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Abstract 

 

Male humpback whales produce complex series of sounds that are repeated in a 

stereotyped pattern, and are known as songs. Songs undergo continuous changes which can be 

observed at several levels: total duration, composition and structure, and characteristics of the 

units, i.e. the individual sounds that compose the song. Although humpback whale songs have 

been extensively studied, little work has been done to investigate progressive modifications of 

units acoustic features over time. This study provides a quantitative and comprehensive 

estimate of progressive year around changes of a humpback whale song sound, unit j, tracking 

its evolution throughout two following breeding seasons and the feeding season in-between. 

In particular analyses aimed at: (i) investigating the presence of correlations within a set of 

acoustic parameters characterising this unit type using Principal Component Analysis (PCA); 

(ii) determining whether the selected parameters could discriminate between samples of unit j 

recorded in different moments of the year using Discriminant Function Analysis (DFA); (iii) 

calculating and index of acoustic similarity to quantify the overall changes of unit j 

throughout the study period using a back-propagation Artificial Neural Network (ANN). Unit 

j is a mid-frequency non-harmonic sound presenting both frequency and amplitude 

modulation. Its acoustic similarity index decreased progressively, but not constantly 

throughout the study period. The sound changed mainly during the 2008 breeding season, 

when it was first introduced into the song. The temporal characteristics of the sound, i.e. 

duration, and temporal distribution of the acoustic energy, were mainly responsible for these 

changes. Afterwards, the overall index of acoustic similarity remained rather stable, varying 

little during the 2008 feeding season and the 2009 breeding season, when sound j disappeared 

from the recordings. These results corroborate previous descriptions of progressive changes in 

the acoustic characteristics of humpback whale song sounds in the North Pacific Ocean. 

Future improvements of the methodology are discussed.  
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Introduction 

 

Humpback whale (Megaptera novaeangliae) songs represent one of the most complex 

acoustic behaviour found among animals. They consist of sequences of relatively stereotyped 

sounds organised according to a hierarchic structure, whose components are repeated 

cyclically in a fixed pattern (Payne and McVay, 1971; Winn and Winn, 1978; Suzuki et al., 

2006). The function of these vocalizations is currently unknown, although several hypotheses 

have been suggested (Herman and Tavolga, 1980; Tyack, 1981; Chu and Harcourt, 1986; 

Frazer and Mercado, 2000; Mercado et al., 2003; Darling et al., 2006).  

Songs are produced mainly by lone adult males (Tyack, 1981; Winn and Winn, 1978; 

Darling and Berube, 2001; Darling et al., 2006) during the winter, when humpback whales 

migrate to tropical and subtropical coastal waters to calve and mate. However, they have been 

heard also during migrations and on the mid and high latitude feeding grounds in the summer 

and fall. Although singing on the feeding grounds has been traditionally reported in the 

literature as a rare event, several observations suggest that songs may be commonly produced 

in these areas (Mattila et al., 1987; McSweeney et al., 1989; Gabriele and Frankel, 2002b; 

Gabriele and Frankel, 2002a). These songs appear to be simplified shorter versions of those 

sang on the breeding grounds during the previous winter. 

Several levels of organization can be identified in humpback whale songs: single sounds 

(referred to as “units”) are produced in predictable sequences called “phrases”; each phrase is 

repeated several times to make up a "theme"; different themes follow one another in a fixed 

order to compose a “song”; and a song is repeated over and over without interruptions during 

a song session that can last up to several hours (Payne and McVay, 1971; Winn and Winn, 

1978; Frumhoff, 1983; Clapham, 2000).  

Humpback whale songs gradually change over time (Payne et al., 1983; Payne and Payne, 

1985; Cerchio et al., 2001; Mercado et al., 2003; Arraut and Vielliard, 2004; Mercado et al., 

2005). However, at any given moment all the singers on the same breeding ground sing 

highly similar versions of the song (Guinee et al., 1983; Payne and Payne, 1985; Arraut and 

Vielliard, 2004), while songs produced in different ocean basins seem to be completely 

unrelated (Winn et al., 1981; Cato, 1991). Since songs are constantly changing, and these 

variations occur simultaneously in every singer of a particular area, it has been suggested that 
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male humpback whales may learn the current version of the song from each other and 

converge on a common pattern.  

