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ARTICLE INFO ABSTRACT

Keywords: The detection and classification of Mysticetes’ vocalisations have evoked the attention of researchers over the
Detection years because of their relevance to the marine ecosystem. These vocalisations are gathered employing different
DMD passive acoustic monitoring techniques. The vocalisation datasets are accumulated over a period; thus, they are
IEII\)/IRD large and cannot be easily analysed manually. Consequently, efficient machine learning (ML) tools such as the
HMM hidden Markov models (HMMs) are used extensively to automatically detect and classify these huge vocalisation
LPC datasets. As with most ML tools, the detection efficiency of the HMMs depend on the adopted feature extraction
MFCC technique. Feature extraction techniques such as the Mel-scale frequency cepstral coefficient (MFCC), linear
Miysticetes predictive coefficient (LPC), and empirical mode decomposition (EMD) have been adopted with the HMMs to
Pulse calls detect different Mysticetes’ vocalisations. This article introduces the method of dynamic mode decomposition
Sensitivity (DMD) as a feature extraction technique that can be adopted with the HMMs for the detection of Mysticetes’

Songs vocalisations. The DMD has emerged as a robust tool for analysing the dynamics of non-stationary and non-linear
signals. It is a completely data-driven tool that decomposes a signal over a certain period of time into relevant
modes. Here, these spatial-temporal modes are reconstructed mathematically to form reliable feature vectors of
the decomposed vocalisation signals. The performance of the proposed DMD-HMM detection technique is
demonstrated using the acoustic datasets of two different Mysticetes’ vocalisations: Humpback whale songs and
Inshore Bryde’s whale short pulse calls. In both species, the proposed DMD-HMM exhibits superior sensitivity
and false discovery rate performances as compared to the MFCC-HMM, LPC-HMM, and EMD-HMM detection
methods. Likewise, this proposed DMD-HMM detection method can be extended to other Mysticetes’ that produce
characteristics sounds.

1. Introduction

The automatic detection of fauna vocalisation has gained the atten-
tion of researchers, most especially in the marine ecosystem due to their
economic importance and values. In particular, whales are important in
maintaining the state of health of the ecosystem besides serving as guard
species for the marine ecosystem Usman et al. (2020). Economically, the
whale watching enterprise yearly generates over US$2 billion, thereby
enhancing the revenue of governments and engaging thousands of
people Usman et al. (2020); Smith et al. (2013). Subsequently, many
marine animals research groups are consistently deploying recorders in
a process called passive acoustic monitoring (PAM), to gather the sound
data of these mammals over weeks, months and years. In so doing, large
datasets are created, which can be manually impossible to analyse by

ecologists, either by observing the spectrograms or paying attention to
the sound recordings. For this reason, different automatic detection and
classification techniques have been developed in past years to proffer
prompt and accurate solutions. These techniques vary in performance
depending on the species, experimental set-up and application re-
quirements. Factors such as the physical environment where the re-
cordings were taken, species, size of datasets available and features
extracted influence the performance output Usman et al. (2020). Ma-
chine learning (ML) tools such as k-mean clustering MacQueen (1967);
Forgy (1965), Gaussian mixture models (GMMs) Reynolds (2009); Duda
etal. (2001), support vector machines (SVMs) Roch et al. (2008), hidden
Markov models (HMMs) Jurafsky and James (2018); Rabiner (1989);
Rabiner and Juang (1986) are widely used to develop efficient sound
detection and classification techniques for marine mammals. These ML
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Fig. 1. Time series and spectrogram representation of Humpback whale song.

tools are somewhat reliable and achieve high sensitivity, p and low false
discovery rate, A.

Emphasising on HMMs, it is a flexible technique that is popularly
used in marine sound detections including cryptic species. HMMs easily
allow sound to be detected from a series of defined observation Yao et al.
(2009). The performance of the HMMs depend on the reliability of these
series of observations. In most cases, the more reliable the observations
the better the sensitivity, p and false discovery rate, A performances of
the HMM. These series of observations are usually referred to as the
feature vectors and can be computed mathematically using different
feature extraction methods. In the past, the Mel-scale frequency cepstral
coefficient (MFCC) Ogundile et al. (2020a, 2020b); Putland et al.
(2018); Majeed et al. (2015) and linear predictive coefficient (LPC)
Ogundile et al. (2020a, 2020b); Ogundile and Versfeld (2020); Makhoul
(1975) methods are commonly used to derive feature vectors that are
adopted with the HMM for the detection of marine mammals sound,
especially Mysticetes’ (suborder of Cetaceans) vocalisations. The
empirical mode decomposition (EMD) Huang et al. (1988); Liu et al.
(2019) was recently adopted with the HMM in Ogundile et al., 2020a,
2020band was shown to be a performance efficient alternative to the
MFCC-HMM and LPC-HMM methods for the detection of Mysticetes’
vocalisations.

