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Abstract Meteoroids impacting Earth’s atmosphere generate acoustic waves that can couple into the
ground and can be recorded by dense, globally distributed seismic networks. Thus, these records comple-
ment optical and radar observations, especially since seismic stations also operate in cloudy weather condi-
tions and during daytime. However, open datasets that link meteoroid events to labeled seismic waveforms
are scarce, limiting the development of automated detectors for meteoroid-induced seismo-acoustic signals.
We introduce the Seismo-acoustic Meteoroid Observation Recording Database (SMORD), compiled by cross-
referencing public meteoroid catalogs (International Meteor Organization fireball reports; NASA CNEOS fire-
ball catalog) with seismic archives. Continuous waveforms are manually labeled for the first clear meteoroid-
related onset of air-to-ground coupled seismic waves using a three-level pick-quality scheme. SMORD v1.0
contains 310 meteoroid events and 3,295 labeled arrivals across a global station set. Using SMORD labels,
we train a PhaseNet picker in SeisBench with station-level splits and augmentation. On test data, the model
achieves 91% precision and 94% recall at a 0.5 decision threshold (area-under-curve value 0.89), with median
absolute timing error of 0.02 s (90% within c. £0.3 s). We demonstrate automated onset detection and trajec-
tory reconstruction for an April 2025 Adriatic fireball, highlighting the values of SMORD for rapid post-event
analysis.

Non-technical summary When a bright meteor, or fireball, enters the Earth’s atmosphere, it gen-
erates a powerful acoustic wave in the air. This wave can shake the ground slightly, and sensitive earthquake-
monitoring stations can detect it. Since these stations operate day and night and are unaffected by clouds,
they can detect fireballs even when camera systems or radars miss them.However, the lack of a well-organized,
shared collection of these fireball signals in seismic data is a major challenge. To address this, we created a
Seismo-acoustic Meteoroid Observation Recording Database (SMORD). SMORD is an open database that links
reported fireball events from public sources with the corresponding seismic recordings from nearby earth-
quake stations. We gathered relevant seismic recordings and marked the first onset time of each fireball sig-
nal, which can be used to calculate their trajectories.SMORD currently includes 310 fireball events and 3,295
marked signal arrivals from seismic stations worldwide. Using these examples, we train a machine-learning
tool that can identify fireball-related signals in new seismic data with high reliability and precise timing. We
demonstrate how this tool can quickly detect a fireball and estimate its travel path through the atmosphere,
supporting rapid follow-up studies after an event.
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1 Introduction

Earth is constantly subjected to an influx of interplane-
tary matter and most of this mass arrives as interplan-
etary dust (Drolshagen et al., 2017). As the size and
mass of this matter increases, penetration depth into
Earth’s atmosphere increases as well (e.g., Gritsevich,
2009). Surpassing 30 um these objects are classified as
meteoroids (Koschny and Borovicka, 2017). Meteoroids
impacting Earth are studied by different techniques:

*Corresponding author: dario.eickhoff@kit.edu

optical observations by ground-based camera networks
(e.g., FRIPON, see Colas et al., 2020), space-based opti-
cal detections (e.g., the GOES Geostationary Lightning
Mapper (GLM), see Jenniskens et al., 2018), reports from
human observers (e.g., IMO Fireball Program, see Han-
key and Perlerin, 2014; International Meteor Organiza-
tion, 2025a), radio forward-scatter and radar systems
(e.g., CMOR, see Webster et al., 2004; Jones et al., 2005;
BRAMS see, Lamy et al., 2023), infrasound measure-
ments (e.g., Ens et al., 2012; Ott et al., 2019; Pilger et al.,
2020; Silber, 2024), and seismo-acoustic methods that

SEISMICA | ISSN 2816-9387 | volume 5.2 | 2026


https://doi.org/10.26443/seismica.v5i2.2551
https://orcid.org/0009-0006-1185-8880
https://orcid.org/0009-0004-4502-9031
https://orcid.org/0000-0002-0587-7018

SEISMICA | RESEARCH ARTICLE | Seismo-Acoustic Meteoroid Observation Recording Database (SMORD)

track ground-coupled airwaves at seismic stations (e.g.,
ReVelle, 1976; Edwards et al., 2008; Neidhart etal., 2021).

Optical and radio techniques rely on ionization pro-
duced along the meteoroid trail, whereas seismo-
acoustic methods are based on the shock wave induced
by a meteoroid while it travels at supersonic speed.
Atmospheric entry speeds of meteoroids range from
about 11 km s to 72 km s (Ceplecha et al., 1998; Moor-
head et al., 2019), considerably exceeding the velocity
of sound in the atmosphere (c. 290-350 m st). After
coupling into the solid Earth, seismic waves are excited
with much higher propagation velocities compared to
the velocity of sound, while still being significantly
slower than the meteoroids themselves. In Fig. 1, three
events with recording examples of meteoroid-induced
signals are presented.

