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ARTICLE INFO ABSTRACT
Editor name: Rashid A. Saeed Mysticetes” produce distinctive vocalisations which are used for echolocation, communication,

and other marine functions. These cryptic vocalisations are studied by marine scientist to

Ilfsm(;;d;traction determine the behavioural patterns and movement of this suborder of cetaceans within their
Feature vector ecosystem. In practice, these vocalisations are gathered using passive acoustic monitoring
HMM over days, weeks, months, and even years. Therefore, it is complex to study these sounds
LDA using traditional visual inspection techniques because the gathered datasets are huge. Machine
Mysticetes’ learning (ML) tools such as Gaussian mixture models (GMMs), support vector machines (SVMs),
Vocalisations detection and hidden Markov models (HMMs) have been adopted in recent times to proffer analytic

solutions to automatically detect and study these cryptic vocalisations. Notwithstanding, the
feature extraction techniques employed play a vital role in determining the performance of
these ML tools. In most cases, the performance of the feature extraction technique is directly
proportional to the performance of the ML tools. Thus, the method of linear discriminant
analysis (LDA) is introduced in this article as a feature extraction technique that can be
adapted with the HMMs (LDA-HMM) to seamlessly detect the vocalisations of Mysticetes. The
performance of the proposed LDA-HMM detector is compared with other recent detectors for
Mysticetes’” vocalisations in the literature using two different species: Humpback whale songs
and Bryde’s whale pulses. Experimental results show that the developed LDA-HMM detector is
a performance-efficient alternative in comparison to the recent detection techniques studied in
this article. Besides, the LDA-HMM detector offers less computational time complexity; as such,
it is more suitable for real-time applications.

Introduction

The detection and study of Mysticetes’ vocalisations has recently gained popularity; most especially, with the ease provided by
machine learning (ML) tools [1]. Mysticetes’ are suborder of cetaceans existing in the waters of some region of the world. Their study
has contributed immensely to the economic values of some countries. According to the findings in [2,3], the whale watching industry
generates an annual revenue exceeding US$2 billion annually. Thus, this has contributed to government revenue while concurrently
creating employment opportunities for a substantial workforce. To study the movement and behaviour of these Mysticetes in their
ecosystem, marine biologist or ecologist obtain their vocalisations using a procedure termed passive acoustic monitoring (PAM).
These sounds are accumulated over days, weeks, months, and even years. Therefore, the recorded sound datasets are huge, making
it complex to detect and study their vocalisations with the traditional visual inspection technique.
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However, with the advent of ML tools such as Gaussian mixture models (GMMs), support vector machines (SVMs), hidden Markov
models (HMMs), and so on, ecologist can easily detect the vocalisation of these cryptic species and study their behaviour within
their ecosystem. Machine learning tools have been widely employed for the automated detection of the vocalisations of Mysticetes
of Mysticetes [2,4,5]. The performance of most of these ML tools robustly depends on the feature extraction technique(s) employed.
In reality, the performance of ML tools is a function of the performance of the feature extraction techniques. For instance, different
feature extraction techniques such as empirical mode decomposition (EMD) [6], dynamic mode decomposition (DMD) [7], Mel-scale
frequency cepstral coefficients (MFCC) [8], linear predictive coefficient (LPC) [9] have been combined with ML tools such as the
GMM and HMM to automatically detect Mysticetes’ vocalisations in the literature [10,11].

With a focus on HMMs, this machine learning tool finds common application in diverse fields, including cloud computing,
weather forecast, human speech processing, source coding, among others [12]. Also, in animal sound detection, HMM has been used
to automatically detect the vocalisations of Mysticetes, because it is robust and flexible, and can easily be used to automatically detect
sounds from a sequence of observations [13]. Nonetheless, as mentioned earlier, irrespective of the sturdiness of the HMM, their
detection accuracy (sensitivity) and reliability (false discovery rate (FDR)) depend on the feature extraction technique employed.
Hence, attention must be carefully given to the feature extraction technique(s) adopted with the ML tool to improve the FDR and
sensitivity performances of the ML detection techniques.

In this regard, the method of linear discriminant analysis (LDA) is introduced in this article as a feature extraction technique
that can be adapted with the HMM for detecting the vocalisations of Mysticetes. The LDA, also called Fisher’s discriminant analysis
is an algorithm commonly used for pattern classification and dimensionality reduction [14,15]. LDA is a method used in statistics
and other fields (such as biometrics [16,17], Bioinformatics [18], and chemistry [19]), to find a linear combination of features
that characterises two or more classes of objects or events. The LDA technique transforms the features in a large data matrix into
a lower dimensional space without losing the information contained in the large data matrix [14]. Thus, the lower dimensional
space or variables can be easily conceptualised with different machine learning tools as discussed in this article. The developed
LDA-HMM detector performance will be analysed theoretically using two different Mysticetes’ vocalisation datasets documented on
a cetacean sound database.! Furthermore, this article compares the results of the proposed LDA-HMM detector to recent techniques
found in literature such as the MFCC-HMM, LPC-HMM, DMD-HMM, and EMD-HMM detection techniques in terms of their FDR and
sensitivity performances.

Therefore, the contribution and relevance of this article is highlighted as follows.

1. The method of LDA is adapted for the first time with HMM for detecting the vocalisations of Mysticetes (Bryde’s whale and
Humpback whale).

2. The LDA-HMM outperforms the traditional MFCC-HMM and LPC-HMM detection techniques and the recently developed
EMD-HMM and DMD-HMM techniques in the literature

3. The introduced LDA-HMM exhibits less computational complexity in comparison to the aforementioned methods; as such, it
is more suitable for real-time applications.