This article introduces the method of dynamic mode decomposition
(DMD) Schmid and Sesterhenn (2010) as a feature extraction technique
that can be adopted with the HMMs for the detection of Mysticetes’
vocalisations. The DMD has recently emerged as a robust tool for ana-
lysing the dynamics of non-stationary and non-linear signals. It is a
completely data-driven tool that decomposes a signal, s(t) over a certain

period of time, t into relevant modes. These spatial-temporal modes are
reconstructed mathematically in this article to form reliable feature
vectors that can be adapted with the HMM. The DMD was originally
developed for applications in fluid mechanics Schmid and Sesterhenn
(2010); interestingly, it is now being used in different applications such
as imaging Sikha et al. (2017), forecasting Tirunagari et al. (2017);
Mohan et al. (2018), and so on, but it has not been adapted as a feature
extraction technique for HMMs in detecting Mysticetes’ vocalisations as
proposed in this article. The performance of the proposed DMD-HMM
detection technique is demonstrated using the acoustic datasets of two
different Mysticetes’ vocalisations; that is, Humpback whale songs and
inshore Bryde’s whale short pulse calls. The introduced DMD-HMM
detection method is flexible and can be easily modified to detect
similar characteristics vocalisations of other Mysticetes.

The contribution and relevance of this article is as follows. First, to
the best of the authors knowledge, the method of DMD is used for the
first time in marine mammal sound detection in this article. Thus, this
proposed DMD-HMM detection approach for Mysticetes’ vocalisations is
original. Second, the DMD-HMM approach achieves a better feature
characteristic of the vocalisation when compared to the conventional
MFCC-HMM and LPC-HMM detection approaches, and the recent EMD-
HMM detection approach. Hence, the DMD-HMM approach can serve as
a performance efficient alternative to the already established ap-
proaches used for comparison in this article. In addition, the introduced
DMD-HMM reduces the computational burden of the HMM in compar-
ison to the MFCC-HMM and the LPC-HMM, but offer similarly compu-
tational burden as the EMD-HMM method as discussed in Section 7.
Hence, it can be used in real-time detection of Mysticetes’ vocalisations.
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Fig. 2. Time series and spectrogram representation of inshore Bryde’s whale short pulse call documented in Ogundile and Versfeld (2020).

In addition, the proposed tool in this article provides measurement data
that can be applied by marine ecologist to obtain high level sound
analysis. These include determining the range and seasonality of marine
animal and the abundance of species. Lastly, the methodology intro-
duced in this article can be of interest to researchers working on the
detection of animal sounds in general.

The rest of the article is structured as follows. In section 2, the
Mysticetes” vocalisations used for testing are briefly described with
relevant figures. Section 3 briefly explains the HMM and how it is
tailored with the k-mean clustering technique and the GMM. Back-
grounds on the DMD are explained in Section 4. In Section 5, the existing
feature extraction techniques (MFCC, LPC, and EMD) adopted with the
HMMs are briefly explained, Of interest, this section introduces the
method of DMD as a feature extraction technique that can be adopted
with the HMMs. Section 6 explains the test procedure in details. In
Section 7, the comparative parameters is explained while discussing the
obtained results. The article is concluded in Section 8.

2. Mysticetes’ vocalisations

Miysticetes, also known as Baleen whales are species of the order
Cetacea. Instead of teeth, Mysticetes have series of horny plates termed
‘Baleen’ hanging from their upper jaw, which they use to filter food from
water Sasaki et al. (2005); Kennedy (2020). There are currently about
fourteen types of Mysticetes Kennedy (2020). However, in this article,
Humpback whale songs and Bryde’s whale pulse calls are used for re-
sults verifications. Nevertheless, as earlier mentioned, the introduced
DMD-HMM technique can be modified to detect other Mysticetes’
vocalisations.

2.1. Humpback whale

Humpback whale, also called Megaptera novaeangliae is one of the

largest members of the Mysticetes’ species. Unlike other Mysticetes, the
humpback whale has distinctive shapes, including the pectoral fin and
knobbly head, which makes them easy to distinguish using their physical
appearance. Humpbacks produce vocalisations that are arranged in
complex periodic sequences, having the characteristics of a ‘song’. The
song contains both tonal and pulsed sounds and can change from time to
time. Humpback whales can be found in all oceans; thus, the information
on their population structure is of importance to scientist. Subsequently,
their vocal repertoire is gathered across different location over years.
This has motivated the development of divers automated method to
detect and classify Humpback songs. Most especially, the HMM
approach has been used, adopting the MFCC and LPC feature extraction
methods (see, Pace (2008); Tolkova et al. (2017)). As such, the use of
Humpback songs is encouraged in this article to verify the performance
of the introduced DMD-HMM detection technique. The song recordings
of Humpback whale documented off the north coast of Kaui, Hawaii,
USA! is used for testing in this article. The waveform of the Humpback
whale songs documented on mobysound.org® as viewed from a Sonic
Visualiser® is shown in Fig. 1.