A key advantage of seismo-acoustic observations is
the abundance and global distribution of seismic sen-
sors, which provide broad and dense spatial coverage
compared with the much smaller number of dedicated
meteor cameras. These cameras, in turn, greatly out-
number meteor radar systems (e.g., Andrioli et al., 2013;
Vida et al., 2021; Ringler et al., 2022). Additionally,
seismo-acoustic stations are independent of cloud cov-
erage and light conditions, which especially inhibit op-
tical detections. Previous studies have demonstrated
that meteoroids produce infrasound that can be read-
ily detected (ReVelle, 1976; Silber et al., 2015) and that a
portion of this acoustic energy couples into the ground
and can be recorded with seismic instruments (Edwards
et al., 2007, 2008; Novoselov et al., 2020). Observational
studies have shown that infrasound sensors can reliably
detect acoustic waves from meteoroids with masses
ranging from grams to tens of kilograms (Silber and
Brown, 2014). Seismic stations, however, record ground
motions that have undergone acoustic-to-seismic or air-
to-ground coupling in the case of meteoroid signals. In
this study, we focus on the so-called direct coupled air-
wave (e.g., Edwards et al., 2008) that produces character-
istic W-shaped wavelets on seismic recordings, because
they are easy to identify and exhibit the best signal-to-
noise ratios. They are called direct coupled airwaves be-
cause the coupling into the ground happens close to the
seismometer. Estimates of acoustic-to-seismic coupling
efficiency commonly lie in the ~1-3 % range (Novoselov
et al., 2020); this variability is closely linked to near-
surface site conditions, such as the stiffness of the lo-
cal geological material and other surface conditions,
e.g., topography (Edwards et al., 2008; Novoselov et al.,
2020). Another factor is the incidence angle of the me-
teoroid: steeply incident meteoroids radiate acoustic
waves nearly parallel to the Earth’s surface and, there-
fore, are harder to detect (Neidhart et al., 2021). Neid-
hart et al. (2021) identified meteoroid related signals on
seismic sensors for meteoroid masses ranging from 1 g
to 10° g. Their study determines a lower limit of mete-
oroid masses that can be recorded with seismometers.
It shows that the lower mass end of recordable mete-
oroids is well below 10° g, which is the order of mag-
nitude at which larger meteoroids begin to pose poten-
tial hazards at Earth’s surface, highlighting the impor-
tance of rapid and reliable detection. Thus, seismologi-
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cal studies can contribute to quantifying the meteoroid
flux to assess risks associated with these extraterrestrial
bodies. In addition, a rapid calculation of the trajectory,
which is the path the meteoroid takes through the atmo-
sphere, can help to recover the extraterrestrial material
for further studies. Meteoroid trajectories have been re-
constructed by seismo-acoustic signals before (e.g., Ar-
rowsmith et al., 2007; Vera Rodriguez et al., 2022) and
there exist geometrical reconstruction methods (e.g.,
Pujol et al., 2005), as well as ray-based approaches that
can include the effects of atmospheric winds (e.g., Blom
et al., 2024).

For these reasons, we focus on meteoroid events from
publicly accessible catalogs which contain significant
events: the International Meteor Organization (IMO)
fireball event lists derived from crowd-sourced visual
human observer reports (International Meteor Organi-
zation, 2025a) and the NASA Center for Near-Earth Ob-
ject Studies (CNEOS) fireball catalog compiled from U.S.
Government sensors (NASA/JPL, 2025).

Open datasets linking meteoroid events to seismic
waveforms and arrival onsets remain scarce, and au-
tomated detectors trained specifically on meteoroid-
generated signals do not exist yet or are unknown
to the authors. Therefore, we introduce the Seismo-
acoustic Meteoroid Observation Recording Database
(SMORD), compiled from cross-referencing public me-
teor event catalogs with regional seismic observations
and by manually labeling meteoroid-related phase ar-
rivals. We describe the database, data sources, and la-
beling protocol. Furthermore, we develop and evaluate
a phase-arrival picker based on PhaseNet via SeisBench
(Zhu and Beroza, 2019; Woollam et al., 2022) trained on
SMORD labels. We report accuracy, precision, and re-
call on test data, which was not part of the training.
Finally, we demonstrate automatic phase detection for
meteoroid acoustic-to-seismic signals and trajectory re-
construction using SMORD, as well as its current limita-
tions.

2 Data

2.1 Meteoroid event catalogs

IMO Fireball Program: The event catalog of the
IMO fireball program is a community-driven, publicly
browsable database of fireball events reported by hu-
man observers (Hankey and Perlerin, 2014). For our
selection we restrict IMO events to those with >100 in-
dependent reports to prioritize well-constrained trajec-
tories. We analyze all IMO events from 2010-2023 and
selected events from 2024. Because the database relies
on human witnesses, the events cluster near population
centers and during times of day when many people are
awake. For each IMO event, we take the reported trajec-
tory beginning and end points and calculate the mid-
point along the trajectory. Then we search for seismic
stations within a great-circle distance of 3° from this
midpoint. The catalog also includes six re-entry events
of space debris, which produce seismo-acoustic signals
analogous to meteoroids (e.g., Fernando and Charalam-
bous, 2026; Fernando et al., 2024); these are included in
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Figure1l Vertical component waveform examples of meteoroid signals. Lateral distance is relative to the center of the tra-
jectory, and time zero corresponds to the onset time of each signal arrival which is manually picked. The waveforms are
colored with respect to the pick quality (0/green: high pick quality, 1/blue: moderate pick quality, 2/orange: low pick quality,
see Table 1). Here seismo-acoustic onsets can be identified at lateral distances of a) up to 260 km for an event above Washing-
ton State and b) up to 390 km for an event above Italy. c) Detailed view of waveform examples for the different pick qualities
for the IMO event 1185-2013 over Ohio State. The Y-axis annotations represent the network-station-code combination (FDSN)
for each seismogram. Time (along the X-axis) is relative to picked onset time. The waveforms are bandpass filtered from
1-10 Hz and the traces are normalized.

