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Abstract: In the ocean environment, passive acoustic monitoring (PAM) is an important
technique for the surveillance of cetacean species. Manual detection for a large amount
of PAM data is inefficient and time-consuming. To extract useful features from a large
amount of PAM data for classifying different cetacean species, we propose an automatic
detection and unsupervised clustering-based classification method for cetacean vocal
signals. This paper overcomes the limitations of the traditional threshold-based method,
and the threshold is set adaptively according to the mean value of the signal energy in
each frame. Furthermore, we also address the problem of the high cost of data training
and labeling in deep-learning-based methods by using the unsupervised clustering-based
classification method. Firstly, the automatic detection method extracts vocal signals from
PAM data and, at the same time, removes clutter information. Then, the vocal signals are
analyzed for classification using a clustering algorithm. This method grabs the acoustic
characteristics of vocal signals and distinguishes them from environmental noise. We
process 194 audio files in a total of 25.3 h of vocal signal from two marine mammal public
databases. Five kinds of vocal signals from different cetaceans are extracted and assembled
to form 8 datasets for classification. The verification experiments were conducted on four
clustering algorithms based on two performance metrics. The experimental results confirm
the effectiveness of the proposed method. The proposed method automatically removes
about 75% of clutter data from 1581.3MB of data in audio files and extracts 75.75 MB of the
features detected by our algorithm. Four classical unsupervised clustering algorithms are
performed on the datasets we made for verification and obtain an average accuracy rate
of 84.83%.

Keywords: passive acoustic monitoring; empirical mode decomposition; endpoint detection;
unsupervised clustering; marine mammal vocal signals

1. Introduction
Many cetacean species are currently considered endangered [1]. The surveillance

and protection of cetaceans is an important issue and has attracted wide research atten-
tion. Nowadays, an effective way of studying cetaceans’ presences and acoustic behaviors
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is through passive acoustic monitoring (PAM) [2]. PAM is more effective than active
monitoring in some way. For example, it provides a non-invasive, cost-effective, and en-
vironmentally friendly way to study cetaceans over large areas and extended periods. It
allows researchers to gather detailed, species-specific data without disturbing the animals.
However, PAM also has some limitations and disadvantages. The implementation of PAM
systems depends very much on their application and operational circumstances. PAM
activity results are not easily adapted directly to standard analysis tools that have proven
successful in visually based active monitoring [3]. Since many cetacean species mainly rely
on vocal signals such as echolocation click, whistle, and burst pulse for foraging, position-
ing, and communication, their vocal signals have become the most common and important
research object for studying cetaceans [4,5]. However, passive acoustic monitoring of
cetaceans faces some challenges [2,3]. Firstly, the hydrophones in PAM collect data over
many months and produce a large volume of data. Many of the underwater acoustic data
contain noise from the ocean environment, which is hard to distinguish from the signals
we are interested in [6]. Furthermore, some cetacean vocal signals are broadband signals,
which usually only last a few seconds or minutes [7]. Consequently, the transient nature
of the signals and the high variability in cetacean sounds at the individual level make it
difficult to recognize the different species of cetaceans through the collected waveform. To
tackle this difficulty, we shall investigate more effective ways to detect and classify vocal
signals of cetaceans automatically.

Early research on cetacean vocal detection focused on threshold-based methods [8–11].
These methods compute the standard deviation or root mean square of signals’ parameters
such as the peak frequency, frequency band, or width of the principal spectral peak and set
a proper threshold. Detection is triggered when the signal values are above the threshold.
Kandia et al. [9] constructed a Teager-Kaiser energy operator (TKEO) to detect sperm whale
clicks, where the peak picking algorithm and forward–backward search algorithm are
applied to detect the time instant of the highest peak as a vocal sound. These two methods
only determine the existence of vocal signals. After detection, they still require manual
processing to locate the vocal signals. The energy ratio mapping algorithm (ERMA) [11]
was developed to improve the performance of energy-based detection of odontocete vocal
signals. It evaluates the frequency bands of data to detect vocal signals through a noise-
adaptive threshold in the TKEO function. However, its extension to cetacean vocal signals is
not straightforward due to the short time duration of vocal signals. Generally, the threshold-
based detection technique has shown its effectiveness in cetacean vocal detection. However,
it is difficult to decide on a proper threshold, which usually requires some adaptive or
self-learning technique due to the time-varying environment.

Automatic classification of the cetaceans’ vocal signals is also an important issue.
With the development of artificial intelligence technology, machine learning methods have
been applied to many different fields with no exception to the classification of cetacean
vocal signals [12,13]. There are two main kinds of machine learning methods used in this
task: supervised and unsupervised learning. In supervised classification, a convolutional
neural network (CNN) [14] is a popular tool for automatic cetacean classification [15–17].
Rasmussen et al. [17] combined rCNN (region-based convolutional neural network) and
CNN networks to classify spectrograms created by fast Fourier transform (FFT) of fin
whale and blue whale vocal signals and achieved a precision higher than 90%. In [15,16],
the authors trained a CNN network to extract vocal signal features and predict the species
of odontocetes for classification. Roch et al. [18,19] employed TKEO and cepstral analysis
to construct feature vectors of odontocetes’ vocal signals and then train a Gaussian mixture
model (GMM) and support vector machines (SVMs) model for classification of odontocetes,
with 67–75% accuracy. Other supervised classification methods, e.g., K-nearest neighbors
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(KNN) method [20], feed-forward neural networks [21], and artificial neural network [22],
have also been used in classifying the vocal signals of cetaceans. The supervised methods
must label the vocal signals manually to generate the training data set. Moreover, they
usually have large training datasets, which conflicts with the real-world situation of data
deficiency. For instance, the CNN method [16] generates 4128 to 167,645 vocal samples
for classification.

