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Abstract

Rocket launches produce complex acoustic signatures with large amounts of energy in low
(<300 Hz) and infrasonic (<20 Hz) frequency ranges. These acoustic signatures carry information
about their source as they propagate through the atmosphere, which, if correctly detected and
classified, can aid in monitoring efforts. Many infrasonic rocket signatures have been successfully
collected after propagating great distances (>1000 km), but most of these signatures are highly
attenuated, yielding broad insight but little detail into the nature of the launch that produced them. In
addition, very few of these data are available to the public, limiting the rate of progress in the field of
rocket acoustics.

The overarching goal of the work covered in this dissertation is to develop a fast and reliable
method of detecting acoustic rocket launch signatures. Results from each of the three content chapters
contribute towards this goal. In Chapter 2, a surface chemical explosion signal is observed from an
ascending balloon in the middle stratosphere. From this case of a stationary surface source and an
ascending airborne receiver, we can gain insight into the inverse case of an ascending airborne source
(a rocket) and a stationary surface receiver by invoking reciprocity. In addition, a comparison of low-
cost, low-maintenance sensors (smartphones) with traditional infrasound sensors is made. In Chapter
3, a dataset of acoustic rocket signatures collected on smartphones at estimated propagation distances
of 10-70 km is presented and released to the public, accompanied by preliminary analysis of the
chronology and time-frequency characteristics observed in the dataset. In Chapter 4, this dataset is
used in concert with two other open-access datasets to train and test machine learning models for
near-real-time detection of acoustic rocket launch signatures on mobile platforms. The best
performing model showed promising results, with an overall accuracy of 97% and a false positive rate

of <1%. Measures to improve the model’s suitability for persistent monitoring are discussed,
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implemented, and evaluated, resulting in an estimated effective true positive rate of 99% and false

positive rate of 0.07%.
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Chapter 1: Introduction

Along with audible sound, rocket launches generate infrasound: acoustic waves with
frequencies below 20 Hz, the lower frequency limit of human hearing. As those waves propagate, they
lose information to atmospheric attenuation, the effects of which increase with increasing frequency.
This dependence on frequency results in a wave’s higher frequency content being disproportionately
lost as the wave propagates, eventually leaving only infrasound, which can remain detectable after
traveling thousands of kilometers for signals from sufficiently energetic sources. Despite the earliest
examples of recorded acoustic rocket signatures dating back to the early days of spaceflight
(Balachandran & Donn, 1971; D. Cotten & Donn, 1971; D. E. Cotten et al., 1971; Donn et al., 1968;
Kaschak et al., 1970), the relative rarity of rocket launches has resulted in our understanding of these
signatures lagging behind that of better-studied infrasound sources such as earthquakes and explosions.

In recent decades, the dramatic increase in annual rocket launches has accelerated progress in
this field due to the resulting increase in the volume of rocket launch acoustic data available and
number of studies conducted (Blom et al., 2016; Evers et al., 2018; Mclaughlin et al., 2000; Olson,
2012; Pilger, Hupe, et al., 2021; Pilger & Hupe, 2024; Smith et al., 2018; Tenney et al., 2003). Due to
the sparsity of acoustic collection stations, however, most of the currently available data were collected
at great distances (>1000 km) from the source and are highly attenuated and dispersed. Thus, to
understand the chronology of rocket launch signatures, more near field data are required.

The overarching goal of this dissertation is to develop a fast and accurate method of detecting
the acoustic signatures generated by rocket launch sequences, including ignition, launch, and trajectory
signals. To achieve this goal, several requirements must be met. Firstly, to achieve rapid (<5 minute)
detection, we must limit propagation distances to less than 100 km. In application, this level of density
in a network would likely be cost-prohibitive using traditional sensors, and thus relatively low-cost,
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low-maintenance sensors must be employed. In Chapter 2, recordings of a chemical explosion signal
collected by both traditional infrasound sensors and smartphone microphones are compared, serving
as proof-of-concept for using smartphones to collect infrasound signals. Through reciprocity, Chapter
2 also provides insight into the expected changes in characteristics of an infrasound signal generated
by an elevated source and collected on the ground, as the signal being examined originated on the
surface and was collected by a balloon in the stratosphere.

Secondly, a great deal more relatively near-field (<100 km propagation) acoustic rocket
signatures than are currently available are necessary, both to improve our understanding of the
characteristics of such signatures as well as to train and test machine learning models. Chapter 3
addresses this lack of publicly available rocket acoustic data by releasing an aligned and annotated
collection of 1089 smartphone microphone recordings of rocket launches from the Kennedy Space
Center and Cape Canaveral Space Force Station. Preliminary time-frequency analysis of the signatures
is also presented, and features of the signatures are identified.

Lastly, in Chapter 4, the rocket acoustic signatures discussed in the previous chapter are used
to train and test a machine learning model designed for near-real-time rocket launch detection. The
performance of the model is evaluated, and its suitability for real-world applications is assessed. In
Chapter 5, the results and conclusions of the previous chapters are summarized, and possible

directions of future work are discussed.



Chapter 2: Acoustic Waves From a Distant Explosion Recorded on a

Continuously Ascending Balloon in the Middle Stratosphere

Published as: Popenhagen, S.K., Bowman, D.C.., Zeiler, C., and Garcés, M.A. (2023). Acoustic Waves
From a Distant Explosion Recorded on a Continuously Ascending Balloon in the Middle Stratosphere.

Geophysical Research Letters, 50, 20.

Abstract:

A helium-filled mylar balloon carrying a smartphone and infrasound sensors ascended to a
stratospheric height of 35 km over the surface detonation of a chemical explosive, with a total acoustic
propagation distance of 127 km. The smartphone was configured to collect multi-modal data at high
rates from internal sensors. Analysis of the data shows successful collection of the explosion signal by
both the smartphone's microphone and its accelerometers, the first from an ascending balloon.
Comparison of the acoustic signal with that collected by other infrasound sensors, both airborne and
ground-based, provides insight into the possibilities and limitations of collecting acoustic data from

the stratosphere.



2.1 Introduction

Large-scale events, such as earthquakes, volcanic eruptions, and explosions, produce low-
frequency acoustic waves called infrasound, which carry information about their source as well as the
medium through which they travel. Since acoustic attenuation generally increases with increasing
frequency, infrasound waves can propagate over much greater distances than audible sound. Ground-
based monitoring of infrasound has been widely used for decades, successfully detecting signals from
numerous sources including earthquakes, tsunamis, volcanoes, bolides (Garces & Le Pichon, 2009)
and explosions (Pilger, Hupe, et al., 2021). Ground-based infrasound monitoring is also used
(alongside other detection methods) by the global International Monitoring System of the
Comprehensive Nuclear-Test-Ban Treaty (Vergoz et al., 2022).

Airborne infrasound, on the other hand, has not been as extensively studied or utilized.
Although balloon-based sensors were used in early efforts to detect infrasound signals in the 1950s
(Peebles, 1997; Weaver & McAndrew, 1995) and 1960s (Wescott, 1964), relatively few studies were
conducted until the 2010s saw a resurgence of research in the area. In the years since, airborne
infrasound sensors have been used to successfully capture signals from various sources, including
lightning (Lamb et al., 2018), earthquakes (Brissaud et al., 2021), chemical explosions (Bowman &
Albert, 2018; Bowman & Krishnamoorthy, 2021; Silber et al., 2023; Young et al., 2018), and volcanic
eruptions (Podglajen et al., 2022).

We present the first observations of surface blast signals recorded by sensors in an ascending
stratospheric balloon. The signals were collected by multiple sensors onboard the balloon, which was
35.2 km above the geoid and at a total propagation distance of 126.8 km from a 1,000 kg TNT-
equivalent surface chemical explosion. Explosion signals have previously been collected from balloons

in the upper stratosphere (Young et al., 2018), but they are few in number. Thus, careful consideration



was made of the expected properties of an acoustic signal from the surface collected in the
stratosphere. The balloon's ascent must also be considered, as similar observations ate usually made
from passively drifting balloons during periods of neutral buoyancy (Bowman et al., 2022; Bowman
& Albert, 2018; Bowman & Krishnamoorthy, 2021; Young et al., 2018). Finally, we show that the
vertical accelerometer on the smartphone is able to distinguish the acoustic signal from wind noise
recorded during the ascent.

We first consider atmospheric attenuation. The degree of attenuation of an acoustic wave
propagating through the atmosphere increases with the frequency of the wave, resulting in low
attenuation for infrasonic signals. However, it also depends on atmospheric conditions such as
temperature and humidity, which can be considered approximately constant when horizontal changes
in position are small (<1,000 km) and altitude is held constant. As attenuation tends to increase with
increasing altitude (Sutherland & Bass, 2004), we expect to see a greater loss of energy in airborne
acoustic data than in data from surface stations at comparable range.

Second, ambient infrasonic noise varies substantially with altitude. Noise levels are high in the
troposphere (<10 km above the geoid), with natural and anthropogenic noise persistently present in
near-surface acoustic data (Christie & Campus, 2010). In the stratosphere (=10-50 km above the
geoid), relatively little of this noise remains (Bowman & Lees, 2015). Unlike in the troposphere, where
colder, denser air overlying warmer, thinner air leads to turbulent overturning and other
meteorological and topographical effects, the stratosphere has a more stable stratification, less ambient
noise, and more importantly, a low-velocity zone that efficiently traps sound in an elevated waveguide
(Garcés et al.,, 1998).

Lastly, we consider possible sources of additional noise in the stratosphere. Noise due to cable

vibrations (strumming) is expected, and other possible relative movements of the balloon system



should also be considered, primarily the ability of the payload box to spin (Garcés et al., 2022).
Acoustic signals produced by aircraft may also be present (Wescott, 1964). The primary noise concern
for an ascending balloon, however, is additional wind noise due to the payload box traveling in the
balloon's wake (Barat et al., 1984). Research has shown that wind noise dominates during a balloon's
ascent (Krishnamoorthy et al., 2020), thus previous efforts to collect explosion signals have focused
on free-floating balloons during periods of neutral buoyancy (Bowman & Albert, 2018; Bowman &
Krishnamoorthy, 2021; Young et al., 2018). Studies of stratospheric noise, however, have shown that
wind noise during ascent through the stratosphere is drastically reduced compared to the troposphere
(Bowman & Lees, 2015). Thus, we show that high signal-to-noise ratios are achievable in the
stratosphere even during ascent.

