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Using deep learning for acoustic event classification:
The case of natural disasters®
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Department of Computer Science, University of Ghana, Post Office Box 163, Legon, Accra, Ghana

ABSTRACT:

This study proposes a sound classification model for natural disasters. Deep learning techniques, a convolutional
neural network (CNN) and long short-term memory (LSTM), were used to train two individual classifiers. The study
was conducted using a dataset acquired online' and truncated at 0.1 s to obtain a total of 12 937 sound segments. The
result indicated that acoustic signals are effective for classifying natural disasters using machine learning techniques.
The classifiers serve as an alternative effective approach to disaster classification. The CNN model obtained a classi-
fication accuracy of 99.96%, whereas the LSTM obtained an accuracy of 99.90%. The misclassification rates
obtained in this study for the CNN and LSTM classifiers (i.e., 0.4% and 0.1%, respectively) suggest less classifica-
tion errors when compared to existing studies. Future studies may investigate how to implement such classifiers for

the early detection of natural disasters in real time. © 2021 Acoustical Society of America.
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I. INTRODUCTION

Natural disasters pose a major risk to physical and envi-
ronmental securities and often result in the loss of properties
and lives. Disasters such as tsunami, volcanoes, hurricanes,
and earthquakes are events that exhibit infrasonic signatures
with low frequencies which are inaudible to the human ear.
The early detection of such low-frequency infrasonic signa-
tures from the movement of the Earth’s floor poses a signifi-
cant technological challenge. However, being able to detect
their occurrence early provides meteorological scientists
and researchers with the ability to develop early warning
systems and help limit its devastating impact (Goswami
et al, 2018; Wallemacq and Guha-Sapir, 2015).
Accordingly, some researchers have developed techniques
to predict and classify natural disaster occurrences and their
severities (Doxani et al., 2019; Furquim et al., 2018; Khalaf
et al., 2015, 2018; Sayad et al., 2019). Indeed, the impact
and damage caused by natural disasters can be reduced if
advances made in instrumentation are integrated with infor-
mation and communication technology tools and emerging
artificial intelligence (AI) algorithms to develop effective
warning systems. For instance, Al techniques are capable of
using images of disaster scenes from surveillance cameras
to classify and automatically assign disaster names and send
relevant information to disaster prevention networks
(Okamoto et al., 2018). Nonetheless, the use of images for
disaster detection is challenged because meteorologists need
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to analyse large amounts of satellite images within a short
period to make decisions. This results in unobserved occur-
rences and inaccurate detection reports (Antoniou and
Potsiou, 2020). Besides, the use of remote sensing satellite
methods are expensive and characterized by temporal delays
between 48 and 72 hours for the production of relevant
information (Resch et al., 2018). These delays in informa-
tion dissemination increase the vulnerability levels (Wisner
and Adams, 2002), resulting in ineffective protection of life
and property (Boustan et al., 2017). For example, the effects
of an unreliable information dissemination system were
experienced during the 2010 earthquake in Maule, Chile: no
warnings or evacuation plans were made three hours after
the tsunami hit the Chilean coasts (Soulé, 2014).

The use of acoustic signals allows long-term monitoring
of large areas and facilitate the collection of larger amounts
of data in real time (Chen et al., 2019; Malfante et al.,
2018). Therefore, it is more reliable when compared to
image and video datasets. Acoustic signals are not affected
by variations in light intensity. The microphones used for
collecting acoustic data are omnidirectional, whereas exist-
ing cameras used for capturing images for such analysis are
not. Also, it is easier to quantify the characteristics of acous-
tic data into duration, frequency, intensity, and progression
over the time of the eruptions. While sonobuoys, acoustic
sensors, and underwater acoustic sensing techniques have
been used to obtain and classify sound/acoustic signals that
precede natural disasters such as hurricanes, tornadoes, and
earthquakes, these methods are expensive. Detecting an
acoustic signal that precedes a disaster depends on the sens-
ing ability (i.e., using sensor technologies). This is because
the preceding sound, also known as infrasound, has lower
frequencies below 20Hz: this is below the threshold of

© 2021 Acoustical Society of America
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human hearing. Again, they cannot be detected by tradi-
tional microphones. Hence, there is a need to improve and
also diversify existing methods and approaches in disaster
predictions and detections.