Thereby, unsupervised methods are used to reduce labeling burden and classify
cetacean calls [5,23,24]. Clustering is the main and significant method in unsupervised
frameworks. It groups data into clusters based on their internal characteristics informa-
tion [25]. Li et al. [26] proposed a hybrid classifier with unsupervised clustering to classify
beaked whale calls automatically. This method flags the energy-band spectral character-
istics of whale calls. It utilizes a hierarchical cluster tree or dendrogram to cluster data
into species-specific groups with a recall rate of 82.8% for Cuvier’s beaked whale and
77.9% for Gervais’. Reference [27] presents and evaluates several methods for automated
species-level classification of vocal signals from three beaked whale species. Feature sets
of three vocal types are selected for classification based on unsupervised step-wise dis-
criminant analysis. The manually validated datasets of species-level BW vocal signals and
unidentified dolphin vocal signals are used to evaluate six clustering algorithms, includ-
ing k-means++ algorithm, Ward hierarchical clustering, and four graph-based clustering
methods. In the unsupervised network-based classification [28], an unsupervised learning
strategy associating the CW clustering algorithm with the pruned network was developed
to identify dominant vocal types based on vocal spectral shape and inter-click interval (ICI)
distributions computed by discrete Fourier transform (DFT). Manual removal of false posi-
tives is operated by an analyst using detEdit, a custom graphical user interface (GUI)-based
tool. In deep embedded clustering (DEC), Reeves et al. [29] manually labeled a dataset for
classifying simulated signals into fish and whale clusters. DEC, GMM, and conventional
clustering were tested, and DEC achieved the highest accuracy of 77.5%. The unsupervised
methods mentioned above can only distinguish several specific types of cetaceans’ vocal
signals in small datasets and require manual operation to some extent.

In this paper, our key motivation is to pick up valuable data (i.e., cetacean sound) from
real-world recorded signals, where only a small portion of the signals is valuable. Since all
kinds of cetacean sounds are of interest, we consider different type of vocalizations from
different cetacean species. By doing this, we build a data set of cetacean sounds that are
valuable for future research. Further, unsupervised classification is applied to validate the
effectiveness of our built data set.

This method mainly includes three parts: automatic detection, feature extraction,
and unsupervised clustering-based classification. All the experiments are conducted in
MATLABR2016a with the program package “audio”. The workflow diagram for the whole
process is shown in Figure 1.
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Figure 1. The workflow diagram for automatic detection and classification process.
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1.1. Data Collection

The underwater acoustic data used are obtained from two open-source databases—
Mobysound database (http://www.mobysound.org/ accessed on 1 January 2023) and
Watkins Marine Mammal Sound database (https://cis.whoi.edu/science/B/whalesounds/
index.cfm accessed on 1 January 2023). Mobysound database is a reference archive for
studying the automatic recognition of marine mammal sounds [30]. The Mobysound
database provides open-source information on different types of sounds from various
species of marine mammals in a wide range of geographic areas. Watkins Marine Mammal
Sound Database, built by William Watkins, is a resource that contains approximately
2000 unique recordings of more than 60 species of marine mammals [31]. The waveform of
vocal signals was selected from five cetacean species, including common dolphin (Delphinus
delphis), right whale (Eubalaena glacialis), Risso’s dolphin (Grampus griseus) , pilot whale
(Globicephala macrorhynchus), and beaked whale (Mesoplodon densirostris). The audio files of
Blainville’s beaked whale (BW), pilot whale (PW), and Risso’s dolphin (RD) are from the 3rd
International Workshop on Detection, Classification, Localization, and Density Estimation
(DCLDE) of Marine Mammals using passive acoustics in Mobysound. Right whale (RW)
upsweep sound and a set of background noise data with no whales come up from the 6th
workshop in Mobysound. The audio files of common dolphins (CD) are from Watkins
Marine Mammal Sound Database. The reason we chose these species is they are common
species of cetaceans, and these species’ data are complete and adequate, so they are fit for
our experiment requirements. Firstly, the amount of data is large enough that each species
has a minimum duration of more than half an hour. Secondly, the recordings may include
different types of vocal signals, such as echolocation click, whistle, and burst pulse. These
recordings have been visually confirmed as originating from some specific single species,
which means the vocal signals from a recording belong to the same species. According to the
relative README files, it is known that each sound file is a single continuous recording—a
sequence of digital samples from one or more hydrophones saved in WAVE format. In
the same audio file, there are different types of vocalizations. The total data are contained
within 194 waveform files of 25.3 h duration, or approximately 1.54 G of data. Nevertheless,
due to ambient noise and non-stationary characteristics, the wave data in sound files cannot
yet be utilized directly in automatic call recognition research. Consequently, automatic
detection and feature extraction are essential for unsupervised classification.

