially explaining drop magnitude. Given the
modest number of events, these findings are best inter-
preted as evidence of signal in the proposed fingerprints
rather than as a final operational model; larger event sets
will enable tighter uncertainty quantification and more
definitive benchmarking.

4.6. Comparison with scalar baselines

To assess the practical advantage of the graph-based
pipeline over simpler alternatives, we evaluated six scalar
baselines under the same LOEO protocol and LDA clas-
sifier used for the graph fingerprints. Baselines include:
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Fig. 4.— PLS (5 components) LOEO regression: predicted vs.
observed Forbush drop (%) for the best pipeline (no transform;
no normalization; Minkowski adjacency). Each point represents
one held-out event. The dashed line indicates perfect agreement
between predicted and observed values.

TABLE 3
Best-performing configurations (selected by LOEO

performance) for each task.

Task Best setting LOEO performance

Multi-class
intensity
(G3/G4/G5)

LDA; log distance
transform; no normal-
ization; Minkowski
adjacency

Acc = 0.576; Balanced
Acc = 0.572; Macro F1
= 0.575 (n = 33)

Binary severity
(≥G4 vs G3)

LDA; log distance
transform; Decimal-
Scaling; Minkowski
adjacency

Acc = 0.7878; Balanced
Acc = 0.7347; MacroF1
= 0.7413 (n = 33)

Drop regression PLS-5; no transform;
no normalization;
Minkowski adjacency

R2 = 0.350; MAE =
2.41; RMSE = 3.06
(n = 34)

the maximum FD drop observed across polar stations
(Rc < 3 GV), the minimum southward IMF Bz com-
ponent, the mean interplanetary magnetic field magni-
tude |B|, and the mean solar-wind speed, each extracted
from the OMNI hourly dataset over a window span-
ning 6 hours before to 24 hours after the event onset
— a duration consistent with the typical main-phase
and early-recovery timescale of a geomagnetic storm;
a two-dimensional feature vector formed by the joint
pair (Bz minimum, |B| mean) over the same window,
used directly as input to the LDA classifier; and the
minimum Dst index. OMNI data were obtained from
the GSFC/SPDF OMNIWeb interface (King and Papi-
tashvili 2005).
Table 4 summarizes the results. All scalar baselines

fall below the graph fingerprints across the three tasks.
In the multiclass setting, the best scalar/vector baseline
is the joint (Bz, |B|) pair (macro-F1 = 0.561), which lies
0.014 points below the graph fingerprints (macro-F1 =
0.575); the minimum southward Bz alone reaches macro-
F1 = 0.501. In the binary screening task, the same joint
baseline reaches macro-F1 = 0.618 against 0.741 for the
graph pipeline (+0.123).
The polar max-drop — the most direct simple mea-

sure of FD amplitude — performs below the stratified-
random baseline in the multiclass task (macro-F1 = 0.285
< 0.333), confirming that raw amplitude at polar stations
does not stratify storm intensity. For drop regression,
all scalar baselines yield R2 < 0, indicating they per-

form worse than a fold-wise mean predictor, whereas the
graph PLS achieves R2 = 0.350. In absolute terms, the
graph PLS achieves the only positive R2 among all meth-
ods; while its MAE (2.41) is comparable to or better than
most baselines, the polar max-drop baseline shows a sim-
ilarly low MAE (2.28) despite its negative R2 (-0.007),
illustrating that low absolute error alone does not imply
predictive skill above a trivial mean-predictor.
These results demonstrate that the geometric and

topological structure encoded by the graph fingerprints
carries information about storm severity and FD magni-
tude that is not captured by any individual scalar mea-
sure derived from either cosmic-ray amplitude or inter-
planetary conditions.

TABLE 4
LOEO performance of scalar/vector baselines versus

graph fingerprints. MC: multiclass G3/G4/G5 (macro-F1);
Bin: binary ≥G4 vs G3 (macro-F1); Reg: drop regression.
All classifiers use LDA; regression uses linear regression
for baselines and PLS-5 for graph fingerprints. Bz, |B|,

and solar-wind speed are computed over a -6h/+24h
window centered on the event onset. Random:

stratified-random baseline. MAE and RMSE in percentage
points.