This article is arranged as follows. Section “Related works” presents a review of the related works. In particular, this section
discusses the ML detectors used in this article for performance comparison. In Section “Linear discriminant analysis”, the basic
principles of the LDA are discussed. Section “Proposed LDA feature vector” explains the formulation of the LDA as a feature vector
suitable for the HMM. In addition, Section “LDA feature vector: Numerical illustration” explains the LDA feature extraction process
using mathematical illustration. The rudiment of the HMM is briefly discussed in Section “Hidden Markov model” while the LDA-
HMM detector simulation parameters and set-up are explained in Section “Simulation parameters and set-up”. Section “Results and
discussion” presents the results from the simulation runs and discusses these results in detail. Lastly, the article is summarised with
discernible remarks in Section “Conclusion”.

Related works

As earlier mentioned, cetaceans have contributed immensely to the economic values of some countries; as such, the detection
of Mysticetes’ vocalisations have received great attention. Ogundile and Versfeld [20] developed two threshold template-based
detectors for inshore Bryde’s whale short pulse calls. One of the threshold template detectors is based on the dynamic time warping
(DTW) machine learning tool while the other is developed based on the LPC principles. The two threshold detectors demonstrated
a moderate computational time complexity; nevertheless, their performance in terms of false positive rate (FPR) and sensitivity
proved inadequate under specific parameter conditions.

In [10], the authors developed an EMD-HMM detection technique that can be used to detect the vocalisation of inshore Bryde’s
whale short pulses. The EMD-HMM was shown to offer superior performance in comparison to the traditional MFCC-HMM and LPC-
HMM detectors. Nevertheless, it can be noted from the result presented in their letter that the false positive rate (FPR) and sensitivity
performances can still be improved. Besides, the performance of their developed detector was verified for a single Mysticetes specie.
Therefore, the performance of their detector cannot be generalised for the different types of Mysticetes available. In [21], the same
authors developed a selective time domain feature extraction technique-based HMM (MAP-HMM) detector for inshore Bryde’s whale
short pulses. Similarly, the MAP-HMM detector was compared with the LPC-HMM and MFCC-HMM detectors and it was shown to

1 http://www.mobysound.org/mysticetes.html
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exhibit better FDR and sensitivity performances. However, comparing the performance of the EMD-HMM and MAP-HMM detectors,
it is observed that their performances are approximately the same while the MAP-HMM offered a reduced computational time
complexity. Yet, the performances of the MAP-HMM detector cannot also be generalised for the about fourteen types of Mysticetes
available because it was documented for the inshore Bryde’s whale short pulses only.

The DMD-HMM was recently developed in [11] for the detection of Mysticetes’ vocalisations. The FDR and sensitivity perfor-
mances of the DMD-HMM were seen to surpass that of the EMD-HMM, and the traditional LPC-HMM and MFCC-HMM detectors.
Nonetheless, the DMD-HMM detection technique obtains this good FDR and sensitivity performances at a high computational time
complexity. Thus, for real-time Mysticetes’ vocalisations detection, the DMD-HMM detector might be impracticable.

This article proposes an LDA-HMM detector, which exhibits better FDR and sensitivity performances as compared to the DMD-
HMM and DED-HMM detectors, and the traditional LPC-HMM and MFCC-HMM detectors, at a moderate computational time
complexity. Moreover, the performance of this developed LDA-HMM detector is documented for two Mysticetes’ types. Note that the
LDA-HMM detector can, however, be employed to detect other Mysticetes’ species that produce similar vocalisations.

Linear discriminant analysis

The LDA, also called Fisher’s discriminant analysis is an algorithm commonly employed for pattern classification and dimension-
ality reduction [14,15]. LDA is a method used in statistics and other fields (such as biometrics [16,17], bioinformatics [18], and
chemistry [19]), to find a linear combination of features that characterises or separates two or more classes of objects or events. The
LDA technique transforms the features data matrix into a lower dimensional space, which maximises the ratio of the within-class
variance to the between-class variance; thus, it guarantees maximum class separability [14]. Therefore, the lower dimensional space
or variables can be easily visualised and analysed using different ML tools. The LDA achieves this transformation in three basic steps:
(1) It computes the separability between different classes (between-class variance), (2) It computes the distance between the samples
of each class and the mean (within-class variance), and (3) It constructs the lower dimensional space that minimises the within-class
variance and maximises the between-class variance [14].

Between-class variance calculation
The between-class variance (C,) also called the between-class matrix represents the distance between the mean of the orh

class (u,) and the total mean (x). That is, the LDA technique finds a lower dimensional space that maximises the between-class
variance [14]. For example, given a # dimensional signal, 4, ,, defined by Eq. (1):

a,r 4G - Ay
a1 Gp . Gp

A= ; 3 . . @
Y1 G e Gy

where a, , is a sample point in 4, ,. Note that each sample represents a point in D-dimensional space. That is each sample can be
represented by D features (a, € ”). The dimension, # is an important requirement used to determine the performance of the LDA
feature extraction technique. The dimension of the feature vector extracted using the LDA technique is determined by the value of
¢, as discussed later.

Assuming that 4, , is partitioned into g number of classes as defined by Eq. (2):

A, = , @

where w, is a matrix in A, , (w, € A, /). Also, assume that each class has € samples, where ¢, denotes the number of samples of
the orh class. Thus, the total number of samples (#) can be represented mathematically as defined by Eq. (3):

g
h=Ye, 3)

Therefore, to compute Cg, the separation distance between the different classes (b, — b) is firstly determined as defined by
Eq. (4) [14]:

S
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where b is an estimate of the total mean of all the classes given as b = W'y while b, is the estimate of the mean of the ot/ class
given as W' Ho- The transformation matrix of the LDA is denoted as W, u,(1 X D) denotes the mean of the oth class as defined by
Eq. (5) and u(1 x D) is the total mean of all the classes as defined by Eq. (6) [14].