Integrating Al into disaster management systems is
promising. It provides an efficient method that is capable of
predicting, detecting, and classifying disasters. Nonetheless,
current Al techniques, including machine learning (ML)
algorithms, mostly adopt approaches that use historical
numerical data, images, and videos of disaster scenes. These
approaches have been proven to be either insufficient or
inefficient (Boustan et al., 2017) because there are discrep-
ancies in the numerical data (Joshi, 2019), variations in light
intensity on images and videos (Aziz et al., 2019), and lim-
ited coverage or monitoring area (Mitilineos et al., 2018).

This study, therefore, seeks to expand the knowledge
base in disaster classification using sound/acoustics signals.
It proposes deep learning techniques for classifying natural
disaster sounds. Specifically, it adopted two ML techniques
[i.e., a convolutional neural network (CNN) and a recurrent
neural network (RNN) with a long short-term memory
(LSTM) architecture] for classifying natural disasters. It is
expected that findings from this study will provide an effec-
tive alternative approach for classifying natural disasters. It
shall also provoke further investigations into the construc-
tion of early detection and classification systems that
employ acoustic signals. In Sec. II, a discussion on related
studies is presented with highlights on deep learning archi-
tectures adopted in this study, followed by a description of
how the study was conducted. The results and findings are
presented in Sec. IV and the discussion and conclusions are
drawn in Secs. V and VI, respectively.

Il. RELATED LITERATURE
A. Natural disaster classification

Due to the devastating effects of disasters, it is impera-
tive to put effective methods in place for early detection and
classification. Recent advancements in Al have made nota-
ble contributions to classification problems, including disas-
ters (Antoniou and Potsiou, 2020). More importantly, the
use of ML techniques to classify natural disasters has been
explored by researchers using various approaches. Amit
et al. (2016) proposed an automatic disaster detection sys-
tem in which a CNN is used to analyse satellite images. The
process takes advantage of the robustness of the CNN to
extract event features from images and classify them into
various categories with a classification accuracy between
80% and 90%. In flood severity classification, random forest
(RF) has been used to classify the level of flood severity
using images of disaster scenes (Khalaf et al., 2018). This
approach provides optimal results in the accuracy, precision,
and recall when compared to other ML techniques such as
the support vector machine (SVM), linear neural network
(LNN), and random oracle models (ROM). In classifying
disaster-prone areas, Supriyadi et al. (2018) used K-means
clustering to obtain provincial disaster-prone areas based on
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historical numerical data of areas that experienced natural
disasters.

Although ML techniques have demonstrated potentials
in disaster classification studies, the majority of these studies
tend to focus on the disaster severity, disaster scenes, num-
ber of casualties or affected population, and the validity of
the disaster reports. Predominantly, image datasets are used.
Fewer studies have sought to predict and/or detect the occur-
rence of disasters by classifying acoustic signals or seismic
data that precede the disaster. However, Wilson and Makris
(2006) have demonstrated that acoustic data can be used to
predict natural disasters by using wind-generated noise to
estimate the relationship between the local wind speed and
underwater acoustic intensity. In their study, they collected
data from ocean acoustic sensors and used it to classify hur-
ricanes while they are still far from land. Again, the use of
acoustic data for disaster detection has been demonstrated
by Rouet-Leduc er al. (2017): RF was used to predict the
laboratory earthquake based on the instantaneous analysis of
acoustic signals. Although the laboratory setup closely mim-
icked earthquakes and the results provide evidence to
encourage the use of ML techniques to analyse acoustic
data, studies that adopt acoustic signals and ML techniques
for disaster classification have not received adequate
attention.