The ability to record sound waves as an airborne platform ascends or descends has important
impacts for terrestrial and planetary acoustics. Balloons can “stationkeep” in the vicinity of a target
region by rising and falling to take advantage of different wind speeds (Bellemare et al., 2020), but it
is not clear whether such maneuvers would prevent concurrent infrasound monitoring. Airborne
sensing has also been proposed as a means of recording acoustic waves from seismic activity on Venus
(Brissaud et al., 2021), but the previous balloon missions in that planet's atmosphere encountered
substantial vertical motion (Sagdeev et al., 1986). Our results suggest that continuous airborne
infrasound monitoring of sources of interest on Earth and geophysical activity on Venus (e.g., Brissaud

et al. (2021), Rossi et al. (2023)) will be less challenging than previously thought.
2.2 Data and Methods

A high-altitude balloon was deployed near a 1,000 kg = 10 kg TNT-equivalent surface
chemical explosives test at Nevada National Security Site on 27 October 2020, at 6:37 a.m. local time

during the Large Surface Explosion Coupling Experiment (LSECE) (Silber et al., 2023; Wermer et al.,



2021). The balloon's payload consisted of acoustic sensors and a SPOT TRACE asset tracker
contained in a foam carton. The sensors consisted of a Samsung S10 smartphone using the RedVox
application (Garcés et al., 2022) to collect geophysical data from the phone's internal sensors, including
the microphone and three-dimensional accelerometers. In addition, two InfraBSU microbarometers
(Marcillo et al., 2012) and a prototype condenser microphone digitized on a DiIGOS DATA-CUBE
logger at 400 Hz were included. The frequency response of the condenser microphone is unknown.
The payload did not have wind noise mitigation screens. The balloon was launched at 5:16 a.m. local
time and achieved a stratospheric height of 35.2 km before the signal of interest was detected. The
flight system, the various smartphone sensors recording data, and the application's data collection
protocols are detailed in Garcés et al. (2022).

A surface network of smartphones running the RedVox app was also collecting data during
the experiment. The individual phones were located at various distances from the explosion site,
including a station at a horizontal distance of 3.1 km, and a station at a horizontal distance of 46.4 km.
Despite several stations deployed at ranges comparable to the total distance (126.8 km) of the balloon
from the explosion site at the time of the signal, the station at 46.4 km was the furthest with a
confirmed signal arrival. The locations of the surface and airborne stations relative to the explosion
site are shown in Figure 2.1, along with the balloon's launch site and flight path. In Figure 2.2, time-
frequency representations of the recordings from the smartphones on the surface, two of the airborne
acoustic sensors, and the vertical channel of the airborne accelerometer are shown for the high-altitude
segment of the flight, along with the balloon's altitude for reference. While the background noise levels
of surface stations are mostly constant over the time period, this is not true for the airborne sensors.
Around 2,200 s before the airborne acoustic wave peak, we see a clear decrease in the background

noise levels, indicating the balloon entered the stratosphere. The acoustic explosion signal is not



obvious on this time scale, but we can see the airborne accelerometer signal clearly in Figure 2.2e.
Finally, about 200 s after the acoustic wave peak, the noise levels increase dramatically as the balloon
bursts and the payload begins its descent. For a more in-depth view of noise levels in the stratosphere,
see Figure 2.S3 in Supporting Information S1.

Ray tracing and waveform evolution modeling were calculated using the open-source
infraGA/GeoAc software and the “eigenray” methods described in Blom & Waxler (2017). The signal
recorded at 3.1 km was used as the input for the evolution modeling. Temperature and wind data were
extracted from Ground-to-Space atmospheric specifications (Drob, 2019; Drob et al., 2003) provided
by the National Center for Physical Acoustics of the University of Mississippi. A variety of possible
ray paths and the calculated eigenrays between the source and the sensors' locations are shown in
Figure 2.3. Due to an idiosyncrasy in the software, it was necessary to perform the eigenray search for
the path to the balloon in reverse, by setting the balloon as the source and the detonation site as the
receiver. To correct for this, the winds were reversed in the atmospheric profile when calculating this

eigenray. Due to reciprocity, we don't expect this to have any effect on the modeled propagation time.
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Figure 2.1 Visualization of sensor locations (black triangles) relative to the blast pad location (red
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Figure 2.3 Results of propagation modeling. Solid gray lines show possible ray paths, the dashed black
lines show the propagation paths from the source to the balloon and ground stations, and the station
locations are marked with black triangles.

Time-frequency analysis of the signals was performed by computing the continuous wavelet
transform (CWT) of eleven-second-long windows centered on the absolute maximum (in bits) of the
acoustic signal. The CWT transforms the one-dimensional waveform into two-dimensional
coefficients representing scale and position by maximizing the similarity between the signal and scaled
and shifted versions of a specified wavelet function. Like the short-time Fourier transform (STFT),
the CWT is a windowed transform. Unlike the STFT, however, the size of the window varies with
frequency to maximize the resolution of both time and frequency. This improves frequency resolution

at low frequencies and time localization at high frequencies compared to the STFT. Choice of wavelet
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varies between uses. The CWT used in this work is constructed according to the standardized
constant-QQ variation of the Gabor atom detailed in Garcés (2020), with band order N = 6. The time-
frequency representations in this work are shown in bits, a binary logarithmic unit more natural to

digital systems than the traditional decibel (Garcés, 2020, 2023).

2.3 Results

2.3.1 Acoustic Data

The observed waveforms from the surface and airborne sensors are shown in Figure 2.4, along
with the results of infraGA's weakly non-linear waveform evolution modeling along the calculated
eigenray. All the waveforms are unfiltered, and all the acoustic waveforms are normalized. Looking at
the results from the two airborne audio sensors, we see that both detected a signal at 13:43:46 UTC,
at which time the location data shows a height of 35.2 km and a total distance from the explosion of
126.8 km. This timing is consistent with propagation modeling results within 5 s, corresponding to a
true propagation path about 2 km longer than the modeled one, or a true speed of sound slightly

slower than that estimated by the modeling software.
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Figure 2.4 Waveforms of the signals from surface microphones at (a) 3.1 km and (b) 46.4 km,
airborne (c) condenser and (d) smartphone microphones, and (e) the smartphone accelerometer. The
modeled waveform evolutions are plotted as orange lines in panels (b)—(d). Time is relative to the
acoustic wave peak at each location.

The two airborne audio signals differ. The first difference is due to the sensitivities of the
microphones. The condenser microphone was able to collect the signal in significantly more detail
compared to the smartphone microphone, which was approaching its sensitivity limit. This can be
seen in the waveform itself, where individual bits of information can be observed visually. There is
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also a difference in phase between the two signals, likely due to the phase change of the smartphone
in the 2-10 Hz passband (Asmar et al., 2019). The smartphone frequency response at the temperatures
and pressures in the stratosphere is unknown and beyond the scope of this paper. However, theory
suggests that the infraBSU microbarometer (see Figure 2.S1 in Supporting Information S1) frequency
response should be stable at high altitudes in the passband of interest (see Equation 4 in Marcillo
etal. (2012)). The phase of the infraBSU microbarometer signal matches that of the condenser
microphone signal, indicating that the phase of the condenser microphone signal is correct.

For this to be true, the classic “blast wave” signal recorded on the ground must have
experienced a phase shift during its journey into the middle stratosphere. This is supported by
infraGA's weakly linear waveform evolution modeling, as the shape of the resulting waveform (seen
in Figures 2.4c and 2.4d) closely resembles the condenser microphone signal. As the wave followed a
direct path from source to receiver, this distortion was unexpected (Bowman &
Krishnamoorthy, 2021), but explainable. We can attribute this phase shift to Hilbert transforms
resulting from the acoustic wave being trapped near turning points in the tropopause temporarily
before escaping into the stratosphere. The nearly horizontal path in the calculated eigenray between
20 and 50 km (see Figure 2.3) and the modeled waveform evolutions (see Figure 2.4) mentioned above
both support this conclusion.

For further confirmation of the validity of the airborne detection, time-frequency analysis was
performed on all the acoustic signals. The resulting multiresolution spectrograms are shown in
Figure 2.5. From the CWT of the signal collected on the ground at a horizontal distance of 3.1 km
from the explosion shows (Figures 2.5a and 2.5b), we can identify two high energy regions in the
frequency domain. The first, near 5 Hz, is clearly present in all the acoustic signals. The presence of

the second, near 10 Hz, is less obvious in the signals collected at greater range, particularly in the
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signals from the airborne sensors. This is consistent with the expected loss of energy to attenuation
during propagation, as lower frequency energy is less effected, and attenuation is greater at higher
altitudes. Additionally, we see that despite the phase difference between the two airborne acoustic
signals, their energy distributions are nearly identical in the frequency domain (Takazawa, Popenhagen,
Ocampo Giraldo, Cardenas, et al., 2024). Thus, time-frequency analysis of the acoustic signals

provides additional evidence of successful airborne detection.
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Figure 2.5 Spectrograms showing the continuous wavelet transforms of the acoustic signals. From
top to bottom, the rows display: the smartphone microphone data from the surface at 3.1 km (a—b)
and 46.4 km (c—d), the airborne condenser microphone data (e—f), and the airborne smartphone
microphone data (g—h).

15



2.3.2 Acceleration Data

The airborne acceleration data in the z-direction is shown in Figure 2.4e. A sudden increase in
energy at the moment of the signal's arrival is cleatly seen in the second half of the shown window.
Damped oscillation continues for approximately 5 s post-arrival, after which the amplitude returns to
pre-arrival levels. This behavior is most obvious in the z-direction, but an increase in energy was also
seen in the x- and y-directions (see Figure 2.82 in Supporting Information S1). We see in
Figure 2.2¢ that this sudden increase in energy was not observed at any other point throughout the

stratospheric flight, providing further evidence of the acoustic wave arrival.
2.4 Discussion and Conclusions

Using data collected by multiple sensors, we successfully observed the arrival of the acoustic
wave generated by an explosion from a stratospheric height of 35.2 km and a total range of 126.8 km
from the site of the explosion. The balloon carrying the sensors was still ascending when the signal
was collected, as evidenced by location data from both the smartphone and a Balloon Ascent
Technologies HAB Bounder Balloon Cut-Down Device included in the balloon's payload, and
supported by the smartphone's barometer and accelerometers. Propagation modeling predicted the
arrival at this location within a few seconds of the observation.