He = L 2 a,, (5)

£
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O.M. Ogundile et al. Scientific African 24 (2024) 02128

1 & g
15
=

o=1

In Eq. (4), the separation distance between the mean of the oth class (4,) and the total mean (x) is denoted as (u, — pt)(u, — wh.
This can also be called the between-class variance of the orh class (C%). Therefore, Eq. (4) can be written as [14]:

(b, = b7 = W'y W. )
Accordingly, the total between-class variance which is the summation of all the ¢th between-class variance is computed as defined
by Eq. (8) [14]:
g

Cs= D €,Ca,. ®)

o=1

Within-class variance calculation

The within-class variance (Cy) also called the within-class matrix represents the difference between samples and the mean of that
class. That is, the LDA technique finds a lower dimensional space that minimises the within-class variance [14]. The within-class
variance of each class (ng) can be computed as defined by Eq. (9) [14]:

(Wia,—b) = Y W W, ©)

apemg,gzl ..... g agemg,gzl ..... g
where CNg is defined by Eq. (10) [14]:

K3
Cr, = X (e = M) ape = )T (10)
o=1
and a,. denotes the oth samples in the ¢th class. Similarly, the total within-class variance is the sum of all the orh within-class
variance as defined by Eq. (11) [14]:

g
Cy= 2 Ca«§~ an
o=1

Lower dimensional space construction

The between-class variance (C;) and within-class variance (Cy) are subsequently used to estimate the transformation matrix (%)
of the LDA technique as defined by Eq. (12) [14]:
wic,w
arg max ———.
W WICyW
where Eq. (12) is referred to as the Fisher’s criterion. As such, the LDA technique is sometimes called the Fisher’s discriminant
analysis. Eq. (12) can be reformulated as defined by Eq. (13) [14]:

12

CyW = QCyW. 13)

In Eq. (13), Q is the eigenvalues of the transformation matrix 7. Thus, the solution to the #x# transformation matrix (7 = C;IC,B) is
obtained by computing the eigenvalues (2 = [2,,2,, ..., £,]) and the eigenvectors (? = [P, Py, ..., P,]). The Q are scalar values and
© are non-zero vectors representing the directions of the new space. This implies that each ® represents one axis of the LDA space and
the corresponding 2 represents the magnitude of the ® [14]. The first LDA variable is the # that has the highest eigenvalue, which
in turn has the highest variance. This means it contains the maximum possible message. Thus, the eigenvector is arrayed according
to the message contained in the eigenvector in descending order. Arraying the LDA variables in this way enables dimensionality
reduction with little or no loss in information. These LDA variables can be constructed as a linear combination of the signal to be
analysed, where the dimension, ¢ specifies the number of LDA variables.

The singular vector decomposition (SVD) is a common linear algebra method that can be employed to solve for 2 and Q. The
SVD will decompose the transformation matrix % into three matrices such that:

W = LFOT, a4

where £ is termed the left singular vector, 7 is a diagonal matrix, and 0O is termed the right singular vector with a # x # dimension.
The Q are the entries of the diagonal of 7 arrayed in descending order while the O are the 2 or the LDA variables.

Proposed LDA feature vector

In this section, the LDA variables derived in Eq. (14) are reconstructed to form a suitable feature vector that can be adapted with
the HMM to automatically detect the vocalisations of Mysticetes. Firstly, it is key to show how the dimension, ¢ of the LDA feature
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vector is determined. The dimension, # determines the computational time complexity the LDA will impose on the HMM training
process. As such, dimension, # must be as small as possible to maintain a moderate computational time complexity. This means
there is a trade-off between the FDR and sensitivity performances, and the computational time complexity in choosing a value for
¢. Therefore, the dimension, # is chosen in this article using simulation runs as discussed in Section “Results and discussion”.

Essentially, the Mysticetes’ vocalisations are in the form of a column or row vector. Thus, this column or row vector should
be restructured according to the chosen dimension, # to form the matrix A, defined in Eq. (1). Hence, given that the Mysticetes’
vocalisations signal is defined in the form of a row vector as:

A=(a; ay .. q), (15)

the matrix A, can be formed from A; to obtain Eq. (1):

L S L
_|%1 9o .o Gp
Ajyf_ : : - .

Gy G e Gy

The elements in the 1st sampling point to the # sampling points of A; are the points in the first row of 4, ,. Whereas, the last row
G of A, , represents the last # sampling points of 4;. This implies that the 1st entry in row one of 4, , (a; ) is the 1st entry in 4;;
that is, a; ; = a,. Similarly, the last entry in row j of 4, , (c,,) is the last entry in 4; (¢, = a)).

Therefore, the between-class variance (C,) and within-class variance (Cy) is computed sequentially from 4, , using Egs. (8) and
(11) respectively. Subsequently, the Fisher’s criterion (Eq. (13)) is employed to compute the transformation matrix (%), which is
decomposed to obtain O as defined by Eq. (16):

01’1 01,2 ol,f
o [ o

o= o B 16
O¢1  O¢p o Opyp

Thus, the feature vector is derived in this study from Eq. (16) as defined by Eq. (17):

(2020 (5]
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Note again that the feature vector produced using the LDA is of dimension, #. Subsequently, if the sound signal to be analysed is
divided into k number of frames and all the frames, k have approximately f equal number of sampling points, the feature vector
can be computed in the form of a matrix as defined by Eq. (18):

Vil V12 - Vg
Va1 V22 e WVap

Zipa=| 7 A B 1
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LDA feature vector: Numerical illustration

Fig. 1 depicts a random signal with sampling points defined by Eq. (19):