B. ML techniques for acoustic signal classification

Existing studies have argued that the neural network
achieves the best classification results in most cases when
compared to others (Aziz et al., 2019; Ibrahim et al., 2018;
Mousa et al., 2016; Zhang et al., 2018). This is because neu-
ral networks are self-adaptive universal approximators.
Undoubtedly, these algorithms are efficient for acoustic
related investigations. For instance, Salamon and Bello
(2017) demonstrated that by using a three-convolutional
layer CNN, an acoustic classification model with an accu-
racy value of about 73% can be obtained. In classifying the
environmental sound with a two-layered CNN, Khamparia
et al. (2019) also achieved similar results. In medical acous-
tics, Aykanat er al. (2017) developed a noninvasive method
of classifying respiratory sounds and improved the model
performance by combining the SVM and CNN to advance
pre-diagnosed respiratory sound classification. Others
(Zhang et al., 2018) have shown that deep neural networks
(DNNs) and a RNN with a LSTM-based architecture outper-
form the SVM with classification accuracies of 95.60% and
91.67%, respectively. The DNN and LSTM are capable of
learning dynamic characteristics of acoustic features (i.e.,
energy, peak ratio of autocorrelation, and log Mel-filter
bank spectrum). In this study, the CNN and LSTM are used.

CNNs are mostly used in computer vision for image
recognition and classification; however, in recent times,
they have been demonstrated to be effective in acoustic sig-
nal classification. For example, the CNN is effective and
capable of learning and identifying spectro-temporal pat-
terns in the presence of noise (Salamon and Bello, 2017). It
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can capture energy modulation patterns across the time and
frequency domains for a given acoustic feature (Maccagno
et al., 2021) by considering the spectrum of audio signals as
a picture of the signal during model training processes. In
effect, the spectrogram image features are used for classifica-
tion. Although the CNN has been adopted in classifications
of environmental sound, bioacoustics, and medical acoustics,
Thakur et al. (2019) posits that studies on the CNN for acoustic
classification are limited due to data scarcity. Thus, some studies
use augmentation techniques to increase the data size for their
experiments.

A RNN is a DNN with a recurrent hidden state that
serves as a “memory” for the RNN, learning significant fea-
tures from the upcoming data sequence, and predicting the
subsequent actions based on the learned features. RNN per-
forms well on time series data (Raza et al., 2019; Verma
et al., 2019). They are used for modelling features that
change over time and are efficient in tasks that involve
sequential inputs such as speech and language. Training a
RNN using the stochastic gradient descent method to cap-
ture long-term dependencies can be a challenge, however,
because the gradient of the loss function decays exponen-
tially: the “vanishing” gradient problem. A number of meth-
ods have been proposed to mitigate this problem. One such
approach is the use of LSTM, consisting of a cell, an input
gate, an output gate, and a forget gate. The gates control the
flow of information into the cell, thus, helping the cell to
maintain information for longer periods. Many studies have
shown that LSTM performs better when compared to RF,
decision tree, and multilayer perceptron (MLP; Raza et al.,
2019).

C. Acoustic signal classification

In acoustic classification, audio segments are classified
into specific groups through either detection-and-classifica-
tion [i.e., acoustic event detection (AED)] or detection-by-
classification [i.e., acoustic event classification (AEC)].
Whereas the former involves the detection of sound before
classification, the latter involves sound detection by classify-
ing the audio segments. In detection-and-classification, no
classification decision is made, rather segmentation is done
when a segment boundary is detected based on a chosen
threshold, followed by localization. Conversely, in detec-
tion-by-classification, the task of detection automatically
translates to classification as its strategy is based on using
classifiers [such as the hidden Markov model (HMM), logis-
tic regression (LR), and artificial neural networks (ANNSs)
with inbuilt segmentation algorithms].

