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• Independent trajectory recovery of a controlled SpaceX Dragon re-entry

• 95 open-access seismic stations across five networks used for localization

• Citizen-science Raspberry Shake instruments contribute 23% of the
dataset

• Results consistent with operator-published splashdown corridor

• No operator telemetry or classified data required

• Neural network trained on two events demonstrates potential for auto-
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Abstract

Atmospheric re-entries of human-made objects are increasing in frequency,
yet detailed information on their trajectory, fragmentation, and debris foot-
print is rarely made publicly available. This creates an information asymme-
try in which regulators, independent agencies, and the scientific community
lack the means to verify that re-entries occurred as reported or to charac-
terize their physical processes for future modeling. We address this gap by
applying a seismoacoustic localization method to the 25 May 2025 re-entry
of the SpaceX CRS-32 Cargo Dragon spacecraft which splashed down in the
Pacific Ocean off the coast of Southern California. Using openly available
seismic waveform data from 5 networks, including 22 Raspberry Shake am-
ateur instruments, we recover a re-entry trajectory consistent in trajectory
with the operator’s publicly communicated splashdown prediction and re-
lease the manually labeled CRS-32 labeled N-wave picks as a public dataset.
As a preliminary step toward automation, we train a neural network on the
manually picked dataset and demonstrate reliable onset detection with stable
performance across a wide range of detection thresholds, showcasing promise
for N-wave detection from a two-event training set. These results show that
existing open seismic infrastructure can provide independent, continental-
scale characterization of re-entry events: a capability increasingly needed as
the rate and opacity of commercial re-entries continue to grow.
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1. Introduction

Human spaceflight in low Earth orbit is becoming increasingly routine
[1]. The International Space Station, China’s Tiangong station, and planned
commercial stations all require regular crew rotation, cargo resupply, and
hardware disposal — each of which involves an atmospheric re-entry. Some
of these re-entries are controlled, such as crew capsules and cargo spacecraft
executing deliberate deorbit burns toward predetermined splashdown zones.
Others are uncontrolled, such as jettisoned service modules and decommis-
sioned hardware that decay naturally from orbit without active guidance
over where or when they re-enter. As human spaceflight operations expand
through NASA and China’s Commercial Crew Program and new commercial
stations, the frequency of both types of re-entry will continue to grow.

Therefore, the ability to independently track and characterize these re-
entry events is essential: not only for assessing debris risk, but also for de-
termining broader impacts such as the number of people exposed to sonic
booms, airspace disruption, and the environmental effects of re-entry emis-
sions. Yet the characterization of re-entry events depends almost entirely on
telemetry retained by the operator; details of actual trajectory, fragmentation
dynamics, and debris footprint are rarely released publicly. This introduces
an information asymmetry where regulators, independent agencies, and the
scientific community are unable to verify re-entries occurring as reported
or characterizing their physical processes for future modeling. The regula-
tory framework itself reveals this gap: the FAA does not mandate controlled
disposal of rocket upper stages at the end of launch operations, and has
acknowledged that its assessment of re-entry risk from large constellations
depends substantially on operator-reported demisability claims that have not
been independently verified [2]. Recent findings have further questioned the
accuracy of such analyses for several spacecraft types [3], further emphasizing
the importance of independent verification.

Existing ground-based tracking methods cannot close this verification gap.
Optical observations are line-of-sight limited and radar data with over-the-
horizon visibility are generally classified [4, 5]. Even the best operational
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predictions exceed ±10% timing error in over 40% of cases [6]. For objects
burning up during re-entry, this limits the ability to validate demisability
predictions and calibrate break-up models against real events. For objects
such as crew capsules and cargo spacecraft, that survive to the ground, it
limits understanding of sonic boom impact on affected populations, environ-
mental exposure along the re-entry corridor, and the accuracy of predicted
splashdown locations used to coordinate recovery operations and maritime
safety zones.

Seismometers and infrasound sensors offer an independent, observation-based
alternative. Re-entering objects generate low-frequency acoustic waves that
couple into the ground and can be recorded by seismometers within a few
hundred kilometres of the source [7], while dedicated infrasound sensors can
detect signals at substantially greater distances [4]. Crucially, this infras-
tructure, that was originally deployed for earthquake monitoring and nuclear
test verification, is openly accessible and provides continental-scale coverage
at no additional cost.

In this work, we apply the seismoacoustic localization method introduced
by Fernando and Charalambous [8] to the controlled re-entry of the SpaceX
CRS-32 Cargo Dragon spacecraft on 25 May 2025. Unlike the uncontrolled
rocket-body re-entry studied by Fernando and Charalambous, this event was
a controlled splashdown off the California coast, with the trajectory passing
mostly over the Pacific Ocean where few seismic stations exist. Additionally,
as a preliminary step toward operational scalability, we explore the feasibility
of automated N-wave detection by fine-tuning two pre-trained seismic foun-
dation models on the manually picked dataset produced by this study.

1.1. The May 2025 SpaceX CRS-32 Capsule re-entry
On May 25, 2025, at 05:44 UTC, the SpaceX Cargo Dragon spacecraft

(capsule C209, NORAD ID 63628) concluded NASA’s 32nd Commercial Re-
supply Services mission with a controlled re-entry and splashdown in the
Pacific Ocean off the coast of Oceanside, California [9, 10]. The Dragon 2
capsule has a diameter of 4.0 m [11] and a return payload mass of approxi-
mately 1,870 kg from the International Space Station [9]; note that this cargo
mass is distinct from the capsule’s own re-entry mass (structure plus resid-
ual propellant), which is not publicly disclosed by the operator to sufficient
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precision for this analysis.
For several reasons, this event serves as a valuable case study. First,

while seismoacoustic methods have previously been applied to Space Shuttle
re-entries [12, 13], meteorite fireballs [14], uncontrolled rocket-body re-entries
[8, 15], and intact sample return capsules [16, 17, 18, 19, 20, 21], no pub-
lished study has applied them to a commercial crew-class capsule: a vehicle
type that will become increasingly common as human spaceflight operations
expand. Return capsules are structurally rigid, non-ablating bodies that,
like a crew capsule, do not disintegrate during descent as is characteristic of
space debris. However, they differ in a key distinction that is relevant for this
case study: They follow ballistic, non-propulsive trajectories at hyperbolic
return velocities of 11–12 km/s, essentially indistinguishable from meteoroid
entries in this regard. A crew-class capsule such as Dragon instead executes a
propulsively controlled deorbit burn and guided descent from low earth orbit
at approximately 7.8 km/s, followed by parachute-assisted splashdown. This
combination of a controlled, guided trajectory and an intact, fixed-shape re-
entry vessel has not previously been addressed by seismoacoustic methods.
Second, unlike the uncontrolled re-entry studied by Fernando and Charalam-
bous, the CRS-32 mission was a controlled splashdown for which no public
trajectory data is available, placing it in precisely the regime where indepen-
dent verification is most needed. Third, the coastal splashdown means that
part of the trajectory lies over the Pacific Ocean where no seismic stations
exist, testing the method under a geometrically constrained configuration
that is representative of future capsule recovery operations.