A; = (—1.2884,-0.1609, —1.1714, 1.0470,
—1.4158,1.0212, -0.8964, —1.0870, —0.3712, 0.4093,
—1.3853,-0.2269, 0.0596, —0.8740, —1.2033, —1.4264,
—0.7578,—-0.9526,0.3105, —0.1625, —0.4113,0.4147,
1.0378, —1.0145, —0.5640, 0.3173, —0.2495,0.6901,
—0.3680,0.3484, —0.8459, -0.2133,0.5551, 0.0780,
0.5037,0.5558,-1.3610, 0.3493, —-0.1729, —0.3253 ) . 19)

The signal 4; is carefully restructured to form matrix A, , as defined by Eq. (20):

—-1.2884 -0.1609 -1.1714 1.0470 —-1.4158
1.0212  -0.8964 —1.0870 —0.3712  0.4093
—-1.3853 -0.2269 0.0596 -0.8740 —1.2033
A, = —1.4264 -0.7578 -0.9526 03105  —0.1625 . (20)

-0.4113 04147 1.0378 -1.0145 -0.5640
03173  -0.2495 0.6901 —-0.3680 0.3484
-0.8459 -0.2133  0.5551 0.0780 0.5037

0.5558 —-1.3610 03493  -0.1729 —0.3253
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Note, #=5 is used to restructure A;. However, as mentioned earlier, this article finds the value of # using simulation runs. Next,

Ay is partitioned into two classes (that is, g=2) as shown in Eq. (21):

—1.2884
1.0212
—1.3853
—1.4264

A=A Gm s S FT - TR A T 2 .

-0.4113
0.3173
—0.8459
0.5558

Therefore, the between-class variance (C,) is computed as in Eq. (8) to obtain:

1.3860

~0.4614

Cy=|-0.2452

-0.2193
05117

Similarly, the within-class variance (Cy) is computed as in Eq. (11) to obtain:

0.4539
0.1066
0.9741
-0.2677
0.3933

Cy =

The transformation matrix, % is subsequently computed as defined in Eq. (13):

w

CR'Cy
1.0962
0.7168
1.3628
1.0867

-0.3170

—-0.1609
—0.8964
—-0.2269
—0.7578

—0.2495
-0.2133
-1.3610

—0.4614
0.5121
0.2135

=0.1115

—0.2382

0.1066
0.0250

0.2288

—0.0629

0.0924

0.2574
0.1684
0.3201
0.2552
—0.0745

-1.1714
—1.0870
0.0596

—0.2452
0.2135

1.3620

—-0.6237
0.2794

0.9741
0.2288
2.0907

—0.5746

0.8441

2.3527
1.5385
2.9249
2.3322
—0.6804

1.0470
-0.3712
—0.8740

0.3105
—1.0145
—0.3680

0.0780
-0.1729

-0.2193
—0.1115
—0.6237
0.8237
—0.0234

-0.2677
—0.0629
—0.5746

0.1579

-0.2320

—-0.6467
-0.4229
-0.8039
—-0.6410
0.1870

—1.4158
0.4093
—1.2033

0.5037
—-0.3253

0.5117
—0.2382
0.2794
-0.0234
1.1113

0.3933
0.0924
0.8441
-0.2320
0.3408

0.9499
0.6211
1.1809
0.9416
-0.2747

The LDA variables can therefore be obtained by finding the SVD of % such that

W= Lgo',

2D

(22)

23)

(24
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where,

-0.4975  0.7154 0.0306 0.1502  —-0.4659
-0.3254 -0.1913  0.3612 0.7859 0.3307
£=]-0.618 0.0783 -0.1868 —0.4179 0.6338 |, (25)
-0.4932 -0.6272 02234  -0.2484 —0.5017
0.1439 0.2282 0.8853  -0.3514  0.1416

5.7284 0 0 0 0
0 0.0000 0 0 0
F= 0 0 0.0000 0 (U (26)
0 0 0 0.0000 0
0 0 0 0 0.0000

—0.3846 —0.4449 -0.5373 -0.6000 0.0733
—0.0903  0.0119 0.0277 0.1446 0.9849
0=|-0.8255 0.5415 0.1344  -0.0033 -0.0855]. (27)
0.2269 0.2279 0.5308 -0.7754  0.1170
—0.3333 -0.6758  0.6409 0.1335 —0.060

As mentioned, the eigenvectors, ? are the entries in the columns of O, which acts as the decomposed LDA variables. Hence, O is
reconstructed using Eq. (17) to form the LDA feature vector as defined by Eq. (28):

k, = (-1.4068 —0.3395 0.7965 —1.1006 1.0296). (28)

Algorithm 1 summarises the proposed LDA feature extraction method for Mysticetes’ vocalisations.

Algorithm 1: LDA Feature Vector.

Input: A;, f, k

Output: Feature vector, Z; p,

: Find the dimension, ¢ of the LDA components

: Restructured A; wrt ¢ as in Eq. (1)

: Calculate Cpz as in Eq. (8)

: Calculate Cy as in Eq. (11)

: Calculate W as in Eq. (13)

: Calculate the eigenvector, P and eigenvalues, 2 as in Eq. (14)
: Calculate the LDA components, k, as in Eq. (17) and Eq. (18)

NG A WNMN

Hidden Markov model

The HMM is a machine learning tool that has been deployed in a variety of applications, such as pattern recognition, data
compression, speech recognition, and marine sound detection, among others [2,22,23]. HMM is a robust and flexible stochastic state
machine, in which any change in the hidden sequence result in the emission of a symbol. The HMM operation can be perceived in
two sequential steps, (1) training steps and (2) detection steps.