The original data are collected using one recording configuration in or near one
geographic area over one relatively short time span. Some details will vary from one sound
dataset to another; for example, recorders of right whales were deployed in arrays of six
or ten devices, a single channel having been stripped out and converted to 16 bit wav file
format with a sample rate of 2 kHz. More details of other datasets can be found in the
descriptions of databases in [30,31].

1.2. Automatic Detection

The automatic detection process contains two steps: endpoint detection and recon-
struction. Firstly, all the WAVE files are read into digital format by MATLAB function
“audioread”, and the Hamming window frames each sound to exclude some long-duration
sounds. Then, a dual parameters–dual thresholds endpoint detection method based on
EMD (empirical mode decomposition) [32] is conducted to detect the frequency variation
within the sounds. Finally, the potential vocal signals are extracted and reunited to create
a new acoustic signal. Consequently, background noise is removed from the audio files,
and only the vocal signals are left in the new acoustic signal [33].

The methodology details of the EMD-based endpoint detection method for cetacean
vocal signals are presented in Appendix A. We introduce the processes briefly in this section.

http://www.mobysound.org/
https://cis.whoi.edu/science/B/whalesounds/index.cfm
https://cis.whoi.edu/science/B/whalesounds/index.cfm
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Before detection, the collected waveform is initialized by eliminating the DC (direct current)
components and normalizing the amplitudes. Firstly, the PAM data are transformed into
EMD signals. Then, two adaptive thresholds are computed for automatic detection. Finally,
the vocal signals are extracted from PAM data, and the clutters are removed. This method
grabs the acoustic features of vocal signals and distinguishes them from the background
clutters of the ocean environment. Two parameters—TKEO and short-time average ZCR
(Zero crossing rate)—are computed and set as thresholds based on the IMF (intrinsic mode
function) components. The average TKEO energy for each IMF component is calculated
according to the frame size, and the frame length is set at 25 ms. These parameters are used
to determine the front end and back end of vocal signals as well as filter out the background
clutters without any prior information. We not only detect the endpoints of vocal signals
but also extract the signals between the front end and back end points. The application of
the TKEO on an underwater acoustic signal containing all IMF components reflects the
energy distribution of the transient signal and produces an output for endpoint detection.
More details of the endpoint detection method can be found in [32].

1.3. Feature Extraction

Feature extraction transforms vocal signals into a set of feature vectors that repre-
sent the distinct characteristics of the vocal signals. The new acoustic signals from the
previous section are transformed into MFCC (mel-frequency cepstral coefficients) features.
After receiving the feature vector, the label information is saved to verify the unsupervised
classification. However, the duration of different vocal signals is not the same, which makes
it difficult to build a formal feature vector. Our method is to use a Hamming window to
enframe the signal and specify the window length as one frame per row. The length of
a segment depends on the window length, while the frame size refers to the beginning
position of the next segment. Here, a 75% overlapped Hamming window with length
M = 2000 is used by periodic sampling.

Furthermore, to improve the quality of the feature vector, each frame of the signal
filtered by the Hamming window is transformed into an MFCC feature. It generates the
coefficients corresponding to each data window for the input audio signal and converts the
signal to a frequency representation at a certain sampling rate. The “audioread” function is
used to read the audio file and get the sampling rate. The sampling rate here depends on
the characteristics of the original cetacean vocal signal. The processes of the MFCC method
include the following: 1. Framing; 2. Fast Fourier transform; 3. Calculate the periodogram
estimate of the power spectrum; 4. Sum the energy passing through the mel filterbank;
5. Take the logarithm of all filterbank energies and the DCT of the log filterbank energies;
6. Obtain the MFCC coefficients. More detailed descriptions of the MFCC method are
available at [34].

We only process the underwater acoustic data of the same cetacean species at a time
and obtain its feature vector. Meanwhile, the corresponding label information is saved
for later verification experiments. The vocal features of the same species are attached
to the same label number and arranged into a column vector. After reviewing all the
audio files, all species’ features are grouped into different combinations to create two to
five classification datasets. Afterward, the unsupervised clustering-based classification is
conducted on these mixture feature vectors. Eight datasets were formulated according to
our methods. Overall, we analyze five cetacean species’ acoustic data during the detection
process and count the file size before and after detection to sum up the extraction rate.
Since the number and the size of each audio file are not the same, it is difficult to calculate
the statistical extraction rate based on the time information, so the total size of the audio
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files are calculated. We also analyze the features of different species with mean value and
standard deviation in Table 1.

Table 1. Feature information.