2.2. Inshore Bryde’s whale

Bryde’s whale was first sighted off South Africa during marine
mammal surveys Olsen (1913). They are grouped as a single species
known as Balaenoptera edeni (B. edeni). Presently, there are two sub-
species of B. edeni in existence; namely, Balaenoptera edeni edeni (B. e.
edeni) and Balaenoptera edeni brydei (B. e. brydei). The latter are the large

1 http://www.mobysound.org/mysticetes.html

2 The mobysound website contains different Mysticetes’ vocalisations and
other order of cetacean vocalisation.

3 http://www.sonicvisualiser.com
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Fig. 3. Mysticetes’ vocalisations detection system based on the HMM.

offshore form of B. edeni while the former are the small coastal or
inshore form of B. edeni Ogundile and Versfeld (2020); Committee on
Taxonomy (2017); Constantine et al. (2018). It is not easy to distinguish
Bryde’s whales from other Mysticetes using only their physical appear-
ance. However, Bryde’s whales produce characteristic calls which can
be used for identification in support with their physical appearance
Ogundile et al. (2020a, 2020b). Many research contributions have
described the geographical location and population, genetic and
phylogenetic features, nomenclature, and vocalisations of Bryde’s
whales but a few have described the methods that can be used to
automatically detect their produced vocalisations. The use of Bryde’s
short pulse calls is therefore motivated in this article to verify the per-
formance of the introduced DMD-HMM detection technique. The pulse
call recordings of inshore Bryde’s whales documented in Ogundile and
Versfeld (2020) in an area of approximately 13km?, close to Gordon’s
bay harbour, False bay, South-West, South Africa is used for testing in
this article. The sound recording is a short pulse call with a small relative
amplitude at the start, which increases to its peak and swiftly decays as
the call ends. The waveform of the inshore Bryde’s whale short pulse call
viewed from a Sonic Visualiser as presented in Ogundile and Versfeld
(2020) is depicted in Fig. 2.

3. Hidden Markov models

The HMMs approach has gained popularity for the analysis and
recognition of bioacoustics vocalisation because of their flexible nature.
HMM is a probabilistic ranking classifier that allots a tag to every
fragment in a series of observation. Hence, it calculate the probability
distribution over the series of observations and outputs the most likely
observation sequence Usman et al. (2020). As such, it can seamlessly
model and classify the series of observations obtained from the
bioacoustics vocalisation. The operations of the HMM can be divided
into two sequential stages: training stage and detection stage. In the
training stage, the HMM computes three key parameters from the series
of observation or feature vector, 7" obtained from the test samples: (1)
start probability, a (2) transition probability matrix, 7, and (3) Gaussian
parameters, 6 ={y, > ,p}. The transition probability matrix, y repre-
sents the feature vector extracted from the signal as a series of states
across time. The matrix consists of probability values used to switch
between states. The y can be compiled by using the maximum-likelihood
estimation, where methods such as the Baum-Welch algorithm (BM-alg)
Baum et al. (1970) can be employed. The BM-alg is modelled with the
Gaussian emission distribution parameter, 6; that is, the mean p,
covariance matrix » , and mixture weight g, which assume a flat start or
random values at the beginning of the BM-alg process. Interestingly, the
HMM process is sensitive to these random start values of i, >, and f, as
it hampers the detection performance of the model. Consequently, in
this article, the start values for the y, >, and f are initialised using the k-
mean clustering technique and GMM as depicted in Fig. 3.

During detection, the trained HMM parameters, a, y, and 6 are used
to match the feature vector, 7~ from the unknown sound file. The
extracted feature, 7 is then modelled with the Gaussian parameters, 6
to obtain a refined feature vector 7. Afterwards, the a and @ are used to

match this refined feature vector 7y employing the Viterbi algorithm
(V-alg) Viterbi (1967). The V-alg stochastically produces closely
matched hidden sequence from the 77, @ and 6. This simple HMM
approach employing the BM-alg and V-alg have been used for the
detection of Mysticetes’ vocalisation and other order of cetacean vocal-
isation. Regardless, the extracted feature vector is pivotal to the per-
formance of the HMM. A reliable feature vector enhances the
performance of the HMM. That is, the reliability of the feature vector is
directly proportional to the detection performance of the HMM.
Therefore, this study strives to improve the reliability of the feature
vector by introducing the method DMD.

4. Dynamic mode decomposition: Background

Dynamic mode decomposition introduced in Schmid and Sesterhenn
(2010) is a completely data-driven matrix decomposition technique that
is developed using the concept of linear Koopman operator. It is a
decomposition model that is primarily used for analysing the dynamics
of non-stationary and non-linear signals or systems. DMD was developed
for application in fluid mechanics but has been used in different appli-
cations over the years as earlier mentioned. An important feature of the
DMD algorithm is the ability to extract spatial-temporal modes from the
decomposed signal. DMD combines the properties of both the principal
component analysis (PCA) and Fourier transform in decomposing a
signal into spatial-temporal modes. It performs PCA for computations in
the spatial domain while Fourier transform is used for analysing the
signal in the frequency domain.

Given a signal or system with an observation matrix X having n
number of points collected at uniformly spaced time gaps, X can be
regrouped into two separate matrices X; and Xy as defined in (1)-(3).

X:[X17X27...,X“]7 (1)
Xi = [X1,X2, ..., Xp1] €X, (2)
X; =[X3,X3,X,] € X. 3)

The column length of X; and X3 is m =n — 1 and the two observation
matrices X7 and X, are overlapping with time. Assuming that the signal
evolve slowly, the n'" observation can be represented as a linear com-
bination of the preceding n — 1 observations with a residual error, R as
defined in (4) Schmid and Sesterhenn (2010).