In the training step, crucial variables—namely, start probability (x), transition matrix (7), and Gaussian emission distribution
parameters (£)—are estimated from the obtained feature vector, Z; ;4. The transition matrix, 7, contains probability values dictating
state transitions, representing the feature vector as a sequence of states over time. The emission distribution parameters, £, include
mean (u), covariance matrix (3’), and mixture weight (¢). These parameters are computed using the expectation—-maximisation (EM)
algorithm, where the Baum-Welch (BM) algorithm [24] serves as a notable example. The £ parameters start with a flat value during
the EM process, and their flat values can significantly impact HMM'’s performance. To address this, the k-mean clustering algorithm
(KMC) [25] and Gaussian Mixture Model (GMM) are sequentially employed to initialise the & parameters as depicted in Fig. 2.

During the detection step, the trained £ parameters are matched with the sound waveform to be recognised, utilising the Viterbi
algorithm (V-alg) [26]. The V-alg processes the estimated start probability, z, transition matrix, 7, and the extracted feature vector
from the sound to be recognised, stochastically producing the closely matched hidden sequence.

Simulation parameters and set-up

Mysticetes also called Baleen whales are a class of the suborder of cetacean. Mysticetes use their horny plates called Baleen which
hang from their upper jaws to filter food from water [11,27]. As documented in [27], there are about fourteen different types of
Baleen whales in existence. Examples include Sei whales, Bryde’s whales, Humpback whales, Fin whales, and so on. However, this
article uses two different Mysticetes’ vocalisation datasets obtain from Mobysound.org to theoretically document the performance of
the developed LDA-HMM detector. The first sound dataset is a Humpback whale song gathered off the north coast of Kaui, Hawaii,
USA while the other is a Bryde’s whale pulse gathered from Eastern Tropical Pacific as detailed on Mobysound.org. The two sound
datasets are visually and aurally analysed using software called Sonic Visualiser. This visualiser also aided the annotation of the
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Fig. 2. LDA-HMM detector for Mysticetes’ vocalisations.

sound dataset, which were categorised as either Mysticetes’ vocalisations or noise (note that any sound which is not the Mysticetes’
vocalisations is taken as noise). In addition, these datasets are split into two unequal portions. A small portion of about 25% is used
in training the HMM and a large portion is used to verify the performance of the LDA-HMM detector. The number of the training
sample, ¢ extracted from the small portion is varied to document the LDA-HMM detector performance for different . Likewise,
each training sample is approximately divided into f number of sampling points. This implies that f and ¢ are the two important
parameters that are used to validate the developed LDA-HMM detector performance.

Fig. 2 presents the schematic diagram of the developed LDA-HMM detector. As indicated in the figure, the derived feature vector
from the training label (the small portion) is first fed through the KMC block, which starts the process of initialising the Gaussian
emission distribution parameters, £ = {u, Y, o}. Subsequently, these parameters are further refined in the GMM block before being
fed into the HMM block. The set-up adopts a 4 states and 2 mixture weight ergodic type HMM. Two HMMs are used to model the
Moysticetes’ vocalisations and noise. That is, one HMM for the noise signal (HMM,) and the other for the Mysticetes’ vocalisations
waveform (HMM,). HMM, and HMM, are both 4 states and 2 mixture weight ergodic HMM. After training the two HMMs separately,
HMM, and HMM, are combined to form a 8 states and 4 mixture weights ergodic type HMM. The first 1-4 states represent one of the
HMM while the next 5-8 states represent the other HMM. In this case, states 1-4 represent the noise signal while states 5-8 represent
the Mysticetes’ vocalisations waveform. The trained Gaussian parameters are then used to refine the extracted feature vector from the
unknown sound label (the large sound portion) to obtain a refined feature vector. This refined feature vector, the transition matrix,
7 and the start probability, = are used in the V-alg block to recognise the unknown label as either the Mysticetes’ vocalisations or
noise. It is important to mention that the V-alg jumps from states 1-4 to states 5-8 with an equal transition probability.

Results and discussion
LDA-HMM performance for different ¢

The results of the developed LDA-HMM detector for Mysticetes’ vocalisations is presented in Tables 1-5 for different dimension, #
in terms of the sensitivity and the FDR performances. As defined in [11,21], the sensitivity is the detection accuracy of the detector
while the FDR is a measure of the reliability of the detector. A high value of the sensitivity indicates a good detection accuracy. On
the other hand, a low value of the LDA is desirable as it indicates that the output of the detector can be trusted. As shown in the
tables, the performance of the LDA-HMM detector is documented for #= 6, 7, 8, 9, and 10 for both the Bryde’s whale pulses and
Humpback whale songs. In addition, the number of the training samples, ¢ is varied from r= 6, 12, and 18 for the Bryde’s whale
pulses and r= 18, 24, and 30 for the Humpback whale song. Note that the number of training samples for the Humpback whale
song is more as compared to the Bryde’s whale pulses because the Humpback whale waveform is longer than that of the Bryde’s
whale pulses. As such, more training samples are used to reliably train the HMM. Also, note that the number of sampling points, f
for each training sample is varied from f=100, 200, 300, 400, and 500.

Observed from Tables 1-5, as the value of # increase from 6 to 7, the performance of the LDA-HMM detector improves for both
Mysticetes’ species. In Table 5 (Bryde’s whale pulses) for example, for =18 and f =100 the LDA-HMM detector offers a sensitivity
performance gain of 0.61, and a reduction of 0.02 in the FDR performance. Likewise, in the same table, for f =100 and =30 for
the Humpback whale songs, the LDA-HMM detector offers a sensitivity performance gain of 4.31, and a reduction of 0.9 in the FDR
performance. Nevertheless, it can be noted that a further increase in the value of ¢; that is, from ¢ = 8, 9 and 10, the LDA-HMM
detector shows no significant improvement in the FDR and sensitivity performances. This will only increase the computational time
complexity of the HMM training process. In this regard, a dimension #=7 is chosen as the close to optimal # for the LDA-HMM
detector because it strikes a balance between the detectors’ computational time complexity and its performance gain.