1.2. Shockwave Generation
During atmospheric re-entry, a given spacecraft is traveling at hypersonic

speeds, conventionally defined as Mach ≳ 5. As it descends, the increasing
atmospheric density allows its shockwave to propagate down to the ground
as a sonic boom. The seismic expression of this boom is an N-wave: a sharp
pressure increase from the leading shock, a linear decline, and a sharp pres-
sure decrease from the trailing shock, producing a characteristic ’N’ shaped
impulsive signature on vertical-component seismograms picked up by sta-
tions near the trajectory line [22]. On seismometers this manifests as an
down-up polarity as the leading compressional shock first pushes the ground
downward. On the corresponding infrasound signal, a direct pressure mea-
surement, it displays the opposite up-down signature since the leading shock
is recorded as a positive overpressure [17].
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Because the shockwave is generated continuously along the hypersonic
trajectory, each station records the arrival of the N-wave at a time determined
primarily by its distance from the nearest point on the trajectory and the path
speed of sound. A secondary contribution arises from the motion of the source
itself: stations downrange of the spacecraft receive the signal slightly earlier
than those uprange, since the object is advancing toward them. However,
because the spacecraft velocity far exceeds the speed of sound, this along-
track effect is small relative to the perpendicular acoustic propagation time.
Together, the pattern of differential arrival times across a network of stations
constrains the ground-track geometry. By recording a sufficient number of
arrival times across a network of stations, it is therefore possible to recover
the trajectory of the spacecraft, including its horizontal extent (size), the
ratio of along-track to cross-track dimensions (aspect ratio) and the descent
angle of the re-entering body [8].

2. Methods

2.1. Data Acquisition
To identify N-waves originating from the re-entry, waveform data were

downloaded and processed using ObsPy, a Python library for seismology [23,
24]. Using its mass downloader method, station metadata was retrieved from
the FDSN web services Earthscope Consortium (formerly known as IRIS,
now merged with UNAVCO), Southern California Earthquake Data Cen-
ter (SCEDC), and Northern California Earthquake Data Center (NCEDC)
[25, 26, 27]. The search domain was centered near Santa Barbara (34.42°N,
119.70°W), approximately midway along the expected re-entry corridor, with
a radius of 3.6° (∼400 km), roughly twice the distance at which previous work
suggests that direct sonic booms are detectable seismically [7].

Vertical-component ground velocity data were requested over a one-hour
window from 05:00 to 06:00 UTC on 25 May 2025, encompassing the ex-
pected re-entry and allowing sufficient margin for potentially later-arriving
signals at distant stations. Vertical-component data were used exclusively, as
acoustic-to-seismic coupling from a near-vertically incident shockwave pre-
dominantly excites vertical ground motion [17]; horizontal components are
dominated by secondary, ground-coupled propagation effects and offer little
additional information to the direct N-wave arrival. This choice is also consis-
tent with the instrument availability across the network, as a sizable fraction
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of stations, including all Raspberry Shake citizen-science instruments, only
record the vertical channel.

Data were obtained from five seismic networks: Southern California Seis-
mic network (CI) [28], Berkeley Digital Seismograph Network (BK) [29],
ANZA Regional Network (AZ) [30], USGS Northern California Seismic Net-
work (NC) [31], and Raspberry Shake citizen-science network (AM) [32].
Stations are identified throughout this paper using the standard FDSN nam-
ing convention NET.STA, where NET is the two-letter network code and STA
denotes the station identifier (e.g., BK.LAND is the station LAND of the
Berkeley Digital Seismic Network).

2.2. Signal Processing and N-wave identification
The seismic data had their instrument response removed and were then

bandpass-filtered in the interval of 1 to 18 Hz to suppress microseismic noise
below 1 Hz and to retain the sub-audible frequency bands in which the N-
wave energy is concentrated. Afterwards, each signal was manually inspected
for plausible N-waves. For each identified event, the arrival time of the ear-
liest clear onset (not the peak amplitude) was selected. Where a station
provided picks on multiple channels, a fixed channel preference in the fol-
lowing order was applied: BHZ (broadband, 20–40 samples/s), HHZ (high-
broadband, 100 samples/s), and EHZ (short-period, 100 samples/s). BHZ
channels offer the broadest frequency response, making them the preferred
choice if available. HHZ provides comparable bandwidth at higher sampling
rates while EHZ channels, typical of Raspberry Shake instruments, have a
narrower frequency response but still retain adequate sensitivity in the 1-
18 Hz band used in this study. However, these amateur-operated stations
are often deployed in non-optimal settings (e.g. inside homes) and conse-
quently exhibit higher background noise (see Appendix C). Generally, they
also lack the professional calibration of institutional networks. Hence, onset
times from EHZ channels were interpreted with more caution.

After manual waveform inspections and deduplication of stations appear-
ing across multiple channels, 95 unique stations contributed to the final anal-
ysis. Of those, 42 stations were obtained from CI, 26 from BK, 22 from AM,
3 from NC, and 2 from AZ. Representative examples of seismograms from
five stations are displayed here:

6



Figure 1: Seismograms from five stations illustrating typical N-wave arrivals from the
re-entry sonic boom. Four stations (all except AM.RDD0D) show clear N-wave signals,
highlighted in purple; minor waveform differences between them likely reflect variations
in local geology, atmospheric conditions, and propagation distance. A lower-amplitude
reverberatory coda is visible following the initial N-wave at several stations consistent
with secondary ground-coupled arrivals reported in previous re-entry observations [17].
Station AM.RDD0D (highlighted in yellow) displays a distinct arrival at the expected
time but lacks a well-developed N-wave shape, likely due to the higher noise and less
shielded installation typical of amateur-operated instruments. It is included because its
arrival time matches the pattern seen at clearer stations, while its ambiguous waveform
illustrates the difficulty of manual phase identification. Note the different temporal and
velocity scales between panels.