Comparison of the airborne audio data and data collected on the ground at 46.4 km and at
3.1 km revealed disproportionate loss of energy above 10 Hz frequency as the acoustic wave
propagated through the atmosphere. This confirms the expected increase in attenuation of acoustic
waves with frequency. The effect of the attenuation was significantly greater in the airborne data than
in the ground-based data, which was also expected, as attenuation generally increases with altitude,
and the propagation path to the balloon was significantly longer. It may also suggest other nonlinear

effects enhanced by stratospheric conditions.
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Nevertheless, the energy of the signal at frequencies below 9 Hz, particularly the peak near
5 Hz seen in the short-range surface data, was clear in the airborne audio data collected by both the
smartphone and the condenser microphone, while the surface stations at comparable ranges were
unable to detect the signal at all. Given the decrease in signal-to-noise ratio from the surface station
at 3.1 km to that at 46.4 km, it is not surprising that the signal was not detected at surface ranges
comparable to the propagation distance of the balloon. These results demonstrate that infrasound
signals can not only be successfully collected from an ascending balloon at sufficiently high altitudes,
but can be successfully collected in the stratosphere at propagation distances much greater than the
detectable range of the signal on the ground. The ability to collect from a balloon while it's ascending
could potentially lengthen the signal collection window of future balloon deployments by allowing for
collection during periods of both neutral buoyancy and ascent.

Additionally, analysis of acceleration data at the time of the arrival suggests that accelerometers
included with the other sensors carried by a balloon can provide evidence of an acoustic wave arrival.
As wave propagation modeling is only possible if the location of the source is known, using
acceleration data to discriminate between noise and true acoustic wave arrivals would be a valuable

tool for infrasound monitoring applications both terrestrial and extraterrestrial.
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in this work were made with Matplotlib version 3.5.1 (Caswell et al., 2021; Hunter, 2007), available
under the Matplotlib license at https://matplotlib. org/. Propagation modeling was performed with
infraGA (Blom, 2014; Blom & Waxler, 2017). Time-frequency analysis was performed using

libquantum version 1.4.1 (RedVox Inc., 2022).
2.7 Supporting Information

This supplementary document contains additional figures supporting the results. Figure 2.51
shows the waveforms of the acoustic signals collected by the airborne smartphone and condenser
microphone (included in article), and the signal collected by the infraBSU microbarometer. In Figure
2.82, the airborne acceleration signal is shown in all three dimensions (only z-acceleration included in
article). Figure 2.3 shows the spectrograms and waveforms of data from the airborne condenser
microphone, smartphone microphone, and the vertical channel of the smartphone accelerometer for

the stratospheric segment of the balloon’s flight.
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Figure 2.83 Spectrograms and waveforms of stratospheric airborne data from (a-b) the condenser
microphone, (c-d) the smartphone microphone, and (e-f) the smartphone z-accelerometer, which
shows a significantly higher signal to noise ratio than the acoustic data at this scale.

22



Chapter 3: Acoustic Rocket Signatures Collected by Smartphones

Published as: Popenhagen, S. K. and Garcés, M.A. (2025) Acoustic Rocket Signatures Collected by

Smartphones. Signals, 6, 5.

Abstract:

Rockets generate complex acoustic signatures that can be detected over a thousand kilometers
from their source. While many far-field acoustic rocket signatures have been collected and released to
the public, very few signatures collected at distances less than 100 km are available. This work presents
a curated and annotated dataset of acoustic signatures of 243 rocket launches collected by a network
of smartphones stationed at distances between 10 and 70 km from the launch sites, resulting in 1089
individual recordings. Due to the frequency dependence of atmospheric attenuation and the relatively
short propagation distances, higher-frequency features not preserved in most publicly available data
are observed. The signals are time-aligned to allow for different segments of the signal (ignition, launch,
trajectory, chronology) to be more easily examined and compared. Initial analysis of the features of
these rocket launch stages is performed, observed features are compared to those found in the existing
literature, and comparisons between signals from launches of different rocket types are made. The
dataset is annotated and made available to the public to aid future analysis of the characteristics and
source mechanisms of rocket acoustics as well as applications such as rocket detection and

classification models.
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3.1 Introduction

Acoustic waves traveling through the atmosphere carry information about both the source
that generated them and the medium through which they travel. As waves propagate, they lose some
of that information to atmospheric attenuation. Atmospheric attenuation, however, does not affect all
waves equally. Lower-frequency sound is less attenuated and can remain detectable over much longer
distances than higher-frequency signals. Since both natural and anthropogenic large-scale events can
generate significant amounts of low frequency energy, this phenomenon is particularly useful for
detecting and monitoring such events. Sound waves with frequencies below 20 Hz (the lower
frequency limit of human hearing) are called infrasound. A wide variety of events have been
successfully detected using infrasound, including tsunamis, volcanoes, bolides, earthquakes (Schwardt
etal.,, 2022), lightning (Lamb et al., 2018), explosions (Pilger, Gaebler, et al., 2021), and rocket launches
(Pilger, Hupe, et al., 2021).

Many of these detections were made using infrasound data collected by the International
Monitoring System (IMS) of the Comprehensive Nuclear-Test-Ban Treaty (Hupe et al.,, 2022). The
IMS is a global network of stations that collects data from a number of different types of sensors,
including infrasound microphones. While the IMS has proven invaluable for global detection of large-
scale events, the size of the network necessitates sparseness in order to limit cost, resulting in most
signals being detected only after propagating great distances. This trend towards far-field data is not
unique to the IMS; many of the infrasound signals collected are collected at large propagation distances.
Due to the low attenuation rate of infrasound in the atmosphere, this is not generally a problem for
detectability given a sufficiently energetic low-frequency signal, but it severely limits the expediency at

which detections can be made due to the relatively slow (compared to light) speed of sound.
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Acoustic signals generated by rocket launches have consistently been detected over the
decades since humanity’s first successful launches (Balachandran & Donn, 1971; Blom et al., 2016; D.
Cotten & Donn, 1971; D. E. Cotten et al., 1971; Donn et al., 1968; Evers et al., 2018; Kaschak et al.,
1970; Pilger, Hupe, et al., 2021; Pilger & Hupe, 2024; Tenney et al., 2003). Starting in the late 1950s,
infrasound waves from rocket launches in Florida were detected by infrasound sensors at multiple
stations in the eastern United States at ranges between 291 and 1594 km (D. Cotten & Donn, 1971;
Donn et al,, 1968; Kaschak et al., 1970). In 1971, Cotton and Donn reported the observation of
infrasound signals believed to be shock waves generated by the exhaust plumes of Apollo rockets as
they flew over Bermuda at 188 km altitude (Balachandran & Donn, 1971; D. Cotten & Donn, 1971).
In the decades following these early observations, the annual number of rocket launches has increased
dramatically, as has our ability to detect infrasound signals. Numerous rocket launch signals have been
detected by IMS infrasound stations since the network’s establishment, usually at great distances. Such
signals have been analyzed in multiple studies (Blom et al., 2016; Evers et al., 2018; Mclaughlin et al.,
2000; Pilger, Hupe, et al., 2021; Pilger & Hupe, 2024), and thus the characteristics of far-field rocket
signatures are generally well understood.

Far fewer studies, however, have been conducted on acoustic rocket launch signals collected
at shorter distances (<100 km). The existing literature includes a 2016 study that analyzed acoustic
signals collected 7-100 km from the launch site of a four-stage sounding rocket (Blom et al., 2016),
and results of a few studies analyzing acoustic signals collected at similar distances can be found in
conference proceedings (Olson, 2012; Smith et al., 2018; Tenney et al.,, 2003), but few data are
currently publicly available. This relative dearth of nearer-field data limits advancement in the field of
rocket acoustics for two related reasons. First, due to the atmospheric propagation effects previously

discussed, much of the original signal’s content is lost as it propagates, including features seen in data

25



from previous studies (Blom et al., 2016; Mclaughlin et al., 2000; Olson, 2012; Tenney et al., 2003),
limiting what can be learned about the source. Second, distortion of the signal during propagation
makes relationships between characteristics and their source mechanisms more difficult to interpret
in signals collected at longer ranges. Thus, we believe there is much to learn from analysis of nearer-
field rocket launch acoustics.

In order to conduct such an analysis, however, it is first necessary to curate a dataset of such
signals. To this end, we established a semi-permanent network of low-cost, attritable sensors at a 10—
70 km range from launch sites at the Kennedy Space Center and Cape Canaveral Space Force Station
in Merritt Island and Cape Canaveral, FL, USA. From the first launch recorded on 24 May 2019 until
the last on 20 August 2024, the network recorded 1089 acoustic signals from 243 rocket launches.
These recordings have been aggregated into a curated, labeled dataset, hereafter referred to as ASTRA
(Aggregated Smartphone Timeseries of Rocket-generated Acoustics) for convenience (Popenhagen,
2024). ASTRA is an open-access dataset created to help increase our understanding of the nature and
features of rocket acoustics through traditional analysis, as well as for building, training, and testing
near-real-time rocket detection and identification models using machine learning methods. We present
an overview of ASTRA, the network on which it was collected, the alignhment and labeling procedures

used, and a summary of the observed time—frequency characteristics.

3.2 Materials and Methods

3.2.1 Data Collection

The data used in this study were collected by a network of smartphones located 10-70 km
from the launch sites. Smartphones are used in this study for several reasons, first of which is their
low cost compared to traditional infrasound sensors, which allowed for a much denser network. In

addition, smartphones are attritable, user-friendly, and able to run machine learning models in the
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field, which may prove valuable for near-real-time detection and identification studies in the future
(Kong et al., 2020; Takazawa, Popenhagen, Ocampo Giraldo, Hix, et al., 2024). Smartphones are also
commercially off-the-shelf (COTS) devices, thus stations can be replaced quickly and easily by simply
buying a new smartphone on location, which could be valuable for monitoring applications.