Moreover, songs produced on different breeding grounds within the same ocean basin 

exhibit a high level of similarity and synchronous changes over time, even though these areas 

are thousands of kilometres apart (Cerchio and Jacobsen, 1996; Cerchio et al., 2001; Helweg 

et al., 1996; Darling and Sousa-Lima, 2005)
1

. The mechanisms responsible for the 

simultaneous modification of song characteristics over an ocean-basin scale are not clear, 

though several explanations have been suggested (McSweeney et al., 1989; Cerchio et al., 

2001).  

Changes in the song appear to occur all year around. Payne et al. (1983), analysing 

humpback whale songs recorded in Hawaii in two subsequent breeding seasons, suggested 

that most of the changes may occur throughout the winter. However, McSweeney et al. 

(1989) comparing summer songs recorded in Alaska with winter songs recorded in Hawaii 

during the previous and following breeding seasons, found that changes appearing in the 

Alaskan songs seemed to anticipate some of the patterns characterizing the Hawaiian songs 

during the following winters.   

It has been suggested that the continuous evolution of song characteristics may convey a 

selective advantage to those singers that can introduce innovations, and at the same time 

demonstrate conformity to the current version of the song (Payne, 2000). However, there is 

not agreement among different authors on the purpose of these modifications (Noad et al., 

2000; Cerchio et al., 2001; Darling et al., 2006; Garland et al., 2011). 

Changes in the song can be observed at different levels: total duration, song composition 

(i.e. which themes are present) and structure (i.e. how themes are organised), and unit 

characteristics. In particular, individual units are gradually modified into different sounds or 

they suddenly disappear from the song (Tyack, 1981), while completely new vocalizations 

may be introduced. 

Song units span over a wide repertoire. They include both harmonic and broadband 

elements, with a frequency range between 30 and 24000Hz, and a sound intensity of 151 to 

                                                 

1
 However, Garland et al. (2011) recently presented a different pattern of song evolution in the South Pacific 

Ocean, where different songs are present at the same time in different breeding grounds. New song types are first   

observed in the westernmost part of the basin and then rapidly spread eastward, progressively replacing the older 

versions.  
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189 dB re 1 μPa. Units are 0.1 to 4.45s long, and are separated by intervals of silence of 0.5 to 

3s (Payne et al., 1983; Cato, 1991; Mednis, 1991; Au et al., 2006; Au et al., 2004).   

Due to their complex structure and variety, song sounds have received a lot of interest from 

bio-acousticians. Most studies have focused on the classification of single vocalizations into 

unit types. Early works classified song sounds based on perceptual assessments and visual 

inspections of the spectrograms (Payne and McVay, 1971; Winn and Winn, 1978; Winn et al., 

1981; Cato, 1991). However, in the last 20 years several researches have attempted to develop 

quantitative methods to eliminate subjectivity and improve consistency in the methodologies. 

These studies followed two main analytical approaches based on absolute acoustic features or 

quantitative measures of specific sound parameters.  

The first approach involves creating a spectrogram matrix for each sound, representing its 

overall time-frequency distribution. Self Organising Maps use the similarities between these 

matrixes to cluster sounds into distinctive categories, corresponding to different unit types 

(Chabot, 1988; Walker et al., 1996; Mitsakakis et al., 1996; Hayward, 1997; Suzuki et al., 

2006; Green et al., 2011). This approach offers the advantage of working with a wide variety 

of vocalizations, and in particular with sounds characterized by the presence of “noisy” 

components
2

, whose acoustic features are usually difficult to describe with traditional 

methods. On the other hand, spectrographic representations of the sounds are sensitive to 

background noise, which may highly affect the quality of the data. High levels of background 

noise are characteristics of humpback whale song recordings, in which fainter vocalizations 

emitted by distant animals often overlap the main signal produced by a nearby singer. As a 

consequence, these studies typically require big data sets, from which smaller subsamples 

with a high signal to noise ratio are selected for the analysis.   

The second approach involves measuring or calculating a series of acoustic parameters 

from spectrograms, spectra and waveforms of the sounds. These parameters can later be used 

as the inputs for several classification methods like cluster analysis (Stimpert et al., 2011), 

Hidden Markow Models (Rickwood and Taylor, 2008), and Artificial Neural Networks 

(Mercado and Kuh, 1998; Seekings and Potter, 2003). Using measurements of specific sound 

parameters partially overcome problems related to high levels of background noise
3

. 

                                                 

2
 e.g. non-linear dynamics, or turbulent noise. 

3
 However, some of the techniques used to measure sound characteristics are not immune to elevated level of 

background noise. Therefore, their use is limited to datasets achieving a minimum signal to noise ratio (Schilling 

and Harris, 2005).   
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Moreover, this approach may provide information about which acoustic features are 

responsible for discriminating sounds into different categories
4
.  

