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Abstract: Explosion monitoring is performed by infrasound and seismoacoustic sensor networks that are
distributed globally, regionally, and locally. However, these networks are unevenly and sparsely distributed,
especially in the local scale as maintaining and deploying networks is costly. With increasing interest in smaller
yield explosions, the need for more dense networks has increased. To address this issue, we propose using
smartphone sensors for explosion detection as they are cost-effective and easy to deploy. Although there are
studies using smartphone sensors for explosion detection, the field is still in its infancy and new technologies
need to be developed. We applied a machine learning model for explosion detection using smartphone
microphones. The data used were from the Smartphone High-explosion Audio Recordings Dataset (SHAReD),
a collection of 326 waveforms from 70 high-explosive (HE) events recorded on smartphones, and the ESC-50
dataset, a benchmarking dataset commonly used for environmental sound classification. Two machine
learning models were trained and combined into an ensemble model for explosion detection. The resulting
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ensemble model classified audio signals as either “explosion,” “ambient,” or “other” with true positive rates

(recall) greater than 96% for all three categories.

Keywords: explosion; smartphone; machine learning; detection; data; infrasound

1. Introduction

Explosions generate infrasonic (<20 Hz) and/or low frequency sounds (<300 Hz) that can travel
vast distances. The travel distance and frequency range of these sounds depend on the size of the
explosion and atmospheric conditions. For reference, the peak central frequency of a pressure wave
from a 1 ton of trinitrotoluene (TNT) explosion would be around 6.3 Hz, and it would be around 63
Hz for a 1 kg TNT explosion [1]. This phenomenon can and has been used to detect explosions. For
example, the International Monitoring System (IMS) has a network of globally distributed infrasound
sensors to detect large (>1 kiloton) explosion events [2]. Similarly, for smaller yield explosions, there
have been examples of infrasound and seismoacoustic sensors deployed on regional and local scales
[3-9]. However, as networks get denser, the cost and difficulty of covering a wider area grows
rapidly. Thus, many of these networks are deployed temporarily for experiments or around specific
areas of interest, such as volcanos or testing sites [10] and optimized for the prevailing weather
patterns.

The prompt detection of smaller yield explosions in key locations and regions could be crucial
as fast and reliable detection would lead to decreased response times and could potentially reduce
casualties and damage. However, as mentioned previously, having a dense sensor network for low
yield explosions become expensive and difficult to maintain. A solution to this problem is using non-
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traditional sensors such as smartphones, especially considering recent advancements and success in
mobile crowd sensing [11-13]. Although there is still a need for more publicly available explosion
dataset to train and design detection and classification models, several studies using smartphones for
explosion detection have already laid some groundwork [10,14-17]. We build off these initial studies
by releasing labeled explosion data to the public and demonstrate the ability of current algorithms to
detect and classify infrasonic signals.

The Smartphone High-explosive Audio Recordings Dataset (SHAReD) [18], the labeled data that
we collected on smartphone networks, provides a unique dataset that can be utilized for machine
learning (ML) methods for explosion detection. The audio data from the high-explosive (HE) dataset
were used in conjunction with data from an external environmental sound dataset (ESC-50 [19]) to
train two separate machine learning models, one using transfer learning (YAMNet [20]) and the other
considering only the low frequency content of the waveforms. These two models were then combined
into an ensemble model to classify audio data as “explosion,” “ambient,” or “other.” Although the
two models both performed well while classifying the sounds individually, each model had its own
shortcomings in distinguishing between the categories. We found that by combining the two models
into one ensemble mode], the strengths of each model compensated for the shortcomings of the other,
significantly improving performance.

1.1. Transfer Learning, YAMNet, and Ensemble Learning

Transfer learning (TL) is a machine learning technique which utilizes a pre-trained model as a
starting point for a new model designed to perform a similar task. TL has gained popularity as it can
compensate for the consequences of having a limited amount of data on which to train a model [21].
TL using convolutional neural networks (CNNs), such as Google’s Yet Another Mobile Network
(YAMNet), has become common practice for environmental sound classification [22-25].

YAMNet is an off-the-shelf machine learning model trained on data from AudioSet [26], a
dataset of over 2 million annotated YouTube audio clips, to predict 521 audio classes [20]. It utilizes
the Mobile_v1 architecture, which is based on depthwise separable convolutions [27]. The model can
take any length of audio data with a sample rate of 16 kHz. However, the data is split internally into
0.96 second frames with a hop of 0.48 seconds. This is done by taking the full audio data to compute
a stabilized log Mel spectrogram with a frequency range of 125 Hz to 7,500 Hz and dividing the
results into 0.96 second frames. These frames are then used in the Mobile_v1 model, which produces
1,024 embeddings (the averaged-pooled output of the Mobile_v1 model). These embeddings are fed
into a final output layer that produces the 521 audio classes’ scores. For TL, the final output layer is
removed, and the embeddings are used to train a new model as seen in Figure 1.
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Figure 1. The architecture of YAMNet and an example architecture of a transfer learning model using
YAMNet.