There are important limitations to keep in mind when working with smartphones, however.
Firstly, ground-truth information about a smartphone’s on-board microphone is usually unavailable,
as the information is considered proprietary. In addition, we know through observation that the model
of microphone used can differ between smartphone models and even individual devices of the same
make and model (Slad & Merchant, 2021). The frequency response of smartphones can and has been
studied (Asmar et al, 2019; Brown & Evans, 2011; Takazawa, Popenhagen, Ocampo Giraldo,
Cardenas, et al., 2024); however, it is impossible to know the exact frequency response of a specific
smartphone without calibration due to the microphone model being unknown. Requiring each
smartphone to be individually calibrated would negate many of the previously discussed strengths of
using a smartphone network. Thus, we instead leave all the phones uncalibrated, display normalized
amplitudes to avoid assigning meaning to uncalibrated values, and focus on the signal-to-noise ratio
and information in the time—frequency domain, in which important characteristics of acoustic signals
(such as shape) have been shown to remain stable between traditional infrasound microphones and
smartphones (Popenhagen et al., 2023; Takazawa, Popenhagen, Ocampo Giraldo, Cardenas, et al.,
2024) over the relatively unstable shape and amplitude of the signal in the time domain. However,
possible inconsistencies due to the lack of calibration must still be kept in mind during analysis. For
those interested, examples of how signals collected by smartphone microphones compare to those
collected by traditional sensors can be found in previous studies (Asmar et al., 2019; Brown & Evans,

2011; Popenhagen et al., 2023; Slad & Merchant, 2021; Takazawa, Popenhagen, Ocampo Giraldo,
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Cardenas, et al., 2024), and the raw amplitudes of the waveforms as well as the makes, models, and
unique identification numbers of the smartphones are included in the dataset.

Each of the phones collected data from multiple internal sensors through the RedVox Android
application, the specifications of which are detailed in Garcés et al. (2022). While data from multiple
sensors can be collected using the RedVox application, the only sensor relevant to this work is the
microphone. The smartphone microphones collected acoustic data at a sampling rate of 800 Hz and
uploaded the data in near-real time, after which they were downloaded from the cloud using the
Redvox SDK and processed in Python using open-source packages. The makes and models of the
smartphones represented in ASTRA are shown in Figure 3.1 along with the distributions of rocket
types and propagation ranges.

The data were largely recorded by Samsung Galaxy models (see Figure 3.1a), as the network
was originally deployed with Galaxy S8 phones, which were replaced in time with S10s, and finally
with §20s. The other models represented in ASTRA originate from instances where a single station
was replaced or when other smartphones were temporarily added to the network. As the network’s
day-to-day operation was performed by citizen scientists, not every phone in the network was turned
on and recording for every launch, resulting in some individual launches being recorded by only a
subset of the phones.

The vast majority of the signals (949 out of 1089) are of SpaceX Falcon 9 launches (see Figure
3.1b), as Falcon 9s were the most commonly launched rocket during the collection period. ULA Atlas
V and SpaceX Falcon Heavy launches were also prevalent during the collection period, resulting in 77
and 40 collected signals, respectively. All other rocket types represented in ASTRA have less than 10

collected signals, as most were launched only once in the collection period.
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The range distribution is more even than the distributions previously discussed, with 390, 475,
and 224 signals in the 10-30 km, 30-50 km, and 50—70 km categories, respectively (see Figure 3.1c).
However, the distribution is skewed slightly towards the 30-50 km range category, and the 50—70 km

range category is underrepresented. These distributions are considered when analyzing trends in the

dataset.
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Figure 3.1 Bar plots of the distribution in the dataset of signals (a) recorded on different makes and
models of smartphones, (b) originating from different types of rockets, and (c) collected in different
range categories.

3.2.2 Data Alignment
For each rocket launch, the reported time of the launch and the great circle distances between
the source and each active station are used to compute estimates of the signal’s arrival time at each

station using an estimated speed of sound. There are two likely sources of error in these estimates that
29



we will address. Firstly, the reported launch time is often accurate only to the minute. Secondly, we
assumed direct great circle paths from the source to each phone, which, while a reasonable estimate
for short propagation distances, may not be an accurate representation of acoustic wave propagation.
We expect that error in arrival times arising from simplified propagation paths will increase with
distance from the source, while bias error due to imprecisely or inaccurately reported launch times will
be independent of distance.

For each signal in ASTRA, the effective speed of sound is estimated according to

, 3.1)

using the mean temperature in degrees Celsius and mean parallel (or negative if antiparallel)
wind along the great circle path between the source and the station. Temperature and wind values
were obtained from Copernicus Climate Change Service’s ERA5 (Hersbach et al., 2018), and parallel
wind is calculated by projecting the wind vector onto a vector representing the estimated speed of
sound in the direction of propagation. The magnitude of the parallel or antiparallel wind is then added
or subtracted, respectively, from the magnitude of the estimated speed of sound, giving the effective
speed of sound along the assumed path. The estimated travel time is simply the assumed propagation
distance divided by the effective speed of sound.

Once the effective sound speed is estimated, the dataset is aligned in two ways, each with a
different estimate of the arrival time of the signal. Both estimates of the arrival times are preserved in
ASTRA as there are use cases where each estimate may prove more useful than the other. These
estimates, their strengths, and their potential weaknesses are outlined in the following paragraphs.

The first arrival time estimate is made by simply adding the estimated travel time to the
reported launch time. We call data aligned this way “start-aligned”, and the associated arrival time
estimate is labeled as such in ASTRA. The start-aligned estimation is independent of the waveforms
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themselves and thus unaffected by noise in the data, but it is sensitive to bias error in the reported

launch time and assumed propagation path. An example of start-aligned data is shown in Figure 3.2.

24.4 km

37.6 km

56.9 km

~50 0 50 100 150 200 250 300 350 400
Time (s) since estimated arrival

Figure 3.2 Normalized waveforms collected at three different stations during NASA’s Artemis I
launch, plotted relative to the start-aligned estimated time of arrival at each station. A vertical green
line indicates the arrival time estimate, and labels on the left-hand y-axis indicate the estimated
propagation distance of each signal.

To calculate the second arrival time estimate, a window from which to select a peak is
determined. The window duration is equal to 180 s plus 25% of the estimated propagation time to
account for the uncertainty increasing with propagation distance as previously discussed. For each
individual launch, estimates are made starting with the closest station to the launch site, for which the
first timestamp of the selection window is set to the start alighment estimate of the arrival time at the
same station, minus a 30 s buffer to account for potential error in the reported launch time. For

successive stations, the next-closest station’s new estimate is used instead of the start-alignment
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estimate, and an additional buffer term inversely proportional to the difference between the two

propagation distances is subtracted. This is represented mathematically in Equation (3.2).
> (3.2

The windowed waveform is then bandpassed. Previous studies (Balachandran & Donn, 1971;
Blom et al., 2016; Evers et al., 2018; Kaschak et al., 1970; Pilger, Hupe, et al., 2021; Tenney et al.,
2003) have shown that characteristic acoustic frequencies of rocket launch signals are higher than 0.5
Hz, and preliminary observation of the data showed a decrease in the signal-to-noise ratio below
approximately 50 Hz, thus the frequency limits of the passband are set to 0.5 Hz and 50 Hz. As the
main phase of the rocket launch signature persists over a timescale on the order of 10 s to 100 s, a
rolling median filter is applied to the absolute value of the windowed and bandpassed waveform with
a kernel duration of 15 s. The peak of the median-filtered time series is then determined, the
corresponding epoch time of which is the second arrival time estimate. We call data aligned this way
“peak-aligned”, and the associated arrival time estimate is labeled as such in ASTRA. Aligning the
dataset this way is useful for observing characteristics of the signature that are more stable over the
propagation path, such as the frequency of peak energy. Unlike start alignment, the accuracy of peak
alignment is partially dependent on the signal-to-noise ratio of the waveform, but it is less reliant on
the accuracy of the travel time estimation and reported launch time. The peak selection process is
visualized in Figure 3.3, and an example of peak-aligned data is shown in Figure 3.4.

Which type of alignment should be used depends on which phase of the rocket launch
sequence is of interest. For example, if analyzing the ignition signal, start alignment is more useful, as
propagation effects cause the signal to become more emergent as it travels and peak-aligning the
signals will misalign the ignition signals (see Figure 3.4). In contrast, if the goal is to analyze the
characteristics of the signal generated during the rocket’s ascent, peak alighment may be more useful.
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Figure 3.3 A visualization of the peak alighment estimated arrival time selection process. In panel (a),
the normalized, unfiltered waveform is plotted in black, the selection window is indicated by green
shading, and a dashed green line marks the closer-range station’s estimated arrival time, which is used
to place the window. In panel (b), the windowed, bandpassed, and re-normalized waveform is shown,
with the selected median-filter window indicated with darker shading. In panel (c), the result of median
filtering the absolute value of the bandpassed waveform from panel (b) is shown, with the selected
peak indicated by a solid green line.

33



24.4 km

37.6 Km -piwemis

56.9 km

200 -150 -100 —50 0 50 100 150 200
Time (s) since estimated arrival

Figure 3.4 Normalized waveforms collected at three different stations during NASA’s Artemis I
launch, plotted relative to the peak-aligned estimated time of arrival at each station. A vertical green
line indicates the arrival time estimate, and labels on the lefthand y-axis indicate the estimated
propagation distance of each signal.

3.3 Results

Which type of alignment should be used depends on which phase of the rocket launch
sequence is of interest. For example, if analyzing the ignition signal, start alignment is more useful, as
propagation effects cause the signal to become more emergent as it travels and peak-aligning the
signals will misalign the ignition signals (see Figure 3.4). In contrast, if the goal is to analyze the
characteristics of the signal generated during the rocket’s ascent, peak alighment may be more useful.

Once the signals in the dataset are aligned, characteristics of the signature are more easily
observed. Through comparison of recordings of the same launch collected at different distances, the

effects of propagation on the signal are apparent. As previously mentioned, different frequency
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components of an acoustic signal can travel through the atmosphere at slightly different speeds,
leading to dispersed signals with more emergent onsets at greater distances from the source. We also
expected to observe frequency-dependent energy loss as the propagation distance increases due to
atmospheric attenuation.

In addition to analyzing the differences between signals originating from the same source but
collected at different distances, signals generated by different types of rockets can also be examined
for differing characteristics. ASTRA includes signals from launches of eight different rocket types with
lift classes ranging from small (Terran 1, Rocket 3.3) to super heavy (Space Launch System B1) with
varying fuel types and numbers of engines. The results are organized by rocket type, starting with the

heaviest rockets and proceeding to the lightest.