Class Name Species Sample Number Mean Values Standard Deviation

RD Rissos’ Dolphin 1799 6.45 × 10−6 2.75 × 10−10

RW Right Whale 2257 7.98 × 10−5 2 × 10−8

PW Pilot Whale 264 2.31 × 10−6 1.11 × 10−11

BW Beaked Whale 722 1.97 × 10−5 2.04 × 10−9

CD Common Dolphin 184 2.02 × 10−5 6.98 × 10−9

NW Environmental Sound 8985 1.2 × 10−2 9.89 × 10−5

1.4. Unsupervised Classification

We use the vocal features picked out from the automatic detection process for un-
supervised clustering-based classification and implement the categorization of multiple
cetacean species. Conventional clustering algorithms such as K-means, PCA (principal
component analysis), GMM, and SSC (sparse subspace clustering) are conducted for com-
parison. We demonstrate that different clustering methods show distinct clustering ability
for classifying vocal signals. Four typical clustering algorithms are evaluated as unsuper-
vised classification of five cetacean species. Clustering is a method to classify the data
into different clusters by analyzing the intrinsic relationship between the data. The data
points in the same cluster have similar characteristics and stick closer than those in different
clusters. The classic types of clustering algorithms include the distance-based method such
as K-means [35], dimension reduction clustering such as PCA [36], subspace clustering
such as SSC [37], probabilistic models such as GMM [38], etc. To test the availability of the
datasets, the clustering algorithms are performed on the datasets. In the meantime, we are
interested in measuring the classification performance of different clustering algorithms
on the datasets. Consequently, the four types of clustering algorithms, including K-means,
PCA, SSC, and GMM, are applied for comparison.

K-means has been used to cluster time series data, achieving efficient clustering results
due to its high speed, simplicity, and ease of implementation [39]. The K-means algorithm
assigns the samples into K clusters by calculating and comparing the Euclidean distance
between data points iteratively. The K in the algorithm is the class number of cetacean
species within a dataset. PCA is a dimension reduction method that maps high-dimensional
time-series data into low-dimensional features by orthogonal decomposition and then clus-
ters the new orthogonal features, also known as the principal components. In other words,
PCA eliminates the clutter signals in the data and preserves the most significant infor-
mation; thus, the principal feature can be effectively extracted from time-series data [40].
GMM has shown improved classification for underwater bioacoustic data such as fish
chorusing events [29,41,42], odontocetes’ vocal signals [18,19,43]. GMM is a probabilistic
model that estimates the probabilities of data points in each cluster and categorizes them
into the same cluster according to their probability. The probabilistic of a class represents
the distribution of these class subsets within the whole dataset. Therefore, GMM can
be applied not only in supervised classification but also in unsupervised classification.
SSC aims to reveal the essential characteristics of data and use the sparsity of data in a
specific space to represent data. It has been successfully and widely applied in many fields
such as image processing [44–47], pattern recognition [48–50], and subspace clustering of
high dimensional data [37,51,52]. SSC is based on the assumption that similar data will
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be in the same subspace structure, aiming at building a learning model for the dataset
to learn a self-representation matrix and then using basic clustering algorithms such as
spectral clustering and K-means to partition the self-representation matrix. Comparing the
classification performance of these four types of clustering methods on our datasets will
not only help to test the availability of our datasets but also verify the clustering ability of
these algorithms on vocal features.

1.5. Evaluation Metrics

The performance of the clustering methods is evaluated by two metrics: average
clustering accuracy (ACC) and F-score [53]. The statistical analysis of data and the eval-
uation metrics of unsupervised clustering methods are shown in the next section. The
ground truth labels saved in the feature extraction are compared with those predicted by
the clustering. The ACC is the proportion of correctly classified samples to the total number
of samples. The format of ACC (Ac) is defined as follows:

Ac =
1
N

N

∑
k=1

F[I(k), H(k)],

F[I(k), H(k)] =

1, I(k) = H(k),

0, I(k) ̸= H(k),

(1)

where N is the total number of samples. k is the index of sample labels. I(k) is the ground
truth labels corresponding to different cetaceans saved in the feature extraction. H(k) is
the prediction label corresponding to different cetaceans predicted by the clustering. F[·] is
the indicator function to compare the labels. I(k) = H(k) means the ground truth label is
correctly predicted. F[I(k), H(k)] = 1 means the classification of this specie’s vocal feature
is successful, otherwise F[I(k), H(k)] = 0.

The F-score is another form of accuracy measurement on a classification dataset. It
combines the precision and recall of the model to calculate the harmonic mean. Precision
(also called positive predictive value) measures the ratio of correctly identified cetacean
species to the total predicted species number. Recall (also called true positive rate) measures
the ratio of correctly identified cetacean species to the total true species number. The
definition of F-score (Fs) is given as follows:

Precision =
TP
PP

, Recall =
TP
P

,

Fs = 2 × precision × recall
precision + recall

,
(2)

where TP refers to the total number of correctly classified cetacean species. In other words,
it is the number of each cetacean species correctly grouped into their same species. PP is
the number of positive predictive, which is predictions for each cetacean species. P is the
number of true cetacean species. The values of ACC and F-score are between 0 and 1. The
higher the ACC and F-score rates, the better the classification performance.