X = a1X; +asXa, +, + ap_1Xn-1 +R. 4)

Accordingly, the goal of the DMD is to calculate the eigende-
composition of a mapping matrix, B using the Koopman operator as
defined in (5) Schmid and Sesterhenn (2010),

BX,~X, = B=XX| (5)

where X{ is the pseudoinverse of X;. Eq. (5) shows that the DMD of the
pair (X3,X5) can be represented by the eigendecomposition of B. That is,
the DMD spatial-temporal modes and eigenvalues are the eigenvector, Y
of the mapping matrix, B with distinctive eigenvalues, ¥. For most DMD
applications, the matrix dimension of B is large; thus, the complexity of
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the eigendecomposition becomes impracticable. Eventually, a matrix B
that is rank-reduced and has identical non-zero eigenvalues as B is
introduced to ease the computational complexity issues. In this regard,
(5) can be represented as defined in (6).

X, ~ X,B. (6)

In summary, given the observations X; and Xy, the DMD algorithm
computes the spatial-temporal modes from the eigenvector as follows.

1. Calculates the reduced singular value decomposition (SVD) of X; as
defined in (7)

X, = UV, @

where U e m x r, X isadiagonal e r x r, V€ n x r, V* is the transpose of
V, and r is the rank of X;.

2. Calculates the matrix B as defined in (8) and (9)

X, ~ X;B = ULV'B, )

B=UZT"VX,. 9

3. Calculates the eigenvectors and eigenvalues from B, so that
BY = ¥7, (10)

where V¥ is a diagonal matrix of eigenvalues and the column of Y are the
corresponding eigenvectors.

4. The DMD modes .# can be calculated from Y as defined in (11)
Jd=UY =X,VE'Y. 11)

The DMD modes, .# are in matrix form with rank r, which the equal
to the number of column, m (r = m) of the observations X; and X5. These
modes, .# are modified in this article to form feature vectors that can be
combined with the HMM for the detection of Mysticetes’ vocalisations as
discussed in Section 5.4.

5. Feature extraction methods for HMMs

The feature extraction techniques used for comparison in this article
are explain briefly. Thereafter, the method of DMD as a feature extrac-
tion technique is introduced.

5.1. MFCC

The MFCC has been used extensively for feature extraction in
different signal processing application. Examples of such application
includes, image identification, speech recognition, cetacean vocal-
isation, gesture recognition, drone sound recognition, and so on Majeed
et al. (2015). MFCC are used to extract distinctive feature from a time
varying signal. Its uses two types of filters (linear spaced filters and
logarithm spaced filters) to extract features from the signal, by trans-
forming the signal from the time domain into the Mel-scale frequency
Majeed et al. (2015). Summarily, feature extraction using the MFCC
involves seven sequential steps; (1) Pre-emphasis (2) Framing (3) Win-
dowing (4) Fast Fourier transform (5) Mel-scale filter bank (6) Loga-
rithm operation, and (7) Discrete cosine transform Majeed et al. (2015);
Ogundile et al. (2020a, 2020b). Thus, given a signal, the MFCC com-
putes the cepstral coefficient as defined in (12) Zheng et al. (2001);
Ogundile et al. (2020a, 2020Db).
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5
ul:Zchos[l(j—O.S)%], 1=1,2,...,5. (12)
Jj=1

In (12), Tj is the logarithmic energy of the j Mel-spectrum band. The
number of cepstral coefficient is defined as §, which typically varies
between 10 and 14 depending on the application. In this article, a value
of § =12 is selected for the detection of the Humpback whale songs and
the Bryde’s whale short pulse calls. That is, the MFCC-HMM detection
detector is 12-dimensional for both Mysticetes’ vocalisations. Accord-
ingly, if a sample, S of the sound signal depicted in Fig. 1 and/or Fig. 2 is
divided into k number of windows with roughly 7 numbers of sampling
points, the feature vector can be derived in form of a matrix as defined in
(13).

Vig Vig Vig ... Vs

o U1 Vap V23 ... s

7 MFCC = | . . . . . (13)
Ukt Vka Vkz ... Vkgs

5.2. LPC

Similar to the MFCC, the LPC has been used extensively in different
signal processing applications such as speech coding, synthesis and
recognition, speaker recognition and verification, marine mammals
vocal repertoire, and so on (see, ref. Pace (2008); Min and Tewfik
(2010)). The LPC predicts an approximate value for the current sample
signal f(i) by combining the previous regenerated, uth samples linearly as
defined in (14) Makhoul (1975); Min and Tewfik (2010).

W

Fi)=ef(i=1)+efi=2) ++efli—u) =Y efi—u) as

vu=1

In (14), f(i) is the approximated valued of f(i) and f(i — u) is the
previous u™ sample. The filter coefficient is represented as e, and
Y= uh =" is the number of filter coefficients. These LPC coefficients e,
is computed by minimising the sum of the squared differences between
the linearly estimated samples and the primary samples as defined in
(15) Makhoul (1975); Min and Tewfik (2010).

4

E() =f(i)— ) efli—u) 1s)

vu=l1

As shown in (15), E(@) is the error betweenf(i) and f(i). Therefore, the
LPC coefficients can be estimated from (15) using different computa-
tional technique such as the autocorrelation method. The value of
W= uh = v varies between 10 and 14. So, for a fair comparison with the
MFCC method, a fixed value of y=u®=v"=12 is assumed in this
article to detect the Humpback whale songs and Bryde’s whale short
pulse call. This also implies that the LPC-HMM detector is 12-dimen-
sional. Similarly, if a sample, S of the sound signal depicted in Fig. 1
and/or Fig. 2 is divided into k number of windows with roughly
numbers of sampling points, the feature vector can be derived in form of
a matrix as defined in (16).