Ensemble Learning (EL) is a machine learning technique which produces a prediction
by utilizing the predictions of multiple trained models. This combined prediction generally
performs better than any single model used in the ensemble by compensating for individual
models’ biases and by reducing overfitting [28]. In the context of ESC, since there are
numerous types of environmental sounds, it would be beneficial to have multiple “expert”
models that are trained on specific signals rather than a single all-encompassing model [29].
There are multiple ways to implement EL, such as combining the results of multiple similar
models trained on different subsets of the data (“bagging”) or training a model on the
predictions of different ML models trained on the same data (“stacking”) [30]. In this study,
we trained two different models on the same data and determined the final prediction
based on pre-defined criteria that will be discussed later.

2. Data and Methods

2.1. Smartphone High-explosive Audio Recordings Dataset (SHAReD)

SHAReD consists of 326 multi-sensor smartphone data from 70 surface HE events collected at
either Idaho National Laboratory or Nevada National Security Site [18]. The RedVox application [31]
was used to collect and store the smartphone data, which consisted of data from the microphone,
accelerometer, barometer, Global Navigational Satellite System (GNSS) location sensor, and other
metadata such as the smartphone model and the sample rate of the sensors. For a more
comprehensive description of the RedVox application, we direct the reader to Garcés et al., 2022 [31].
The smartphones were deployed at varying distances near the explosion source in a vented
encasement or aluminum foil tube alongside an external battery as shown in Figure 2. The different
deployment configurations were used to protect the smartphones from the elements, specifically
direct sunlight, which can cause overheating, or precipitation, which can damage the internal
circuitry.
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a) The Vented Encasement b) The Aluminum Foil Tube

Figure 2. The smartphone deployment configuration of a) the vented encasement and b) the
aluminum foil tube.

The distances of the smartphones from the explosion source ranged from around 430 m to just
over 23 km, but the majority were within 5 km as seen in Figure 3a. Most of the explosions had
effective yields (the amount of TNT required to produce the same amount of energy in free air)
between 1 and 100 kg, and the total range spanned from 10 g to 4 tons, as seen in Figure 3b. Due to
differing organizational policies surrounding individual events, the true yield of each explosion may
or may not be included in the dataset. However, the effective yield range is included for all events.
The histogram of the number of smartphone recordings per event is shown in Figure 3c. Although
there were at least five deployed smartphones for each event, we see that there were a few dozen
events with less than five smartphone recordings included in the dataset. This discrepancy is caused
by either the yield of the explosion being too small for the signal to travel to all the smartphones or
the atmospheric conditions of that day adding significant noise to the signal, as any smartphone
recordings with signal-to-noise ratios 3 or less were removed from the dataset. The smartphones used
for the dataset were all Samsung Galaxy models, either S8, S10, or S22. The dataset spans multiple
years and the smartphones used for the collection were replaced periodically with newer models.
The overall distribution of smartphone models represented in the dataset can be seen in Figure 3d.
Further details about the explosion data will be included in a later section.

a) Histogram of Smartphone's Distance from Event b) Histogram of Event's Effective Yield
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Figure 3. Histograms of a) the smartphone’s distance from the explosion source, b) the effective yield
of the explosion source, c) the number of smartphone recordings per explosion event, and d) the
smartphone model used for data collection in SHAReD.
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As previously mentioned, the time-series data included in the dataset are from the microphone,
accelerometer, barometer, and the GNSS location sensor. However, the extracted explosion signals
from all the sensors were based on the acoustic arrival as the name of the dataset suggests. The
duration of the extracted signal is 0.96 seconds and contains the acoustic explosion pulse. Although
each set of smartphone data contains a clear explosion signal in the microphone data, depending on
the distance of the phone and yield of the explosion, there may not be a visible signal for the
accelerometer or barometer data. This was in part due to the higher sensitivity and sample rate of the
smartphone microphone sensor. For reference, the sample rate for the microphone was either 800 Hz
(63 recordings) or 8,000 Hz (263 recordings), whereas the sample rates for accelerometer averaged
around 412 Hz and barometer averaged around 27 Hz. Additionally, 0.96 seconds of “ambient” audio
data was included in the dataset by taking microphone data from before or after the explosion.
Overall, the smartphone microphones captured a filtered explosion pulse due to their diminishing
frequency response in the infrasonic range, however the frequency and time-frequency
representations showed great similarities to explosion waveforms captured on infrasound
microphones. For those interested in further information on explosion signals captured on
smartphone sensors and/or how they compare to infrasound microphones, we direct the reader to
Takazawa et al., 2024b [10], in which a subset of SHAReD is used.

