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Abstract: Rocket launches generate infrasound signatures that have been detected at great 9

distances. Due to the sparsity of the networks that have made these detections, however, 10

most signals are detected tens of minutes to hours after the rocket launch. In this work, a 11

method of near-real-time detection of rocket launches using data from a network of 12

smartphones located 10-70 km from launch sites is presented. A machine learning model 13

is trained and tested on the open-access Aggregated Smartphone Timeseries of Rocket- 14

generated Acoustics (ASTRA), Smartphone High-explosive Audio Recordings Dataset 15

(SHAReD), and ESC-50 datasets, resulting in a final accuracy of 97% and false positive 16

rate of <1%. The performance and behavior of the model are summarized, and its suita- 17

bility for persistent monitoring applications is discussed. 18

Keywords: rocket launches; smartphones; machine learning; detection; data; infrasound; 19

acoustics. 20

21

1. Introduction 22

Since the launch of Sputnik on October 4, 1957, humanity has successfully launched 23

over six thousand rockets into orbit. As science and technology have advanced in the dec- 24

ades since, the specifications and capabilities of rocket engines have changed and grown 25

while the underlying principles have remained constant. To escape Earth’s atmosphere, 26

rockets must be accelerated to great velocities. To achieve this acceleration, propellants 27

are burned in a combustion chamber. The resulting exhaust is the working fluid; it is ac- 28

celerated through a propelling nozzle and expelled at hypersonic velocities to produce 29

thrust. The nature and state of the propellants used can vary between makes and models 30

of rockets, but these basic principles remain constant. 31

During the launch sequence of a rocket, acoustic waves are generated by a number 32

of source mechanisms, resulting in a complex acoustic signature. For convenience, we will 33

divide these acoustic waves into three categories: waves generated by the engine (engine 34

noise), waves generated by exhaust (exhaust noise), and waves generated by turbulent 35

flow excitation (jet noise). Engine noise, while the least intense of the three, is well-studied 36

due to combustion instabilities leading to catastrophic engine failure, material fatigue, etc. 37

generating distinct acoustic signatures. Through ignition and liftoff, exhaust noise is the 38

primary source of acoustic energy. As exhaust is expelled from the rocket, it collides with 39

ambient air, creating shock waves. For many rockets, the intensity of these waves is high 40

enough to damage the rocket and/or nearby structures, and thus water-based suppression 41
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of exhaust noise has been frequently employed on launch pads since the Space Shuttle 42

program. As the rocket accelerates into supersonic velocities, jet noise generated by the 43

increasing shear flow and resulting turbulent eddies overtakes exhaust noise and becomes 44

the dominant source of acoustic energy. 45

Like other large-scale events such as earthquakes and explosions, rocket launches 46

generate low-frequency (<300 Hz) sound as well as infrasound (<20 Hz) [1]. These com- 47

ponents of acoustic rocket signatures can remain detectable over great distances due to 48

the frequency dependence of atmospheric attenuation. Infrasound sensors are employed 49

by the International Monitoring System (IMS) of the Comprehensive Nuclear-Test-Ban 50

Treaty Organization to detect and monitor large-scale events, including rocket launches 51

[2]. IMS infrasound stations have successfully collected signatures from a variety of 52

events, including numerous rocket launches [3], but the sparsity of the network necessi- 53

tated by its global coverage and the expense of traditional infrasound sensors results in 54

these signatures being collected only after propagating vast distances. The result is that 55

detections can only be made long after a rocket has launched, at which point much of the 56

information the signature once carried about its source has been lost to attenuation. 57

Rapid detection of rocket launches may be possible, however, through the use of non- 58

traditional sensors such as smartphones. Smartphone microphones have been used to suc- 59

cessfully collect infrasonic and low-frequency signatures [4,5], and smartphone audio 60

data has been used to train machine learning models to accurately detect explosion signa- 61

tures [6–8] in previous studies. In this work, we present a machine learning model de- 62

signed and trained to detect acoustic rocket signatures in smartphone audio data from 63

three open-access datasets using the machine learning method transfer learning. In the 64

following sections, we will detail the methods used, evaluate performance under different 65

conditions, and discuss the suitability of the solution for persistent monitoring. 66