Method MC F1 Bin F1 Reg R2 MAE RMSE

Random (stratified) 0.333 0.500 — — —

Polar max-drop
(Rc < 3 GV)

0.285 0.411 −0.007 2.28 3.80

Bz southward min
(OMNI)

0.501 0.505 −0.061 2.70 3.91

|B| mean (OMNI) 0.470 0.411 −0.070 2.76 3.92

SW speed mean
(OMNI)

0.150 0.411 −0.006 2.38 3.80

(Bz , |B|) joint (2-
feat)

0.561 0.618 −0.285 2.96 4.30

Dst index 0.402 0.377 −0.057 2.73 3.90

Graph fingerprints 0.575 0.741 0.350 2.41 3.06

4.7. Which graph descriptors drive the predictions?

To improve interpretability, descriptor relevance was
estimated for the best-performing models by aggregating
standardized coefficients across LOEO folds (Table 5).
For multi-class intensity classification (G3/G4/G5), the
dominant contributors were average Katz centrality
(avg katz), followed by the Estrada index, Laplacian-
based summaries (avg laplacian), entropy, and mod-
ularity. This ranking suggests that severity strat-
ification is primarily supported by a combination
of communicability-like/global connectivity structure
(avg katz), spectral organization (Estrada and Lapla-
cian summaries), complexity/heterogeneity (entropy),
and mesoscopic organization (modularity).
For the binary severity screening task (≥G4 vs. G3),

the same core set remains dominant (Table 5), with
avg katz again ranking first, followed by avg laplacian,
entropy, Estrada index, and modularity. The im-
proved separation observed in the binary setting is there-
fore consistent with stronger shifts in global connec-
tivity/communicability and distance-geometry/spectral
structure between moderate and severe events, comple-
mented by complexity and community organization.
For drop regression (PLS-5), the largest standardized

coefficients were associated with assortativity (positive)
and average betweenness (negative), followed by smaller
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TABLE 5
Most influential graph descriptors for the

best-performing models, estimated by aggregating
standardized coefficients across LOEO folds. For

classification, values report mean±std relevance scores;
for regression, coefficients are reported as mean±std

(standardized).

Task Top descriptors (ranked)

G3/G4/G5 (LDA) avg katz (7.23±1.05), estrada index
(4.98±0.62), avg laplacian (4.56±0.57),
entropy (4.04±0.54), modularity (2.76±0.48)

≥G4 vs G3 (LDA) avg katz (20.21±3.64), avg laplacian
(12.23±1.48), entropy (10.77±1.36),
estrada index (8.08±1.05), modularity
(6.38±0.90)

Drop (PLS-5) assortativity (+4.41±0.27), avg betweenness
(−4.34±0.25), modularity (−0.65±0.09),
fractal (−0.65±0.10), avg laplacian
(−0.57±0.09)

but consistent contributions from modularity, fractal-
dimension estimates, and Laplacian summaries (mostly
negative; Table 5). This pattern indicates that drop
magnitude is more strongly linked to mixing and bridg-
ing structure (assortativity and betweenness), with ad-
ditional modulation from global organization and com-
plexity captured by mesoscopic and spectral/complexity
descriptors.

5. DISCUSSION

Before interpreting the classification results, it is worth
contextualizing the physical relationship between For-
bush decrease amplitude and geomagnetic storm sever-
ity. Both phenomena are driven by the same interplan-
etary transients (CMEs and their associated sheaths),
but they probe different physical properties. Storm in-
tensity on the NOAA G-scale is primarily controlled by
the southward component of the interplanetary magnetic
field (Bz < 0), which drives efficient energy transfer into
the magnetosphere through dayside reconnection (Cane
2000). FD amplitude, by contrast, depends on the mag-
netic barrier presented by the ICME sheath and flux
rope, which modulates cosmic-ray access through gra-
dient and curvature drifts and diffusion independently
of Bz polarity (Richardson and Cane 2011; Smart and
Shea 2005). Consequently, large FDs can occur without
a strong geomagnetic storm and vice versa, and the cor-
relation between FD amplitude and storm class is mod-
erate at best. This indirect coupling is consistent with
our baseline results (Section 4.6): the minimum south-
ward Bz — the most direct storm driver — achieves
macro-F1 = 0.501 in the multiclass task, while the polar
max-drop achieves only 0.285. Even the joint (Bz, |B|)
pair, which reaches macro-F1 = 0.561, remains below the
graph fingerprints (0.575) in the multiclass task and is
more clearly outperformed in binary screening (0.618 vs.
0.741). This indicates that, while interplanetary drivers
alone carry meaningful information, the morphological
structure encoded by the graph fingerprints captures ad-
ditional, complementary information not reducible to a
small set of in-situ scalar measurements.
The results indicate that event-level graph finger-