2. Experiments and Results
2.1. Detection

A total of 194 audio files have been analyzed by the proposed automatic detection
method. An initialized signal waveform of the common dolphin is shown in Figure 2b, and
the corresponding time-frequency spectrogram is displayed in Figure 2a. The settings of
this spectrogram are 81.6 KHz sampling rate, 50% overlap, and a total of 256 frequency
points used to calculate the discrete Fourier transforms. Then, the dual parameters–dual
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thresholds endpoint detection method is employed for the acoustic signals after initial-
ization. There are three transformations in endpoint detection. Firstly, EMD is used to
reconstitute the initialized audio signals into IMF components to reveal the intrinsic mode
of the vocal signals.
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Figure 2. The result of dual parameters dual thresholds endpoint detection based on EMD. (a) The
signal spectrogram of common dolphin after initialization. (b) The signal waveform of common
dolphin after initialization. (c) The signal spectrogram of common dolphin after EMD decomposition.
(d) The signal waveform of common dolphin after EMD decomposition. (e) The mean value of
Teager-Kaiser energy operator. (f) Zero crossing rate of the signal. (The vertical solid lines represent
the start points and the dashed lines represent the endpoints. The horizontal solid lines and the
dashed lines are two-grade thresholds. Color indicates normalized log power (dB)). Reproduced
with permission from Liang, Y. et al., published by IEEE International Conference on Electrical,
Automation and Computer Engineering (ICEACE), 2023 [33].
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The audio signal spectrogram and waveform reconstructed by EMD are shown in
Figure 2c. Secondly, the average TKEO energy for each IMF component is calculated
according to the frame size, and the frame length is set at 25 ms. The IMF components are
transformed into the TKEO shown in Figure 2d. The horizontal solid and the dashed line
are two grade thresholds computed by the mean value of TKEO or ZCR for each frame
but in different sizes. The first grade threshold solid line is used for rough estimation and
set higher than the second threshold. The second grade threshold dashed line is slightly
lower than the threshold for more accurate estimation. For example, the value of the first
grade threshold in Figure 2d is set as 3 × TE, and the value of the second grade threshold
is set as 1.5 × TE. The numbers 3 and 1.5 are multiples of the thresholds, and they are also
the empirical value set according to the experiment. The lines in Figure 2e are plotted in
the same way. The value of the first grade threshold in Figure 2e is set as 0.9 × ZCR and
the value of the second grade threshold is set as 0.8 × ZCR. The variables ZCR and TE
have been defined in Appendix A. Finally, another parameter threshold, short-time average
ZCR, is measured frame by frame from the initialized audio signals shown in Figure 2e.
After the energy transformation, the energy amplitude at each moment is compared with
the average TKEO and short-time average ZCR of the signals. When the value exceeds
two grade thresholds of two parameters, it is considered as the beginning of the vocal
call. Two-level decisions are judged for whether they are in a vocal segment. The start
points are recorded in vertical solid lines, and the endpoints are recorded in vertical dashed
lines. The segments between the start and endpoints are the potential vocal signals. We
compare the different forms of the acoustic signals of CD and show the picked vocal signals
in Figure 2.

In the experiment discussed above, we assume that the spectrograms are free from dis-
tortion. However, in oceanic environments, the PAM signal may experience frequency drift
due to the Doppler effect, which results from the relative movement between cetaceans and
the monitoring sensors. Detecting and compensating for this frequency drift is a challeng-
ing task. Fortunately, researchers have developed effective solutions. A recent advanced
method by G. Avon et al. utilized a straightforward yet efficient lookup-table approach
based on multi-jump resonance systems, mapping the frequency drift to an amplitude
jump [54,55]. In this paper, signals are sourced from open-access databases, but the avail-
able information regarding monitoring sensors and the environment is limited. Therefore,
the direct application of existing schemes, if feasible, is not straightforward. For this reason,
we will temporarily overlook the frequency drift and address it in future work.

We also compare our detection method with the Teager–Kaiser energy operator detec-
tion method in [9] in Figure 3b. A cut of the collected waveform of the common dolphin,
also used in Figure 2, is chosen and captured in the 0.1 s fragment for comparison. In
Figure 3, two detection methods are performed on the same waveform period, and the
signals between the solid lines and the dashed lines are the vocal signals detected. The
detection of common dolphin vocal signals based on the dual parameters–dual thresholds
endpoint detection method is shown in Figure 3a. Figure 3b shows the detection of common
dolphin vocal signals based on the TKEO detection method [9] for comparison. Figure 3 is
the amplification version of the waveform before 0.1 s, which is used to confirm the scope
of the vocal signals and compare the effectiveness of the two detection methods. All the
segments are saved for reconstruction, and the background noises are removed from the
sections of audio signals. The segments of vocal signals are the output of the TKEO. Since
only the vocal signal is needed for the feature vector, the most obvious peak characteristic of
the vocal signals are picked out and combined to observe the peak value variation. Finally,
the mel frequency cepstral coefficients (MFCCs) of the reconstruction signals are computed
using the MFCC function. In Figure 4, the waveform of the original acoustic signals is
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shown on the left side of the figure, and the MFCC feature of the reconstruction signals on
the right side of the figure.