2.2. Training Data

In addition to the explosion and ambient microphone data from the SHAReD, audio from the
ESC-50 dataset was also used to train the ML models, as previous work showed improvement from
including additional non-explosion data [32]. The ESC-50 dataset is a collection of 2,000
environmental sound recordings from 50 different classes, and it is often used for benchmarking
environmental sound classification [24,33,34]. Some examples of the classes include thunderstorm,
fireworks, keyboard typing, clapping, and cow. Each class contains 40 sets of 5 second clips recorded
at a sample rate of 44.1 kHz.

Since there were differences in the data (i.e. sample rate, duration), some standardization
methods were applied to prepare for machine learning. First, the ESC-50 waveforms were trimmed
to a duration of 0.96 seconds to match the waveforms in SHAReD. The trimming was done by taking
a randomized segment of the waveform that contained the maximum amplitude. The randomization
was added to avoid centering the waveforms on a peak amplitude that could be used as a false feature
of ESC-50 waveforms that the ML models could learn. Secondly, the waveforms’ sample rates were
adjusted to create two separate datasets with constant sample rates for each of the two ML models.
The sample rates were standardized by upsampling or downsampling the waveforms. Thirdly, labels
were applied to each category of waveforms (explosion recordings labeled “explosion,” ambient
recordings labeled “ambient,” and recordings from ESC-50 labeled “other”). Lastly, the dataset was
randomly split into 3 sets: the training set, the validation set, and the test set. Since there was an
imbalance in the amount of data (326 each for “explosion” and “ambient”, 2,000 for “other”), the split
was applied for each label to ensure a balanced distribution of data (stratified splitting). Additionally,
the “explosion” and “ambient” data were split by the explosion event to ensure that the ML models
would be robust by testing the model on data from explosions that it has not seen. The distribution
of the dataset was roughly 60%, 20%, and 20% for the training, validation, and test sets.

2.3. Machine Learning Models

The first model called Detonation-YAMNet (D-YAMNet), was trained using TL with the
YAMNet model. D-YAMNet was constructed by replacing the final output layer of YAMNet with a
fully connected layer containing 32 nodes and an output layer with 3 nodes corresponding to
“ambient,” “explosion,” and “other.” Sparse categorical cross-entropy was used for the loss function
and Adamax [35] was used for the optimizer, and, in order to further mitigate overfitting, the number
of nodes was chosen by iterating through different number of nodes during training and selecting
the smallest numbers that kept a minimum of 90% precision for each category. Additionally, class
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weights were added to address the imbalance in amount of data in the “ambient” and “explosion”
categories compared to the “other” category.

The second model was designed to complement the D-YAMNet model by focusing on the lower
frequency components of these waveforms, since YAMNet architecture drops all frequency content
below 125 Hz. This model will be referred to as the low-frequency model (LFM). To ensure the model
concentrated on the low-frequency portion of the input waveform, the sample rate was limited to 800
Hz. Although numerous arguments can be made for different architectures for the LFM, we chose a
compact 1D CNN as they are well-suited for real-time and low-cost application (i.e. smartphones)
and have shown greater performance on applications that have labeled datasets of limited size [36].
The LFM consisted of a 1D CNN layer with 16 filters and a kernel size of 11, followed by a 50%
dropout layer, a max pooling layer with pool size of 2, a fully connected layer with 32 nodes, and a
3-node output layer. The dropout layer and max pooling layers were added to mitigate overfitting
since the LFM is trained on a limited dataset. Additionally, like D-YAMNet, the specifics (number of
filters, kernel size, and number of nodes) of the model were determined through iteration and
selection of the least complex values that kept a minimum of 90% precision for each category. The
same loss function, optimizer, and class weights were used for the training of the LFM as for D-
YAMNet.