Also, observe from the tables that the performance of the detector falls as the value of the sampling points, f increases from 100
to 500. For instance, as f increases from 100 to 500, the LDA-HMM detector sensitivity performance falls from 98.61% to 91.99% for
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Table 1

LDA-HMM performance for different #: f=500.
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Bryde’s whale pulses

¢ Sensitivity (%) FDR(%)
t=18 t=12 t=6 t=18 t=12 t=6
6 91.36 90.01 88.99 0.12 0.13 0.15
7 91.99 90.74 90.21 0.11 0.12 0.13
8 91.99 90.74 90.21 0.11 0.12 0.13
9 91.99 90.74 90.21 0.11 0.12 0.13
10 91.99 90.75 90.21 0.11 0.12 0.13
Humpback whale songs
¢ Sensitivity (%) FDR(%)
t=30 t=24 t=18 t=30 t=24 t=18
6 78.75 76.65 73.51 3.00 4.18 5.23
7 81.83 79.91 77.22 2.01 3.09 3.97
8 81.84 79.91 77.22 2.01 3.09 3.98
9 81.83 79.92 77.22 2.00 3.09 3.98
10 81.84 79.91 77.22 2.01 3.09 3.98
Table 2
LDA-HMM performance for different #: f=400.
Bryde’s whale pulses
4 Sensitivity (%) FDR(%)
t=18 t=12 t=6 t=18 t=12 t=6
6 92.92 91.96 91.13 0.10 0.11 0.13
7 93.81 92.38 91.42 0.08 0.09 0.11
8 93.82 92.38 91.42 0.08 0.09 0.11
9 93.81 92.38 91.42 0.08 0.09 0.11
10 93.81 92.38 91.42 0.08 0.09 0.11
Humpback whale songs
4 Sensitivity (%) FDR(%)
t=30 t=24 t=18 t=30 t=24 t=18
6 79.52 77.00 73.66 2.70 3.96 5.01
7 82.16 80.01 77.29 1.42 2.49 3.70
8 82.16 80.01 77.29 1.42 2.49 3.70
9 82.16 80.01 77.29 1.42 2.50 3.70
10 82.16 80.01 77.29 1.42 2.49 3.70
Table 3
LDA-HMM performance for different #: f=300.
Bryde’s whale pulses
4 Sensitivity (%) FDR(%)
t=18 t=12 =6 t=18 t=12 =6
6 94.10 93.08 92.46 0.10 0.11 0.12
7 95.00 94.11 93.38 0.08 0.09 0.10
8 95.00 94.11 93.38 0.08 0.09 0.10
9 95.00 94.11 93.38 0.08 0.09 0.10
10 95.00 94.11 93.38 0.08 0.09 0.10
Humpback whale songs
4 Sensitivity (%) FDR(%)
t=30 t=24 t=18 t=30 t=24 t=18
6 80.03 77.06 75.51 2.33 3.21 4.18
7 85.11 82.22 80.68 1.11 2.00 3.18
8 85.11 82.22 80.68 1.11 2.00 3.18
9 85.12 82.22 80.68 1.11 2.00 3.18
10 85.11 82.22 80.68 1.11 2.00 3.18

¢=7 and t=18 (Bryde’s whale pulses) while its FDR performance rises from 0.05% to 0.11%. Likewise, as f increases from 100 to
500, the LDA-HMM detector sensitivity performance falls from 89.88% to 81.84% for #=7 and r=30 (Humpback whale songs) while
its FDR performance rises from 1.10% to 2.01%. This fall in the LDA-HMM detector performance is expected when f increases.



O.M. Ogundile et al. Scientific African 24 (2024) 02128

Table 4
LDA-HMM performance for different #: f=200.

Bryde’s whale pulses

4 Sensitivity (%) FDR(%)

t=18 t=12 t=6 t=18 t=12 t=6
6 96.22 94.99 94.87 0.09 0.10 0.11
7 97.10 95.88 94.87 0.07 0.08 0.09
8 97.11 95.89 94.87 0.07 0.08 0.09
9 97.11 95.88 94.87 0.07 0.08 0.09
10 97.11 95.88 94.87 0.07 0.08 0.09

Humpback whale songs

3 Sensitivity (%) FDR(%)

t=30 t=24 t=18 t=30 t=24 t=18
6 85.34 80.69 78.62 1.96 2.40 3.01
7 88.38 84.79 81.81 1.03 1.78 2.33
8 88.37 84.80 81.81 1.03 1.78 2.33
9 88.38 84.79 81.82 1.03 1.78 2.33
10 88.37 84.79 81.80 1.03 1.78 2.33

Table 5

LDA-HMM performance for different #: f=100.
Bryde’s whale pulses

4 Sensitivity (%) FDR(%)

t=18 t=12 t=6 t=18 t=12 t=6
6 98.00 97.04 96.21 0.07 0.08 0.09
7 98.61 97.69 96.58 0.05 0.06 0.07
8 98.61 97.69 96.58 0.05 0.06 0.07
9 98.61 97.69 96.58 0.05 0.06 0.07
10 98.61 97.69 96.58 0.05 0.06 0.07

Humpback whale songs

4 Sensitivity (%) FDR(%)

t=30 t=24 t=18 t=30 t=24 t=18
6 85.57 81.00 81.20 2.00 2.36 2.99
7 89.88 85.70 82.29 1.10 1.45 1.98
8 89.88 85.70 82.29 1.10 1.45 1.98
9 89.87 85.71 82.29 1.10 1.45 1.98
10 89.88 85.70 82.29 1.10 1.45 1.98

This is typical with most detectors because more reliable features can be extracted from smaller frames. Nonetheless, in order not
to increase the computational time complexity, a moderately small frame size should be used; most especially, when the signal
duration is long.