Fig. 1 shows 5 seismograms with their N-waves manually annotated. Of
them, 4 are highlighted in purple to convey that the N-wave is clear and
unambiguous. The station AM.RDD0D is instead highlighted in yellow as
its N-wave is unclear. Signals like these show that the exact arrival time and
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duration of an N-wave can be ambiguous and difficult to distinguish from
other noise signals picked up by the seismometer. Hence, the picking process
is prone to judgment and measurement errors and standardized, automated
picking architectures offer advantages of consistency at the very least.

An N-wave coupling into the ground produces a signal that is short
in duration and hence broad in frequency content, resulting in a sudden,
broadband increase in spectral power on a spectrogram. Because this broad-
band spike occurs simultaneously with the spike on the seismogram, cross-
referencing the two representations increases pick confidence. We therefore
inspected corresponding spectrograms as well for all arrivals, illustrated on
the ten closest stations in Fig. 2. This displays a record section of the ten
stations closest to the trajectory to show the coherent move-out of the sonic
boom arrival across the network, and to demonstrate how spectrograms are
used to confirm the timing of these short, broadband signals.
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Figure 2: Examples of seismic data recorded from the re-entry event. (A)
seismograms of the ten closest stations to the recovered trajectory. The possible arrival
times of the N-wave are marked with a vertical red line. (B) Spectrograms of the same
10 stations in the interval of 1-18 Hz. The vertical axis denotes frequency in Hz. Power
spectral densities are expressed in decibels relative to 1 (m/s)2/Hz. Once again the possible
arrival times are marked with a vertical line.

2.3. Elevation Correction
Stations located at elevation z would receive the signal earlier than a hy-

pothetical sea-level station at the same geographical position. The observed
travel time τobs is therefore shorter than the travel to the sea-level reference
by approximately z/c where c denotes the assumed speed of sound. To re-
move this elevation effect and project all stations onto a common horizontal
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plane, we applied the following correction:

τcorr = τobs +
z

c
(1)

Here, a value of c = 330 m/s was chosen for computations. Adding the
term z/c in Eq. 1, compensates for the extra vertical distance the signal
would traverse to reach sea level. As such, τcorr is the travel time that
would be observed at sea level. After this correction, differences in τcorr
would reflect only horizontal propagation distance without elevation bias.
Because the elevation corrections are small, any variation of the sound speed
with altitude is negligible in this context, making a constant c sufficient.
Corrections ranged from 0.10 s for near sea-level coastal stations to 5.98 s for
the highest-elevation station (CI.ABL, 1975 m), confirming the inclusion of
the correction as non-negligible for stations located on inland mountains in
the Southern California Network.

2.4. Trajectory estimation
To estimate the propagation direction of the airwave, a structure-tensor

analysis [33] was applied to the interpolated delay field. Structure tensors
have been widely used in seismic data processing to estimate wavefront and
reflector orientations from spatial gradient fields [34]. The method was cho-
sen for its robust estimate of the dominant wavefront propagation direction
even under irregular station spacing and without requiring explicit velocity
modeling. First, all N-wave arrivals were defined as delay times relative to
the earliest arrival at 05:38:55 UTC at Big Sur (Station BK.LAND) in the
California Central Coast. At each grid point, the spatial gradient of the delay
surface was denoted as (∂T/∂x, ∂T/∂y). Based on that, the following 2× 2
structure tensor was formed,

J =

[︃
⟨gx, gx⟩ ⟨gx, gy⟩
⟨gx, gy⟩ ⟨gy, gy⟩

]︃
(2)

Where gx and gy denote the horizontal and vertical components of the delay
gradients, respectively. ⟨·, ·⟩ denotes the weighted spatial average within the
contours of the station network. In order to emphasize regions containing
plenty of well-defined delay gradients, each grid point was weighted by its
gradient magnitude. The eigenvector corresponding to the largest eigenvalue
of J yielded the dominant gradient direction; in other words, the direction
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along which arrival delays increased most rapidly, approximately perpendic-
ular to the spacecraft ground track. The inferred trajectory was therefore
taken as the perpendicular to this gradient direction, oriented westward from
the California coast, displayed on Fig. 3.

Finally, N-wave durations were measured and plotted against downrange
distance from the earliest-arriving station (BK.LAND). Results are presented
in Section 3 and briefly interpreted in the context of Whitham’s quarter-
power scaling law in Section 4.3 (see Appendix A for full discussion).

2.5. Automated N-wave picking with pre-trained machine learning models
Recent work has investigated deep-learning approaches for to identify seis-

mic waves generated by meteor entries and obtained promising results [35].
To explore the potential of automated N-wave detection for controlled cap-
sule re-entries, two pre-trained seismic phase pickers, SeisLM and PhaseNet
[36, 37], were fine-tuned on a combined dataset of manually labeled wave-
forms from two spacecraft reentry events: the SpaceX Dragon CRS-32 reentry
(25 May 2025, 95 stations) and the Shenzhou-15 reentry (2 April 2024, 125
stations) from the event studied by Fernando and Charalambous [8]. Both
models were originally trained on large catalogues of earthquake phase ar-
rivals; here, their final layers were re-trained to predict N-wave onset (tA) and
end (tB) times instead. Each architecture was evaluated in two initialization
configurations, giving four model variants in total.