The ensemble model was constructed using the predictions from the D-YAMNet and LFM with
the following criteria: “explosion” if both models predicted “explosion,” “other” if D-YAMNet
predicted “other,” and “ambient” for all other cases. For EL using two separate models, stacking is
generally used. However, we chose these criteria based on the overall purpose of the ensemble model
and insight from the construction of the two incorporated models. The “explosion” prediction was
only selected if both models predicted “explosion” to reduce false positive cases, as they can pose an
issue for continuous monitoring. The “other” category was solely based on the D-YAMNet prediction
since it has the added benefits of TL and covers a wider frequency range that many “other” sound
sources would fall under. Although accurately predicting if a non-explosion signal is in the “other”
category is not the primary goal for the model, it plays a crucial role in reducing false positive cases
for “explosion” as it creates a category for other sounds that a smartphone may pick up while
deployed. Overall, these criteria allow the ensemble model to essentially use the LFM to assist D-
YAMNet in determining if a waveform classified as “explosion” by the latter should be classified as
“explosion” or “ambient.”

3. Results

The models were evaluated using the test set, which was about 20% of the whole dataset and
included explosion events that were not included in the training or validation set. The results are
showcased using a normalized confusion matrix, where the diagonal represents each category’s true
positive rate (recall). The confusion matrix was normalized to clarify results, given the imbalance in
the dataset.

3.1. D-YAMNet

Overall D-YAMNet performed well with each category’s true positive rates of 92.3%, 98.1%, and
99.5% for “ambient,” “explosion,” and “other,” respectively (Figure 4). The model especially
performed well in the “other” category. Although, this model’s purpose is not to identify “other”
sound events, this category was added to reduce false positive “explosion” predictions and was
successful as there are no false positive cases. In contrast, the model performed worse in the
“ambient” category. This relatively low recall of the “ambient” category is most likely due to the
nature of the model.
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True Label
Explosion Ambient

Other
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Figure 4. The confusion matrix of D-YAMNet on the test dataset. The percentages are calculated by
rows (true labels) and the count for each cell is listed under in parenthesis.

As described earlier, YAMNet ignores frequencies that are below 125 Hz, which is where most
of the energy of the explosion signal lies. This could make distinguishing between “explosion” and
“ambient” difficult, especially if the waveforms lack significantly identifiable higher-frequency
content. To illustrate this, the “explosion” waveform that was falsely categorized as “ambient” is
presented along with its power spectral density in Figure 4.5. This misclassified “explosion”
waveform was from an explosion in the 10 kg yield category and recorded on a smartphone roughly
11 km from the source at a sample rate of 800 Hz. For reference, the probability of each class taken
from the SoftMax layer of the D-YAMNet was 0.696, 0.304, and 0.000 for “ambient,” “explosion,” and
“other,” respectively. From an initial glance at the normalized amplitude (Figure 5a), we see that the
waveform was heavily distorted. Looking at the power spectral density (Figure 5b), most of the
frequency content of the waveform is concentrated below 100 Hz. Additionally, the small frequency
spike seen past the 100 Hz mark is located at 120 Hz, which is below the 125 Hz cutoff of the YAMNet
model. This majority of the signal’s energy concentration being below the YAMNet's frequency
cutoff, paired with the lack of higher frequency content due to the 800 Hz sample rate of the
smartphone microphone, is most likely what led to the model misclassifying the explosion as
“ambient.”
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Figure 5. The a) normalized amplitude and b) power spectral density of an “explosion” waveform
that was misclassified as “ambient” by D-YAMNet. The explosion was in the 10 kg yield category and
recorded by a smartphone ~11 km away from the source at a sample rate of 800 Hz.

3.2. Low-Frequency Model

Unlike D-YAMNet, the LFM incorporates all the frequency content of the input data. However,
since the waveforms used for training were downsampled to 800 Hz, the model isn’t trained on the
higher frequency content of the signals. This resulted in a somewhat reversed outcome compared to
D-YAMNet as seen in Figure 6. Overall, the LFM performed worse than D-YAMNet, which was
expected since it was trained on a small dataset without the benefits from transfer learning.