AEC has been used in bioacoustics (Allen et al., 2017,
Pandeya and Lee, 2018), medical acoustics (Vrbancic and
Podgorelec, 2018; Yaseen et al., 2018), action detection
(Pandeya and Lee, 2018), environmental monitoring (Aziz
et al., 2019), and surveillance (Maccagno et al., 2021). Yet,
the challenge is that raw sound data are mostly not suitable
for sound classification. They contain irrelevant information
or features that impede the effectiveness of the classification
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models. Accordingly, relevant acoustic features are
extracted and used for training classifiers. The feature
extraction process facilitates classification and makes them
more efficient and accurate because it reduces the size of the
data and presents complex datasets as feature vectors. Most
sound classification studies adopt features from speech or
voice recognition systems (Karbasi et al., 2011; Mitilineos
et al., 2018). These features predominantly include the Mel
frequency cepstral coefficient (MFCC) and spectrograms
(Nanni et al., 2020). There are, however, other features,
such as the entropy peak (Robakis et al., 2018), spectral cen-
troid (Lebien and Ioup, 2018), high frequency content
(Allen et al., 2017), zero-crossing rate (Zhang et al., 2018),
and peak ratio of autocorrelation (Oikarinen et al., 2019;
Zhang et al., 2018), that are also suitable for extracting
sound features during classification.

In this study, the MFCC is adopted because it is capable
of capturing the most relevant sound features even in the
presence of ambient noise (Aykanat et al., 2017; Aziz et al.,
2019; Yaseen et al., 2018) and it leverages on the robustness
of the CNN-based classifiers to improve the model perfor-
mance (Verma et al., 2019).

lll. STUDY DESIGN

Acoustic signal classifiers are broadly considered to be
either discriminative or non-discriminative: the former
entails modelling a decision boundary in the training data
and matching its test input to a specific data class, whereas
the latter attempts to explicitly model the actual distribution
of each class. This study investigated the use of the CNN
and LSTM for developing discriminative models to classify
seismic acoustic events. Primarily, it seeks to assess the effi-
cacy of these classifiers in identifying various types of natu-
ral disasters using their related acoustic signals. The study
comprises four broad steps: signal preprocessing, feature
extraction, training of the classification model, and its evalu-
ation. This section presents discussions on the first two steps
(i.e., signal preprocessing, feature extraction) and the archi-
tecture of the neural networks used.

A. Datasets

Data were extracted from the Freesound website.” The
Freesound website is a repository of different sound effects of
varying time frames and formats (WAV and MP3 formats). In
this study, four types of natural disaster sounds in WAV file for-
mat were downloaded. Each category was comprised of 50
recordings with varying time frames and a sample rate of
4100 Hz. The time frames ranged between 2 and 120s with a
total duration of 12 937 825 s. Figure 1 shows the distribution of
the four categories of natural disaster sounds, namely, earth-
quake, tsunami, tornado, and volcano, and Fig. 2 is the corre-
sponding time series representation.

B. Signal preprocessing

The sounds (i.e., acoustic signals) were preprocessed in
two phases to facilitate feature extraction: denoising and
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https://doi.org/10.1121/10.0004771

volcano

earthquake

tsunamis

tornado

FIG. 1. (Color online) The class distribution of natural disaster sounds.

down-sampling the signals. The denoising process removed
dead spaces/irrelevant data from the signals. In the down-
sampling process, signal reduction techniques were
employed to reduce the sound features by extracting more
discriminative features. These features were used for train-
ing the classifier. With a window size of 25 ms, audio seg-
ments were down-sampled from 44100 to 16000Hz. A
directory was created to store the output files.

C. Feature extraction

Feature extraction reduces or eliminates the amount of
reductant features to improve the model accuracy, avoid
overfitting, and reduce the model training time. In acoustic
datasets, signals are mostly nonstationary with superim-
posed background noises. These noises originate from natu-
ral ambience. Mostly, acoustic features are either related to
time-frequency features (i.e., time-domain representation),
spectral features (frequency-domain representation), or sta-
tistical features. Because seismic activities have a wide
range of spectral content, feature extraction is performed on
spectral features of audio recordings based on a filter bank-
based MFCC approach. Although there are various
approaches for filter bank feature extraction methods,
including those used for sound feature extraction, MFCC is
appropriate for audio-specific feature extraction. It is
designed to describe sounds that are audible to humans
(Malfante et al., 2018) and has a better recognition rate
when compared to the linear predictive cepstral coefficient
(Prithvi and Kumar, 2016). It represents signal information
efficiently (Yaseen et al., 2018). More importantly, the low
dimensionality of the MFCC makes it more efficient for

earthquake tornado

feature extraction, considering that ML classifiers have the
tendency to overfit if the dimensionality of the input repre-
sentation is high. It is also commonly used for its ability to
leverage the robustness of CNN-based classifiers (Verma
etal., 2019).