Each station’s waveform was extracted as a 30 second window centered
on the expected arrival and resampled to 100Hz. Ground-truth pick times
were encoded as Gaussian probability targets (σ = 0.10 s) centered at the
manually picked tA and tB samples. The models output a probability curve
for each phase, from which the sample with the highest probability was taken
as the predicted pick time. Of the total 220 labeled stations, 22 were held out
as a fixed test set (12 from Shenzhou-15, 10 from Dragon CRS-32), strat-
ified by event so that both reentries were represented proportionally. The
remaining 198 stations were used for five-fold cross-validation, stratified by
event, yielding approximately 158 training and 40 validation stations per
fold. To counteract the small dataset size, data augmentation was applied
during training: random time shifts (±5 s), amplitude jitter (±15%), and
additive Gaussian noise. Unclear picks were upsampled by a factor of two
via weighted random sampling to prevent the training signal being domi-
nated by high-confidence examples. Training was performed on an NVIDIA
A100-PCIE-40GB GPU.
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PhaseNet is a U-Net convolutional architecture originally trained on earth-
quake P- and S-wave arrivals. Two initializations were tested: (i) PhaseNet
(pretrained), loaded from the published earthquake catalogue weights, and
(ii) PhaseNet (scratch), initialized with random weights and then trained
entirely on the N-wave dataset. Both variants used a batch size of 16, which
denotes the amount of waveform segments processed together before each
parameter update. For each parameter update, the learning rate was set
to 10−4 which controls the step size, determining how much the network’s
internal parameters are adjusted after each batch of training samples. For
every time sample, the network outputs a probability that it corresponds to
a signal onset, a signal end, or a background noise. Because true onset and
end samples are vastly outnumbered by noise samples in any given waveform,
we applied a pick-loss weight of 10.0, which up-weights the onset and end
channels relative to the noise channel to counteract this class imbalance and
prevent the model from trivially prediciting ’noise’ everywhere.

SeisLM is a transformer-based foundation model pretrained on diverse
seismic waveforms. Again, two fine-tuning strategies were tested: (i) SeisLM
(frozen CNN), in which the convolutional feature extractor was frozen and
only the transformer layers and classification head were updated, and (ii)
SeisLM (full), in which all weights were updated. Both variants used a
learning rate of 5× 10−5 and batch size of 8.

All models were trained for up to 1000 epochs with early stopping (pa-
tience = 100 epochs) and a ReduceLROnPlateau schedule that halved
the learning rate after ten consecutive epochs without validation loss im-
provement, down to a minimum of 10−7. Model performance was evaluated
using mean absolute error (MAE) and signed bias for both tA and tB, within-
tolerance detection fractions at 0.05 s, 0.10 s, and 0.50 s, and F1 score: the
harmonic mean of precision and recall, where a true positive was defined as
a detected pick within 0.05 s of the manual reference. Results are displayed
in Tables 1, 2, and 3.

2.5.1. Model Evaluation Metrics
To assess the N-wave detection capabilities of the trained models, the

standard classification metrics precision and recall were employed. Precision
is defined as,

Precision =
True Positives

True Positives + False Positives
(3)
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Precision measures the accuracy of positive predictions by giving the ratio of
true positives to the total amount of positive predictions. In other words, it
specifies the correctness of instances labeled as positive. Recall is defined as
follows,

Recall =
True Positives

True Positives + False Negatives
(4)

As Equation 4 implies, recall measures the proportion of actual positive in-
stances that are correctly identified by the model. Given the goal objective
of re-entry localization, two workflow implementations can be considered:

• For a fully automated pipeline with machine picked N-waves, a high
precision is crucial as incorrect signals will degrade the interpolation
map. Conversely, recall is not as important since complete detection of
all N-waves is not required. The metric only needs to be high enough
to provide enough picks for sufficient coverage for the contour map.

• For a human-in-the-loop pipeline, manual verification of machine anno-
tations absorbs the cost of false positives. Therefore, a lower precision
becomes acceptable in favor of higher recall, maximizing the number
of candidate picks presented for review.

Regardless of pipeline, however, these precision and recall thresholds are
not uniform across stations. A missed or incorrect pick at an azimuthally
unique station costs more than a mistake at a station with nearby neighbours.
Furthermore, given that the interpolation map is constructed from delays
relative to the first arrival, the correctness of this specific station is more
consequential than all other picks. Any machine learning-based workflow
should keep these points in mind during implementation.

2.6. Software
Data processing was done with ObsPy [23, 24]. Numerical analysis was

carried out with NumPy [38]. Figures were produced with Matplotlib [39]
and Cartopy [40].
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3. Results

Figure 3: Pointwise and interpolated arrival times of sonic booms at stations
across these networks. (A) A map of stations recording the sonic boom related to
the event, color-coded by time delay relative to the first arrival, BK.LAND (increasing
from yellow to purple). (B) A linearly interpolated contour map of arrival times, with a
gradient-based fit (dashed gray line) and an approximate trajectory based on the SpaceX
release of the trajectory that remains to be validated or confirmed (solid black line).
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3.1. Performance of Machine Learning Models
Below are the results for the PhaseNet and SeisLM configurations. The

strongest results are marked in bold. The columns showing ≤ x.xx s denotes
the fraction of annotated stations that received a pick within x.xx seconds
of the manual annotation.

Table 1: 5-fold cross-validation results (mean ± std over folds). F1 at 0.05 s tolerance.
Onset (tA) End

Model Val loss MAE (s) ≤0.10 s ≤0.50 s F1 F1

PhaseNet (pretrained) 4.788± 0.012 13.13± 0.17 0.000 0.000 — —
PhaseNet (scratch) 0.129± 0.021 0.345± 0.113 0.459± 0.071 0.839± 0.062 0.323± 0.093 0.165± 0.084
SeisLM (frozen CNN) 0.134± 0.007 1.124± 0.598 0.339± 0.061 0.536± 0.083 0.275± 0.065 0.298± 0.078
SeisLM (full fine-tune) 0.134± 0.010 1.228± 0.579 0.318± 0.057 0.581± 0.052 0.296± 0.079 0.241± 0.079

Table 2: Held-out test set results (22 stations). Detection threshold 0.20; F1 at 0.05 s
tolerance.

Onset (tA) End

Model MAE (s) Bias (s) P R F1 ≤0.10 s ≤0.50 s F1

PhaseNet (pretrained) 13.30 −13.30 0.000 — — 0.000 0.000 —
PhaseNet (scratch) 0.197 +0.080 0.545 1.000 0.706 0.682 0.864 0.174
SeisLM (frozen CNN) 0.542 +0.286 0.211 0.571 0.308 0.364 0.591 0.250
SeisLM (full fine-tune) 0.475 +0.207 0.421 0.727 0.533 0.455 0.591 0.250

Table 3: Detection-threshold sweep for PhaseNet (scratch) on the held-out test set (22
stations). F1 computed at 0.05 s tolerance. Recall computed using a fixed 0.05 seconds
criterion. F1 = 0.706 is stable across the full range 0.05–0.70; only at 0.80 do correctly-
placed picks begin to be missed.