prints derived from multi-station neutron-monitor re-
sponses encode reproducible information about both
geomagnetic-storm severity and Forbush magnitude.
The moderate yet consistent performance in the
G3/G4/G5 task, together with confusion dominated by

adjacent categories, supports a physically plausible pic-
ture in which storm intensity behaves as an ordered con-
tinuum rather than a set of sharply separated regimes
(NOAA Space Weather Prediction Center 2024). In this
context, the LDA projection reveals partial organization
in discriminant space, while overlap remains expected
due to shared heliospheric drivers and heterogeneous
station responses modulated by geomagnetic shielding
(Cane 2000; Richardson and Cane 2011; Smart and Shea
2005).
The stronger performance observed in the binary

screening task (≥G4 vs. G3) suggests that the pro-
posed fingerprints are particularly sensitive to the struc-
tural signatures of more intense disturbances. This be-
havior is consistent with the expectation that stronger
CME/shock-driven transients can produce more coherent
and global organization across stations, whereas moder-
ate events may occupy an intermediate regime in which
morphology overlaps with neighboring categories. The
observed asymmetry between sensitivity and specificity
further motivates reporting both multi-class stratifica-
tion (for physical gradation) and binary screening (for
robust detection of stronger events).
The regression results demonstrate measurable skill for

predicting FD drop relative to a fold-wise mean baseline,
indicating that global network organization carries quan-
titative information about event magnitude. The resid-
ual regression-to-the-mean pattern for extremes is con-
sistent with limited sample size and with the intrinsically
noisy mapping between response morphology and mag-
nitude when station coverage, rigidity distribution, and
event geometry vary across cases (Mishev et al. 2024).
These considerations suggest that drop prediction is fea-
sible but likely benefits from larger event sets and ad-
ditional physically informed covariates. It is also worth
noting that event selection conditioned on geomagnetic
storm class introduces a sample bias: large FDs with-
out an associated storm, or storms without a prominent
FD, are excluded by construction. Future work should
assess whether including such events — or adopting an
FD-amplitude-first selection strategy — changes the fin-
gerprint structure and predictive relationships observed
here.
An additional point concerns representation choices in

the distance domain. The configuration that maximized
intensity classification favored a log transform, which
is compatible with stabilizing topology- and centrality-
based summaries by compressing the distance dynamic
range and reducing the influence of outliers (Box and Cox
1964). In contrast, the best-performing regression con-
figuration favored leaving distances untransformed, sug-
gesting that absolute dissimilarity magnitudes can retain
information relevant to drop that may be attenuated by
aggressive scaling. This divergence reinforces that dif-
ferent scientific targets (categorical severity versus con-
tinuous magnitude) can prefer different representations,
and that distance-domain operations should be treated
as explicit modeling choices rather than purely technical
preprocessing steps.
Finally, the MST backbone provides a controlled

sparse, connected representation that improves compa-
rability across events. This choice also mitigates well-
known sensitivity of many network metrics to graph den-
sity when graphs are produced by naive thresholding.
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At the same time, the absence of cycles by construction
implies that some mesoscopic descriptors are effectively
probed through global and spectral summaries rather
than through dense clustering structure. This motivates
targeted future tests with fixed-density augmentations
(e.g., MST plus a small number of shortest non-tree
edges) to quantify the incremental value of cyclic struc-
ture while preserving cross-event comparability (Tum-
minello et al. 2007).
We further note that the pre-event reference level used

here, derived from NMDB event metadata and verified
by visual inspection (Section 2), would not be straight-
forwardly available in real time: NMDB’s catalogued FD
events have not been updated for nearly two years, so an
operational implementation would require an indepen-
dent, automatically computed reference level. An ad-
ditional source of inter-station variability not explicitly
modeled here is the asymptotic viewing direction of each
detector, which determines the portion of the heliosphere
sampled and can introduce systematic differences in FD
onset timing between stations whose asymptotic direc-
tions become magnetically connected to the disturbed
interplanetary region at different times (Smart and Shea
2005). Incorporating viewing geometry as a node at-
tribute — alongside cutoff rigidity — represents a natural
extension that could sharpen the physical interpretation
of node roles in future work.