3.3.1 Space Launch System B1

NASA’s Space Launch System B1 (SLS-B1) is a super-heavy-lift launch vehicle and the most
powerful operational rocket to date. Its first stage is powered by four RS-25 liquid-fueled engines and
two solid rocket boosters. It is represented in ASTRA by a single launch (Artemis I), from which six
stations collected acoustic signals. The waveforms of all six signals can be seen in Figure 3.5. The
waveforms collected less than 30 km from the source are characterized by a spindle-like shape, high
chronological symmetry about the peak amplitude, short duration of the highest amplitude segment
(~60 s) compared to longer-range signals, and the presence of a small transient signal preceding the
high amplitude segment. The waveform collected at a 37.6 km range shows significant elongation but
maintains some similarity in shape with the shorter-range data despite early signs of peak separation.
In contrast, the shapes of the waveforms collected at a greater than 50 km range are significantly
different, with all three showing two chronologically distinct high-energy regions separated by

approximately 150 s, both of which appear to further separate into two sub-regions each.
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Multiresolution time—frequency analysis was performed on all six signals, and one signal from
each of the range categories (10-30 km, 30-50 km, 50-70 km) was selected to illustrate the identified
characteristics, as high similarity was observed within each range category. In signals collected between
10 and 30 km from the source, we observe a sharp increase in power across nearly the whole spectrum
(see Figure 3.6), but particularly near 10, 20, 45, and 100 Hz. As the signal propagates and the
contribution of higher-frequency components is reduced, the peak power band near 10 Hz becomes
more dominant. This phenomenon can be seen in Figures 3.6 and 3.7, in which spectrograms of the
continuous wavelet transform (CWT) power of the three selected signals are displayed. As the rocket
ascends, moving away from the stationary sensor, an apparent decrease in the frequency of the signal
is observed. This observed shift in frequency, an example of the Doppler effect, can be seen most

clearly in Figures 3.6c and 3.7.
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Figure 3.5 Normalized, start-aligned waveforms of all signals collected from the Artemis I launch.
Labels on the left-hand y-axis indicate the estimated propagation distance of each signal.
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Figure 3.6 Continuous wavelet transform (CWT) power of start-aligned signals collected from the
Artemis I launch at 24.4 km (a), 37.6 km (b), and 56.9 km (c) from the launch pad.
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Figure 3.7 CWT power of peak-aligned signals collected from the Artemis I launch at 24.4 km (a, b),
37.6 km (c, d), and 56.9 km (e, f). All panels show the CWT power of the normalized signals, with the
left-hand panels showing frequency on the y-axis and time on the x-axis, and the right-hand panels
showing time on the y-axis and frequency on the x-axis.

3.3.2 Falcon Heavy

The Falcon Heavy is a super-heavy-lift launch vehicle manufactured by SpaceX. The first stage
of its launch is powered by twenty-seven liquid-fueled Merlin 1D engines. It is represented in ASTRA
by 40 signals originating from eight individual launches. The five waveforms collected from flight FH-
003 are shown in Figure 3.8. Compared to signals collected at short range from Artemis I, the FH-
003 signals at the 23.0 and 24.5 km ranges appear to have significantly less impulsive onsets and longer
durations (~100-200 s), and the leading small transients (i.e., short-duration changes in amplitude
and/or frequency) seen in the Artemis I data are not present at the closest station. The peak

separations seen in the Artemis I data as range increases are also observed here; however, while this
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pattern was apparent only past the 30 km range in the Artemis I data, it is observed in all but the

closest FH-003 signal.
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Figure 3.8 Normalized, start-aligned waveforms of all signals collected from launch FH-003 of
SpaceX’s Falcon Heavy. Labels on the left-hand y-axis indicate the estimated propagation distance of
each signal.

We once again select one signal from each range class to illustrate identified time-frequency
characteristics of Falcon Heavy signals. In Figure 3.9, we see that the increase in power at the start-
aligned arrival time estimate is gradual when compared with data from Artemis I, and the high-power
bands near 45 and 100 Hz observed in the Artemis I data are not present. The short-range signals still
contain more higher-frequency content than the longer-range signals, however, with most of the
power over 10 Hz being lost to attenuation as the signal propagates. We once again note the Doppler
shift observed at all stations, but it is most clearly illustrated by comparing panels (d) and (f) in Figure

3.10. The leading transient seen in the longer-range stations has a characteristic frequency near 6 Hz.
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Figure 3.9 CWT power of start-aligned signals collected from launch FH-003 at 23.0 km (a), 37.1 km
(b), and 52.2 km (c) from the launch pad.
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Figure 3.10 CWT power of peak-aligned signals collected from launch FH-003 at 23.0 km (a, b), 37.1
km (c, d), and 52.2 km (e, f). All panels show the CWT power of the normalized signals, with the left-
hand panels showing frequency on the y-axis and time on the x-axis, and the right-hand panels
showing time on the y-axis and frequency on the x-axis.

3.3.3 Delta IV Heavy

The Delta IV Heavy is a retired heavy-lift launch vehicle manufactured by United Launch
Alliance. Its first stage was powered by three RS-68 liquid-fueled engines. All three engines would
operate at full thrust for the first 44 s of the launch, after which the central engine would reduce thrust
to 55% until the two booster engines separated 242 s after launch, at which point the central engine
would return to operating at full thrust. Only the final Delta IV Heavy launch (D-389) is represented
in ASTRA, from which one incomplete and three complete signals were collected, the waveforms of

which are shown in Figure 3.11.

42



18.3 km A

29.1 km

43.4 km

46.1 km

_50 0 50 100 150 200 250 300 350
Time (s) since estimated arrival

Figure 3.11 Normalized, start-aligned waveforms of all signals collected from Delta IV Heavy launch
D-389. Labels on the left-hand y-axis indicate the estimated propagation distance of each signal.

Without any signals in the 50—70 km range class, it is more difficult to assess the effect of
propagation on the characteristics of the launch signals. However, the broad trends observed in other
rocket types are seen, with the signal onset becoming more emergent and experiencing
disproportionate loss of high-frequency content as propagation distance increases, and Doppler
shifting of characteristic frequencies as the rocket ascends. In Figure 3.12a, we see that the frequency
distribution of the closest signal is similar to that of the short-range Artemis I data, with power
concentrated in bands near 10, 20, and 45 Hz. Like the Falcon Heavy signals, however, there is no
leading transient. There is also significantly less power near the start-aligned estimate of arrival time

than is seen in the Artemis I or Falcon Heavy signals.
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Figure 3.12 CWT power of start-aligned signals collected from launch D-389 at 29.1 km (a) and 43.4
km (b) from the launch pad.

3.3.4 Vulcan Centaur

ULA’s Vulcan Centaur is a heavy-lift launch vehicle meant to replace both the Delta IV Heavy
and the Atlas V. The first stage of its launch is powered by two liquid-fueled BE-4 engines and zero
to six GEM 63XL solid rocket boosters (SRBs). ASTRA contains only four Vulcan Centaur signals,
all of which originate from a single launch: Cert-1 V-001, which used two SRBs. The four waveforms
collected from the launch are shown in Figure 3.13. The two signals collected at a less than 30 km
range are spindle-shaped, with short-duration high-amplitude segments (~50 s) and no leading
transient, as can be seen in Figure 3.14. The propagation effects and Doppler shifts are similar to those
observed for other rockets. However, like the Delta IV Heavy, the Vulcan Centaur signals collected
at ranges greater than 30 km show significantly less power near the start-aligned estimate of arrival

time than those from Artemis I or Falcon Heavy launches.
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Figure 3.13 Normalized, start-aligned waveforms of all signals collected from Vulcan Centaur launch
Cert-1 V-001. Labels on the left-hand y-axis indicate the estimated propagation distance of each signal.
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Figure 3.14 CWT power of start-aligned signals collected from Vulcan Centaur launch Cert-1 V-001
at 20.6 km (a), 34.2 km (b), and 49.1 km (c) from the launch pad.

3.3.5 Falcon 9

SpaceX’s Falcon 9 is a medium-lift launch vehicle with a first stage powered by nine Merlin
1D+ liquid-fuel engines. The Falcon 9 is the most represented rocket type in ASTRA by a wide margin,
with 949 signals originating from 211 launches. Due to the sheer number of Falcon 9 launches in the
dataset, there are numerous outliers. In general, however, the waveforms from most Falcon 9 launches
are similar to those shown in Figure 3.15, which are from launch SL-G607. At a less than 30 km range,
the waveforms are spindle-shaped, show high chronological symmetry about the peak amplitude, and
have durations of ~60 s. There is no smaller transient leading the high-amplitude, spindle-shaped
signal. As the propagation distance increases, the signal elongates and the onset becomes more
emergent, but the strong peak separation observed in signals from the super-heavy lift class is not

observed.
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Figure 3.15 Normalized, start-alighed waveforms of all signals collected from SpaceX Falcon 9 launch
SL-G607. Labels on the left-hand y-axis indicate the estimated propagation distance of each signal.
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Figure 3.16 CWT power of start-aligned signals collected from launch SL-G607 at 20.0 km (a), 32.2
km (b), and 51.5 km (c) from the launch pad.

3.3.6 Atlas V

ULA’s Atlas V is a medium-lift launch vehicle with a first stage powered by one NPO
Energomash RD-180 liquid-fuel engine and up to five SRBs. It is the second most represented rocket
type in the dataset, with 77 signals originating from 19 launches. Due in part to the variable number
of SRBs, the characteristics of Atlas V signals can vary significantly from launch to launch. For
configurations with four to five SRBs, the waveforms are similar to those shown in Figure 3.17, which
are from a launch using five SRBs. At a less than 30 km range, the waveforms are characterized by
impulsive onsets similar to those seen in the Artemis I data, followed shortly thereafter by a more
emergent onset, longer duration signal. The expected propagation effects are observed, as is a less

extreme version of the peak separation seen in the Artemis I data.
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Figure 3.17 Normalized, start aligned waveforms of all signals collected from Atlas V launch AV-093.
Labels on the lefthand y-axis indicate the estimated propagation distance of each signal.