Onset (tA) End (tB)

Thr. P R F1 ≤0.05 s ≤0.10 s ≤0.50 s Det. P R F1

0.05 0.545 1.000 0.706 0.545 0.682 0.864 1.00 0.095 1.000 0.174
0.20 0.545 1.000 0.706 0.545 0.682 0.864 1.00 0.095 1.000 0.174
0.40 0.545 1.000 0.706 0.545 0.682 0.864 1.00 0.095 1.000 0.174
0.60 0.632 0.800 0.706 0.545 0.682 0.818 0.86 0.105 0.500 0.174
0.70 0.667 0.750 0.706 0.545 0.682 0.773 0.82 0.118 0.333 0.174
0.80 0.727 0.421 0.533 0.364 0.455 0.455 0.50 0.167 0.182 0.174
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Figure 4: Learning curves of PhaseNet (scratch) and seisLM (full fine-tune), the two best
performing models. For each validation fold, the training loss is computed against the
iterations of training epochs

4. Discussion

4.1. Trajectory recovery and validation
A trajectory recovery of the re-entry is displayed in Fig. 3. The structure-

tensor analysis of its interpolated delay field yields the dominant direction
along which N-wave arrival times increase most rapidly across the station
network. Because the signal propagating outward at the local speed of sound,
and each station receives the sonic boom from the acoustically nearest point
on the trajectory, the arrival delays are governed primarily by each station’s
perpendicular distance to the ground track. The dominant gradient direction
therefore points approximately perpendicular to the re-entry trajectory. The
inferred ground track, taken as the perpendicular to this gradient, crosses
the California coast from northwest to southeast and extends westward over
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the Pacific Ocean, consistent with the publicly communicated splashdown
corridor off the coast of Oceanside, California [10].

Qualitatively, the reconstructed trajectory’s azimuth and approximate
splashdown site in the Pacific Ocean are consistent with the pre-splashdown
recovery graphic released by SpaceX [41]. However, detailed telemetry such
altitude, velocity, and precise timing for this re-entry has not been made pub-
licly available. As a result, a quantitative validation against an independent
ground-truth trajectory is not currently possible for this controlled re-entry.
Agreement therefore relies on the spatial consistency of the independently ob-
served N-wave arrivals and delay field geometry which displays a well-defined,
smoothly varying pattern with low scatter. This indicates that the recovered
track is a robust representation of the actual shockwave footprint. Future
re-entries with available telemetry could provide the quantitative validation
needed assess method accuracy and calibration.

4.2. Limitations
Several limitations should be noted. First, all N-wave picks were first

identified through manual inspection. This is a time consuming process
that carries a risk of measurement error. The uncertainty is further com-
pounded by seismogram morphology being sensitive to bandpass filtering-
choices and substantial background noise in populated areas. Automated or
semi-automated picking methods could improve efficiency and reproducibil-
ity, which is further discussed in Section 4.4 and Appendix B.

Second, the CRS-32 re-entry event splashed down near the California
coast, leaving the oceanward side of the trajectory without seismic stations.
This asymmetry reduces spatial coverage of the countour map on that side,
meaning that the interpolated surface is well constrained only within the con-
vex hull of the station network, close to the coastline. The seismic-derived
trajectory itself, however, is obtained by fitting a line through the arrival-
time data and is therefore extrapolated beyond this station-constrained re-
gion, out over the Pacific Ocean. Despite this extrapolation, the recovered
ground track remains consistent with SpaceX’s independently released trajec-
tory well offshore, demonstrating that the method’s trajectory estimate does
not depend on having station coverage at every point along the path. The
inclusion of Raspberry-Shake (AM) stations proved important for increas-
ing the density of inland coverage. The consistency of the delay-time field
suggests that the technique is robust despite this constraint; an encouraging
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outcome for future re-entries occuring over the ocean, provided a sufficient
coastal or island network exists nearby.

4.3. Whitham’s theory and N-wave duration
As an independent consistency check, we compared measured N-wave du-

rations against several distance proxies to test whether they follow Whitham’s
scaling relation [22, 12]. No reliable correlation was obtained (all R2 ≤ 0.31),
largely because none of the proxies accurately represents the true slant range
from the shock front, and because our stations are in the acoustic far field
where propagation effects distort the source waveform. The analysis also
highlights the need for trajectory altitude and Mach number data for a
meaningful test. A full discussion containing a description of the proxies,
the underlying theory, and the far-field argument is provided in Appendix A.

4.4. Applied Machine Learning for N-wave detection
The manual picking carried out in this study, while effective, was time-

consuming and subject to operator judgment. This was particularly evident
for stations with low SNR or ambiguous waveform morphology, hence the
motivation behind exploring machine picked N-waves. From the test-set re-
sults, the pretrained PhaseNet performed the worst, likely explained by the
difference of its source domain and the target task at hand. PhaseNet’s con-
volutional weights encode features tuned to impulsive, broadband P- and S-
wave arrivals recorded over short windows, where the onset is typically sharp
and arrives near the start of the window. N-waves produced by spacecraft
reentries are acoustic rather than seismic in origin: they are lower-frequency,
arrive gradually, and are embedded in a fundamentally different noise back-
ground. The pretrained feature extractor therefore responded to whatever
transient in the window most resembled a seismic onset, producing a sys-
tematic −13 s bias irrespective of the true N-wave location. Removing the
pretrained weights completely resolved this: PhaseNet trained from random
initialization on 220 N-wave examples achieved a test F1 of 0.706 at 50ms
tolerance and a MAE of 0.197 s, confirming that the U-Net architecture trans-
fers well to N-wave picking even though its pretrained knowledge does not.