These works have mainly focused on maximising the efficiency of the algorithms 

developed to categorize and classify song sounds, and little work has been done to investigate 

progressive modifications of unit characteristics through time. Most of the studies looking at 

changes in the features of song sounds involved qualitative descriptions based on aural and 

visual inspections of the spectrograms, which identified variations in the frequency, duration, 

and spacing of single units (Winn et al., 1981; Payne et al., 1983; Cato, 1991; Arraut and 

Vielliard, 2004). At the moment the only quantitative analysis available is the one carried out 

by Cerchio et. al (2001), who investigated synchronous changes of unit characteristics on two 

different North Pacific breeding grounds (Hawaii and Mexico) over a four month period. 

Their results suggested the presence of parallel modifications of units duration and frequency 

in the two areas. However, their analysis was limited to univariate comparisons, and no 

attempts were made to quantify the effect of contemporaneous changes of multiple variables 

on the overall level of acoustic similarity between different periods or locations.   

The purpose of this study is to provide a quantitative and comprehensive estimate of 

progressive year around changes of humpback whale song sounds, tracking the evolution of a 

single unit type between two following breeding seasons and the feeding season in-between.  

The main objectives are to: (i) investigate the presence of correlations within a set of 

acoustic parameters calculated for the sound, in order to avoid problems associated with 

multicollinearity of the variables; (ii) determine whether the selected parameters can 

discriminate between samples of that unit type recorded in different moments of the year; (iii) 

calculate and index of acoustic similarity to quantify the overall changes of this unit type 

throughout the study period.  

 

 

 

 

 

 

                                                 

4
 However, problems may arise when traditional techniques are applied to vocalizations characterised by non-

linear components. 



5 

 

Materials and methods 

 

Data collection 

 

 Data collection was carried out off Maui, Hawaii, during two subsequent breeding seasons 

(January to April 2008 and February to April 2009), and in Prince William Sound, Alaska, 

during the feeding season between them (December 2008) (Figure 1). A total of 22 days of 

fieldwork were completed during this period, collecting 9h 20m of recordings.  

Acoustic recordings of singing humpback whales were acquired using two Hightech HTI 

96 min series hydrophones connected to Marantz professional PMD671 solid state digital 

recorders. The hydrophones were manually deployed from a small motor boat, which was 

positioned in close proximity of the singer. Recordings were made at a sampling rate of 

48kHz in Hawaii, and 96kHz in Alaska. The use of different recording frequencies in the two 

areas was due to the requirements of a parallel project carried out in Prince William Sound. 

Hawaiian Islands 

Prince 

William Sound 

Figure 1. Study areas are indicated by the red circles. Data collection was carried out off Maui, Hawaii, 

during two subsequent breeding seasons (January to April 2008 and February to April 2009), and in Prince 

William Sound, Alaska, during the feeding season between them (December 2008). Projection and datum: 

Orthographic (centered at 30N 130W), World Geodetic 1984 (WGS1984). 
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The distance between the animal and the hydrophone was variable due to movements of the 

whale or to the effect of wind and currents, however it was estimated to be within 200m. 

Beyond this distance the signal to noise ratio became too low. Usually in these cases 

recordings were interrupted and the boat was repositioned to get closer to the singer.   

Photo identification of the singers was attempted whenever possible. No rematches were 

found. 

 

Extraction of acoustic parameters 

To equalize sampling frequencies, recordings made at 96kHz were resampled at 48kHz 

using Adobe Audition 2.0 (Adobe Systems Inc.). A Butterworth high-pass filter with 20Hz 

cut off (Schilling and Harris, 2005) was applied in order to eliminate low frequency 

background noise falling below the minimum reported frequency for humpback whale songs 

(Payne and Payne, 1985; Mednis, 1991; Au et al., 2006).      

Preliminary analyses consisted of aural and visual investigation of spectrograms and 

waveforms and were performed using Raven Pro 1.3 (Cornell Lab of Ornithology), with 2048 

point Fast Fourier transforms (FFTs), Hann window, 23.4Hz resolution and 50% overlap. 