€1 €2 €3 ... €y

o €1 €92 €3 ... €y

Vwe= | 2 S 6)
€1 €2 €3 .. Ey

5.3. EMD

The EMD was recently put forward as a feature extraction technique
that can be combined with the HMM for the detection of Mysticetes’
vocalisations. Aside from marine sound detection, the EMD has been
used for different signal processing applications such as radar signal
emitter recognition, speech analysis, and so on Ogundile et al. (2020a,
2020b). The EMD introduced in Huang et al. (1988) is an entirely data-
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driven tool used to decompose a signal, s(t) over a random duration 7
into intrinsic mode functions (IMFs). These IMFs are the zero-mean
functions that represents the features of the signal that is decomposed.
The IMFs are computed using an iterative process called sifting, where
they are arranged by frequency content (Hz) in descending order. The
resulting IMFs from the sifting process can be reconstructed to obtain the
original decomposed signal, s(t) as defined in (17).

0
5(t) =Y _I,+Ro. a7
gq=1

In (17), 5(t) is an approximation of the original decomposed signal s
(0), I; is the IMF value at ¢ number of iteration and Rq is the residual
signal at Q number of IMFs. The derived IMFs are usually in matrix form,
where its column length represents the dimension of the feature vector.
In Ogundile et al. (2020a, 2020b), this IMF matrix is reconstructed in six
steps to form a feature vector that can be combined with the HMM.
Given the sound signal depicted in Fig. 1 and/or Fig. 2, if a sample, S is
divided into k number of windows with roughly 7 numbers of sampling
points, the feature vector can be derived from the computed IMF to form
a matrix as defined in (18).

011 012 ... O19

o o 1 ... O

7 emp = 21 22 . ZQ (18)
Okl Or2 ... Okg

The number of specified IMFs, Q varies depending on the length of
the signal to be detected. In this article, Q=6 is specified for the Bryde’s
whale short pulse call, as there are no more performance improvement
in the detection model with a further increase in the number of IMFs.
Whereas, Q=9 is specified for the Humpback whale song because its
waveform is longer than that of the Bryde’s whale. More so, the per-
formance of the detection model flattens at Q=9. As such, a further in-
crease in the value Q only increase the computational burden on the
HMM without improving the detection performance of the model.

5.4. Proposed DMD

The derived DMD modes, .# in (11) is modified in this section to form
feature vectors that can be combined with the HMM. First, a key
parameter that needs to be addressed in forming this feature vector is the
rank, r of the modes. The rank, r determines the dimension of the pro-
posed DMD feature vector. It is important to keep the value of r as small
as possible because the larger the value of r the more the computational
burden in performing the HMM process. More so, there is a trade-off
between the performance and the computational complexity of this
proposed detection model when selecting the value of r. In this article,
the value of r is determined by using simulation runs as shown in Section
7.1.

Second, the structure of the of Mysticetes’ vocalisations can be rep-
resented in the form of a column or row vector. It is paramount to
carefully restructure the sound vector with respect to the specified r
(which determines the dimension of the feature vector) to form the
matrix, X. Thus, given a window k of the sound vocalisation to be
decomposed, with 7 number of sampling points, as defined by the
vocalisation column vector of (19),

Ecological Informatics 63 (2021) 101306

W= ; 19

where w; represents the 7 sampling point. The, matrix, X can be formed
by reshaping W with respect to r (that is, the column of X is r+1) as
defined in (20).

X1 X120 e X
X210 X2p ... X2

O 20)
Xe,l Xe2 cee Xertd

The elements in the first row of X are extracted from the 1% point to
the r+1 points of W while the ¢ row of X represents the last r+1 points
of W. That is, the element x;, 1 in X is the element wy in W (x1, 1=w1).
Likewise, the element x., 1 in X is the element w; in W (x¢, r+1=w,).
Next, the observations X; and X, can therefore be extracted from X as
defined in (21) and (22) respectively.

-xl,l X2 .o Xip

Xp= 20 R Bl ey 1)
_-xz‘.l Xe2 e Xer
-X].Z X13  -ee o Xl

D el 'S 22)
_xz‘.2 xr,3 cee Xertl

Thereafter, the DMD modes are derived according to the four steps
highlighted in Section 4 of the decomposition process. The modes are
represented in matrix form as defined in(23).

My My . oy,
- U,ﬂ:l_l u/ﬂ:z,z Jl:zy,_ o
ey My . Moy
Therefore, feature vector can be derived from (23) as defined in (24).
7 =

IS IS IS
PO BN B 7N R I 7
(5, (), (5

R A 24

For a vocalisation sample, S, divided into k number of windows with
roughly 7 numbers of sampling points, the feature vector can be derived
in form of a matrix as defined in (25).

Lhap bz ... iy
1 by ... by, (25)

7
7 pup =
g 2 eee i

Note that the DMD modes matrix has r columns, which means that
the DMD-HMM detection technique is r-dimensional. Using simulations
runs as shown in Section 7.1, the value of r is selected to be nine (r=9)
for both the Humpback whale songs and the inshore Bryde’s whale short
pulse call. The proposed DMD feature extraction method is hereby
summarised in Algorithm 1.