A practically significant test result is that PhaseNet (scratch) achieved a
recall of 1.00 for every detection threshold between 0.05 and 0.70 (Table 3). In
a deployment scenario, a threshold in this range would flag every station that
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recorded an N-wave without missing any, at the cost of a precision of 0.55.
The implication of this would be that roughly one in two flagged waveforms
would require a human analyst to confirm or reject. Compared to manually
screening the full seismic network, this presents a substantial reduction in
analyst workload: only the flagged subset needs to be reviewed, and no true
arrival is silently discarded. Full automation is not yet warranted given the
precision, but the model is well-suited to a human-in-the-loop pipeline where
it acts as a first-pass screener. A handful of machine annotated examples are
inspected and discussed further in Appendix B.

SeisLM partially transferred its pretrained representations to N-wave picking
(test F1 = 0.308 with frozen CNN, 0.533 with full fine-tuning), suggesting
that the transformer layers encode features that are at least partially relevant
to this domain. However, SeisLM’s parameter count (∼90M) is large rela-
tive to the 158 training examples available per fold, and the per-fold learning
curves show a wider train–validation gap than PhaseNet scratch, consistent
with mild overfitting. PhaseNet’s compact U-Net (∼100 k parameters) is bet-
ter matched to this dataset size, and its convolutional inductive bias towards
localized, time-varying features aligns naturally with the N-wave picking task.

Per-fold training and validation loss curves are shown in Fig. 4. All folds
converged to a stable plateau in both training and validation loss, with no evi-
dence of runaway overfitting (diverging validation loss). The train–validation
gap stabilizes rather than widening, indicating that early stopping activated
at or near the point of optimal generalization.

A limitation of the evaluation is that the model was only trained on 30 second
windows constrained by dataset size: shorter windows keep the ratio of on-
set samples to background noises manageable during training, whereas longer
windows would require proportionally more labeled data to avoid worsening
class imbalance. This means that the current results demonstrate the model’s
ability to identify N-wave arrivals within a short pre-selected window rather
than its performance as a fully automated picker operating on long, con-
tinuous, unsegmented records. As more annotated data becomes available,
training on larger datasets would support longer time window samples, mov-
ing the model closer to the continuous monitoring systems required for full
automation.

Another limitation caused by limited data is that the train–validation–
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test splits were stratified by event rather than held out at the event level. Sta-
tions from both the Dragon CRS-32 and Shenzhou-15 events appear in both
training and test sets, introducing some data leakage; because all stations
within a single event record the same propagating N-wave, their waveforms
share source characteristics (spectral content, amplitude envelope, duration)
that a model could exploit without learning truly general N-wave features.
The presence of two physically distinct events one year apart from each other,
following different spacecraft and trajectories, partially mitigates this con-
cern, as the model must generalize across at least two N-wave morphologies.
Nevertheless, the reported metrics should be interpreted as performance on
events similar to those in the training set, not as an estimate of performance
on an entirely unseen reentry. A rigorous assessment of cross-event gener-
alization would require holding out all stations from one event as a test set
and training exclusively on the other, which is left for future work as ad-
ditional reentry datasets become available. To support such future work,
the manually labeled picks of the CRS-32 Cargo Dragon re-entry used for
trajectory recovery and model training in this paper – to our knowledge,
the first published set of seismic N-wave arrival picks for a controlled crew-
class re-entry – are made available as supplementary material, providing a
dataset for subsequent automation development. Note that the Shenzhou-15
picks from Fernando and Charalambous [8] are not publicly available and
therefore not included. In a future operational system, models trained on
sufficient data could be applied to streaming data from FDSN-compliant
networks, automatically identifying candidate N-wave arrivals while flagging
low-confidence detections for human review. The resulting picks would feed
directly into the trajectory estimation workflow demonstrated here, enabling
near-real-time localization of re-entry events.

4.5. Implications for re-entry monitoring
The contribution of 22 Raspberry Shake stations to the final dataset

demonstrates that low-cost, citizen-operated seismic infrastructure can mean-
ingfully complement traditional research-grade networks for re-entry localiza-
tion. Their density in populated regions fills spatial gaps left by conventional
stations, enabling a denser coverage of the sonic-boom footprint. At the same
time, these instruments are prone to being noisier, exhibiting a median RMS
noise floor value of 485.5 nm/s in stark contrast to the 47 nm/s picked up by
the professional stations (see Fig. C.10). This difference further emphasizes
the importance of spectrogram cross-referencing and calling for automated
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quality-control procedures such as signal-to-noise ratio (SNR) thresholds to
be applied alongside manual review.
More broadly, the entire analysis was conducted using only openly available
seismic data, without access to operator telemetry, classified radar obser-
vations, or dedicated infrasound arrays. To the space community, this un-
derscores an important point: current open-source seismic infrastructure is
already capable of independent, continental-scale monitoring of atmospheric
re-entry events at essentially zero marginal cost. Routine incorporation of
seismic data into re-entry verification would provide a transparent, all-source
check on predicted splashdown locations and could serve as a backup track-
ing method when radar or optical assets are unavailable.
These results show that the combination of open seismic data, citizen-science
instruments, and deep-learning-based detection has the potential to trans-
form re-entry monitoring from an ad hoc, manually intensive process into a
routine, scalable capability. In other words, a method complementing exist-
ing radar and optical systems while remaining fully open and independent.

5. Conclusion

This study applied the seismoacoustic localization framework introduced
by Fernando and Charalambous to the controlled re-entry of the SpaceX
cargo Dragon C209 spacecraft on 25 May 2025. Using openly available wave-
form data from 95 stations across five networks, including 22 citizen-science
Raspberry Shake instruments, we recovered a re-entry trajectory consistent
with SpaceX’s publicly communicated splashdown corridor off the coast of
California.

As a preliminary step toward operational scalability, deep-learning approaches
were also explored in the pipeline. Training PhaseNet from scratch yielded
onset errors below 0.2 s on held-out stations, demonstrating that automated
N-wave detection from small, single-event training sets is feasible. Scaling
this approach across multiple re-entry events would reduce the manual work-
load and potentially enable near-real-time trajectory recovery from streaming
seismic data.