Additionally, note from the tables that the performance of the LDA-HMM detector is enhanced with an increase in the value of
t for both species. In Table 5 (Bryde’s whale pulses) for example, for /=7 and f=100 the LDA-HMM detector offers a sensitivity
performance gain of 2.03% and a reduction of 0.02 in the FDR performance as ¢ increases from 6 to 18. Similarly, in the same
table (Humpback whale songs), for #=7 and f=100 the LDA-HMM detector offers a sensitivity performance gain of 7.59% and a
reduction of 0.88% in the FDR performance as ¢ increases from 18 to 30. Therefore, the performance of the LDA-HMM detector can
be enhanced by increasing the value of 7 for each species. It is however important to mention that the performance of the detector
will eventually saturates when ¢ reaches a particular value.

LDA-HMM comparison with existing methods

Tables 6-10 present the simulation runs of the developed LDA-HMM detector with other recent methods in the literature. The
tables compare the LDA-HMM detector for # =7 with the MFCC-HMM [10,11], LPC-HMM [10,11], EMD-HMM [10] and DMD-
HMM [11] detectors. Observe from the tables that the number of filter coefficients for the LPC (v) and MFCC («) is 12 (v = a=12).
Hence, they are both 12-dimensional models. The DMD-HMM detector assumes a rank r=9 as deployed in [11]. That is, the DMD-
HMM detector is a 9-dimensional model. In the case of the EMD-HMM detector, the intrinsic mode functions (IMFs), I, which
specifies the dimension of the model varies for the two Mysticetes’ species. Therefore, 7=6 is assumed for the Bryde’s whale pulses
while 7=9 is used for the Humpback whale songs because it produces longer waveform. This means that the Humpback whale songs
use a 9-dimensional model and the Bryde’s whale pulses use a 6-dimensional model as deployed in [10].

From the tables, consider the performance of LDA-HMM detector in comparison to the DMD-HMM detector. The LDA-HMM
detector outperforms the DMD-HMM detector both in terms of the FDR and sensitivity performances for different values of ¢ and
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Table 6
LDA-HMM comparison with existing techniques: f=500.

Bryde’s whale
LDA,=7, DMD,=9, EMD;=6, MFCC,=12, LPC,=12

t Sensitivity (%) FDR (%)

LDA DMD EMD MFCC LPC LDA DMD EMD MFCC LPC
18 91.99 90.91 87.32 85.61 82.33 0.11 0.14 0.17 0.20 1.31
12 90.74 90.00 86.79 84.43 81.51 0.12 0.15 0.20 0.23 1.43
6 90.21 89.34 86.22 84.01 80.95 0.13 0.16 0.22 0.34 1.60

Humpback whale
LDA,=7, DMD,=9, EMD;=6, MFCC,=12, LPC,=12

t Sensitivity (%) FDR (%)
LDA DMD EMD MFCC LPC LDA DMD EMD MFCC LPC
30 81.83 80.90 77.97 75.10 72.18 2.01 2.63 3.64 4.24 5.29
24 79.91 78.82 75.23 73.11 70.00 3.09 4.01 4.83 5.33 6.20
18 77.22 76.11 73.41 71.14 68.59 3.97 5.00 5.96 6.19 7.11
Table 7

LDA-HMM comparison with existing techniques: f=400.

Bryde’s whale
LDA,=7, DMD,=9, EMD;=6, MFCC,=12, LPC,=12

t Sensitivity (%) FDR (%)

LDA DMD EMD MFCC LPC LDA DMD EMD MFCC LPC
18 93.81 92.81 89.39 87.49 84.38 0.08 0.12 0.15 0.17 1.29
12 92.38 91.40 88.16 86.60 83.38 0.09 0.13 0.18 0.22 1.42
6 91.42 90.99 87.73 85.80 82.59 0.11 0.14 0.19 0.31 1.60

Humpback whale
LDA,=7, DMD,=9, EMD;=6, MFCC,=12, LPC,=12

t Sensitivity (%) FDR (%)
LDA DMD EMD MFCC LPC LDA DMD EMD MFCC LPC
30 82.16 81.11 78.69 76.17 73.71 1.42 2.40 3.30 4.00 5.00
24 80.01 77.27 76.06 74.17 71.10 2.49 3.60 4.41 5.00 5.93
18 77.29 76.35 74.21 72.12 69.92 3.70 4.65 5.60 6.00 6.74
Table 8

LDA-HMM comparison with existing techniques: f=300.

Bryde’s whale
LDA,=7, DMD,=9, EMD;=6, MFCC,=12, LPC,=12

t Sensitivity (%) FDR (%)

LDA DMD EMD MFCC LPC LDA DMD EMD MFCC LPC
18 95.00 94.01 90.71 88.49 85.61 0.08 0.11 0.14 0.16 1.30
12 94.11 93.22 90.00 87.70 84.27 0.09 0.12 0.16 0.22 1.35
6 93.38 92.38 88.80 86.54 83.19 0.10 0.13 0.17 0.29 1.49

Humpback whale
LDA,=7, DMD,=9, EMD;=6, MFCC,=12, LPC,=12

t Sensitivity (%) FDR (%)

LDA DMD EMD MFCC LPC LDA DMD EMD MFCC LPC
30 85.11 84.11 81.74 78.83 75.23 1.11 2.03 3.00 3.59 4.29
24 82.22 81.21 77.91 75.25 72.55 2.00 3.03 4.00 4.79 5.31
18 80.68 79.73 75.92 72.17 70.00 3.18 4.24 5.00 5.46 6.15

f. Moreover, the LDA-HMM detector will be more suitable for real-time detection of Mysticetes’ vocalisations because it is a 7-
dimensional model while the DMD-HMM detector is a 9-dimensional model. This means that the DMD feature extraction method
will increase the computational time complexity of the HMM training process in comparison to the LDA method; thus, it will slow
down the detection process when adopted for real-time applications.