6. CONCLUSIONS AND OUTLOOK

A graph-based approach was developed to characterize
Forbush decreases using event-level networks constructed
from pairwise dissimilarities between station response se-
ries. A controlled sparse backbone (minimum spanning
tree) yields comparable connected graphs across events,
from which compact geometric/topological fingerprints
are computed. Model selection was performed over a pre-
defined, theory-motivated grid of pipeline choices, with
selection criteria fixed a priori (macro-F1 for classifica-
tion; R2 for regression) and evaluation carried out under
strict LOEO validation.
The main findings are: (i) multi-class intensity clas-

sification (G3/G4/G5) exhibits moderate but consis-
tent skill, with errors dominated by neighboring cat-
egories, supporting a continuum-like interpretation of
storm severity in fingerprint space; (ii) binary severity
screening (≥G4 vs. G3) yields stronger discrimination
and high sensitivity to severe events, indicating poten-
tial utility for robust event triage; (iii) drop regression
demonstrates measurable predictive skill relative to a
fold-wise mean baseline, implying that global network
organization encodes quantitative information about FD
magnitude, albeit with regression-to-the-mean tenden-
cies for extremes; and (iv) graph fingerprints outperform
all scalar and vector baselines — including polar max-
drop, minimum southward Bz, interplanetary field mag-
nitude, solar-wind speed, Dst, and the joint (Bz, |B|)
pair — across the three tasks, with the margin being
modest in the multiclass setting (0.575 vs. 0.561 for the
best baseline) but substantial in binary screening (0.741
vs. 0.618) and regression, where all baselines yield R2 < 0
while the graph PLS achieves R2 = 0.350, confirming
that the topological and geometric structure of the multi-
station response encodes information not captured by
any single physical index.

A practical consideration concerns the temporal scope
of the method. In its current form, the pipeline requires
the complete event window to compute the distance ma-
trix and graph fingerprints, making it a retrospective
characterization tool rather than an operational forecast-
ing system. This is by design: the goal is comparative
morphological analysis across events, not real-time pre-
diction. Nevertheless, a progressive variant is conceiv-
able — computing fingerprints on a rolling window as
the FD develops and tracking their evolution — which
could in principle provide an early severity assessment
before the event concludes. Such an extension would re-
quire careful treatment of the window length and of the
partial coverage problem (stations that come online or
drop out mid-event), and is left as a direction for future
work. We also note that existing real-time FD warning
systems, such as that operated by the Australian Bureau
of Meteorology Space Weather Services (Australian Bu-
reau of Meteorology Space Weather Services 2025), rely
on single-station or small-network triggers; the graph-
based framework could complement these by providing
richer morphological context once sufficient multi-station
data are available.
Given the modest number of labeled events, these re-

sults are best interpreted as evidence of reproducible sig-
nal in the proposed fingerprints rather than as a final
operational model. Several directions can strengthen
both statistical confidence and physical interpretabil-
ity: (a) Larger and more diverse event sets: ex-
pand the labeled catalog to stabilize model selection, en-
able calibration across solar-cycle phases, and support
ordinal or cost-sensitive formulations aligned with the
ordered nature of intensity classes; (b) Uncertainty-
aware benchmarking: report confidence intervals via
event-level resampling (bootstrap) and assess robustness
under alternative splits (e.g., leave-one-year-out or leave-
one-solar-cycle-out) when sample size permits; (c) Con-
trolled cycle reintroduction: compare MST finger-
prints against fixed-density alternatives (MST+m edges,
k-NN graphs) to quantify the incremental value of cyclic
and mesoscopic structure while preserving comparability;
(d) Physics-guided hybridization: combine graph
fingerprints with contemporaneous heliospheric and ge-
omagnetic covariates (e.g., Dst, solar-wind speed, dy-
namic pressure, IMF Bz) to evaluate incremental predic-
tive value and improve attribution; (e) Rigidity-aware
interpretability: incorporate station metadata (cutoff
rigidity, latitude/longitude, altitude) as explicit model
inputs or as conditioning variables to clarify how geo-
magnetic shielding shapes network roles and event finger-
prints; (f) Progressive event fingerprinting: extend
the pipeline to compute fingerprints on rolling windows
during event development, enabling severity assessment
before the event concludes and opening a pathway toward
near-real-time application; and (g) Viewing-geometry
integration: incorporate asymptotic viewing directions
as node attributes alongside cutoff rigidity to sharpen
the physical interpretation of node roles and account for
onset-timing heterogeneity across the station network.
Overall, graph fingerprints provide a compact, inter-