Each sound was assigned to a unit type based on the perceived acoustic impression, the 

characteristics of the spectrogram, and the position of the sound within the song. Although a 

certain unit type may change dramatically over time, assuming that changes in both the 

acoustic characteristics of the unit and in the structure of the song (which determines the 

position of the unit) are progressive
5
, allows to track the evolution of these sounds over 

extended lengths of time. Unit type j was present for the longest period of time in the 

recordings (from February 2008 to March 2009) and was therefore chosen for further 

analysis. Unit type j (Figure 2) was included in the first theme of the song. It was a mid-

frequency sound, presenting both frequency and amplitude modulation. It was present in 12 

different days in the recordings. One of these days (10
th

 March 2009) was excluded from the 

analysis because it included only partial recordings of the song. For each of the remaining 11 

days (reported in Table II – Appendix A) only one singer per day was recorded. Visual 

monitoring of the singer and/or continuity of the vocalizations assured that all the songs 

within each day were produced by the same animal. Unfortunately only 5 out of 11 whales 

                                                 

5
 This assumption is believed to be verified for songs produced within our study area (North Pacific Ocean). 

However, studies conducted in the South Pacific show that humpback whale songs can undergo rapid 

revolutionary changes (Noad et al., 2000; Garland et al., 2011).   
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could be photographed. Although some animals could not be photo-identified, the probability 

of recording the same singer during different recording sessions is very low  (Darling personal 

communication; see also Guinee et al., 1983, and Payne et al., 1983). Therefore, it is 

reasonable to assume that all these unidentified whales were indeed different singers, and 

accordingly we can exclude the presence of autocorrelation in the dataset due to repeated 

recordings of the same animals during different days.  

For each day in which unit j was present 20 samples were selected based on their quality 

(signal to noise ratio) and manually extracted from the recordings. 20 extra samples of sound j 

as well as 20 samples for unit type k (described in Figure 2) were also extracted for the day 

when sound j first appeared in the recordings (10
th

 February 2008).   

21 acoustic parameters were measured for each sample. 14 parameters could be 

automatically extracted using Raven Pro 1.3. The remaining parameters were calculated using 

Matlab 7.1 (The Math Works, Inc.). Their description is reported in Table I – Appendix A. 

Time 
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Figure 2. Spectrograms (Hanning window, FFT size 2048, 50% overlap, 23.4Hz resolution) (top) and 

waveforms (bottom) of unit j (left) and unit k (right). Unit j is a mid-frequency non-harmonic sound, 

presenting both frequency and amplitude modulation. The fundamental frequency ranges from 176.5 (sd = 

57.3) to 386.8 (sd = 98.3) Hz. At frequencies above the fundamental unit j presents a broadband noisy 

component. Unit k is a high-frequency harmonic sound, with a strong frequency modulation. It is 

characterized by the presence of several inflection points. 
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The frequency contour of the lowest frequency band (f0), was extracted using Beluga, a sound 

analysis routine written in Matlab (available online from http://biology.st-

andrews.ac.uk/soundAnalysis/). Visual inspection of the spectrograms and the waveforms 

confirmed that f0 corresponded to the fundamental frequency of the signal. The frequency 

contours were used to calculated minimum f0, maximum f0, starting f0, ending f0, f0 trend 

(Au and Hastings, 2008) and the number of inflection points (IPs), using custom written 

algorithms in Matlab (Figure 3 and  4 - Appendix A, Appendix B). The inter-pulse interval 

(IPI) was measured directly from the waveforms of the original signals applying a 

Butterworth low-pass filter with 100Hz cut off and a peak finder (Figure 5 – Appendix A).  

 

Multivariate statistics 

Statistical analyses were carried out using the free software R (available online from 

http://www.r-project.org). Exploratory data analysis was performed to investigate the 

characteristics of the acoustic parameters previously extracted. Data were tested for normality 

(Shapiro-Wilk multivariate test), homogeneity of the variance (Fligner-Killeen test) and 

homogeneity of the variance-covariance matrices (Box’s M-test). To assess whether these 

acoustic parameters could be used to discriminate between sounds recorded on different days 

a multivariate analysis of variance (MANOVA) was carried out treating the “Day” of the 

recordings as the independent variable and the acoustic parameters as the dependent variables. 

One-factor analysis of variance (ANOVA) identified the variables that were statistically 

different between days.  