1.1. Transfer Learning with YAMNet 67

Transfer learning is a machine learning method first developed by Stevo Bozinovski 68

and Ante Fulgosi at the University of Zagreb in 1972 [9,10]. In theory, the technique im- 69

proves learning efficiency by reusing knowledge gained from one task for a second, re- 70

lated task. The popularity of transfer learning has risen in recent years [6,11–14] due in 71

part to the existence of publicly available models pre-trained on very large datasets for 72

general tasks which can be used to boost performance on a related, specific task if the 73

volume of available training data for the specific task is limited [15]. 74

One such publicly available model is Google’s Yet Another Mobile Network (YAM- 75

Net) [16], a deep neural network using Mobilenet_v1, a depthwise-separable convolution 76

architecture [17]. YAMNet is pre-trained on AudioSet, a human-annotated collection of 77

more than 2 million 10-second audio clips pulled from YouTube videos [18], to predict 78

521 classes of audio events. The intended input of the model is audio data sampled at 16 79

kHz. A stabilized log Mel spectrogram is computed from the input with a frequency range 80

of 125 Hz to 7500 Hz, after which the results are divided into 0.96 s segments with 50% 81

overlap. These segments are fed into the Mobilenet_v1 architecture. The output of Mo- 82

bilenet_v1 is then averaged-pooled, resulting in 1024 embeddings. Up to this point, the 83

procedures we have described are those performed by YAMNet for all applications. For 84

the general case of using YAMNet for audio classification, a final output layer would then 85

take in the embeddings and output the class scores, from which predictions would be 86

made. For our chosen method of transfer learning, however, the final layer must be re- 87

moved, and the embeddings used as the input of our smaller, more specific rocket detec- 88

tion model. 89

2. Data and Methods 90
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2.1. Aggregated Smartphone Timeseries of Rocket-generated Acoustics (ASTRA) 91

The acoustic rocket signatures used to train and test the models in this work are from 92

Aggregated Smartphone Timeseries of Rocket-generated Acoustics (ASTRA), a publicly 93

available dataset containing 1089 smartphone audio recordings of 243 rocket launches 94

[19]. The data in ASTRA were recorded at 800 Hz sampling rate by Android smartphones 95

stationed 10-70 km from launch pads at Cape Canaveral Space Force Station and the Ken- 96

nedy Space Center. Along with the recordings themselves, the estimated signal start and 97

peak times at each station, as well as the unique launch identification strings were used. 98

The process used to calculate these estimates is detailed in Popenhagen & Garcés (2025) 99

[20]. 100

In preparation for machine learning, a subset of ASTRA was compiled by removing 101

any recordings for which confidence in the alignment was reduced due to missing data or 102

high environmental noise. The remaining 789 recordings from 233 launches were upsam- 103

pled to 16 kHz, and 4.8 s windows centered on the estimated launch signal peak were 104

selected. The selected 4.8 s windows were then divided into 0.96 s segments, resulting in 105

5 samples. The unique launch identification strings associated with each recording in AS- 106

TRA were used to ensure that recordings from the same launch were not split between 107

the training, validation, and test sets. If a recording contained data taken from >120 s be- 108

fore the associated estimate of the arrival time of the beginning of the signal, that segment 109

was separated and divided into up to 50 samples for additional noise data. These samples 110

were processed similarly to the rocket signature samples, being divided into 0.96 s seg- 111

ments and split by associated event. 112

113

Figure 1. Bar plots of the distribution of signals in the high-confidence subset of ASTRA (a) recorded 114

on different makes and models of smartphones, (b) originating from different types of rockets, and 115

(c) collected in different range categories. 116

2.2. Smartphone High-explosive Audio Recordings Dataset (SHAReD) 117
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The Smartphone High-Explosive Audio Recordings Dataset (SHAReD) [21] is an 118

open-access dataset containing 326 multi-modal smartphone data collected during 70 sur- 119

face high explosive events. In this work, only the smartphone microphone data were used. 120

The explosion signals in SHAReD all have signal-to-noise ratios of >3, effective yields from 121

1 to 100 kg TNT, and ranges between 10g and 4 tons. SHAReD audio were collected at 122

sampling rates of either 800 Hz or 8000 Hz. For an in-depth overview of SHAReD, we 123

direct the reader to its accompanying papers [4,6]. For each station during each event, 124

SHAReD includes one 0.96 s long ‘explosion’ waveform and one 0.96 s long ‘silence’ wave- 125

form (sampled from before the explosion signal’s arrival). Like the ASTRA data, the 126