In the time—frequency domain, transient signals near the aligned-start estimate of arrival time
are present at all ranges, with a characteristic frequency near 6 Hz, while the power of the main launch
signal is concentrated near 10, 20, and 45 Hz, with the 10 Hz band dominating at ranges greater than

30 km, as seen in Figure 3.18.
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Figure 3.18 CWT power of start-aligned signals collected from launch AV-093 at 20.5 km (a), 34.1
km (b), and 51.9 km (c) from the launch pad.

Alternatively, Atlas V configurations without SRBs show fewer similarities with Artemis I data
and more with data from Falcon 9 launches. Figures 3.19 and 3.20 show data from Atlas V launch
AV-104, which used a configuration without SRBs. The 6 Hz transient leading the main launch signal

in the previous example does not appear.
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Figure 3.19 Normalized, start-aligned waveforms of all signals collected from Atlas V launch AV-104.
Labels on the left-hand y-axis indicate the estimated propagation distance of each signal.
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Figure 3.20 CWT power of start-aligned signals collected from launch AV-104 at 21.6 km (a), 34.2
km (b), and 53.9 km (c) from the launch pad.

3.3.7 Small-lift launch vehicles

Two small-lift launch vehicles are represented in the dataset: Relativity Space’s Terran 1 and
Astra Space’s Rocket 3.3. Both are propelled in the first stage by a single liquid-fuel engine. Only one
launch of each is included in ASTRA, and from those launches, few signals have high enough signal-
to-noise ratios to visually identify characteristics, likely due to the relatively low energy of these
launches compared to launches of heavier-lift rockets. Preliminary analysis indicated, however, that
the time—frequency characteristics of the two rockets are similar. The waveforms of the two small-lift
signals with the highest signal-to-noise ratios (both from Terran 1) are plotted in Figure 3.21 and their

time—frequency representations are shown in Figure 3.22.
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Figure 3.21 Normalized, start-aligned waveforms of signals collected from Terran 1. Labels on the
left-hand y-axis indicate the estimated propagation distance of each signal.
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Figure 3.22 CWT power of start-aligned signals collected from Terran-1 at 17.1 km (a) and 26.9 km
(b) from the launch pad.
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3.4 Discussion

Analysis of the acoustic rocket launch dataset presented in this paper shows both similarities
and differences with other studies on rocket launch acoustic signatures. In this dataset, the lowest
characteristic frequency of the main launch sequence observed is at 10 Hz, while previous studies
(Balachandran & Donn, 1971; Blom et al., 2016; Donn et al., 1968; Evers et al., 2018; Kaschak et al.,
1970; Pilger, Hupe, et al., 2021; Tenney et al., 2003)have found the characteristic energy of rocket
launch signals to be significantly lower. This is unsurprising due to the diminished frequency response
of smartphone microphones compared to traditional infrasound microphones, which makes detecting
frequencies much lower than 5 Hz with on-board smartphone microphones challenging at low
amplitudes. Nevertheless, the 10 Hz peak is sufficiently low-frequency to remain detectable over the
full range of this dataset, and studies on far-field data (Balachandran & Donn, 1971; Blom et al., 2016;
Donn et al., 1968; Evers et al., 2018; Kaschak et al., 1970; Pilger, Hupe, et al., 2021; Tenney et al,,
2003) can be referenced for insight into the very-low-frequency features of acoustic rocket signatures.

In addition to the detected characteristic main launch frequency, interesting features were also
identified earlier in the launch sequence. Acoustic data from some launches showed a transient signal
at approximately 6 Hz leading the 10 Hz signal. Previous work found in conference proceedings also
noted the existence of this transient and concluded that it was an indication of solid fuel ignition
(Olson, 2012). Preliminary analysis of the data in this work seems to lend some support to that
conclusion, as the 6 Hz transient appeared for 9 out of the 19 launches using solid fuels (47%) and
only 17.3% of launches using only liquid fuel. The lack of an observed transient in the other 10 solid
fuel launches may be due to any number of environmental conditions on the specific day and does
not necessarily contradict the solid fuel ignition hypothesis. However, since the 6 Hz transient appears

in data from a number of launches using only liquid fuel (such as the Falcon Heavy launch shown in
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Figures 3.8-3.10, as well as more than two dozen Falcon 9 launches), we believe the origin of the 6
Hz transient signal is either more complex or it has similar characteristics to another signal with a
different source mechanism. The exact origin of the 6 Hz transient, while interesting, is beyond the
scope of this paper and will be left for future studies.

ASTRA was curated and released to the public with the intention of facilitating our own
research as well as that of professionals, students, and citizen scientists alike who may be interested in
replicating and improving upon the presented results. Preliminary research using data included in
ASTRA to train machine learning models to detect acoustic rocket launch signatures in the field in
near-real-time has shown promising results and further research into this application is ongoing. The
dataset can be accessed and downloaded as a pandas DataFrame (McKinney, 2010), with each
recording having its own index and named columns containing the following data: raw acoustic
timeseries; epoch time of the first sample; sampling frequency in Hz; smartphone make, model
number, identification number, and location; launch identification number, reported epoch time in
seconds, and location; estimated source-to-receiver propagation distance in kilometers; time-of-arrival
estimates; flight number of the launch; and rocket make, type, model number, and number of SRBs
used. To replicate the arrival time estimates, the ERA5 2 m temperature and 10 m u- and v-
components of wind data (Hersbach et al., 2018) are required. The open-source software packages
(redvox-pandas, quantum-inferno, and pandas) used for data curation and analysis in this work are

available online.
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Chapter 4: Rocket Launch Detection with Smartphone Audio and Transfer

Learning

In preparation to submit to Signals.

Abstract:

Rocket launches generate infrasound signatures that have been detected at great distances.
Due to the sparsity of the networks that have made these detections, however, most signals are
detected tens of minutes to hours after the rocket launch. In this work, a method of near-real-time
detection of rocket launches using data from a network of smartphones located 10-70 km from launch
sites is presented. A machine learning model is trained and tested on the open-access Aggregated
Smartphone Timeseries of Rocket-generated Acoustics (ASTRA), Smartphone High-explosive Audio
Recordings Dataset (SHAReD), and ESC-50 datasets, resulting in a final accuracy of 97% and false
positive rate of <1%. The performance and behavior of the model are summarized, and its suitability

for persistent monitoring applications is discussed.
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4.1 Introduction

Since the launch of Sputnik on October 4, 1957, humanity has successfully launched over six
thousand rockets into orbit. As science and technology have advanced in the decades since, the
specifications and capabilities of rocket engines have changed and grown while the underlying
principles have remained constant. To escape Earth’s atmosphere, rockets must be accelerated to great
velocities. To achieve this acceleration, propellants are burned in a combustion chamber. The resulting
exhaust is the working fluid; it is accelerated through a propelling nozzle and expelled at hypersonic
velocities to produce thrust. The nature and state of the propellants used can vary between makes and
models of rockets, but these basic principles remain constant.

During the launch sequence of a rocket, acoustic waves are generated by a number of source
mechanisms, resulting in a complex acoustic signature. For convenience, we will divide these acoustic
waves into three categories: waves generated by the engine (engine noise), waves generated by exhaust
(exhaust noise), and waves generated by turbulent flow excitation (jet noise). Engine noise, while the
least intense of the three, is well-studied due to combustion instabilities leading to catastrophic engine
failure, material fatigue, etc. generating distinct acoustic signatures. Through ignition and liftoff,
exhaust noise is the primary source of acoustic energy. As exhaust is expelled from the rocket, it
collides with ambient air, creating shock waves. For many rockets, the intensity of these waves is high
enough to damage the rocket and/or nearby structures, and thus water-based suppression of exhaust
noise has been frequently employed on launch pads since the Space Shuttle program. As the rocket
accelerates into supersonic velocities, jet noise generated by the increasing shear flow and resulting
turbulent eddies overtakes exhaust noise and becomes the dominant source of acoustic energy.

Like other large-scale events such as earthquakes and explosions, rocket launches generate

low-frequency (<300 Hz) sound as well as infrasound (<20 Hz) (Schwardt et al., 2022). These
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components of acoustic rocket signatures can remain detectable over great distances due to the
frequency dependence of atmospheric attenuation. Infrasound sensors are employed by the
International Monitoring System (IMS) of the Comprehensive Nuclear-Test-Ban Treaty Organization
to detect and monitor large-scale events, including rocket launches (Hupe et al., 2022). IMS infrasound
stations have successfully collected signatures from a variety of events, including numerous rocket
launches (Pilger, Hupe, et al., 2021), but the sparsity of the network necessitated by its global coverage
and the expense of traditional infrasound sensors results in these signatures being collected only after
propagating vast distances. The result is that detections can only be made long after a rocket has
launched, at which point much of the information the signature once carried about its source has been
lost to attenuation.

Rapid detection of rocket launches may be possible, however, through the use of non-
traditional sensors such as smartphones. Smartphone microphones have been used to successfully
collect infrasonic and low-frequency signatures (Popenhagen et al., 2023; Takazawa, Popenhagen,
Ocampo Giraldo, Cardenas, et al., 2024), and smartphone audio data has been used to train machine
learning models to accurately detect explosion signatures (Takazawa, Popenhagen, Ocampo Giraldo,
Hix, et al., 2024; Thandu et al., 2015, 2017) in previous studies. In this work, we present a machine
learning model designed and trained to detect acoustic rocket signatures in smartphone audio data
from three open-access datasets using the machine learning method transfer learning. In the following
sections, we will detail the methods used, evaluate performance under different conditions, and discuss

the suitability of the solution for persistent monitoring,.

4.1.1 Transfer Learning with YAMNet
Transfer learning is a machine learning method first developed by Stevo Bozinovski and Ante

Fulgosi at the University of Zagreb in 1972 (Bozinovski, 2020; Bozinovski & Fulgosi, 1976). In theory,
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the technique improves learning efficiency by reusing knowledge gained from one task for a second,
related task. The popularity of transfer learning has risen in recent years (Ashurov et al., 2022; Brusa
et al., 2021; Hyun, 2023; Takazawa, Popenhagen, Ocampo Giraldo, Hix, et al., 2024; Tsalera et al.,
2021) due in part to the existence of publicly available models pre-trained on very large datasets for
general tasks which can be used to boost performance on a related, specific task if the volume of
available training data for the specific task is limited (Pan & Yang, 2010).