The classification datasets comprise these five cetacean species’ acoustic and envi-
ronmental data. The details of these datasets are listed in Table 2, and to be simplified,
the abbreviation of datasets are named according to the acronym of cetacean species. The
statistics information of different cetacean species’ acoustic data is summarized in Table 3.
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Figure 3. Comparison of different methods for detecting common dolphin vocal signals: (a) Detection
of common dolphin vocal signals based on dual parameters-dual thresholds endpoint detection
method. (b) Detection of common dolphin vocal signals based on the Teager-Kaiser energy operator
method. (The black solid lines represent the start points, and the red dashed lines represent the
endpoints). Reproduced with permission from Liang, Y. et al., published by IEEE International
Conference on Electrical, Automation and Computer Engineering (ICEACE), 2023 [33].

Table 2. The information of the datasets for two to five classifications.

Dataset Class Sample Species

1 RDRW 2 3598 Rissos’ Dolphin, Right Whale

2 RWNW 2 4514 Right Whale, NoWhale *

3 RDNW 2 3598 Rissos’ Dolphin, NoWhale

4 RDPWBW 3 792 Rissos’ Dolphin, Pilot Whale, Beaked Whale

5 CDRWNW 3 552 Common Dolphin, Right Whale, NoWhale

6 RDRWNW 3 5397 Rissos’ Dolphin, Right Whale, NoWhale

7 RWRDPWBW 4 1056 Rissos’ Dolphin, Right Whale, Pilot Whale, Beaked Whale

8 NWRWRDPWBW 5 1320 NoWhale, Right Whale, Rissos’ Dolphin, Pilot Whale, Beaked Whale
* This is the environmental sound without whale calls.

Table 3. The statistics of cetaceans’ audio files. Reproduced with permission from Liang, Y. et al.,
published by IEEE International Conference on Electrical, Automation and Computer Engineering
(ICEACE), 2023 [33].

Cetacean Species
(Abbreviation)

File
Number (n)

Before
(MB)

After
(MB)

Extraction
Rate (%)

Common Dolphin (CD) 61 42.3 2.61 6.17

Right Whale (RW) 96 329 33 10.03

Risso’s Dolphin (RD) 13 452 26 5.75

Pilot Whale (PW) 8 263 3.74 1.42

Beaked Whale (BW) 16 495 10.4 2.1

Total 194 1581.3 75.75 25.47
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Figure 4. The figures on the left side are the collected waveform of cetacean vocalizations. The other
side is the MFCC feature of the reconstruction signals. (a) The waveform of CD. (b) Reconstruction
signal of CD. (c) The waveform of RW. (d) Reconstruction signal of RW. (e) The waveform of RD.
(f) Reconstruction signal of RD. (g) The waveform of PW. (h) Reconstruction signal of PW. (i) The
waveform of BW. (j) Reconstruction signal of BW.
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2.2. Clustering

After automatic detection and feature extraction, the potential vocal signals detected
by our algorithm are combined together and transformed into the MFCC feature for
classification. The datasets are built with these MFCC features of different cetacean species.
To verify the feature vector, unsupervised classification methods are performed on the
datasets listed in Table 2. Various vocal signals are randomly selected and combined for
clustering. The two classification datasets contain two class combinations such as the
Rissos’ dolphin and right whale (RDRW) combination, right whale and no whale (RWNW)
combination, Rissos’ dolphin and no whale (RDNW) combination. Similarly, the three
classification datasets are made of three class combinations, the same as the four and
five classification datasets. Afterward, four clustering algorithms (K-means, PCA, GMM,
SSC) are evaluated on these datasets using two metrics (ACC and F-score) mentioned
above. The clustering accuracy of each dataset is ranged from 0 to 100%. We run each
clustering algorithm ten times and record the mean square error according to the ten-time
results. The clustering results via ACC and F-score metric on different datasets are listed in
Tables 4 and 5.

Table 4. Clustering results of the datasets evaluated by ACC metric (%).

Class Number Dataset K-Means PCA GMM SSC

m = 2 RDRW 94.44 ± 0.41 91.20 ± 0.59 92.86 ± 0.11 73.84 ± 0.66
RWNW 99.69 ± 0.23 99.72 ± 0.15 99.80 ± 0.01 98.18 ± 0.1
RDNW 99.86 ± 0.1 99.63 ± 0.45 100.00 ± 0 97.76 ± 0.65

m = 3 RDPWBW 75.70 ± 0.32 74.01 ± 0.51 74.47 ± 0.05 58.48 ± 0.53
CDRWNW 92.46 ± 0.24 92.78 ± 0.25 92.83 ± 0.49 87.32 ± 0.88
RDRWNW 96.10 ± 0.12 95.78 ± 1.56 94.51 ± 0.01 86.49 ± 0.25

m = 4 RWRDPWBW 75.52 ± 0.42 72.51 ± 0.83 69.07 ± 1.40 40.80 ± 0.29

m = 5 NWRWRDPWBW 80.28 ± 0.27 78 ± 1.19 76.23 ± 0.58 54.19 ± 0.64

Table 5. Clustering results of the datasets evaluated by F-score metric (%).