Due to the down-sampling performed earlier, the num-
ber of MFCC features was reduced from 26 to 13, whereas
the fast Fourier transform (FFT) was reduced from 1103 to
512. The 13 MFCCs were calculated using a down-sampled
512-point FFT with 0.1 s window frame length. Specifically,
the FFT was applied to the waveforms of each window
frame before the log Mel-filter bank spectrum was extracted
to obtain spectral reports of each frame. The resultant spec-
trum was tied to a Mel-frequency scale by passing it through
a Mel-filter bank created by triangle filters. The logs of the
outputs were used to develop the log Mel-filter bank spec-
trum for each frame, and the MFCC was obtained by apply-
ing a discrete cosine transform (DCT) to the filter banks.

D. Network architecture

Considering that class imbalances may result in low
performance of some classes and also impair the process of
training a classification model, an arbitrary length of time of
a tenth of a second (0.1s) was preferred. This time frame
was also used to enable a faster discernment of different
classifications in real time. Thus, random sampling was used
to extract 0.1s portions of the 200 sound recordings. This
resulted in 12937 sound samples. The datasets were split
into two sets: 80% (10349 samples) for training and 20%
(2588) for testing. The CNN used in this experiment consists
of 4 fully connected layers with 16 filters built with a 3 x 3
convolution (see Fig. 3 for CNN architecture used in this
study). All layers had a rectified linear unit (ReLU) activa-
tion function of 1 x 1 stride and padding as “same,” a 2 x 2
kernel for the max-pooling, and a dropout layer to reduce
overfitting on the training data.

The LSTM had an input data shape of (n, time, feat); n
is the number of sound samples (12937), time is the time
distribution (9), and feat is the number of features (13), 1
recurrent layer, a 0.5 dropout and a time distributed fully
connected layer with 64 neurons (see Fig. 4 for LSTM archi-
tecture used in this study). It also used a ReLU activation,
flatten, and a SoftMax activation. The time distribution was
carried down from layer to layer. This allowed more param-
eters to be created while enabling deeper modelling.

Anaconda Python and various TensorFlow libraries,
including Numpy, Matplotlib, and Scikit-learn, were used to

tsunamis volcano

FIG. 2. (Color online) The time series representation for the types of sounds used in the study.
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| 140661946335888 |
input: (None, 13,9, 1)
conv2d_1: Conv2D
output: (None, 13,9,16)
input: (None, 13,9, 16)
conv2d_2: Conv2D
output: (None., 13,9, 32)
input: (None, 13,9, 32)
conv2d_3: Conv2D
output: (None, 13.9.64)
input: (None, 13,9,64)
conv2d_4: Conv2D
output: (None, 13, 9,128)

!

max_pooling2d_1: MaxPooling2D

l

input: (None, 13,9, 128)

(None, 6, 4, 128)

output:

input: (None, 6. 4, 128)
dropout_2: Dropout
output: (None, 6, 4, 128)
input: (None, 6,4, 128)
flatten_2: Flatten
output: (None, 3072)
input: (None. 3072)
dense_6: Dense
output: (None. 128)
input: (None, 128)
dense_7: Dense
output: (None, 64)
input: (None, 64)
dense_8: Dense
output: (None, 4)

FIG. 3. The CNN architecture.

extract features and also train the networks. Specifically, the
models were prepared using a Python-based Keras library
with TensorFlow graphics processing unit backend.
LibROSA was used to read and resample the sound files and
Python_speech_features were used for providing sound fea-
tures such as the MFCC and filter banks.

