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Humpback whales are large baleen whales with 
a worldwide distribution.
Their songs are well known amongst the public 
and researchers because they are very complex 
and fascinating.
In 1971, Payne defined the structure of 
humpback whale songs as formed by themes 
that are repeated in specific patterns; the 
building blocks are termed units – i.e. the 
shortest continuous sound between two silences 
(Fig. 1) [1].

   

Figure 1: song structure drawn by Payne in his 
paper published in 1971.

Typically songs last for several hours and most 
of their energy is contained below 4 kHz, 
although  harmonics extend up to 21 kHz [2]. 
Although all humpbacks produce sounds in a 
social context, songs are only produced by 
males during the mating season, suggesting 
they play a role in the courtship ritual. Males  
might sing to advertise their presence to females 
and to mark their territory.

Hidden Markov Models (HMMs) have been 
widely used in speech recognition and only 
recently applied to whale calls. To date, HMMs 
have been used to model humpback whale 
vocalisations only in one study with promising 
results. The aim of this study is to automatically 
classify humpback whale songs from Ste Marie 
Island, Madagascar, using HMMs with a 
supervised training process.
Research suggests that HMMs can be 
successfully applied in the analysis of bio-
acoustic signals and that they allow for the 
change in spectral characteristics over time, 
unlike more common and straightforward 
classifiers.
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Signal classification

Calls from 4 songs recorded over 3 seasons 
were classified using  the Hidden Markov Model 
Toolkit (HTK) developed by Cambridge 
University. The steps involved in the training 
stage of the models are summarised in the 
diagram below (Fig. 3).
 

Figure 3: Schematics of the training process using 
the HTK tools relevant to the dataset analysed. 

Each sound unit was stored in a separate ‘.wav’ 
file and feature sets were computed with the 
HCopy tool, according to the user specifications 
(12 MFCCs and 12 ∆MFCCs). HMM prototypes 
were left-to-right models with 1 or 2 states 
depending on the structure of the call. Initially, 
the HInit toolkit segments the training data fed in 
the model uniformly to get the MLE mean and 
variance for each state, and then it computes the 
Viterbi algorithm to find the transition 
probabilities that maximise the likelihood of the 
observations, given the probabilities. Then the 
Baum-Welch re-estimation procedure (HRest 
toolbox) to improve the estimation of the 
transition probability matrix.
The network of the unit model based on their 
definition was SILENCE-UNIT-SILENCE. 
Given that a unit can consist of one or more 
subunits, the network for the subunit model 
was SILENCE-SUBUNIT (and) SUBUNIT–
SILENCE. The overall results are given in 
Fig. 4).

Figure 4: correct classification of the calls present in 
the recording as a percentage of the total number of 

calls correctly classified over the total number of 
calls present in each recording.

Signal detection

The vocalisations present in the song recordings 
were detected by calculating the energy at each 
point in time. When the  energy is greater than 
the threshold we have a signal, and if it is lower 
we have a silence or background noise.
Two thresholds were used to determine the start 
and end of a signal; in particular the threshold of 
start was relatively high to discard the calls 
emitted by distant animals.

Figure 2: block diagram of the segmentation 
algorithm  used.

Signal characterisation

Characterisation of the data is an important step 
in signal processing because it allows to capture 
the main features of the sound which will be 
used to classify them in the right category. This 
is achieved by modelling the sound production 
mechanism that allows to extract the number of 
features wanted to uniquely identify each sound.
The problem is to identify the best model for 
humpback whale sounds because we know little 
about the way in which they produce their calls.

Methods for sound characterisations are 
borrowed from speech analysis because 
humpback vocalisations present similarities with 
speech sounds, such as the presence of voiced 
and unvoiced type calls.
Mel-frequency cepstrum coefficients (MFCCs) 
were used to capture the main characteristics of 
each humpback whale call within a song.
The MFCCs are based on a homomorphic filter 
where the frequency bands approximate the 
logarithmic hearing of human listeners [3], which 
means that some frequencies will be amplified 
whilst others reduced.
The performance of the MFCC coefficients to 
describe humpback calls was tested against 
other two feature sets commonly used for this 
purposed, namely LPCs and cepstrum 
coefficients. MFCCs proved the best so they 
were employed for further analysis.
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