Algorithm 1. DMD Feature Vector.
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Algorithm 1: DMD Feature Vector.

Input: W, k,

Output: Vpyp as the extracted feature

: Determine the rank, r of the modes

. Restructured W wrt r as defined in (20)

: Computes the SVD of Xy as in (7)

1
2
3: Obtain X, and X5, where X|,X, € X
4
5

: Computes matrix B as in (9)

6: Computes the eigenvector and eigenvalues from B as in (10)

7:Computes the DMD modes M from the eigenvector, Y as in (11)

8: Derive Vpyp (24) and (25

6. Sample training

The sound recordings for the Humpback whale songs dataset and the
Bryde’s whale short pulse calls dataset were visually and aurally ana-
lysed with the aid of Sonic Visualiser. Both recordings were divided into
two unequal sections, where the small section (about 25% of the whole
sound file) is used to train the DMD-HMM detector. These training
samples are annotated in two categories. In the case of the Humpback
whale songs dataset, the two categories are (1) Humpback whale songs,
and (2) Noise. While the annotations for the Bryde’s whale short pulse
calls dataset, are categorised into (1) Bryde’s whale short pulse calls, and
(2) Noise. During the annotations, in each case, the sound that cannot be
recognised visually or aurally are taken as noise. Also note that the large
sound sections are annotated in order to verify the performance of the
proposed DMD-HMM detector.

Table 1
DMD-HMM comparison for different r: 7=500.

Having categorised the training samples into two, a total of two
HMMs were formed in each case, where one is used to model the desired
sound (Humpback whale songs or Bryde’s whale short pulse calls) and
the other is used to model the unwanted sound (noise). In the case of the
Bryde’s whale short pulse calls, the number of test samples, 7 is varied
between 6 and 18 samples; that is, 7 = 6, = 12, and = 18. On the other
hand, the test samples for the Humpback while songs is varied between
18 and 30 (7 = 18, = 24, and 5 = 30). Larger number of test samples are
used to train the Humpback whale songs as compared to the Bryde’s
whale short pulse calls because the waveform duration of the Humpback
whale songs is longer. As such, it requires more test samples to train the
HMM so as to improve the reliability of the detector. Furthermore, the
training samples are divided into 7 number of sampling point, whereby
performance evaluations are carried out for different value of 7 (z = 100,
7= 300, and 7 = 500).

An ergodic type HMM with four states and two mixture is used in this
article. The desired sound and the unwanted sound are trained sepa-
rately with the four states and two mixture HMM. The dimension of the

Table 2
DMD-HMM comparison for different r: z=300.

Humpback whale songs

Humpback whale songs

r p (%) 1(%) r p (%) 2(%)

n=30 n=24 n=18 n=30 n=24 n=18 n=30 n=24 n=18 n=30 n=24 n=18
7 77.76 75.65 72.44 3.80 5.22 6.21 7 79.02 76.13 74.44 3.40 4.11 5.65
8 78.87 76.98 74.13 3.17 4.44 5.55 8 81.33 79.22 76.56 2.77 3.64 5.01
9 80.88 78.77 76.03 2.62 3.99 5.00 9 84.08 81.18 79.69 1.56 2.35 3.89
10 80.88 78.77 76.04 2.62 3.99 5.00 10 84.08 81.18 79.69 1.56 2.35 3.90
11 80.89 78.77 76.04 2.63 3.99 5.00 11 84.08 81.18 79.69 1.56 2.35 3.90

Bryde’s whale short pulse calls

Bryde’s whale short pulse calls

r p (%) 2 (%) r p (%) 2 (%)

n=18 n=12 n=6 n=18 n=12 n=6 n=18 n=12 n=6 n=18 n=12 n=6
7 99.13 98.12 96.99 0.07 0.08 0.10 7 99.22 98.89 97.99 0.05 0.07 0.09
8 99.55 98.38 97.83 0.06 0.07 0.09 8 99.61 99.02 98.17 0.05 0.06 0.08
9 99.70 98.91 98.21 0.05 0.06 0.08 9 99.80 99.20 98.29 0.04 0.05 0.06
10 99.70 98.91 98.21 0.05 0.06 0.08 10 99.80 99.20 98.29 0.04 0.05 0.06
11 99.70 98.92 98.21 0.05 0.06 0.07 11 99.80 99.20 98.30 0.04 0.05 0.06
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Table 3

DMD-HMM comparison for different r: 7=100.

Humpback whale songs

r %) 2 (%)

n=30 n=24 n=18 n=30 n=24 n=18
7 84.56 79.89 77.99 2.97 3.14 4.01
8 86.00 82.11 80.09 2.09 2.43 2.99
9 88.91 84.67 81.33 1.23 1.67 2.15
10 88.92 84.67 81.33 1.23 1.67 2.15
11 88.92 84.67 81.33 1.23 1.67 2.15
Bryde’s whale short pulse calls
r p (%) 4 (%)

n=18 n=12 n=6 n=18 n=12 n=6
7 99.23 99.14 98.11 0.05 0.06 0.08
8 99.44 99.38 98.42 0.04 0.05 0.07
9 99.89 99.62 98.61 0.03 0.04 0.05
10 99.89 99.62 98.61 0.03 0.04 0.05
11 99.89 99.62 98.61 0.03 0.04 0.05