pretable representation of FD morphology that comple-
ments standard time-series and index-based analyses.
With expanded catalogs, uncertainty quantification, and
physics-informed integration, this framework can mature
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into a practical tool for comparative FD characteriza-
tion and for probing how heliospheric drivers imprint dis-
tinct network signatures on the global neutron-monitor
response.

DATA AND CODE AVAILABILITY

Neutron-monitor count-rate data are publicly avail-
able through the NMDB database (www.nmdb.eu). In-
terplanetary magnetic field, solar-wind, and geomag-
netic index data were obtained from the OMNI hourly
dataset via the GSFC/SPDF OMNIWeb interface (https:
//omniweb.gsfc.nasa.gov). The analysis scripts, pro-

cessed feature tables, and baseline comparison note-
book are available in the repository: https://github.
com/dosquisd/NMDB-FD-PredictorWithGraphs
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APPENDIX

EVENT CATALOG

Table 6 lists the 34 Forbush decrease events used in this study, ordered chronologically. For each event the date of the
FD onset is given together with the associated NOAA geomagnetic storm class (G-scale), the observed network-level
FD drop (%), and the minimum Dst index recorded during the event window (nT). Storm classes were compiled from
the NOAA Space Weather Prediction Center storm archive, the Forbush Decrease and Interplanetary Events Database
(FEID), and peer-reviewed catalogues; for events with conflicting classifications, the most conservative peer-reviewed
source was adopted.

TABLE 6
Forbush decrease events used in this study. Drop: network-level maximum percentage reduction in cosmic-ray count rate.

Dstmin: minimum hourly Dst index during the event window (OMNI/WDC).

Date Class Drop (%) Dstmin (nT)

2001-04-08 G3 6.68 −100

2001-04-11 G4 12.71 −271

2001-04-28 G4 7.74 −130

2001-09-25 G4 8.13 −102

2001-10-11 G4 6.46 −46

2001-10-21 G5 6.94 −412

2001-11-06 G4 12.52 −292

2001-11-24 G5 9.25 −221

2002-04-17 G3 6.56 −126

2002-05-23 G3 6.93 −109

2002-11-16 G3 7.30 −106

2003-05-29 G4 6.45 −144

2003-10-29 G5 26.06 −383

2003-10-30 G5 8.67 −383

2003-11-20 G5 6.58 −422

2004-01-22 G3 8.71 −149

2004-07-26 G4 13.48 −200

2004-11-07 G5 8.11 −373

2004-11-09 G5 8.12 −383

2005-01-18 G3 6.19 −121

2005-01-21 G4 11.26 −101

2005-05-15 G5 11.45 −263

2005-08-24 G5 7.16 −216

2005-09-11 G3 12.25 −139

2006-12-14 G4 9.29 −146

2011-10-24 G3 6.01 −137

2012-03-08 G3 10.40 −148

2012-07-14 G4 6.70 −139

2015-06-22 G4 8.57 −198

2017-09-07 G4 6.41 −144

2021-11-03 G3 9.68 −117

2023-04-23 G2 6.57 −213

2024-03-24 G4 11.47 −130

2024-05-10 G5 15.32 −412

Class distribution: G2×1, G3×10, G4×13, G5×10.

NEUTRON MONITOR STATION CATALOG

Table 7 lists the 49 neutron monitor stations used across the 34 events. Station codes follow the NMDB convention.
Not all stations contributed data to every event; the set of active stations varies with data availability and the coverage-

www.nmdb.eu
https://omniweb.gsfc.nasa.gov
https://omniweb.gsfc.nasa.gov
https://github.com/dosquisd/NMDB-FD-PredictorWithGraphs
https://github.com/dosquisd/NMDB-FD-PredictorWithGraphs
www.nmdb.eu
www.nmdb.eu
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filtering criterion (τ = 0.5). Cutoff rigidities (Rc) are vertical geomagnetic cutoff rigidities from the NMDB station
documentation. Geographic coordinates and altitudes are taken from NMDB metadata at www.nmdb.eu.