SMORD but flagged for optional filtering. 3 Methods

CNEOS fireball catalog: We use all CNEOS events 3.1 Manualphase picking and labeling proto-
compiled by NASA/JPL (NASA/JPL, 2025) from 1988- col

2024 with reported estimated yields >0.3 kt TNT equiv-
alent to prioritize energetic airbursts expected to radi-
ate strong acoustic waves. The CNEOS events are based
on U.S. Government space-based sensors and provide
a near-global coverage. As with IMO, we take the re-
ported event location, but we increase the search ra-
dius for seismic stations to 5° to reflect (1) weaker ties of
CNEOS detections to population centers and dense seis-
mic networks, and (2) generally higher signal-to-noise
(SNR) ratios for higher-yield events.

We visually inspect time windows around expected
wave arrivals at each recording station and manually
pick the first clear onset attributed to the meteoroid-
related wave. The time windows are selected around the
arrival time of an acoustic wave traveling with 330 m/s
with the time window width increasing with increas-
ing origin-station distance. The time windows are addi-
tionally expanded in both directions by 120 s to account
for the uncertainty of the vertical location of the me-
teoroid source. Selection criteria include an impulsive,
negative-polarity onset on the vertical component, with

2.2 Waveform retrieval and preprocessing adominant frequency between 1-20 Hz, consistent with

Continuous waveforms are downloaded using public ground-coupled airwaves (i.e., W-shaped wavelets; see
FDSN services (e.g., the EIDA Federator, see Strollo Edwards et al., 2008). For further verification, we check
et al., 2021; the IRIS DMC, see Trabant et al., 2012; for a plausible moveout of an acoustic wave, cross-
the NCEDC, see Northern California Earthquake Data component coherence, and exclusion of disturbing lo-

Center, 2014; the SCEDC, see SCEDC, 2013; Raspberry cal anthropogenic or tectonic phase arrivals. Each pick
Shake, see Raspberry Shake, S. A., 2016) with ObsPy receives a quality flag of 0 to 2 (best to worst) that is

(Beyreuther et al., 2010). Network, station, location, chosen depending on onset clarity and signal-to-noise
and channel codes are stored in SMORD. Preprocess- ratio (SNR) (see Figure 1c; Table 1). In the case of on-
ing for picking includes instrument-response removal sets with characteristics of two different qualities, e.g.,
(to ground velocity), detrending, and band-pass filter- a clear onset with only moderate amplitude, the result-
ing (varied in the frequency band 0.5-40 Hz) to empha- ing pick quality will be the lower one of the two qual-
size the onsets of the acoustic-to-seismic signals. Time ity identifiers; in this exemplary case a pick quality of 1
windows are aligned relative to catalog event times with would be attributed.

padding to accommodate atmospheric propagation de- Metadata are stored per pick with including event and
lays and catalog uncertainties in location and origin station identifiers as well as locations. Picks have an
time. associated pick time in UTC, network/station/location
3
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code, channel, and quality flag (see Table 2).

3.2 Model training with SeisBench PhaseNet

To automatically find seismic signals of meteoroids,
we trained a probabilistic seismic phase picker using
PhaseNet (Zhu and Beroza, 2019), as implemented in the
SeisBench framework (Woollam et al., 2022). SeisBench
provides standardized access to waveform datasets, pre-
processing routines, and benchmark models for seis-
mological machine learning (Woollam et al., 2022).
PhaseNet is a deep convolutional neural network that
maps multi-component waveform windows to phase-
probability time series (Zhu and Beroza, 2019). This
routine makes it well-suited for robust P- and S-phase
picking in noisy environments. In our setup, we train
the network on positive windows centered on analyst
labeled arrivals, off-center positive windows, and nega-
tive windows. Training proceeds over multiple epochs,
during which the model updates its parameters itera-
tively to minimize a weighted cross-entropy loss that en-
courages sharp phase probability estimates. This strat-
egy leverages the strengths of neural networks to learn
complex nonlinear relationships in seismic data while
controlling overfitting through data augmentation and
repeated exposure to diverse positive examples.

SMORD waveforms and labels are packaged as a Seis-
Bench WaveformDataset (Miinchmeyer and Woollam,
2025; Woollam et al., 2022). For training, the raw, unpro-
cessed time series are resampled to a common 100 Hz
sampling rate, which is consistent with the standard
configuration of PhaseNet (Zhu and Beroza, 2019). The
dataset is partitioned into disjoint training, develop-
ment, and test subsets with an 80/10/10 split at the sta-
tion level. This ensures that all waveform windows de-
rived from a given station across all meteoroid events
appear in only one subset. This grouping prevents train-
to-test contamination, i.e., data leakage, in which nearly
identical waveform segments would be present in both
the training and evaluation data. Contamination would
lead to overly optimistic validation performance and
poor generalization (Sasse et al., 2025), which is miti-
gated by our strategy.

Since meteoroid events are usually observed at multi-
ple stations, the station-level split allows each subset to
sample a variety of events while keeping station-specific
effects separate. This better reflects the intended appli-
cation to unseen stations and follows common machine
learning practice for grouped or correlated data, where
samples sharing a common identifier are kept within
the same split to obtain an unbiased estimate of model
performance (Sasse et al., 2025).