The analysis demonstrates that existing, non-specialized seismic infrastruc-
ture is capable of providing independent characterization of human space-
flight, controlled re-entry events using only publicly available data. No ac-
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cess to operator telemetry, classified radar observations, or dedicated infra-
sound arrays (purpose-built networks of pressure sensors designed to detect
atmospheric disturbances) is required. Unlike natural meteors and disin-
tegrating space debris, a crew-class capsule is an intact, structurally rigid
body descending under active guidance, sharing this property with sample
return capsules [16, 42, 18, 20]. However, the crew-class capsule still differs in
that it follows a propulsively controlled and guided descent from low-Earth-
orbit velocities rather than an uncontrolled, ballistic trajectory at interplan-
etary (11–12 km/s) entry speeds. Seismoacoustic detection of atmospheric
re-entries has also previously been demonstrated on meteoroid fireballs [14],
uncontrolled re-entries for rocket stages [8], and the Space Shuttle Orbiters
[12, 13], a comparably controlled, crewed vehicle; however, the Orbiter re-
entries were flown under a government program for which detailed trajectory
reconstructions were publicly available, allowing seismoacoustic detections to
be validated against a known ground truth rather than used as an indepen-
dent source of trajectory information. The present study is, to the authors’
knowledge, the first published seismoacoustic tracking of a commercial crew-
class capsule for which no such public telemetry exists: a vehicle type that
will become increasingly common as NASA’s Commercial Crew Program,
commercial cargo resupply, and planned commercial space stations will lead
to an increase of controlled re-entries conducted without the telemetry trans-
parency of earlier government programs.

As both the total number of re-entries and the share of re-entries with lim-
ited public transparency are rising, it leaves regulators with few independent
means to verify operator-reported outcomes: these include but are not lim-
ited to the actual re-entry ground track, the splashdown location, the extent
of sonic boom exposure over populated areas, and whether fragmentation or
debris shedding occurred as predicted by demisability analyses. The ability
independently recover re-entry trajectories from open seismic data therefore
carries several practical implications. For regulators, it provides a means to
verify operator-reported re-entry outcomes without relying on proprietary
telemetry or classified tracking data. For the scientific community, it al-
lows systematic characterization of re-entry events, using already established
global infrastructure. For spacecraft recovery operations, acoustic localiza-
tion can help narrow the search area for capsule retrieval, particularly when
radio telemetry is lost or delayed during the communications black-out phase
of re-entry. As the rate of controlled and uncontrolled re-entries continues to
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grow, open-data methods such as the one demonstrated in this study offer
a scalable, low-cost complementary option to established space situational
awareness capabilities.

A limitation of the study is the absence of publicly available reference trajec-
tory data against which to compute a quantitative localization error. Further-
more, the coastal splashdown resulted in an asymmetric station distribution
with no ocean-side coverage. Future events, such as those from upcoming
instrumented re-entry missions like ESA’s DRACO (Destructive Re-entry
Assessment Container Object) mission, scheduled for launch in 2027, offers
a promising opportunity to address this limitation [43]. DRACO will carry
a 150-200 kg satellite equipped with 200 sensors and 4 cameras that record
temperature, pressure, heat flux, strain, altitude, and trajectory, and ac-
celeration throughout the re-entry and break-up process. The data will be
stored in an indestructible capsule that will survive the destruction, and be
retrieved. Crucially, this telemetry will provide a precisely instrumented ref-
erence trajectory with known timing, altitude, and fragmentation sequence.
Applying the seismoacoustic method demonstrated here to the DRACO re-
entry and comparing with its ground-truth data would enable rigorous error
quantification and further method validation.
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Appendix A. Whitham’s theory and N-wave duration

Figure A.5: Scatter plot of N-wave duration against station downrange distance.
Both a linear and exponential fit was attempted on the data.

As an independent consistency check, N-wave durations τ were compared
against distance proxies to test whether they follow the scaling predicted
by Whitham’s theory [22, 12]. Such a test is valuable as the propagation
and coupling of the sonic boom to the ground depend on assumptions about
the shock geometry and atmospheric propagation; a positive match would
support those assumptions and help calibrate ground-coupling models for fu-
ture events. Given a supersonic projectile in steady level flight, Whitham’s
theory gives τ ∝ H1/4, where H is the perpendicular slant range from the
source. When deceleration is significant, as in re-entry, the scaling is mod-
ified to approximately τ ∝ H1/4/U with U denoting the flight speed. This
is because the N-wave duration is dependent on the Mach number M that
varies with U . However, a direct test requires knowledge of the slant range H
and the local Mach number, neither of which is available for this event given
the lack of precise trajectory altitude data. Instead, three proxies were ex-
amined: downrange distance from the earliest-arriving station (BK.LAND)
Fig. A.5, normalised haversine and time-based distances, and a projected
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altitude proxy assuming a constant descent angle, ranging from R2 = 0.04
to R2 = 0.24 ( Appendix A, Fig. A.6, Fig. A.7).

The weak correlations reflect a common limitation: none of the proxies ade-
quately captures the perpendicular slant range from the shock front to each
station. Downrange distance from BK.LAND does not discriminate between
along-track distance and cross-track offsets. As a consequence, two stations
at the same downrange distance can receive the result of two different prop-
agation paths. The altitude proxy partially to corrects for this by projecting
stations perpendicularly onto the trajectory but assumes a constant descent
angle which is unlikely to hold: during a controlled re-entry, the flight-path
angle steepens as the vehicle decelerates. Additional composite distance met-
rics incorporating both along-track and cross-track components were explored
but did not yield stronger correlations. This indicates that the proxy vari-
ables do not capture the true slant-range geometry required for a meaningful
test of the theory.

All proxies tested produced a decreasing trend in τ with distance, oppo-
site to the increase expected from a H1/4 increase. The simplified scaling
τ ∝ H1/4/U might predict a decrease if U decreases faster than H1/4. How-
ever, this reasoning is incomplete given that the Mach number also evolves
along the trajectory, and the full Whitham solution includes M in the frac-
tion. Without altitude and Mach number data, a meaningful comparison to
theory is not possible, and the sign of the observed trend cannot be inter-
preted properly.

Another obstacle is that the stations included in this study are located in
the acoustic far field of the shockwave. For a transient pulse like an N-wave,
the dominant frequency content is typically a few herts (1-10 Hz). The cor-
responding acoustic wavelength in air is λ = c/f ; assuming a frequency of
5 Hz and sound speed of 330 ms−1 yields λ ≈ 66 m. Within roughly one
such wavelength of the shock front, the pressure signature preserves the true
source-time function, i.e. the "ideal" N-wave shape and duration produced
by the supersonic body. This region is called the acoustic near field.