Class Number Dataset K-Means PCA GMM SSC

m = 2 RDRW 89.49 ± 0.48 84.08 ± 0.95 77.92 ± 1.12 64.00 ± 0.82
RWNW 99.38 ± 0.14 99.45 ± 0.29 99.47 ± 0.00 96.42 ± 0.68
RDNW 99.72 ± 0.16 99.26 ± 0.90 100.00 ± 0.00 95.59 ± 0.52

m = 3 RDPWBW 66.18 ± 0.56 62.58 ± 0.82 63.34 ± 0.09 44.235 ± 0.41
CDRWNW 86.78 ± 0.35 87.27 ± 0.38 87.31 ± 0.74 77.76 ± 0.58
RDRWNW 92.63 ± 0.24 92.06 ± 2.68 89.86 ± 0.02 77.22 ± 0.23

m = 4 RWRDPWBW 62.35 ± 0.61 57.39 ± 0.99 52.95 ± 1.94 31.25 ± 0.16

m = 5 NWRWRDPWBW 69.32 ± 0.47 65.58 ± 1.35 62.80 ± 0.61 44.55 ± 0.15

3. Discussion
An automatic processing method is proposed to extract the vocal features of five

cetacean species from two open source databases and reconstruct the vocal features to
build the eight datasets. Then, the clustering algorithm is used to achieve the unsupervised
classification and verify the effectiveness of the datasets for classification. The results will
be discussed in two dimensions: detection and clustering results.

In the detection results, each step of endpoint detection is put together to compare
the graphical changes and show the different forms of the acoustic signals in Figure 2. In
the beginning, the collected waveform of the common dolphin after initialization still has
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significant noise, and some vocal signals are covered by noise. As shown in Figure 2c,
the EMD method helps to eliminate the background noise and reveals most of the vocal
signals. TKEO reflects the energy variation of the audio signal after EMD and traces the
characteristics of a section signal. It strengthens the vocal parts and attenuates the unstable
noise parts. The collected waveform is simplified into a curve representing the energy
variation. The short-time average ZCR curve is shown in the same way. Most vocal signals
in this figure are detected and recognized.

The comparison of the two detection methods in Figure 3 shows that our method finds
more information on the vocal signals than the TKEO detection method. This is because
our detection method locates the vocal signals according to the endpoints, while the TKEO
detection method locates the vocal signals at the peaks and the single threshold. Through
the enlarged image of 0.1 s signal in Figure 3, it’s observed that the endpoint detection
method selects the vocal signals from the front end of high peaks to the back end of the
lower peaks. However, the TKEO detection method may not contain all the whole vocal
signals due to the limitation of the threshold-based technique.

A visual comparison between the collected waveform and the reconstruction signals
is shown in Figure 4. In the beginning, the collected waveform is full of noise, and it is
difficult to distinguish between the background noise and the vocal signals. The proposed
detection method cuts off the background noise and reserves the stronger and clearer
parts of the vocal signals to observe the energy changes of the vocal signals. For example,
the effectiveness of endpoint detection is shown in Figures 2 and 3. The vocal signal is
simplified into a single MFCC curve. In this way, the vocal signals are better revealed
concisely and clearly.

Moreover, the extraction rates from the statistics Table 3 do not exceed 10% or just
around 10%. It indicates that the vocal signals within a section of the acoustic signals
are rare. If the whole audio file is taken as the classification feature, it will be difficult to
train for classification. Thus, it is a good choice to select the most significant parts of the
vocal signals to build the feature vectors and concentrate all the vocal signals to analyze
them conveniently. The acoustic data of some cetacean species in the database are rare and
insufficient for classification training, and the deep learning method may not be suitable
here. The unsupervised clustering methods do not need too much data for pretraining and
classifying data according to their internal characteristics. In this paper, the unsupervised
clustering-based classification method performs well on feature vectors .

The clustering results in Tables 4 and 5 demonstrate the classification accuracy of
different clustering methods on our datasets. With the increasing number of species
classes, it becomes harder to classify the different vocal signals of cetaceans, and the
clustering accuracy decreases. Classical unsupervised clustering algorithms obtain an
average accuracy rate of 84.83%. However, the ACC results of the five-class dataset can
be up to 80%. From the comparison of clustering methods, K-means and GMM perform
better than the PCA and SSC in classifying our datasets. The clustering results evaluated
by the F-score metric are lower than the ACC results, but the tendency of the results is alike.
Nevertheless, the proposed method has a higher classification accuracy than the GMM
and SVM methods in [18,19], with 67-75% accuracy in classifying three species. The DEC
method in [29] achieves the highest accuracy of 77.5% to classify two distinguishing signals
(the vocal and coral reef bioacoustic signals) in the manually labeled dataset. Our method
classifies five classes of species with high accuracy. Generally, K-means and GMM are more
capable of classifying the vocal signals than the other two methods. However, K-means is
more scalable than GMM because K-means performs well not only on small-class datasets
but also in larger-class datasets. However, the accuracy of GMM is decreasing with the
increasing number of classes.
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4. Conclusions
The proposed method has achieved automatic detection and unsupervised clustering-