To train the network, we use three different com-
plementary generators that let the network learn the
pattern of wave onsets, while being robust to different
source-receiver orientations and noise:

1) positive windows centered on labeled meteoroid
signal onsets,

2) augmented positive windows which are identical to
1 but with on-the-fly data augmentation: random

rotations in the horizontal plane and additive Gaus-
sian noise, and

3) noise-only windows drawn uniformly from train-
ing records and explicitly labeled as “N” (noise) to
control false positives.

The first generator allows the network to learn the
typical waveform patterns associated with arrivals of
meteoroid signals, e.g., onset shape, polarity, and rel-
ative timing between components. Using 1) as a dis-
tinct generator ensures that enough genuine onsets are
contained in every batch, so that the model can learn
a sharp phase likelihood for true arrivals. The second
generator uses the same positive samples but with ran-
dom horizontal component rotations that simulate dif-
ferent source-receiver geometries. The additive Gaus-
sian noise used in this generator teaches the network to
keep detecting onsets even as the SNR diminishes. Be-
cause these augmentations are re-applied during each
epoch, the model effectively sees a much larger variety
of examples, which reduces overfitting and improves
generalization. The third generator teaches the net-
work to identify noise, which reduces false positives.

The three generators are concatenated to form the
training stream used by PyTorch (Paszke et al., 2019)
and increase the amount of training data for each
epoch. In this way the data is increased from 2,637 sig-
nals for only generator 1 to over 7,911 signals with all
three generators. Time windows are 6,000 samples long
(60 s at 100 Hz), with the labeled onset randomly posi-
tioned within the window followed by a zero padding to
maintain fixed length across all windows.

We train a PhaseNet architecture from SeisBench
configured for three per-sample classes P/S/N (with
S unused here) from scratch, because meteoroid air-
to-ground coupled phases differ fundamentally from
earthquake P- and S-phases and no suitable pre-trained
models exist for this signal class. Inputs are three-
component seismograms (Z, N, E) if available, other-
wise vertical (Z) recordings only. To encourage orienta-
tion invariance, we apply random rotations in the hor-
izontal plane, and to simulate a variable noise floor we
add Gaussian noise which scales up to ~10 % of the nor-
malized amplitude for each epoch for generator 2. All
inputs are demeaned and peak-normalized within the
window.

Labels are produced as probabilistic time series with
a Gaussian smoothing across 20 samples (0.2 s at
100 Hz). For positive examples, we use the single man-
ually picked meteoroid signal onset and map it to the
P-wave channel (the S-wave channel remains unused,
as there are no labelled S-phase picks associated with
acoustic meteoroid-induced seismic waves; no S-phases
are contained in SMORD). Noise-only windows are la-
beled N =1 everywhere. The network thus learns a per-
sample posterior over P/S/N tailored to meteoroid air-
to-ground coupled seismic wave onsets.

We use the AdamW optimizer from PyTorch (Paszke
et al., 2019) with a learning rate of 103 and a weight
decay of 102, These are unitless hyperparameters that
control update magnitude and regularization strength,
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Pick quality High (0) Moderate (1) Low (2)
wavelet with multi-
_ clear W-shaped slightly dwstorted or ple peaks/troughs
onset clarity () wavelet with multi- | or no clear onset;
wavelet
ple peaks/troughs emergent  wave-
forms

W amplitude is el-
evated significantly
above the noise

SNR(1I)

Table1 Guidelines for decision-making for pick quality.

Metadata type

W amplitude is el-
evated moderately
above the noise

W amplitude s
close to the noise

Value

Eventid

Event origin time
Event location
Station network code
Station code

Trace channels

Trace sampling rate
Station location
Phase pick quality
Trace start time

P phase arrival sample
Split

IMO 1185-2013
2013-05-31T03:03:00.000
40.014 °N; 83.598 °W

TA

094A

BH*

40 Hz

40.188 °N; 84.335 °W; 292 m
0
2013-05-31T03:06:46.000
4006

Train

Table2 Metadata of a phase pick stored in SMORD with exemplary values. The P phase arrival sample marks the waveform
sample at which the meteoroid related onset is picked. The split, either train, dev, or test is the separation of the dataset into
the three groups used for the PhaseNet training (see Section 3.2).

respectively. The AdamW optimizer combines adap-
tive step sizes, or per-parameter learning rates based
on running estimates of gradient mean and variance,
with decoupled weight decay. This improves the behav-
ior of weight decay for adaptive optimizers compared to
classic L2-penalty formulations (Loshchilov and Hutter,
2017). We use cosine annealing to schedule the learn-
ing rate across 500 epochs, yielding large updates early
on and progressively smaller updates later on for fine-
tuning (Loshchilov and Hutter, 2016). To stabilize opti-
mization, we apply global gradient-norm clipping with
an L2-norm threshold of 1.0. This means thatif the over-
all L2-norm of the gradients across all parameters ex-
ceeds 1.0, the gradients are rescaled to prevent exces-
sively large parameter updates that could destabilize the
training (Pascanu et al., 2013). For each time sample,
the model outputs softmax probabilities for the P/S/N
classes (e.g., Bridle, 1990). We train with class-weighted
cross-entropy (weights of 1.0, 0.0, and 0.4 for P, S, and
N, respectively) and then average the loss over all time
samples and across the batch. Class weighting is a stan-
dard approach for imbalanced classes (i.e., the Pand N
classes in this case) and per-sample supervision (Buda
et al., 2018). We monitor the loss for each epoch on the
development split of the dataset, and we save the model
with the best loss.