As the wave propagates beyond one wavelength, roughly 66 m in this case,
it enters the far field where several processes distort the pulse: atmospheric
absorption removes higher frequencies, broadening the pulse. Refraction and
scattering by temperature and wind gradients alter the waveform. Combined
with multipathing, where different parts of the wavefront arrive at a station
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via different paths, the duration measured at a distant station is no longer
representative of the source-generated N-wave length.

Most stations included in this study are located tens to hundreds of kilo-
meters from the trajectory. The recorded N-wave durations are therefore
heavily affected by source, path, and receiver effects, which can extend or
shorten the observed pulse independently of the source. This large sepa-
ration from the near field makes it impossible to retrieve the pure source
duration required for a meaningful test of the Whitham scaling. Further-
more, the situation is compounded by the mixed station networks and types
in the dataset: including both professionally installed broadband instruments
and citizen-science instruments likely adds further scatter to duration mea-
surements.

Therefore, a meaningful test of the Whitham scaling would require either
known trajectory altitude and speeds or a denser near-field array with sen-
sors placed within few acoustic wavelengths of the projected track.

Figure A.6: N-wave duration τ against projected altitude proxy Hproxy (left, R2 = 0.04)
and corresponding log-log diagnostic (right, R2 = 0.03). The altitude proxy assumes a
constant descent angle and projects each station perpendicularly onto the approximate
trajectory line.
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Figure A.7: N-wave duration τ against normalised haversine distance (left, R2 = 0.14)
and normalised time delay (right, R2 = 0.05), with linear and quarter-power fits shown
for comparison.
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Appendix B. Representative PhaseNet Pick Examples

Figure B.8: Representative PhaseNet (scratch) picks on four held-out test stations span-
ning the observed quality range. Left panels show the manually annotated waveform with
the N-wave onset tA marked in blue. Right panels show the corresponding waveform
overlaid with the model’s P (tA) probability distribution output (shaded, right axis); the
dashed horizontal line indicates the detection threshold of 0.20. The predicted pick (ver-
tical blue line) and residual ∆tA = tpred

A − tmanual
A are shown in the upper right corner,

colour-coded by accuracy: green (|∆tA| < 50 ms), orange (< 300 ms), red (≥ 300 ms).
All traces are displayed with a 0.5–8 Hz bandpass filter; station codes are given in italics
in the bottom right corner of the manual annotations.

To further validate the PhaseNet (scratch) model results, a few model
output examples were manually inspected after model training. Fig. B.8 dis-
plays four representative examples. For the seismogram of station AZ.SMER,
the model predicted the exact same N-wave onset to within the 10 ms sam-
pling resolution as the manual annotation. Additionally, the seismograms
has a probability output P (tA) above 0.80 at the peak, suggesting not just
high pick prediction accuracy but also high model confidence, even when the
NN.SHP station data is noisy. For the third example, station AM.R410F,
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the model output was 50 milliseconds earlier than the manual annotation
but still retained high pick confidence. As for the last seismogram, CI.PTD,
the model predicted the wave onset to be 620 milliseconds earlier than the
manual pick. Additionally, a smaller probability peak can be seen between
10 and 12 seconds, prompting further inspection.

Figure B.9: Spectrogram of waveform data for the station CI.PTD. The manual annotation
time tA is marked with a vertical blue line, and PhaseNet (scratch) pick is marked with
a dashed vertical red line. Note that the power spectral density (PSD) is displayed on a
logarithmic scale

Fig. B.9 displays the spectrogram of the CI.PTD station. Weak spectral
energy is present as narrow bands between 11 and 14 seconds. Combined
with the smaller, but sudden vertical drop between 10 and 12 seconds in
the corresponding seismogram where a smaller probability spike is found,
it is plausible that this N-wave was preceded by a smaller boom from a
smaller fragment of debris leading ahead of the spacecraft. It is therefore
possible that PhaseNet (scratch) also picked up on this signal, prompting
the smaller probability peak. However, sonic booms tend to be impulsive
and therefore need to contain broad frequency content while the spectral
energy looks narrow around 2 Hz. Therefore, it could also be local noise or
sound belonging to something entirely unrelated. In summary, the model
output for the station data of CI.PTD appears ambiguous and inconclusive.

Whether this constitutes a model failure or an incidental detection of
a genuine secondary arrival remains unresolved without additional ground
truth. Nevertheless, the result illustrates a broader challenge for automated
N-wave pickers: when the input window contains any weak impulsive noise,
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the model may assign a non-trivial detection probability to it. This under-
scores the value of multi-station consistency checks when interpreting model
output in practice, particularly for stations with low signal-to-noise ratios or
ambiguous annotations.

Appendix C. Instrument Noise Performance: Raspberry Shake vs
Professional Stations

Figure C.10: Histogram bins of the median value of pre-arrival RMS noise floor in the 1–18
Hz velocity band for Raspberry Shake (AM network) and professional seismic stations (AZ,
NC, BK, and CI). Noise is measured over a 30 second window, ending 30 second prior to the
manually annotated N-wave onset (tA), ensuring the estimate reflects contemporaneous
background conditions rather than signal energy.

To compare the detection capabilities of the citizen-science Raspberry
Shake instruments to the professional networks, we compare pre-arrival RMS
noise floors in the 1–18 Hz passband used for both manual annotation and
model training. As shown in Fig. C.10, the AM network exhibits a sub-
stantially higher median noise floor than the professional stations, consistent
with the lower sensor grade, consumer-grade digitizers and typically non-ideal
installation conditions: for instance, indoor placement and proximity to ur-
ban noise sources as is characteristic of Raspberry Shake deployments. This
elevated noise level reduces the signal-to-noise ratio (SNR) of the N-wave
picked up by AM stations which is also reflected in the higher proportion
of unclear annotations assigned to them during manual annotation. Despite
this limitation, 22 AM stations still had useful picks, comprising 23% of the
final dataset used to construct Fig. 3. The inclusion of this many stations
demonstrates that citizen-science instruments can contribute meaningfully
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to airwave detection when the signal amplitude is sufficient, while also high-
lighting the need for caution when interpreting model confidence scores at
these sites.
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