In order to investigate the presence of correlations between the acoustic parameters, 

pairwise scatter plots and a correlation matrix were generated, and a principal component 

analysis (PCA) was carried out. PCA aims at reducing the dimensionality of a data set in 

which there is a large number of correlated variables, while at the same time retaining as 

much as possible of the variation present. This reduction implies transforming the original 

(correlated) variables, x1, x2,… , xq, into a new set of uncorrelated variables (i.e. the principal 

components), y1, y2,… , yq, each of which is a linear combination of the original variables. The 

principal components are ordered so that the first few retain most of the variation present in 

all of the dataset. In other words the first principal component, y1, is that linear combination of 

the original variables, x1, x2, . . . , xq, whose sample variance is greatest amongst all possible 

such linear combinations. The second principal component, y2, is that linear combination of 

the original variables that accounts for the maximal proportion of the remaining variance 

http://biology.st-andrews.ac.uk/soundAnalysis/
http://biology.st-andrews.ac.uk/soundAnalysis/
http://www.r-project.org/
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being at the same time uncorrelated to y1, and so on (Jolliffe, 2002; Everitt, 2005; 

Matthiopoulos, In press). Geometrically y1 defines the line of best fit (in the least squares 

sense) to the q-dimensional observations in the sample. These observations may therefore be 

represented in one dimension by taking their projection onto this line, which corresponds to 

their first principal component score. Components scores are in fact the values that each 

sample (in this case corresponding to a single sound in the dataset) would have received on 

each of the principal components had they been measured directly.  

Principal components scores were tested for normality (Shapiro-Wilk multivariate test), 

skewness, presence of outliers (Adjusted Quantile Plot), homogeneity of the variance 

(Fligner-Killeen test) and homogeneity of the variance-covariance matrices (Box’s M-test). 

To investigate which components could be used to discriminate between recordings collected 

in different periods, the scores of the principal components with the highest eigenvalues were 

plotted against the “Day” when the sounds were recorded, and MANOVA and one-factor 

ANOVA were carried out.  

To avoid problems associated with multicollinearity these scores were used in place of the 

original variables in a discriminant function analysis (Dunlop et al., 2007; Poulson and 

Braithwaite, 1997). Discriminant function analysis (DFA) is a multivariate statistical analysis 

that allows to predict a categorical dependent variable (group membership) by one or more 

continuous independent variables (the predictors), and can be used to test whether a certain set 

of parameters can discriminate group membership correctly (Crawley, 2007). Mathematically 

it is a multivariate analysis of variance (MANOVA) turned around, i.e. it investigates whether 

two or more groups are significantly different from each other with respect to a set of 

particular variables, and if therefore, these variables can discriminate between the groups. The 

idea behind DFA is to predict group membership based on linear combinations (called 

discriminant functions) of the independent variables. DFA initially requires a set of 

observations in which both group membership and the values of the independent variables are 

known, and as a result it produces a model that allows to predict group membership when 

only the independent variables are available.  

Discriminant functions are in fact latent variables created as a linear combination of 

discriminating independent variables: Di = di1x1 + di2x2 + ... + dinxn, where Di is the score of 

the discriminant function, xn are the observed values for the independent variables, and din are 

the discriminant coefficients that maximize the separation between the groups, i.e. the 

dependent variable, relatively to differences within the groups. The number of discriminant 

http://en.wikipedia.org/wiki/Categorical_variable
http://en.wikipedia.org/wiki/Dependent_variable
http://en.wikipedia.org/wiki/Variable_%28mathematics%29#Applied_statistics
http://en.wikipedia.org/wiki/Continuous_variable
http://en.wikipedia.org/wiki/Independent_variable
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functions i is the lesser of the number of categories in the grouping variable minus one, or the 

number of independent variables. The first discriminant function provides the best separation 

between the groups. The second discriminant function is orthogonal to the first and provides 

the next best separation between the groups on the basis of associations not used in the first 

discriminant function. Since these functions are orthogonal, their contributions to the 

discrimination between groups do not overlap. Successive functions are found in a similar 

way. There is one set of coefficients di for each discriminant function.  

To assign cases into groups, a classification function is developed for each level j of the 

dependent variable: Cj = cj 0 + cj1x1 + cj2x2 + ... + cjnxn, where Cj is the score of the 

classification function for the j
th

 group (j = 1 … k), cj0 is a the constant for the j
th

 group, xn are 

the observed values for the independent variables, and cjn is the classification coefficient for 

the n
th

 variable in the computation of the classification score for the j
th

 group. cjn is calculated 

using the means of the independent variables and the pooled within group variance-

covariance matrix. Data for each case are inserted into each classification function to produce 

a classification score for each group. The case is assigned to the group for which it obtains the 

highest classification score.   

The “Day” when the sounds were recorded was assigned as the dependent variable and the 

principal component scores previously calculated with the PCA were used as the independent 

variables. If the sound parameters extracted in the previous session changed during the study 

period the DFA should be able to correctly classify samples recorded on different days. 