TABLE 7
Neutron monitor stations used in this study, sorted by cutoff rigidity. Lat/Lon in decimal degrees (negative = S/W). Alt:
altitude above sea level (m). Rc: vertical geomagnetic cutoff rigidity (GV). Station codes follow NMDB conventions.

Code Station / Location Lat (◦) Lon (◦) Alt (m) Rc (GV)

TERA Terra Nova Bay, Antarctica −74.69 164.12 10 0.01

DOMB Dome B, Antarctica −77.05 94.92 3650 0.01

DOMC Dome C (Concordia), Antarctica −75.10 123.35 3233 0.01

MRNY Mirny, Antarctica −66.55 93.02 35 0.03

SOPO South Pole, Antarctica −90.00 0.00 2820 0.10

SOPB South Pole B, Antarctica −90.00 0.00 2820 0.10

NEU3 Neumayer III, Antarctica −70.67 −8.27 42 0.10

MWSB Mawson B, Antarctica −67.60 62.87 30 0.22

MWSN Mawson, Antarctica −67.60 62.87 30 0.22

FSMT Fort Smith, Canada 60.02 −111.93 205 0.30

THUL Thule, Greenland 76.50 −68.70 260 0.30

PWNK Peawanuck, Canada 54.98 −85.43 53 0.30

NAIN Nain, Canada 56.55 −61.68 46 0.30

JBGO Jang Bogo, Antarctica −74.62 164.22 29 0.30

INVK Inuvik, Canada 68.35 −133.72 21 0.30

TXBY Tixie Bay, Russia 71.58 128.92 0 0.48

NRLK Norilsk, Russia 69.27 88.05 45 0.63

APTY Apatity, Russia 67.57 33.40 177 0.65

OULU Oulu, Finland 65.05 25.47 15 0.81

CALG Calgary, Canada 51.08 −114.13 1128 1.08

KERG Kerguelen Islands, France −49.35 70.26 33 1.14

YKTK Yakutsk, Russia 61.95 129.72 118 1.65

MGDN Magadan, Russia 59.95 150.77 220 2.10

KIEL2 Kiel2, Germany 54.33 10.13 54 2.36

KIEL Kiel, Germany 54.33 10.13 54 2.36

NEWK Newark, USA 39.68 −75.75 50 2.40

MOSC Moscow, Russia 55.47 37.32 200 2.43

MCRL Mc Murdo, Antarctica −77.85 166.72 48 2.46

DRBS Dourbes, Belgium 50.10 4.60 225 3.18

IRK3 Irkutsk-3, Russia 52.27 104.32 435 3.64

IRK2 Irkutsk-2, Russia 52.27 104.32 435 3.64

IRKT Irkutsk, Russia 52.27 104.32 435 3.64

LMKS Lomnický Št́ıt, Slovakia 49.20 20.22 2634 3.84

JUNG Jungfraujoch, Switzerland 46.55 7.98 3475 4.49

JUNG1 Jungfraujoch-1, Switzerland 46.55 7.98 3475 4.49

HRMS Hermanus, South Africa −34.42 19.22 26 4.58

BKSN Baksan, Russia 43.28 42.69 1700 5.70

AATB Almaty B, Kazakhstan 43.25 76.92 800 5.90

AATA Almaty A, Kazakhstan 43.25 76.92 800 5.90

ROME Rome, Italy 41.86 12.47 60 6.27

CALM Alma-Ata (historical), Kazakhstan 43.25 76.92 800 6.95

PTFM Plateau de Bure, France 44.63 5.91 2552 6.98

ARNM Arnhem, Netherlands 51.98 5.88 15 7.10

NANM Naan, Netherlands 51.98 5.88 15 7.10

MXCO Mexico City, Mexico 19.33 −99.18 2274 8.28

ATHN Athens, Greece 37.97 23.72 260 8.53

TSMB Tsumeb, Namibia −19.20 17.58 1240 9.15

ESOI Ein Shemer, Israel 32.50 35.00 70 10.75

DJON Djourney, South Korea — — — 11.20
† Coordinates and altitudes from NMDB documentation (www.nmdb.eu).
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