4 Results

SMORD currently contains 310 distinct meteoroid and 6
re-entry events as well as 3,295 labeled seismo-acoustic
picks across a global station set of 1,772 seismological
recording stations (SMORD v1.0). Of the 316 events,
262 are taken from the IMO Fireball event list (~83 %),
accounting for 3,083 associated picks (~94 %). CNEOS
events represent ~17 % of the database and they con-
tribute to ~6 % of labeled picks. The contribution of
picks from the CNEOS database is lower, because events
can be identified over the open ocean far away from
seismometers. Here, we only include the events where
we identified at least one meteoroid-related phase.
Events cluster around densely populated regions of cen-
tral Europe and the eastern United States (Fig. 2), a con-
sequence of the eyewitness-driven IMO contribution.
We partly mitigated this bias by including the CNEOS
list, which is less location- and time-biased. Thereby
events are added from the southern hemisphere as well.

Of the 310 meteoroid events, 218 occurred in North
America, 61 in Europe, and 31 elsewhere. Only 18
events were reported from the southern hemisphere.
Figure 3 summarizes key features of SMORD meta-
data. Before 2010, only CNEOS events are included in
SMORD, because no IMO events reached the thresh-
old of >100 observers. The CNEOS list provides on
average one event per year to SMORD. After 2010, as
the IMO program grew, the number of SMORD events
per year rose markedly. Figures 3b-c show the event-
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Figure2 a) World map of SMORD events. Colored circles mark IMO (International Meteor Organization, 2025a) events and
colored squares mark CNEOS (NASA/JPL, 2025) events. Events are colored with respect to the year of their respective occur-
rence. The same coloring and marking are used in b) and c). b) Zoomed-in map with Central European events. c) Zoomed-in

map with North American events.

time distribution over UTC and local time. The high
number of events at 0 - 4 h UTC time coincides with
evening to night times in North America and Western
Europe, respectively, which indicates the diurnal bias of
the dataset. This bias becomes much clearer when the
event times are given in local times for the event loca-
tions (see Fig 3c). There, the paucity of 0 - 6 h local-time
events (Fig. 3c) reflects the eyewitness nature of IMO
events, as at this time most people are asleep. Obser-
vational studies indicate that meteoroid flux at night is
approximately uniform with enhancements near dusk
and dawn (e.g., Brown et al., 2007; Silber et al., 2015).
This means that SMORD is currently heavily biased to-
wards human wake-sleep cycles as near-dusk events are
mostly well represented, but near-dawn events are un-
derrepresented.

Figure 3d shows the temporal distribution of SMORD
meteoroid events by month and year. About two-thirds
of all detections occur between October and February.
This pattern aligns with the longer winter nights in the
Northern Hemisphere, which increase the likelihood of
observing meteoroid events. In contrast, August shows
an unusually low number of detections even though the
Perseid meteor shower peaks in that month. We inter-
pret this as an indication that most SMORD events do
not arise from dedicated meteor-observing campaigns
scheduled around major showers. Instead, events are
observed opportunistically when observers are awake
and conditions are favorable. In such a scenario, the
shorter nights and increased daylight in August natu-
rally lead to fewer sightings, resulting in the compar-
atively weak representation of Perseid activity in our
sample. However, due to the uncertainties in the IMO
and CNEOS trajectories, the meteoroids in the SMORD
database are not associated with meteor showers.

The distribution of the number of individual phase
picks against the lateral distance from the center of

6

the meteoroid trajectory is given in Fig. 3e. Because
event heights are not uniformly reported in the IMO and
CNEOS catalogs, we opt to consider only the lateral dis-
tance, meaning we ignore height information in the dis-
tance calculation. Instead, we calculate distance using
the horizontal offset to the trajectory midpoint.

The number of phase picks decreases with increasing
station range with a peak at a lateral station-event dis-
tance distinct for each quality: this peakis around 80 km
distance for the good (0) quality picks. The medium
quality (1) peaks at a lateral distance of c. 140 km, while
the phase picks of poor (2) quality peak at a lateral dis-
tance of c. 160 km.

The offset of the peak in number of phase picks rel-
ative to 0 km lateral distance at the center of the tra-
jectory may result from limitations in the distance defi-
nition and altitude-dependent source strength (see Fig-
ure 3e). This projection may shift the apparent loca-
tion picks relative to the midpoint. Additionally, acous-
tic emissions produced during the latter stages of flight
at lower altitudes are expected to yield higher signal-
to-noise ratios at the seismic stations, which increases
the likelihood of confident detections (e.g., Silber and
Bowman, 2025). However, signals from meteoroid frag-
mentation cannot easily be discriminated from signals
due to Mach cone waves, based only on individual
waveforms. Instead a source determination is required
to discriminate between the underlaying point or line
source. The observed clustering of picks at ~80 - 160 km
distance is consistent with a combination of geomet-
ric bias and enhanced detectability of signals from the
lower portion of the trajectory. The decrease of phase
picks with distance aligns with the expected decrease
in SNR over greater distances and thus also increasing
travel times (Fig. 3e).

Across all events, the median number of picked ar-
rival phases per event is 7.5 (Fig. 3f). The values in
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The dashed black line represents the median phase pick number of 7.5 picks per event.