One such publicly available model is Google’s Yet Another Mobile Network (YAMNet)
(Plakal & Ellis, 2029), a deep neural network using Mobilenet_v1, a depthwise-separable convolution
architecture (Howard et al.,, 2017). YAMNet is pre-trained on AudioSet, a human-annotated collection
of more than 2 million 10-second audio clips pulled from YouTube videos (Gemmeke et al., 2017),
to predict 521 classes of audio events. The intended input of the model is audio data sampled at 16
kHz. A stabilized log Mel spectrogram is computed from the input with a frequency range of 125 Hz
to 7500 Hz, after which the results are divided into 0.96 s segments with 50% overlap. These segments
are fed into the Mobilenet_v1 architecture. The output of Mobilenet_v1 is then averaged-pooled,
resulting in 1024 embeddings. Up to this point, the procedures we have described are those performed
by YAMNet for all applications. For the general case of using YAMNet for audio classification, a final
output layer would then take in the embeddings and output the class scores, from which predictions
would be made. For our chosen method of transfer learning, however, the final layer must be removed,

and the embeddings used as the input of our smaller, more specific rocket detection model.
4.2 Data and Methods
4.2.1 Aggregated Smartphone Timeseries of Rocket-generated Acoustics (ASTRA)

The acoustic rocket signatures used to train and test the models in this work are from

Aggregated Smartphone Timeseries of Rocket-generated Acoustics (ASTRA), a publicly available
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dataset containing 1089 smartphone audio recordings of 243 rocket launches (Popenhagen, 2024).
The data in ASTRA were recorded at 800 Hz sampling rate by Android smartphones stationed 10-70
km from launch pads at Cape Canaveral Space Force Station and the Kennedy Space Center. Along
with the recordings themselves, the estimated signal start and peak times at each station, as well as the
unique launch identification strings were used. The process used to calculate these estimates is detailed
in Popenhagen & Garcés (2025).

In preparation for machine learning, a subset of ASTRA was compiled by removing any
recordings for which confidence in the alignment was reduced due to missing data or high
environmental noise. The remaining 789 recordings from 233 launches were upsampled to 16 kHz,
and 4.8 s windows centered on the estimated launch signal peak were selected. The selected 4.8 s
windows were then divided into 0.96 s segments, resulting in 5 samples. The unique launch
identification strings associated with each recording in ASTRA were used to ensure that recordings
from the same launch were not split between the training, validation, and test sets. If a recording
contained data taken from >120 s before the associated estimate of the arrival time of the beginning
of the signal, that segment was separated and divided into up to 50 samples for additional noise data.
These samples were processed similarly to the rocket signature samples, being divided into 0.96 s

segments and split by associated event.

61



(a) Smartphone model (c) Range distribution

Galaxy S20
Galaxy S10 300
Galaxy S8
Galaxy S7
J3 Eclipse EEE Google 2501
Pixel 3 XL B Samsung || u
10 10t 102 22001
wn
Number of signals ks
(b) Rocket type é’ 150 o
Falcon 9 >
Atlas V
Falcon Heavy 100 1
SLS-B1
Vulcan Centaur
Terran 1 B SpaceX 50 4
Delta IV Heavy I ULA
R-3.3 BN other
' T UL | AL T O'
10° 10! 102 10 30 50 70
Number of signals Source-to-station distance (km)

Figure 4.1 Bar plots of the distribution of signals in the high-confidence subset of ASTRA (a)
recorded on different makes and models of smartphones, (b) originating from different types of
rockets, and (c) collected in different range categories.

4.2.2 Smartphone High-explosive Audio Recordings Dataset (SHAReD)

The Smartphone High-Explosive Audio Recordings Dataset (SHAReD) (Takazawa, 2024) is
an open-access dataset containing 326 multi-modal smartphone data collected during 70 surface high
explosive events. In this work, only the smartphone microphone data were used. The explosion signals
in SHAReD all have signal-to-noise ratios of >3, effective yields from 1 to 100 kg TNT, and ranges
between 10g and 4 tons. SHAReD audio were collected at sampling rates of either 800 Hz or 8000
Hz. For an in-depth overview of SHAReD, we direct the reader to its accompanying papers (Takazawa,

Popenhagen, Ocampo Giraldo, Cardenas, et al., 2024; Takazawa, Popenhagen, Ocampo Giraldo, Hix,
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et al.,, 2024). For each station during each event, SHAReD includes one 0.96 s long ‘explosion’
waveform and one 0.96 s long ‘silence’ waveform (sampled from before the explosion signal’s arrival).
Like the ASTRA data, the SHAReD data were split by event so that the model was never trained and

tested on data from the same event.

4.2.3 Environmental sound data from ESC-50

The ESC-50 dataset is a collection of 2000 environmental sound recordings originally recorded
as part of the Freesound project (Piczak, 2015). Each of the 2000 clips is 5 s in duration, has a sampling
rate of 44.1 kHz, and is labeled as belonging to 1 of 50 semantical classes. There are exactly 20 clips
from each class (ex. ‘dog’, ‘snoring’, ‘chainsaw’, etc.), with some classes (‘thunderstorm’, ‘fireworks’,
‘airplane’, etc.) including low-frequency and/or infrasonic sources. ESC-50 is widely used as a
benchmarking dataset for environmental sound classification models, and its inclusion has been
shown to improve robustness and performance of transfer learning audio classification models
(Takazawa, Popenhagen, Ocampo Giraldo, Hix, et al., 2024). 5 0.96 s long samples were taken from
each ESC-50 clip. These samples were kept together when splitting the dataset into training, validation,
and testing sets.
4.2.4 Preprocessing and splitting

All audio samples recorded at >800 Hz sampling rate were downsampled to 800 Hz to match
the ASTRA audio samples. For each recording in ASTRA, the mean signal-to-noise ratio (SNR) of
the ‘rocket’ and ‘noise’ samples was calculated, and those with ratios of <2.0 were removed to prevent
training on misaligned or exceptionally noisy samples. All data except the ‘rocket’ data from ASTRA
were labeled as ‘noise’. For the proposed use-case of persistent monitoring, it is beneficial to prioritize
a low false positive rate over other metrics, and thus the training data was left intentionally unbalanced,

including approximately 10 ‘noise’ samples for every ‘rocket’ sample in the training set. This imbalance
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was intended to increase robustness by exposing the model to a greater amount and variety of ‘noise’
data, as well as encouraging the model to favor false negatives over false positives.

The data from ASTRA, SHAReD, and ESC-50 were each split randomly into training,
validation, and testing sets, with target percentages of 80%, 10%, and 10%, respectively. This random
splitting was performed 15 times, in preparation for training and testing the model 15 separate times
on each of the 15 randomly split datasets. The target distributions were not always met exactly, due to
the constraint of isolating the data from each individual launch, explosion, or Freesound clip to one

of the three sets.

4.2.5 Model design

Before building, training, and testing the transfer learning model, the full dataset was run
through YAMNet alone, and the resulting predictions were analyzed. The distributions of the classes
predicted by YAMNet for data from ASTRA, SHAReD, and ESC-50 are shown in Figure 4.2. Due to
the data having been upsampled from 800 Hz and thus being devoid of any content above 400 Hz,
the highly inaccurate predictions we observe are unsurprising, even for the ESC-50 data, which
contains types of sounds similar to those YAMNet was trained to classify. What is interesting, however,
is that the distributions of predicted classes vary significantly between subsets of the dataset, indicating
that YAMNet is able to see some differences between these subsets despite having no context for data

collected at 800 Hz.
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Figure 4.2 Pie charts showing the distributions of YAMNet’s predicted classes for (a) rocket launch
audio from ASTRA, (b) ‘explosion’ (50%) and ‘silence’ (50%) audio from SHAReD, (c) pre-event
audio from ASTRA, and (d) environmental audio recordings from the ESC-50 dataset. All data were
upsampled to 16 kHz from 800 Hz sampling rate.

Transfer learning was chosen to compensate as much as possible for the limited quantity of
rocket audio data. In theory, we can transfer some of the knowledge YAMNet has on the general
problem of audio classification to our more specific problem of rocket detection. To construct the
transfer learning model, the final output layer of YAMNet was removed and replaced with three new
layers. The first of these was a fully connected layer with 32 nodes, utilizing leaky rectified linear unit
(leaky ReLLU) activation with an alpha value of 0.01. The second was a dropout layer added to minimize
overfitting, and the final layer was an output layer with 2 nodes corresponding to the two classes
(‘rocket’ and ‘noise’). Sparse categorical cross-entropy was used for loss, and the Adamax optimizer
was used. The number of nodes, activation function, alpha value, and optimizer were selected after

65



analyzing the results of cross-validation, with lower numbers of nodes being given preference to avoid
overfitting. The number of epochs was set to 300, with early stopping implemented to further reduce

the likelihood of overfitting.
4.3 Results

The model was evaluated using the samples assigned to the training set for each run, consisting
of roughly 10% of the data from each of the three open-access datasets. All testing samples were taken
from events (rocket launches, explosions, or Freesound clips) that were not included in the training
or validation sets. The overall performance of the model is presented, along with the performance of
the best-performing split. In Figures 4.3 and 4.4, results are shown using normalized confusion
matrices, which show the true positive rate in the upper left corner and the true negative rate in the
lower right corner. Since the categories are unbalanced, the confusion matrices are all normalized for
clarity, but the original counts were preserved and are included in parentheses on the figures.

4.3.1 Overall performance

The accuracy of the model was calculated according to
, 4.1)

and ranged between 93.53% and 97.00%, with the mean over all 15 splits lying at 95.40% accuracy.
The mean performance of the model is shown as a confusion matrix in Figure 4.3. In Figure 4.4, a
confusion matrix of the best-performing split is shown. When trained on this split, the model
performed slightly better, with no indications of overfitting. The best split accuracy was 97.00%, with

a false positive rate of 0.98%.
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Figure 4.3 The confusion matrix of the model on all 15 test sets. Each quadrant shows the relevant
rate as a percentage, as well as the total number of samples in the category in parentheses.
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Figure 4.4 The confusion matrix of the best performing split. Each quadrant shows the relevant rate
as a percentage, as well as the total number of samples in the category in parentheses.