IV. FINDINGS AND RESULTS

In ML, the model performance is evaluated by assessing
how it performs on unseen data. This is called model valida-
tion. In this study, the models were validated using classifica-
tion metrics and cross-validation. During evaluation, the
trained model is evaluated with a separate portion of the same
dataset (i.e., testing data). The performance of the model was
evaluated using the accuracy, precision, recall, and F1-score
[see Egs. (1)~(4)]. The confusion matrix plays a major role in
almost all of the performance scores. It provides the necessary
parameters for assessing the various matrices. It is a break-
down of correct (true positives) and incorrect (errors) classifi-
cations for each class and allows the visualization of the
model performance by tabulating the values of actual and pre-
dicted classes as columns and rows, respectively. Confusion
matrices provide information for the calculation of precision
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140586692602960
input: (None, 9, 13)
Istm_3: LSTM
output: | (None, 9, 128)
y
input: | (None,9, 128)
Istm_4: LSTM
output: | (None, 9, 128)
Y
input: | (None, 9, 128)
dropout_3: Dropout
output: | (None, 9, 128)
4
. L . o input: | (None,9, 128)
time_distributed_5(dense_9): TimeDistributed(Dense)
output: [ (None, 9, 64)
4
input: | (None, 9, 64)
time_distributed_6(dense_10): TimeDistributed(Dense)
output: | (None, 9, 32)
A 4
X L . L input: | (None,9,32)
time_distributed_7(dense_11): TimeDistributed(Dense)
output: | (None,9,16)
A
. o . L input: | (None, 9, 16)
time_distributed_8(dense_12): TimeDistributed(Dense)
output: | (None,9, 8)
4
input: | (None,9,8)
flatten_3: Flatten
output: | (None,72)
4
input: | (None, 72)
dense_13: Dense
output: | (None, 4)

FIG. 4. The LSTM architecture.

[also known as the positive predictive value (PPV)]. This is
the measure of positive instances that are actually positive.
Whereas recall or sensitivity or true positive rate (TPR) is a
measure of the ability of a classification model to correctly
select instances. Accuracy (Acc) is the measure of the cor-
rectly classified instance to the total instances, whereas the
Fl-score is the harmonic mean of the model’s precision and
recall. Equations (1)—(4) are used to calculate these values,

PPV = P (1)
- (TP +FP)’
TP
TPR = ————, 2
(TP +FN)
(TP + TN)
Acc = 3
“TTP{FP+FN TN’ )
2(PPV * TPR
F1 — score :¥7 “4)
(PPV + TPR)
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Tornado
Tsunamis
Volcano

Tornado 0
Tsunamis 0
Volcano 2

FIG. 5. The CNN confusion matrix.

where TP is the true positive (i.e., the correct number of pos-
itives that are correctly identified as positives) and TN is the
true negative (i.e., the correct number of negatives correctly
identified as negatives). FN is the false negative (i.e., the
correct number of positives that are incorrectly identified as
negatives) and FP is the false positive (i.e., the correct num-
ber of negatives that are incorrectly identified as positive).
In addition, the area under curve—precision-recall (AUC-
PR) curve and area under curve-receiver operating charac-
teristics (AUC-ROC) were used because they both provide
relevant information for assessing the model performance,
especially in cases of uneven class distribution.

Figure 5 shows the classification made using the CNN.
The test dataset is made up of a total of 2588 sound record-
ings, out of which 2584 instances were correctly classified.
Misclassifications were observed in the following instances:
volcano as earthquake (two) and volcano as tornado (two).
Earthquake, tornado, and tsunami were correctly predicted
at all instances.

Similarly, Fig. 6 shows the confusion matrix for classi-
fication made using the LSTM model. Out of the 2588
sound recordings, 22 errors were recorded across the 4 clas-
ses. Earthquake was misclassified as tsunami in four instan-
ces, tornado was misclassified as earthquake, tsunami, and
volcano at two, one, and two instances, respectively.
Volcano was misclassified as tornado at one instance.
Tsunami was misclassified as earthquake (four) and volcano
(three), whereas volcano was misclassified as earthquake
(ten) and tornado (one). None of the classes were correctly
predicted at all instances with the LSTM.

Earthquake
Tornado
Tsunamis
Volcano

Earthquake

Tornado
Tsunamis 4
Volcano 10

FIG. 6. The LSTM confusion catrix.
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TABLE I. Performance metrics for the CNN and LSTM.