Fig. 3f are stable over time, with outliers for large
bolides over dense seismic networks which, of course,
produce more signals with high amplitudes, e.g., event
id 81 (IMO 2015-657; 109 picks, event above Switzerland)
and id 130 (IMO 2017-1298; 74 picks, event above Califor-
nia).

We evaluate the performance of the PhaseNet-based
picker (hereafter PN picker) using standard binary-
classification metrics derived from the entries of the
confusion matrix, following e.g., Sokolova and Lapalme
(2009), with true positives (TP), false positives (FP),
true negatives (TN), and false negatives (FN), which
are computed by comparing predicted onset detections
to the manually picked reference labels. Because the
PN picker outputs a probability for the presence of
a seismo-acoustic onset, a fixed probability decision
threshold 7 is used to convert probabilities into binary
predictions (i.e., onset vs no onset). We measure over-
all performance of the PN picker at this fixed 7 with the
metrics given in Table 3.

With the test subset, the PN picker achieved 91% pre-
cision and 94% recall for identifying seismo-acoustic
meteoroid signal onsets for a fixed decision threshold
of 0.5 (see Figure 4a) that was selected on the develop-
ment subset. An AUC value of 0.89 (see Figure 4b) in-

7

dicates a discriminative power that is well above the 0.5
chance level of a random picker. The AUC value is calcu-
lated by first calculating the receiver operating charac-
teristic (ROC) over a range of decision thresholds. The
ROC is calculated by comparing the true positive rate
with the false positive rate. The true positive rate in-
dicates the proportion of positive cases that are cor-
rectly identified as such, while the false positive rate
indicates the proportion of negative cases that are in-
correctly classified as positive. The high AUC value im-
plies that, operationally, we can raise or lower the deci-
sion threshold to prioritize fewer false alarms or fewer
misses without collapsing the performance. Pick tim-
ing uncertainty as displayed in Figure 4c is likewise ro-
bust over the test subset and different meteoroid events.
Picking uncertainties cluster tightly around zero with a
median absolute uncertainty of 0.02 s and with 90% of
the uncertainties between -0.31 s and +0.29 s. These un-
certainty values are quite low for inverting source pa-
rameters, because wave propagation is applied in a low-
velocity acoustic medium (290-350 m/s), quite different
from solid Earth situations with higher seismic veloci-
ties. Figure 4d shows a comparison between the man-
ually picked onsets (blue) and PN predicted probability
distributions (red) as a record section over a random as-
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Metric Formula Measure
precision e fraction of correctly predicted onsets
recall T;;C’;N fraction of correctly detected true onsets
F1 score Lrecision Recall balance between precision and recall
threshold independent discrimination abil-
1 TN
AUC (area under the curve) 2 (Recall+ TN+FP ity between positives and negatives

Table3 PN picker performance metrics (modified after Sokolova and Lapalme, 2009). TP: true positives, FP: false positives,

TN: true negatives, FN: false negatives.

sortment of traces. These visual comparisons as well as
the performance metrics and timing uncertainty of the
PN picks confirm that the trained model not only sep-
arates signal from noise reliably but also localizes the
time onset to within a few tenths of a second with a suc-
cess rate of roughly 90% over all phase picks.

The performance of the PN picker is robust for a large
lateral distance range (Fig. 5), and we do not find a per-
formance degradation directly related to increased dis-
tance ranges, which could be expected as the SNR gen-
erally decreases with distance (Fig. 5a).

PN picks with an increased pick uncertainty (>]0.5| s)
do not seem to cluster either at large lateral distances
or for low SNR signals, while pick probability corre-
lates with pick uncertainty. In Figure 5b picks with a
higher uncertainty do not cluster below a specific SNR
and seem to be erratically distributed with distance to
the source.

5 Application

The picked arrival times can be used to calculate the me-
teoroid trajectory, which is important to estimate the
possible strewn field on Earth’s surface or the meteor
origin in space. Here, we present an application to the
fireball event listed as IMO Event 2025-2077 (Interna-
tional Meteor Organization, 2025b) and FRIPON Event
24644 (Fireball Recovery and InterPlanetary Observa-
tion Nework, 2025). This fireball crossed the Adriatic
Sea coming from Southeastern Europe towards North-
ern Italy on 12th April 2025 at 18:58 UTC. IMO received
401 reports from visual observations and the FRIPON
camera network had 12 recordings. These data sources
are used for a comparison with our trajectory solutions
(Table 4).
The following 4-step workflow is applied:

1. Download of seismic waveform data for recording
stations within 2.5° distance around the average
midpoint between the FRIPON and IMO of 45°N,
13.5°E.

2. Prediction of onset times automatically with the
PN picker using time padding around the modeled
acoustic travel time from the reported trajectory to
each station.

3. Calculation of 100 bootstrapped fast trajectory
fits using particle swarm optimization (PSO) (e.g.,
Kennedy and Eberhart, 1995; Miranda, 2018), based
solely on a random subset of 80 percent of PN picks
at a fixed decision threshold of 0.3, 0.4, and 0.5.

4. Repetition of step 3 after a manual screen of the PN
picked subset of waveforms and adjusting two out-
lier picks (seismic stations PE3 and SSFR).