4.3.2 Misclassification analysis

To better understand the model’s behavior, it is important to remember that 5 positive samples
were taken from each rocket recording, and that there are multiple recordings for most launches. In
Table 4.1, the ASTRA events with false negatives in the best split model are listed, along with the
other classifications from the event, which show that for every event with false negatives, there are
always more true positives. For every recording in the best split model’s test set, there is at least one

‘rocket’ classification within 10 seconds of the estimated peak arrival time included in ASTRA. From
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an application perspective, then, there are no false negatives, only delayed true positives, and we can
focus on reducing the false positive rate.

Table 4.1 All events with ‘rocket’ samples misclassified as ‘noise’ by the best split model.

Event No. false negatives | No. positive samples | No. true positives
ASTRA_218 |7 30 21
ASTRA_219 |3 15 12
ASTRA_220 |1 25 24
ASTRA_221 |1 10 9
ASTRA_222 | 10 25 15
ASTRA_224 |5 20 15
ASTRA_225 | 4 25 21
ASTRA_226 |2 20 18
ASTRA_227 |3 10 7
ASTRA_229 |5 15 10
ASTRA_230 |1 20 19
ASTRA_232 | 4 20 16

The simplest method of reducing the false positive rate is to increase the threshold for positive
‘rocket’ classifications slightly, from 0.5 to 0.6. With the increased threshold, the best split model’s
false positive rate decreases from 0.98% to 0.76%. This improvement in the false positive rate is
accompanied by an increase of the false negative rate from 15.59% to 19.66%. However, there is still
at least one ‘rocket’ classification within 10 seconds of the estimated peak arrival time of each
recording, thus the practical effect of the increased false negative rate is minimal. The best split model’s

remaining false positives after increasing the threshold are shown in Table 4.2. Upon examination, it
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is clear that false positives tend to appear chronologically isolated or in small clusters of 5 or less
samples.

Table 4.2 All events with ‘noise’ samples misclassified as ‘rocket’ by the best split model.

Event No. false positives | No. negative samples | No. true negatives
ASTRA_225 |5 50 45

ESC50_1660 | 3 5 2

ESC50_1667 |1 5 4

ESC50_1675 |1 5 4

ESC50_1683 | 1 5 4

ESC50_1731 | 2 5 3

ESC50_1761 |1 5 4

ESC50_1779 | 2 5 3

ESC50_1808 | 2 5 3

To visualize this behavior, we can plot the ‘rocket’ classifications as vertical green lines with a
transparency inversely proportional to the model’s confidence in its classification. In Figure 4.5, all
recordings from one of the launches in the testing set are plotted this way, showing a number of false
positives before the arrival of the signal at two of the three stations. Since the rocket launch signal
persists over at least 100 s, we can eliminate chronologically isolated positives by setting all scores less
than the 0.6 threshold to 0 and applying a 4.8 s long rolling median filter. In Figure 4.6, the remaining
‘rocket’ classifications after applying the median filter. After applying this method to the scores of pre-
launch segments of the ASTRA recordings included in the test set, the best split model’s false positive
rate on pre-launch ASTRA data decreased from 0.76% to 0.11%. This improvement in the false

positive rate has minor tradeoffs in two areas. First, the detection time is delayed from the first ‘rocket’
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classification over 0.5 by a mean of 4.92 s. Second, despite the increase in the false negative rate

appearing negligible on the sample level, 1 of the 100 recordings in the test set now has no ‘rocket’

classifications within 10 seconds of its estimated peak arrival time.
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Figure 4.5 Plot showing the best split model’s unfiltered performance on all signals from the SpaceX
Falcon 9 launch, Transporter-4. Green lines indicate ‘rocket’ classification scores >0.6.
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Figure 4.6 Plot showing the best split model’s median-filtered performance on all signals from the
SpaceX Falcon 9 launch, Transporter-4. Green lines indicate ‘rocket’ classification scores >0.0.

When applied to the ESC-50 data, this method also decreases the false positive rate
significantly. Figure 4.7 shows the false positive rates before and after thresholding and median
filtering for each ESC-50 class containing samples the best split model misclassified, as well as the
mean false positive rates over all ESC-50 classes. As can be seen in Figure 4.7, the overall false positive
rate on ESC-50 data dropped to 0.05% after applying thresholding and median filtering. As the
recordings from SHAReD were each only 0.96 s long, we were unable to determine the effect of
median filtering on those data. However, the model performed exceptionally well on SHAReD data
even before adjusting the threshold, with no misclassifications by the best split model and false

positive rates <1% for all 15 models.
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Figure 4.7 A horizontal bar plot representing the best split model’s false positive classifications of
ESC-50 data, plotted according to class labels included with ESC-50. Light colored bars represent the
false positive rates before thresholding and median filtering, and dark colored bars represent the same
rates after thresholding and median filtering are applied. Results for individual classes are shown in
blue and labeled with black text, while the overall results are shown in orange and labeled with white
text.



4.4 Discussion and Conclusion

After training and testing on 15 random train-test splits, we found that the transfer learning
model’s behavior is exceptionally stable, with only slight variations in the results between different
splits. Analyzing the behavior of the best split model in detail, it was discovered that despite the
nominal false negative rate of 15.59%, the model made at least one ‘rocket’ classification within 10
seconds of the estimated arrival times of 99/100 recordings in the training set. In addition, the already
low false positive rate of 0.98% can be reduced even further by increasing the positive classification
threshold from 0.5 to 0.6 and applying a 4.8 s long median filter. The application of these two measures
resulted in the best split model’s false positive rates on ESC-50 data decreasing from 1.43% to 0.05%,
pre-launch ‘noise’ data from ASTRA decreasing from 0.76% to 0.11%, and the overall false positive
rate decreasing from 0.98% to 0.072%. The increased threshold and addition of the median filter
combined were found to increase the time between launch and detection by 4.92 s on average, but
this delay is relatively short compared to the estimated propagation times (~60-200 s) and its negative
effects would likely be outweighed by the benefits of the decreased false positive rate in most use
cases. Applying the median filter also reduced the true positive rate slightly, resulting in the model
failing to detect the launch within 10 seconds of the estimated peak arrival time of 1 of the 100
recordings in the dataset. It is worth noting, however, that the recording in question was 1 of 4
recordings of the same launch, and the model was able to detect the launch successfully in the other
3 recordings.

Although the initial success of this transfer learning model is encouraging, the dataset is too
small to truly determine its usefulness for persistent monitoring. As more and more rockets continue
to be launched every year, the amount of available data will likely increase rapidly in the next few years.

Future work should include long-term deployment and testing of the model to fully evaluate its
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potential for monitoring. If further decreases in the false positive rate are required in the future, there
are a number of different avenues to pursue, including training against additional sources of infrasound
such as earthquakes or volcanic activity, incorporating ensemble learning (Takazawa, Popenhagen,
Ocampo Giraldo, Hix, et al., 2024), and combining input from multiple smartphones, which may also

prove useful for trajectory modeling in the future.
4.5 Data Availability

ASTRA is available as a pandas DataFrame (McKinney, 2010; The pandas development team,
2020) and can be found in the Harvard Dataverse open-access repository under the Digital Object
Identifier doi: 10.7910/DVN/ZKIS2K. The ERA5 temperature and wind data used in this study are
available through the Copernicus Climate Change Service [34,35]. SHAReD can also be found and
downloaded from the Harvard Dataverse, under the Digital Object Identifier doi:
10.7910/DVN/YOCYO2. The ESC-50 dataset 1s available online at

https://github.com/karolpiczak /ESC-50.
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Chapter 5: Conclusion

5.1 Summary

In this dissertation, acoustic explosion data collected from the stratosphere and
acoustic rocket launch data collected on the surface were presented. Along with the aggregation,
curation, and public release of these data, time frequency analysis was performed, and a preliminary
machine learning model was developed to detect rocket launch audio signatures in near-real-time.

Chapter 2 provided a comparison of a surface chemical explosion signature recorded
by a smartphone microphone and a traditional infrasound microphone from an ascending balloon in
the middle stratosphere, the first successful observation of its kind. It was determined that despite the
smartphone microphone’s diminishing frequency response below 20 Hz frequency, high energy
regions around 5 and 10 Hz were clear and recognizable in time-frequency representations of the
smartphone audio data, with a signal to noise ratio comparable to that of the traditional infrasound
sensof.

Chapter 3 introduced Aggregated Smartphone Timeseries of Rocket-generated
Acoustics (ASTRA), a dataset containing 1089 smartphone audio recordings of 243 rocket launches.
It included a brief overview of the chronology and time-frequency characteristics of the rocket
signatures, identified features of interest for monitoring efforts, and provided estimates of the arrival
times of the signals.

Chapter 4 presented a rocket launch detection model using transfer learning. The model was
trained on data from ASTRA, as well as data from two other open-access datasets: a smartphone
explosion dataset and an environmental sound dataset. A method of thresholding and median filtering
the model’s classification scores to minimize the false positive rate was detailed, and the model’s

suitability persistent monitoring applications was discussed.
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As stated in the introduction, the overarching goal of the work detailed in this dissertation was
to develop a fast and accurate method of detecting acoustic signatures generated by rocket launches.
Opver the course of the three content chapters, we have shown that smartphones can be used to collect
infrasound signatures with signal to noise ratios comparable with those of traditional infrasound
sensors. As there were few publicly available data that could be used to train and test machine learning
models for near-real-time detection, we aggregated, annotated, and released to the public a new dataset
of 1089 audio recordings of rocket launches. Through analysis of that dataset, we gained insight into
the characteristics of rocket-generated acoustic signatures and compared the features present in our
data to theory and existing literature. Finally, we applied machine learning methods to our dataset,
resulting in a model that successfully detected 99/100 rocket launch recordings in the test set, with a

final false positive rate of 0.072% after thresholding and median filtering were applied.
5.2 Future Work

The overarching goal of this dissertation is to increase our understanding of what the
characteristics of acoustic rocket launch signatures are, how they distort and attenuate during
propagation, and how they can aid in monitoring efforts. Potential avenues of future work using
ASTRA include ensemble learning, source localization, ignition-specific detection, trajectory
modelling, and rocket classification, as well as experimentation with and improvements upon basic
rocket detection as more data become available. Information on the rocket launch each recording
comes from was included in ASTRA to facilitate investigation into these areas and others by any who
may be interested. All data and models have been made public, and all processing, analysis, and

modeling was performed using open-access software.
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