SHAReD data were split by event so that the model was never trained and tested on data 127

from the same event. 128

2.3. Environmental sound data from ESC-50 129

The ESC-50 dataset is a collection of 2000 environmental sound recordings originally 130

recorded as part of the Freesound project [22]. Each of the 2000 clips is 5 s in duration, has 131

a sampling rate of 44.1 kHz, and is labeled as belonging to 1 of 50 semantical classes. There 132

are exactly 20 clips from each class (ex. ‘dog’, ‘snoring’, ‘chainsaw’, etc.), with some classes 133

(‘thunderstorm’, ‘fireworks’, ‘airplane’, etc.) including low-frequency and/or infrasonic 134

sources. ESC-50 is widely used as a benchmarking dataset for environmental sound clas- 135

sification models, and its inclusion has been shown to improve robustness and perfor- 136

mance of transfer learning audio classification models [6]. 5 0.96 s long samples were taken 137

from each ESC-50 clip. These samples were kept together when splitting the dataset into 138

training, validation, and testing sets. 139

2.4. Preprossessing and splitting 140

All audio samples recorded at >800 Hz sampling rate were downsampled to 800 Hz 141

to match the ASTRA audio samples. For each recording in ASTRA, the mean signal-to- 142

noise ratio (SNR) of the ‘rocket’ and ‘noise’ samples was calculated, and those with ratios 143

of <2.0 were removed to prevent training on misaligned or exceptionally noisy samples. 144

All data except the ‘rocket’ data from ASTRA were labeled as ‘noise’. For the proposed 145

use-case of persistent monitoring, it is beneficial to prioritize a low false positive rate over 146

other metrics, and thus the training data was left intentionally unbalanced, including ap- 147

proximately 10 ‘noise’ samples for every ‘rocket’ sample in the training set. This imbalance 148

was intended to increase robustness by exposing the model to a greater amount and vari- 149

ety of ‘noise’ data, as well as encouraging the model to favor false negatives over false 150

positives. 151

The data from ASTRA, SHAReD, and ESC-50 were each split randomly into training, 152

validation, and testing sets, with target percentages of 80%, 10%, and 10%, respectively. 153

This random splitting was performed 15 times, in preparation for training and testing the 154

model 15 separate times on each of the 15 randomly split datasets. The target distributions 155

were not always met exactly, due to the constraint of isolating the data from each individ- 156

ual launch, explosion, or Freesound clip to one of the three sets. 157

2.5. Model design 158

Before building, training, and testing the transfer learning model, the full dataset was 159

run through YAMNet alone, and the resulting predictions were analyzed. The distribu- 160

tions of the classes predicted by YAMNet for data from ASTRA, SHAReD, and ESC-50 are 161

shown in Figure 4.2. Due to the data having been upsampled from 800 Hz and thus being 162

devoid of any content above 400 Hz, the highly inaccurate predictions we observe are 163

unsurprising, even for the ESC-50 data, which contains types of sounds similar to those 164

YAMNet was trained to classify. What is interesting, however, is that the distributions of 165
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predicted classes vary significantly between subsets of the dataset, indicating that YAM- 166

Net is able to see some differences between these subsets despite having no context for 167

data collected at 800 Hz. 168

169

Figure 2. Bar plots of the distribution of signals in the high-confidence subset of ASTRA (a) recorded 170

on different makes and models of smartphones, (b) originating from different types of rockets, and 171

(c) collected in different range categories. 172

Transfer learning was chosen to compensate as much as possible for the limited quan- 173

tity of rocket audio data. In theory, we can transfer some of the knowledge YAMNet has 174

on the general problem of audio classification to our more specific problem of rocket de- 175

tection. To construct the transfer learning model, the final output layer of YAMNet was 176

removed and replaced with three new layers. The first of these was a fully connected layer 177

with 32 nodes, utilizing leaky rectified linear unit (leaky ReLU) activation with an alpha 178

value of 0.01. The second was a dropout layer added to minimize overfitting, and the final 179

layer was an output layer with 2 nodes corresponding to the two classes (‘rocket’ and 180