True Label
Explosion Ambient

Other

Explosion
Predicted Label

Figure 6. The confusion matrix of the LFM on the test dataset. The percentages are calculated by rows
(true labels) and the count for each cell is listed under in parenthesis.
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Looking at the recall scores and comparing them to those from D-YAMNet (Figure 4), we see
that the “ambient” category performed better (96.2%), “explosion” performed the same (98.1%), and
the “other” performed worse (92.7%). The relatively high recall scores for the “ambient” and
“explosion” classes are likely due to the low-frequency content of the waveforms being kept.
However, the worse performance in the “other” category is most likely due to misclassification of
those ESC-50 data that mostly contain higher frequency content, which would be removed in the
downsampling process making them indistinguishable from “ambient” or “explosion” waveforms.
As an example of the latter, a waveform from the “other” category that was misclassified as an
“explosion” is presented along with its power spectral density in Figure 7. This “other” waveform
was labeled as “dog” in the ESC-50 dataset. The probabilities for each class taken from the SoftMax
layer of the LFM for this waveform were 0.346, 0.514, and 0.140 for “ambient,” “explosion,” and
“other,” respectively. Looking at that the normalized amplitude (Figure 5a), we see that it was a
transient sound, however, it does not necessarily resemble an explosion pulse to an experienced eye.
Moving to the power spectral density (Figure 5b), most of the frequency content of the waveform is
concentrated above 500 Hz, which is below the 400 Hz cutoff (Nyquist) of the LFM. Additionally,
there is a decent amount of energy for frequencies down to 60 Hz. The majority of waveforms’
frequency content being above the cutoff for LFM while also containing some energy in the lower
frequencies is most likely what led to the model misclassifying the waveform as “explosion,”
although the associated probability was low (0.514).
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Figure 7. The a) normalize amplitude and the b) power spectral density of an “other” waveform that
was misclassified as “explosion” by the LEM. The “other” sound was from an ESC-50 waveform
labeled as “dog”.

3.3. Ensemble Model

The confusion matrix for the ensemble model can be seen in Figure 8. Altogether, we see an
increased performance with recall above 96% for each category. Only the recall of the “explosion”
category saw a slight decrease due to the inclusion of false negatives from both D-YAMNet and LFM.
Focusing on the “ambient” and “other” categories, we see that the proposed criteria preserve the high
performance of D-YAMNet in the “other” category while, simultaneously, the addition of the LFM
improves the results in the “ambient” category. More importantly, we see that the ensemble model
was able to eliminate false positives in the “explosion” category entirely, which translates to a much
more stable and robust model that can be used for real-time explosion monitoring.
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Figure 8. The confusion matrix of the ensemble model on the test dataset. The percentages are
calculated by rows (true labels) and the count for each cell is listed under in parenthesis.

4. Discussion and Conclusion

Two ML models (D-YAMNet and LEM) were trained and tested using two datasets (SHAReD
and ESC-50) and then combined into an ensemble model for explosion detection using smartphones.
Although both D-YAMNet and LFM had recall scores over 90% for each category, each model had a
weak point in one category: “ambient” for D-YAMNet and “other” for LEM. These shortcomings
were explained by the construction of the models. For D-YAMNet, the low-frequency information
(<125 Hz) of the waveforms was not incorporated, which would make it difficult to distinguish
“ambient” sounds (which were mostly silent) from “explosion” sounds that have the majority of their
energy concentrated in the lower frequencies. For LFM, the sample rate of the input data was limited
to 800 Hz, which made “other” sounds with primarily high frequency information harder to
distinguish from “ambient” sounds. The ensemble model was able to compensate for each model’s
shortcomings, which resulted in a combined model that performed better overall, with >96% recall
in each category. Additionally, the ensemble model eliminated all false positive cases in the
“explosion” category, creating a robust model for explosion monitoring.

Since explosion detection on smartphone sensors using machine learning is a relatively new
endeavor, there are no specialized explosion detection models that can be used as a baseline
comparison to evaluate the ensemble model’s performance. However, the base YAMNet model does
include an “explosion” class that can be used for a comparison. We used the test dataset to evaluate
the performance of YAMNet by mapping the 521 classes to the following: “explosion” if YAMNet
predicted “explosion,” “ambient” if YAMNet predicted “silence,” and “other” for all other classes.
The resulting confusion matrix is shown in Figure 9. We see that YAMNet performed well at
classifying “ambient” and “other” sounds, with 98.1% and 97.7% recall, respectively. However, it was
not able to correctly classify a single explosion properly. More interestingly it seems to have
categorized roughly half of the “explosion” sounds as “ambient” and half as “other.” This poor
performance of the base YAMNet model is most likely due to the training data, which mostly consists
of “explosion sounds” from video games and movies, as well as gunshots which aren’t HEs.
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Ambient

True Label
Explosion

Other

Explosion

Predicted Label

Figure 9. The confusion matrix of the YAMNet model on the test dataset.

Although the initial success of the ensemble model is promising, it is still based on a limited

dataset (<3000 waveforms). Continued efforts in explosion data collection and public release of such
data will be essential for improving the performance of explosion detection models. Future work
should include deploying smartphones to test the ensemble model in deployments for real-time
detection. Additionally, developing algorithms to take into account the explosion detection results
from all nearby smartphones should improve reliability. The results of the ensemble model presented
in this work indicate that, with more data to train models on, rigorous testing in the field, and
effective integration of predictions from multiple models and devices, smartphones will prove to be
a viable ubiquitous sensor network for explosion detection and a valuable addition to the arsenal of
explosion monitoring methods.
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