HMMs is determined by the size of the feature extraction vector as dis-
cussed in Section 5. After training the HMMs separately, the noise HMM
model and the desired sound HMM model are combined to form an eight
states and four mixture HMM model. Thus, the first 1-4 states represent
the desired sound and the remaining 5-8 states represent the noise with
equal switching or transition probabilities. To evaluate the detector, the
combined HMM and the refined feature vector 7y of the unknown
sound file to be detected (the large sound section) are fed into the V-alg.
The V-alg uses the @ and y parameters to predict the sequence of states,
thereby classifying the unknown signal as either the desired sound or the
unwanted sound. Note, for emphasis, the Humpback whale songs
dataset and the Bryde’s whale short pulse calls dataset are analysed
separately. Suitably, their results are presented separately as shown in
subsequent sections.
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7. Test results and discussion
7.1. Test results for different rank, r

The proposed DMD-HMM detector is firstly evaluated for different r
in terms of the sensitivity, p and false discovery rate, 1. The sensitivity, p
is the ability of the automatic detector to correctly detect or identify the
sound as defined by (26):

TP

“TP+FN (26)

p
On the other hand, the false discovery rate, 1 is used to measure the
reliability of the developed automatic detector as defined by (27):

FP

=—" 2
4 FP + TP (27)

In (26) and (27), TP (true positive) is the number of times the output
of automated detector tallies with the manually identified sound, FN
(false negative) is the number of times the automated detector missed
the manually identified sound and FP (false positive) is the number of
times the detector erroneously recognise an unwanted sound as the
desired sound.

Tables 1-3 show the results of the proposed DMD-HMM detector for
different r. In the tables, the performance of the the DMD-HMM detector
is shown for r=7, 8, 9, 10, and 11 for both the Humpback whale songs
and the Bryde’s whale short pulse calls. As can be noted, the p perfor-
mance in the three tables improves as r increases from 7 to 9. However,
the p performance of the detector flattens as r increase from 9 to 10.
Likewise, there is no significant change in the p performance as r in-
crease from 10 to 11. Thus, a further increase in the value of r do not
necessarily improves the performance of the detector; rather, it com-
plicates the computational burden of the HMM because the dimension of
the model will increase. This is also evident in the 1 performance of the
DMD-HMM detector. To buttress this points, Figs. 4-7 present the per-
formance of the detector for r=1 — 15. From the figures, the perfor-
mance of the detector flattens when r increases from 9 at the expense of

7=100 7=300 7=500
90 T T 85 T T 85 T T
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751 751 1
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S S5l L5l 1
QL QU QU
> > 3
o @ 55f @ 55f 1
n n n
50
50 50 1
451 451 1
40 E—
401 40F| |——n=24
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Fig. 4. Humpback whale: DMD-HMM detector p performance for different r.
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Fig. 6. Humpback whale: DMD-HMM detector A performance for different r.

increased computational complexity. Therefore, in this article, r=9 is
selected as the close to optimal value for the DMD-HMM detector, as its
exhibits a good trade-off between the performance gain and complexity
of the detector. (See Tables 4 and 5.)

In addition, observe from the tables, the performance of the DMD-

HMM detector improves as the number of samples, 7 reduce from 500
to 100. This performance gain is expected as in the case with most
detection models that exhibit better p and A performances for a
reasonable small value of 7. Moreover, from the tables, the performance
of the DMD-HMM detector offers better p and 4 performances when used
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Fig. 7. Bryde’s whale: DMD-HMM detector A performance for different r.

Table 4
Comparison of different feature extraction methods: 7=500.

Table 5
Comparison of different feature extraction methods: 7=300.

Humpback whale songs

r=9, Q=9, =12, y=12

n p (%) A (%)

DMD EMD MFCC LPC DMD EMD MEFCC LPC
24 7877 7501 7308 7007 399 483 534 616
18 7603 7332 7105 663 500 597 623  7.07
Bryde’s whale short pulse calls
r=9, Q=6, 5=12, y=12
n p (%) A (%)

DMD EMD MFCC LPC DMD EMD MFCC LPC
18 99.70 99.46 96.58 91.23 0.05 0.09 0.13 1.27
12 98.91 98.78 95.65 97.63 0.05 0.09 0.16 1.42
6 98.21 97.31 94.57 83.00 0.06 0.11 0.24 1.55

to detect the Bryde’s whale short pulse calls as compared to the
Humpback whale songs. This is because the Humpback whale songs
waveform have longer duration; thus, they are more difficult to track.
Hence, the reason why the number of test samples, # for the Humpback
whale songs are more than that of the Bryde’s whale short pulse calls.
Notwithstanding, in Table 3, at 7=100, #=30, and r=9, the detector
achieves a p performance of %88.91 (p=%88.91) and a 4 performance of
%1.23 (A1=%1.23), which is acceptable for real-time sound detection
applications. Interestingly, these performance values are better than
what is obtainable with the existing methods as presented in subsequent
section. Besides, it is envisaged that the obtained p and 4 performances
can be improved if the number of test samples, 7 increase, but will start
to saturates at a particular value of #.
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Humpback whale songs

r=9, Q=9, =12, y=12

n p (%) A (%)