‘noise’). Sparse categorical cross-entropy was used for loss, and the Adamax optimizer 181

was used. The number of nodes, activation function, alpha value, and optimizer were se- 182

lected after analyzing the results of cross-validation, with lower numbers of nodes being 183

given preference to avoid overfitting. The number of epochs was set to 300, with early 184

stopping implemented to further reduce the likelihood of overfitting. 185

3. Results 186

The model was evaluated using the samples assigned to the training set for each run, 187

consisting of roughly 10% of the data from each of the three open-access datasets. All test- 188

ing samples were taken from events (rocket launches, explosions, or Freesound clips) that 189

were not included in the training or validation sets. The overall performance of the model 190

is presented, along with the performance of the best-performing split. In Figures 4.3 and 191

4.4, results are shown using normalized confusion matrices, which show the true positive 192

rate in the upper left corner and the true negative rate in the lower right corner. Since the 193

categories are unbalanced, the confusion matrices are all normalized for clarity, but the 194

original counts were preserved and are included in parentheses on the figures. 195
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3.1. Overall performance 196

The accuracy of the model ranged between 93.53% and 97.00%, with the mean over 197

all 15 splits lying at 95.40% accuracy. The mean performance of the model is shown as a 198

confusion matrix in Figure 4.3. In Figure 4.4, a confusion matrix of the best-performing 199

split is shown. When trained on this split, the model performed slightly better, with no 200

indications of overfitting. The best split accuracy was 97.00%, with a false positive rate of 201

0.98%. 202

203

Figure 3. The confusion matrix of the model on all 15 test sets. Each quadrant shows the relevant 204

rate as a mean percentage over all iterations, as well as the sum of the total number of samples in 205

the category over all iterations in parentheses. 206
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207

Figure 4. The confusion matrix of the best performing split. Each quadrant shows the relevant rate 208

as a percentage, as well as the total number of samples in the category in parentheses. 209

3.2. Misclassification analysis 210

To better understand the model’s behavior, it is important to remember that 5 posi- 211

tive samples were taken from each rocket recording, and that there are multiple record- 212

ings for most launches. In Table 4.1, the ASTRA events with false negatives in the best 213

split model are listed, along with the other classifications from the event, which show that 214

for every event with false negatives, there are always more true positives. For every re- 215

cording in the best split model’s test set, there is at least one ‘rocket’ classification within 216

10 seconds of the estimated peak arrival time included in ASTRA. From an application 217

perspective, then, there are no false negatives, only delayed true positives, and we can 218

focus on reducing the false positive rate. 219

Table 1. All events with ‘rocket’ samples misclassified as ‘noise’ by the best split model. 220

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
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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 221

for positive ‘rocket’ classifications slightly, from 0.5 to 0.6. With the increased threshold, 222

the best split model’s false positive rate decreases from 0.98% to 0.76%. This improvement 223

in the false positive rate is accompanied by an increase of the false negative rate from 224

15.59% to 19.66%. However, there is still at least one ‘rocket’ classification within 10 sec- 225

onds of the estimated peak arrival time of each recording, thus the practical effect of the 226

increased false negative rate is minimal. The best split model’s remaining false positives 227

after increasing the threshold are shown in Table 4.2. Upon examination, it is clear that 228

false positives tend to appear chronologically isolated or in small clusters of 5 or less samples. 229

Table 2. All events with ‘noise’ samples misclassified as ‘rocket’ by the best split model. 230

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 231

lines with a transparency inversely proportional to the model’s confidence in its classifi- 232

cation. In Figure 4.5, all recordings from one of the launches in the testing set are plotted 233

this way, showing a number of false positives before the arrival of the signal at two of the 234

three stations. Since the rocket launch signal persists over at least 100 s, we can eliminate 235

chronologically isolated positives by setting all scores less than the 0.6 threshold to 0 and 236

applying a 4.8 s long rolling median filter. In Figure 4.6, the remaining ‘rocket’ classifica- 237

tions after applying the median filter. After applying this method to the scores of pre- 238

launch segments of the ASTRA recordings included in the test set, the best split model’s 239

false positive rate on pre-launch ASTRA data decreased from 0.76% to 0.11%. This im- 240

provement in the false positive rate has minor tradeoffs in two areas. First, the detection 241

time is delayed from the first ‘rocket’ classification over 0.5 by a mean of 4.92 s. Second, 242

despite the increase in the false negative rate appearing negligible on the sample level, 1 243

of the 100 recordings in the test set now has no ‘rocket’ classifications within 10 seconds 244

of its estimated peak arrival time. 245
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246