Models CNN LSTM
Accuracy 99.85% 98.11%
Precision 99.85% 98.11%
Recall 99.85% 98.11%
F1-score 99.85% 98.11%
AUC-ROC 0.999 0.999

AP 100% 100%

A. Performance metrics

Based on the confusion matrix, classification metrics,
such as accuracy, precision, recall, and F'1-score, were com-
puted for both the CNN and LSTM. It was observed that for
each classifier, the accuracy, precision, recall, and F1-score
produced similar results (see Table I), indicating that both
models are impressive. As shown in Table I, although the
CNN outperformed the LSTM, both classifiers had good
performance in accuracy, precision, recall, and F1-scores of
99.85% and 98.11%, respectively.

Because a time frame of a tenth of a second (0.1 s) was
used for the classification, other time frames were used to
train the model to test the real-time classification validity of
the model. These time frames were 0.2 and 0.4 s. From the
results (see Table II), it can be observed that the classifica-
tion accuracies at time 0.2 s was lower than the accuracies at
time 0.4 s and 0.6 s for both the CNN and LSTM. At time
0.1s, however, the classification accuracies were higher for
both the CNN and LSTM. Hence, it can be concluded that
both models perform better at the shorter time frame of
0.1s. The models with the 0.1s time frame were then
adopted for further analysis (i.e., AUC-ROC and AUC-PR).

B. AUC-ROC and AUC-PR

Due to the dominating effect of majority classes in
imbalanced datasets, classification metrics, such as accu-
racy, precision, and recall, are not sufficient for evaluating
the performance of a model (Luque et al., 2018; Weng and
Poon, 2008; Yang et al., 2015). Consequently, the AUC-
ROC and AUC-PR are visualization tools for comparing
classification models and were used to evaluate the dominat-
ing effect of the imbalance dataset (Ling et al., 2003; Weng
and Poon, 2008; Yang et al., 2015). The AUC-ROC in
Figs. 7 and 8 are plots of the false positive rate (FPR) on the
x axis and TPR on the y axis for theCNN and LSTM, respec-
tively. It shows the variation between the number of cor-
rectly predicted (classified) positive instances and
incorrectly predicted negative instances, i.e., how much the
model can distinguish between classes. It can be observed

TABLE II. Accuracy scores for various time frames.

Models 0.1s 0.2s 0.4s 0.6s

CNN 99.85% 99.61% 99.69% 99.77%

LSTM 98.11% 96.59% 96.75% 97.68%
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FIG. 7. (Color online) The AUC-ROC for the CNN model.

from the AUC-ROC plots in Figs. 7 and 8 that both models
were not affected by class imbalance. This demonstrates
that the classifiers have good measures for classifying disas-
ter sounds: both models had an AUC-ROC score of 0.999.

The AUC-PR shows the relationship between a positive
predicted value (precision) on the y axis and a TPR (recall)
on the x axis. The high precision and recall scores of
99.85% and 98.11% for the CNN and LSTM, respectively
(see Table 1), indicate that the models are able to classify
the majority of the acoustic signal correctly (high recall)
with less inaccurate classification (high precision).
Furthermore, the AUC-PR score, which is obtained by find-
ing the area under the AUC-PR (see Figs. 9 and 10), was
computed for the four classes in the dataset. As shown in
Table I, an AUC-PR score of 1.00 (100%) was obtained for
both models. The AUC-PR score indicates a good test as the
models are able to discriminate between the various disaster
sounds with 100% recall and 100% precision.

C. Cross-validation

A K-fold cross-validation, with k=10 was adopted to
further validate the performance of the models. k=10 was
used because it has the ability to produce a better perfor-
mance by the model hyper-parameters (Chen et al., 2017,
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FIG. 8. (Color online) The AUC-ROC for the LSTM model.
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Davis and Suresh, 2019; Han et al., 2016; Pandeya and Lee,
2018; Thakur et al., 2019). In the tenfold cross-validation,
the entire training dataset is divided into ten subsets such
that in each iteration, all of the subsets in the datasets are
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FIG. 11. The tenfold cross-validation for both models.

trained except one subset (hold out), which is reserved and
used for testing. Each successive iteration outputs an accu-
racy, and the overall accuracy is calculated by taking an
average of the accuracy results returned from each fold. The
CNN and LSTM had average accuracies of 99.79% and
98.77%, respectively, at time 0.1s. Figure 11 shows the
accuracy for each fold as well as the average of the ten.
CNN recorded an average accuracy of 99.79% and LSTM
recorded an average accuracy of 98.77%.