DMD EMD MFCC LPC DMD EMD MFCC LPC
30 84.08 81.76 78.79 75.03 1.56 1.99 2.46 3.33
24 81.18 77.98 75.11 72.34 2.35 3.01 3.62 4.04
18 79.69 75.66 72.06 70.01 3.89 4.22 4.99 5.87
Bryde’s whale short pulse calls
r=9, Q=6, 5=12, y=12
n p (%) A (%)

DMD EMD MEFCC LPC DMD EMD MEFCC LPC
18 99.80 99.67 97.71 92.59 0.04 0.08 0.13 1.23
12 99.20 98.98 96.77 88.12 0.04 0.08 0.14 1.37
6 98.29 97.89 95.65 83.99 0.08 0.11 0.22 1.44

7.2. Test results with other feature Extration methods

In this section, the performance of the proposed DMD-HMM detector
at r=9 is compared with the MFCC-HMM detector, LPC-HMM detector
and the recent EMD-HMM detector. The p and A performances are pre-
sented in Tables 4-6. First, as shown in the tables, the DMD-HMM de-
tector offers better p and 4 performances at all values of 7. More so, the p
and 4 performances of all the detectors plummet with increase in the
value of 7 as anticipated. Second, as explained in the case of the DMD-
HMM detector, the MFCC-HMM, LPC-HMM and EMD-HMM detectors
obtained better p and A performances with the Bryde’s whale short pulse
calls in comparison with the Humpback whale songs. Nevertheless, the
DMD-HMM detector offered superior p and 1 performances in compar-
ison to the other detectors. For emphasis, in Table 6, at 7=100, and #=30
(Humpback whale songs) the proposed DMD-HMM detector obtained a p
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Table 6
Comparison of different feature extraction methods: 7=100.

Humpback whale songs

r=9, Q=9, 6=12, y=12

n p (%) A (%)

DMD EMD MFCC LPC DMD EMD MFCC LPC
30 88.91 84.23 80.02 77.77 1.23 1.77 2.10 2.99
24 84.67 80.11 77.02 73.88 1.67 2.05 2.78 3.50
18 81.33 79.40 76.77 71.98 2.15 2.63 3.01 4.01
Bryde’s whale short pulse calls
r=9, Q=6, 5=12, y=12
n p (%) 4 (%)

DMD EMD MFCC LPC DMD EMD MFCC LPC
18 99.89 99.70 98.44 97.31 0.03 0.06 0.10 1.00
12 99.62 99.11 97.30 93.14 0.04 0.06 0.11 1.17
6 98.61 98.21 96.49 92.44 0.06 0.08 0.21 1.36

performance gain of %4.68, %8.89 and %11.14 in comparison to the
EMD-HMM, MFCC-HMM, and LPC-HMM detectors respectively. Like-
wise, the 1 performance of the DMD-HMM detector reduces by %0.54, %
0.87 and %1.76 as compared to the EMD-HMM, MFCC-HMM, and LPC-
HMM detectors respectively. This portrays the DMD-HMM detector as a
performance efficient alternative to the EMD-HMM, MFCC-HMM, and
LPC-HMM detectors.

Moreover, the MFCC-HMM and LPC-HMM detectors exhibits higher
computational complexity in comparison to the proposed DMD-HMM
detector. The DMD-HMM detector is a 9-dimensional model as
compared to the 12-dimensional model of both the MFCC-HMM and
LPC-HMM detectors. As earlier explained, the higher the dimension of
the model, the more the computational burden in performing the HMM
process. This is an added advantage to the DMD-HMM detector over the
MFCC-HMM and LPC-HMM detectors. In comparison to the EMD-HMM
detector, the two detectors offer the same computational burden to the
HMM process in detecting the Humpback whale songs because they are
both 9-dimensional. On the other hand, in detecting the Bryde’s whale
short pulse calls, the DMD-HMM detector exhibit a higher computa-
tional burden in comparison to the EMD-HMM detector. Regardless, the
DMD-HMM detector offered superior p and 1 performance gains over the
EMD-HMM detector. This makes it a suitable alternative over the EMD-
HMM detector in terms of the model detection accuracies. Lastly, just as
in the case of the existing detectors used for comparison in this article,
this proposed DMD-HMM detector can be easily modified to detect other
Moysticetes’ vocalisations depending on the application requirements.

8. Conclusion

This article has introduced the method of DMD as a feature extrac-
tion technique that can be adopted with the HMMs for the detection of
Mysticetes” vocalisations. The output (spatial-temporal modes) of the
DMD process is modified to form reliable feature vectors that can be
combined with the HMM. The sensitivity and false discovery rate per-
formances of this proposed detection model was verified using two
different Mysticetes’ vocalisations. Furthermore, the performance of the
proposed DMD-HMM detector was compared with three existing
methods (MFCC-HMM, LPC-HMM and EMD-HMM) in order to test its
superiority. Interestingly. this proposed DMD-HMM detector proved to
be very effective, as it offered good sensitivity and false discovery rate
performance gains in comparison to these existing methods. More so,
this proposed detector model achieved this feat at a reduced computa-
tional time and delay complexity. Therefore, we propound that the
DMD-HMM detector can be a performance efficient alternative to these
existing methods in studying Mysticetes’ that produces characteristics
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vocalisation. More so, the introduced methodology as depicted in Fig. 3
can be adapted by researchers to detect other marine animal sounds. In
some cases, the DMD feature extraction process can be modified or
restructured to accommodate the call type.
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