Figure 5. Plot showing the best split model’s unfiltered performance on all signals from the SpaceX 247

Falcon 9 launch, Transporter-4. Green lines indicate ‘rocket’ classification scores >0.6. 248

249

Figure 6. Plot showing the best split model’s median-filtered performance on all signals from the 250

SpaceX Falcon 9 launch, Transporter-4. Green lines indicate ‘rocket’ classification scores >0.6 after 251

median filtering is applied. 252

When applied to the ESC-50 data, this method also decreases the false positive rate 253

significantly. Figure 4.7 shows the false positive rates before and after thresholding and 254
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median filtering for each ESC-50 class containing samples the best split model misclassi- 255

fied, as well as the mean false positive rates over all ESC-50 classes. As can be seen in 256

Figure 4.7, the overall false positive rate on ESC-50 data dropped to 0.05% after applying 257

thresholding and median filtering. As the recordings from SHAReD were each only 0.96 258

s long, we were unable to determine the effect of median filtering on those data. However, 259

the model performed exceptionally well on SHAReD data even before adjusting the 260

threshold, with no misclassifications by the best split model and false positive rates <1% 261

for all 15 models.  262

263

Figure 7. A horizontal bar plot representing the best split model’s false positive classifications of 264

ESC-50 data, plotted according to class labels included with ESC-50. Light colored bars represent 265

the false positive rates before thresholding and median filtering, and dark colored bars represent 266

the same rates after thresholding and median filtering are applied. Results for individual classes are 267

shown in blue and labeled with black text, while the overall results are shown in orange and labeled 268

with white text. 269

4. Discussion 270
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After training and testing on 15 random train-test splits, we found that the transfer 271

learning model’s behavior is exceptionally stable, with only slight variations in the results 272

between different splits. Analyzing the behavior of the best split model in detail, it was 273

discovered that despite the nominal false negative rate of 15.59%, the model made at least 274

one ‘rocket’ classification within 10 seconds of the estimated arrival times of 99/100 re- 275

cordings in the training set. In addition, the already low false positive rate of 0.98% can be 276

reduced even further by increasing the positive classification threshold from 0.5 to 0.6 and 277

applying a 4.8 s long median filter. The application of these two measures resulted in the 278

best split model’s false positive rates on ESC-50 data decreasing from 1.43% to 0.05%, pre- 279

launch ‘noise’ data from ASTRA decreasing from 0.76% to 0.11%, and the overall false 280

positive rate decreasing from 0.98% to 0.072%. The increased threshold and addition of 281

the median filter combined were found to increase the time between launch and detection 282

by 4.92 s on average, but this delay is relatively short compared to the estimated propa- 283

gation times (~60-200 s) and its negative effects would likely be outweighed by the benefits 284

of the decreased false positive rate in most use cases. Applying the median filter also re- 285

duced the true positive rate slightly, resulting in the model failing to detect the launch 286

within 10 seconds of the estimated peak arrival time of 1 of the 100 recordings in the da- 287

taset. It is worth noting, however, that the recording in question was 1 of 4 recordings of 288

the same launch, and the model was able to detect the launch successfully in the other 3 289

recordings. 290

Although the initial success of this transfer learning model is encouraging, the da- 291

taset is too small to truly determine its usefulness for persistent monitoring. As more and 292

more rockets continue to be launched every year, the amount of available data will likely 293

increase rapidly in the next few years. Future work should include long-term deployment 294

and testing of the model to fully evaluate its potential for monitoring. If further decreases 295

in the false positive rate are required in the future, there are a number of different avenues 296

to pursue, including training against additional sources of infrasound such as earthquakes 297

or volcanic activity, incorporating ensemble learning [6], and combining input from mul- 298

tiple smartphones, which may also prove useful for trajectory modeling in the future. 299
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The following abbreviations are used in this manuscript: 322

IMS International Monitoring System

ASTRA Aggregated Smartphone Timeseries of Rocket-generated Acoustics

SHAReD Smartphone High-explosive Audio Recordings Dataset

YAMNet Yet Another Mobile Network

ReLU Reticulated Linear Unit

MTV Consortium for Monitoring, Technology, and Verification

ETI Consortium for Enabling Technologies and Innovation
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