based classification on our datasets. The proposed method extracts the vocal features
from the collected waveform in a total of 25.3 h of vocal signals and combines the five
cetacean species’ vocal signals to build eight classes of datasets for classification. Then,
the performances of different clustering methods on our datasets are verified. As a result,
K-means and GMM perform well on our datasets. The maximum accuracy rate is 100%
for the GMM method. When using the K-means algorithm, the accuracy rate achieved can
be as low as 75%. In this work, the proposed method is completely non-manual operation
and reduces time costs. The feature vectors have broad applicability and can be used to
test other automatic classification methods. Our method inspires future work to detect
and classify acoustic signals from cetaceans automatically. However, this method still
cannot accurately classify all cetaceans when there are multiple classes. There is still much
work to pursue in the future. On one hand, the detection methods should recognize the
vocal signals more accurately. On the other hand, when more cetacean species are shown
simultaneously, the accuracy of classification needs to be improved. The proposed method
is more suitable for pre-processing in acoustic data processing since it is easy to distinguish
the vocal signals and the background noise.
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Appendix A
The automatic detection process mainly contains three steps: initialization, EMD

decomposition, and endpoint detection. Firstly, all the audio files are read by MATLAB
function “audioread”, and each sound is framed by Hamming window with 25 ms frame
length and 8.5 ms frame step. Then, the dual parameters–dual thresholds endpoint de-
tection method based on EMD is conducted to detect the vocal signals within the PAM
data. In this method, the PAM data is decomposed into IMFs by EMD. Then, two adaptive
thresholds are computed on the base of IMFs. Finally, the potential vocal signals are ex-
tracted. The sea background clutters are removed from the PAM data, while only the vocal
signals are left.

The EMD is an adaptive signal decomposition algorithm that is good at processing
nonlinear and unstable signals by decomposing signals into IMF (intrinsic mode function)



Appl. Sci. 2025, 15, 3585 15 of 18

components of different scales and a residue in terms of the signal’s scale character [56].
The original signal x(t) is decomposed into n IMF components and a residue, as follows:

x(t) =
n

∑
j=1

im f j(t) + rn(t), (A1)

where im f j(t) is the jth IMF components, j is the index of IMF components, and rn(t) is
the last residual signal. Usually, the first two IMF components and the last residual are
useless white noise, so we drop them out and then reserve the signal x̃(t). To be convenient
for operation, x̃(t) is sampled and segmented into frames x̃i(m) ( i is the frame index, m is
the time sequence index, m ∈ [1, M]). We perform EMD on each frame signal and obtain
the L IMF components in ith frame signals, which are denoted as im f i

j (m), (j ∈ [1, L]).
IMF components reveal the time scale character of the signal and retain the nonlinear and
unstable characters of the decomposed signals.

Two parameters, TKEO and short-time average ZCR (Zero crossing rate), are consid-
ered dual thresholds to confirm the endpoints. TKEO is a nonlinear operator that detects
the energy of unstable signals quickly and effectively. TKEO is defined in the discrete time
signal by [57]. It only needs three samples to calculate and approximate the instantaneous
status. The application of TKEO on a signal containing all these components will produce
an output mainly dominated by the energy of the transient signal. TKEO tracks the modu-
lation energy of each IMF decomposed by EMD. We compute the Teager–Kaiser energy of
the IMF component at m time instant as follows:

T[im f i
j (m)] = [im f i

j (m)]2 − im f i
j (m + 1)× im f i

j (m − 1), m = 1, 2, . . . , M, (A2)

where M denotes the length of each IMF component, which is the same as the frame
length. T[im f i

j (m)] calculates the Teager–Kaiser energy at time instant im f i
j (m) which is

based on the three state samples im f i
j (m − 1), im f i

j (m), and im f i
j (m + 1). So, the average

Teager–Kaiser energy for each IMF component is defined by the following equation:

Ei
j =

1
M

M

∑
m=1

T[im f i
j (m)], (A3)

where Ei
j is the average Teager–Kaiser energy of jth IMF component. We sum up the Ei

j of

ith frame and obtain TEi which denotes the average Teager–Kaiser energy for ith frame
as follows:

TEi =
L

∑
j=1

Ei
j, (A4)

where L is the total number of IMF components in ith frame. TEi is the first threshold for
judging the endpoints.

The ZCR [58] is the number of times a signal passes through zero per unit of time.
The ZCR over a short period is called the short-time average zero crossing rate, where
short-time refers to the time of a frame, and a frame contains 256 sampling points [59].
The short-time average ZCR indicates the rate of sign-changes of the signal over zero axis
within an audio frame to determine whether a signal is voiced speech or background noise.
Therefore, we use short-time average ZCR as the second threshold to find the endpoints
of each frame of original signals. The short-time average ZCR of each frame is defined
as follows:

ZCRi =
1

2M

M

∑
m=1

| sign[x̃i(m)]− sign[x̃i(m − 1)] |, (A5)
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where sign[·] denotes the sign function, i.e.,

sign[x̃i(m)] =

1, x̃i(m) ≥ 0,

−1, x̃i(m) < 0.
(A6)

The short-time average ZCR for each frame of original signals is computed as the
second threshold for endpoint detection. Consequently, we compare and judge the audio
signals frame by frame according to the mean thresholds ZCRi and TEi over i. When the
amplitude exceeds the thresholds, these signal frames will be considered the potential
vocal signals.
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