Furthermore, consider the performance of the LDA-HMM detector in comparison to the EMD-HMM detector. As documented, for
different values of 7 and f, the LDA-HMM detector offers better performance as compared to the EMD-HMM detector. In Table 10
(Bryde’s whale pulses) for example, for /=18 and f=100, the LDA-HMM detector exhibits a sensitivity performance gain of 4.11%
and a reduction of 0.05% in the FDR performance in comparison to the EMD-HMM detector. In the same table, for /=30 and f=100
for the Humpback whale songs, the LDA-HMM detector exhibits a sensitivity performance gain of 1.20% and a reduction of 1.06%
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Table 9
LDA-HMM comparison with existing techniques: f=200.

Bryde’s whale
LDA,=7, DMD,=9, EMD;=6, MFCC,=12, LPC,=12

t Sensitivity (%) FDR (%)

LDA DMD EMD MFCC LPC LDA DMD EMD MFCC LPC
18 97.10 96.11 93.15 91.70 88.77 0.07 0.10 0.12 0.14 1.26
12 95.88 94.95 92.71 90.10 87.50 0.08 0.11 0.14 0.19 1.31
6 94.87 94.00 91.61 88.82 86.19 0.09 0.12 0.15 0.25 1.44

Humpback whale
LDA,=7, DMD,=9, EMD;=6, MFCC,=12, LPC,=12

t Sensitivity (%) FDR (%)
LDA DMD EMD MFCC LPC LDA DMD EMD MFCC LPC
30 88.38 87.20 85.05 82.35 79.90 1.03 1.79 2.47 3.02 3.92
24 84.79 83.84 80.35 78.22 76.30 1.78 2.23 3.20 3.90 5.01
18 81.81 80.80 76.81 74.46 72.20 2.33 2.80 4.00 4.60 5.79
Table 10

LDA-HMM comparison with existing techniques: f=100.

Bryde’s whale
LDA,=7, DMD,=9, EMD;=6, MFCC,=12, LPC,=12

t Sensitivity (%) FDR (%)

LDA DMD EMD MFCC LPC LDA DMD EMD MFCC LPC
18 98.61 97.73 94.50 92.72 90.32 0.05 0.08 0.10 0.12 1.21
12 97.69 96.90 93.59 91.26 89.13 0.06 0.09 0.13 0.17 1.25
6 96.58 95.10 92.71 89.93 87.75 0.07 0.11 0.14 0.23 1.38

Humpback whale
LDA,=7, DMD,=9, EMD;=6, MFCC,=12, LPC,=12

t Sensitivity (%) FDR (%)

LDA DMD EMD MFCC LPC LDA DMD EMD MFCC LPC
30 88.90 88.56 87.70 83.85 81.24 1.10 1.58 2.16 2.53 3.35
24 84.68 84.37 81.48 79.92 77.85 1.45 2.01 2.80 3.22 4.39
18 81.31 81.00 77.93 75.80 73.48 1.98 2.44 3.20 4.03 5.13

in FDR performance in comparison to the EMD-HMM detector. However, the EMD-HMM detector offers less computational time
complexity as compared to the LDA-HMM detector when used for Bryde’s whale pulse detection. This is because the EMD-HMM
detector is a 6-dimensional model while the LDA-HMM detector is a 7-dimensional model. This means that there is a trade-off
between the performance gain and computational time complexity in using the EMD-HMM detector or LDA-HMM detector for
detecting the Bryde’s whale pulses. Yet, considering the big difference in performance gain between the LDA-HMM and EMD-
HMM detectors, the LDA-HMM detector will most likely be employed. It is however important to emphasise that such decision
criteria mostly depend on the application requirement. On the other hand, to detect the Humpback whale songs, the LDA-HMM
detector offers less computational time complexity in comparison to the EMD-HMM detector. Note that the LDA-HMM detector is
a 7-dimensional model while the EMD-HMM detector is a 9-dimensional model. Therefore, the LDA-HMM is more suitable for the
real-time detection of Humpback whale songs in terms of performance gain and computational time complexity.

Lastly, consider the performance of the LDA-HMM detector in comparison to the MFCC-HMM and LPC-HMM detectors. As
documented, for different values of ¢ and f, the LDA-HMM detector exhibits better performance as compared to MFCC-HMM and
LPC-HMM detectors. More so, the MFCC-HMM and LPC-HMM detectors increase the computational time complexity of the HMM, as
they are both 12-dimensional models. Thus, the LDA-HMM is more suitable for the real-time detection of Mysticetes’ vocalisations in
terms of the computational time complexity and FDR and sensitivity performances as compared to the MFCC-HMM and LPC-HMM
detectors.

Conclusion

The method of LDA was introduced in this article as a feature extraction technique that can be deployed with the HMM to
automatically detect the vocalisations of Mysticetes. The LDA technique transforms the information in a large data matrix into a
lower dimensional space without losing the information contained in the large data matrix. Thus, the feature contained in this
lower dimensional space is reconstructed in this article to serve as a suitable feature vector for the HMM. The LDA-HMM detector
was shown to be effective and reliable in comparison to the DMD-HMM and EMD-HMM detectors, and the traditional LPC-HMM and
MFCC-HMM detection techniques. The LDA-HMM detector offered a better trade-off between the FDR and sensitivity performances
and computational time complexity as compared to these existing methods. The performance of this developed LDA-HMM method
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was documented using two different Mysticetes’ vocalisations. However, there are about 14 types of Mysticetes’ that produce similar
vocalisations; including, Sei whales, Fin whales, Gray whales, and so on. Therefore, in the future, the performance of this proposed
LDA-HMM technique can be verified for the other Mysticetes’ vocalisations.
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