V. DISCUSSION

In the model validation stage, it was observed that the
CNN performed slightly better than the LSTM. CNNs are
predominantly known to achieve high accuracies in image
classification and recognition tasks. However, findings from
this study indicate that CNNs can be successfully trained to
classify natural sounds. It also shows that it can identify pat-
terns across inputs in a time-frequency domain as well as
differentiate acoustic signals. The LSTM, on the other hand,
achieved a good performance in terms of accuracy, preci-
sion, and recall. Even though the results were lower than
those of the CNN, it further affirms that RNNs perform well
on sound and time series data.

Further, the findings of this study provoke the need for
further studies on the use of acoustics signals or sound for
early detection of natural disasters. As mentioned earlier,
studies that sought to investigate the use of acoustic signals
for prediction, detection, or classification of natural disasters
using ML techniques have been less explored. However,
using acoustic methods presents a number of advantages
over the existing methods. Predominantly, most ML techni-
ques use imaging and social network datasets. Yet, informa-
tion or data from social networks cannot be validated and,
thus, it cannot be considered as an authentic approach
because it is prone to errors. Similarly, the image dataset is
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limited in terms of the coverage area and, thus, cannot cover
a larger spectrum of disaster data relative to sound.

The impressive accuracy rate for both the CNN and
LSTM as individual classifiers supports the argument that
ML techniques are suitable for disaster classification. In par-
ticular, the ability to produce optimal results with sound
truncated at 0.1 s with an accuracy of 99.96% (CNN) and
99.90% (LSTM) is promising. It suggests that the CNN and
LSTM can be used to classify and, perhaps, detect natural
disasters at less than a second. Further investigations need to
be conducted to explore automatic systems that will harness
the capabilities of these models for early detection.
Although existing studies have used pre-disaster sound to
classify natural disasters, such as earthquake and hurricane,
for early detection, they are mostly expensive. They are also
limited to their dependence on sensors and sonobouys, util-
ity vehicles, aircrafts, or vessels to retrieve information car-
ried by the sensors. For instance, a minimum of $10000 is
required to deploy sonobouys from nonspecialized ships in
the path of an upcoming hurricane (Wilson and Makris,
20006).

VI. CONCLUSION

Significant developments have been achieved with sys-
tems that enable physical environmental monitoring, remote
sensing, extreme event detection, and natural disaster detec-
tion. With regard to natural disasters, several types of Al
solutions (systems) have been proposed by researchers and
meteorologists to predict, detect, and manage natural disas-
ters. This study proposed the use of sound/acoustic signals
to classify natural disasters. It developed and compared
sound classification models using the CNN and LSTM.
With varying time frames ranging between 0.1 and 0.4s,
higher classification results were obtained for both of the
models at the least time of 0.1 s.
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The results of this study show a promising future for
disaster detection, environmental monitoring, remote sens-
ing, and the security of the physical environment. Although
it is not expected to replace existing methods, it provides an
effective alternative for disaster classification. Also,
although acoustic signals are not affected by light, they may
be affected by other environmental sound and, thus, there is
a need for further investigations into how to address this
limitation. Further validation needs to be conducted to
authenticate the models with different disaster sound data-
sets from different locations. Particularly, there is the need
to investigate the dataset that contains other non-disaster
sound because although the present study performed well,
the dataset used for the investigation contained only disaster
data. However, acoustic signals are usually made of differ-
ent sounds from different sources and, therefore, will not
only contain disaster sound. Additionly, there is the need to
investigate how the models in this study can be deployed in
systems to facilitate early disaster detections and warnings.
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