As there are two outliers in the data, we call case 1
the one without correction (Fig. 6a, c, e) and case 2 the
other one for which we checked the picks and corrected
the two pick times manually (Fig. 6b, d, f). The solu-
tions at decision threshold 7 = 0.3 for cases 1 and 2
result in a substantially wider spread of solutions over
the 100 bootstrapped runs at 80 per cent of the amount
of PN picks compared to the solutions at higher thresh-
olds. The two manually corrected picks significantly im-
prove the model fit based on the RMSE measured as dif-
ference of measured and modelled arrival times. Based
on that, we find the best fitting solution for 7 = 0.4 with
an RMSE of 2.2 s. Increasing the decision threshold to
7 = 0.5 slightly degrades the RMSE and results in larger
azimuth and elevation angle uncertainties with slightly
narrower meteoroid velocity uncertainty, compared to
T=0.4.

The applied PSO method for reconstructing the tra-
jectory uses 3-D ray tracing with infraGA (Blom, 2014).
By applying infraGA, we can incorporate complex
ground-to-space atmosphere models (Hetzer, 2024) that
include wind to model the acoustic wave propagation
in a heterogeneous moving atmosphere. The modelling
results in Fig. 6 illustrate that high-quality PN picks pro-
vide robust constraints. In addition, slight manual cu-
ration of onset picking can improve trajectory fits at
present SNR and model training levels. For truly inde-
pendent and automatic picking without further manual
inspection, we suspect that SMORD must be expanded
with more training data. Nevertheless, SMORD and the
trained PN picker can already be used during manual
phase picking as a tool to easily identify seismo-acoustic
onsets in waveforms and, thereby, help to quickly find a
trajectory and possible strewn field.

6 Discussion

SMORD provides a valuable opportunity for future stud-
ies on meteoroids and other seismo-acoustic phenom-
ena. Still, there are only few systematic studies on
meteoroid falls observed with seismic networks (e.g.,
Edwards et al., 2007; Neidhart et al., 2021). None of
these previous studies provide easy access to the orig-
inal waveforms which are necessary to repeat earlier
findings or to test new methods and compare their out-
come with previous results.

Our data compilation of meteoroid falls, whose
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seismo-acoustic signals were observed by seismic sta- and mass estimations, or ablation parameters (e.g.,
tions, is unique worldwide. Thereby SMORD will make Campbell-Brown et al., 2013). For larger objects, the tra-
it easier to study meteoroid properties in detail such jectory can be used for refined strewn field mapping be-
as trajectory determinations (e.g., Vida, 2023), energy fore going into the field to search for precious extrater-
9
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restrial material.

The search for meteoroid-related seismo-acoustic sig-
nals can be quite difficult, because the recorded am-
plitude depends on numerous factors: source strength,
distance or geometrical spreading, atmospheric winds
and temperature and frequency-dependent attenua-
tion, background noise, site effects, etc. Due to low
SNRs, such signals are often not identified. Another
point is that the moveout of seismo-acoustic waves
is quite different from earthquake waves, and there-
fore, seismic data analysts often fail to recognize such
waves crossing a seismic network. These issues can
be treated with SMORD and our first trained PhaseNet
based phase picker to automatically identify meteoroid-
induced seismo-acoustic signals. PhaseNet was suc-
cessfully trained on a global dataset containing a wide
variety of seismic sensors at different sites (achieving
>90% precision and recall at a decision threshold level
of 0.5). This achievement streamlines the process of
phase identification when the trained PN picker is used
as a tool to aid manual picking routines.

The common approach of training PhaseNet for a
specific network is not possible in our case, because
there are not enough observations per network. How-
ever, we find that the PN picker performs well for
meteoroid-related signals with different frequency con-
tents, regardless of specific sites (Fig. 4d). In our ap-
plication, the PN predictions can be followed over a
distance range of up to approximately 250 km to the
FRIPON meteoroid trajectory (see Figs. 6g, 6h). This
aligns well with the distance ranges we encountered
during the compilation of SMORD (see Figs. 1a, 1b, 5a,
5b). We find that the capability to identify seismo-
acoustic arrivals largely depends on the source charac-
teristics, recording conditions, and atmospheric condi-
tions.

Uncertainties related to the PN picks are well be-
low the accuracy required for precise trajectory recon-
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struction. At a decision level of 0.5, 90% of picks are
within +0.3 s. Together with an acoustic wave veloc-
ity of c. 330 m/s this corresponds to a distance uncer-
tainty of just +£100 m. Here, we note that these pick
timing uncertainties are negligible compared to mod-
elling uncertainties due to wind effects on sound prop-
agation or modelling limits such as spatial discretiza-
tion for wavefield modelling. Meteoroid event trajec-
tories and velocities from existing meteoroid catalogs
contain uncertainties; CNEOS records depend on sen-
sor characteristics and processing whereas IMO eye-
witness reconstructions are biased towards populated
regions and wake-sleep cycles. Thus, their combina-
tion is helpful for narrowing down uncertainties. Our
manual labeling during the initial phase identification
of SMORD may omit weak or ambiguous arrivals and
inter-analyst variability remains but can be mitigated
by guidelines. Atmospheric state variability (winds and
temperature stratification) was not modeled explicitly
during the initial phase identification of the seismo-
acoustic onsets and likely explains some false detec-
tions of the PN picker.

A major future application could be autonomous,
continuous monitoring, detection, and localization of
meteoroid falls using seismic data. The 4-step work-
flow we presented can be automated almost completely
and the only user input would be origin time and loca-
tion, which would allow for a rapid meteoroid trajec-
tory calculation. The observational basis, which is con-
tinuous online waveform data, already exists in many
continental regions due to open data centers such as
EIDA (Strollo et al., 2021) or IRIS (Trabant et al., 2012).
An extension of these observational capabilities can
be expected for the future based on previous experi-
ence. Of course, detectors need to be improved to ac-
count for wavefields with acoustic moveout, but such
issues can be solved and coincidence detection with
acoustic moveouts is possible in principle. One feature
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Trajectory source meoman azimuth angle meod|an elevation angle Median velocity in km/s | Median RMSE in s
IMO Event 2077-2025 270.9 - - -
FRIPON Event 24644 292.9 12.1 263 :
PO solLilen i =GP | soqe 4 4e 136427 24425 26.9
(21 picks, case 1)

PSOsolution T =03 PN | 00 4 53 128435 261426 185
(21 picks, case 2)

PO selLitien w =CARN || 5o, 0 =g 128412 26.6+25 180
(17 picks, case 1)

PSO solution T =04 PN | o) ¢ | 1 g 128409 264439 22
(17 picks, case 2)

RO soution T =OIFN o 5 45 4 124417 264429 108
(11 picks, case 1)

PSOsolution T =05PN | o) 1 4 127417 264423 2.7
(11 picks, case 2)

Table4 Comparison of FRIPON trajectory parameters with automatic PSO solutions (case 1) and with corrected data (case
2 with two manual pick corrections). Trajectory uncertainties are calculated from the 90 percent confidence interval of the
100 PSO solutions. The RMSE is the misfit between modelled and observed arrival times and the median RMSE is the misfit

over all 100 PSO trajectories.

which could be used is the addition of the typical wave-
form pattern, associated with meteoroid related onsets,
which is W-shaped on the vertical component in the be-
ginning of the wavetrain with a downward motion due
to the downward propagating pressure front (Kanamori
et al., 1991; Edwards et al., 2008). This enhanced detec-
tion approach would be especially valuable for detect-
ing meteoroids during the daytime, when optical meth-
ods struggle due to the daytime light conditions which
lead to oversaturation of the cameras. Another crucial
application would be signal detection during the dark
flight phase at the end of the trajectory which is impor-
tant for estimating strewn fields (Devillepoix et al., 2018;
Moilanen et al., 2021).

Another possible future application of SMORD is the
evaluation of site effects and local coupling effects at
seismological recording stations. Shallow geological
features as well as above surface features such as build-
ings or steep topography affect the efficiency with which
the acoustic wave can couple into the subsurface and
convert into seismic waves. Depending on the local ge-
ology, seismo-acoustic wave amplitudes might be damp-
ened or amplified and the waveform clarity can be af-
fected by the site effects as well (Edwards et al., 2008;
Novoselov et al., 2020). In a future application the
measurement of seismic amplitudes and their compari-
son with amplitudes from acoustic infrasound measure-
ments can be used to better estimate seismo-acoustic
coupling coefficients (Novoselov et al., 2020; Bishop
etal., 2022), because amplitude information helps to de-
termine the energy or mass of a supersonic object (e.g.,
Edwards et al., 2007). As there are many more seis-
mic stations than infrasound sensors available for sci-
entific and forensic studies, seismological analysis will
enable better investigations of events with strong acous-
tic emissions, e.g., accidental explosions (Hinzen, 2007)
or combat actions (Dando et al., 2023).
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7 Conclusions

We introduce SMORD, a curated dataset of 3,295 seismo-
acoustic picks from 316 meteoroid events and demon-
strate that a PhaseNet model, trained on SMORD la-
bels, can detect meteoroid air-to-ground coupled seis-
mic waves with >90% precision and recall on a test
subset of events. SMORD and the associated phase-
identification model provide a reproducible foundation
for automated meteor signal detection in seismic data
and for multimodal bolide analyses.

The trained picker enables rapid scanning of regional
seismic archives following reported bolides, supporting
time-critical meteorite searches and initial trajectory
inference. Integration with GLM detections (Jenniskens
et al., 2018), with radar (CMOR/BRAMS), and with in-
frasound arrays will enable joint constraints on source
time-height functions and energy deposition. As GLM
and global seismic recording coverage continue to grow,
SMORD-like labels can power near real-time pipelines.

Future work will focus on integrating atmospheric
propagation modeling with the automatic identification
of seismo-acoustic arrivals. Coupling the current work-
flow with atmospheric propagation models (e.g., ray
tracing with infraGA (Blom, 2014), constrained by re-
analysis wind fields (Hetzer, 2024) is expected to im-
prove the physical consistency of predicted travel times
and phase associations. Additionally, we plan to expand
the compiled database by lowering the thresholds of 100
IMO sightings and the 0.3 kt CNEOS yields, as well as in-
corporating additional meteoroid observations from ex-
ternal networks, such as FRIPON (Colas et al., 2020) and
the Global Meteor Network (GMN) (Vida et al., 2021).
This will increase the number and diversity of events
available for training and validation. Regarding ma-
chine learning, we will investigate training strategies
dedicated to infrasound data. This will include sepa-
rate models for array-based recordings and individual
stations to better capture differences in waveform char-
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acteristics and noise conditions. Finally, we will explore
joint seismic-acoustic phase identification to leverage
complementary information from ground motion and
pressure waveforms, aiming to improve robustness and
reduce picking ambiguities.
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