However, the probability of the sound being correctly classified according to the “Day” of the 

recordings will depend on the magnitude and consistency of the differences of the principal 

components between those days, so that the percentage of correctly classified sounds should 

increase as the differences between the acoustic parameters increases across the recordings. 

The output of the classification obtained through the DFA was used to calculate the 

percentage of misclassification of the sounds.  

However, if the coefficients used to assign a case to a group are derived, in part, from that 

same case, the resulting classification may be biased. A jack-knifing procedure was 

implemented to avoid this problem. According to jack-knifing one case at the time was left 

out of the dataset, the coefficients for the classification functions were calculated on the 

remaining cases, and then they were used to assign the excluded case to a group. Therefore, 

each case had a set of coefficients that had been derived from all other cases. This provided a 

more realistic estimate of how well the independent variables can estimate group membership. 
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The observed and the predicted classes were then compared to calculate the classification 

error. 

 The number of significant dimensions was determined using a Wilks test. Plots of the 

discrimination scores were examined to evaluate the contribution of the discrimination 

functions to separating the groups. A structure matrix, also called loading matrix, reporting 

the correlations between predictors and discriminant functions, was generated in order to 

identify the nature of the combinations of independent variables that separated the groups, i.e. 

which principal components characterized a particular discriminant function.  

 

Back propagation neural network  

To quantify the overall changes of unit j through time, a series of pairwise comparisons 

was carried out using a back-propagation artificial neural network (ANN) implemented in 

Matlab 7.1 (Appendix B). Similarly to nonparametric statistical inference, ANNs do not 

require a priori assumptions about the probabilistic distribution of the variables involved, and 

are therefore suited to deal with acoustic data recorded in the field, which due to limited 

sample size are usually non-normally distributed.     

ANNs are networks of interconnected processing elements that behave like biological 

neurons, i.e. they have a propensity for acquiring experiential knowledge from their 

environment, which is then stored by increasing the strength of the connections between the 

neurons (synaptic weights), and made available for solving future computational problems 

(Haykin, 1999). The neurons in the network are arranged in inter-connected layers. They 

multiply each input vector by its weight, sum the products and pass the sum through a transfer 

function to produce an output that is used as an input for the following layer. This process is 

repeated layer by layer until a final output is produced. In a supervised ANN, like the back-

propagation network used in this study, the synaptic weights are modified by presenting the 

network with a set of training samples. Each sample consists of an input vector, and a target 

vector. The network learns how to associate the input to its corresponding target by modifying 

the weights in order to minimize the difference between the target vector and the actual 

output. This training process is repeated several times in a loop that continuously compares 

output and target and modifies the weights accordingly. Different criteria can be used to 

interrupt the training process.  

In back-propagation ANNs the Widrow-Hoff learning rule is applied to a multi-layered 

network, whose layers are connected by nonlinear differentiable transfer functions 
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(Rumenhart et al., 1986a; Rumenhart et al., 1986b; Picton, 2000). This learning rule 

calculates the error signal as the difference between the target and the output, and propagates 

it backward through the network in the direction opposite to that of the synaptic connections, 

to modify the neurons weights layer by layer. Each neuron in the intermediate layers receives 

only a portion of the total error signal, which is proportional to its relative contribution to the 

error (Iranmanesh, 2009).  

Back-propagation ANNs can be used for pattern recognition, in which they are trained to 

classify input vectors into their corresponding target categories. The predictive power of the 

network can later be estimated by presenting it with unknown patterns. If the network has 

been properly designed to maximize its performance, the classification error in the test set, i.e. 

the unknown pattern, will depend on the presence of consistent differences between the input 

vectors associated with each target. In particular, in pairwise comparisons, as the difference 

between the input vectors associated with the two targets increases, the error of the network 

will decrease. Vice-versa, if the input vectors are similar the network will perform poorly and 

the error will be high. Therefore, this error can be used as an index of similarity between 

inputs associated to different targets, i.e. categories, and in fact provides a quantitative 

measure of the difference between the categories themselves (Deecke et al., 1999, 2000).   

To calculate the acoustic similarity index for the different recording days, samples 

recorded at the beginning of the study period (“Day1”) were compared with samples collected 

in every following day for which unit j was found. “Day1” marks the time of the first 

appearance of unit j in the dataset. Therefore samples collected on “Day1” are considered as 

the baseline against which every successive recording is compared. 

The acoustic parameters extracted in the previous section were used as inputs to the 

network, while target vectors consisted of boolean values, [0 1] and [1 0], corresponding to 

the two different days to compare. The network implemented a learning function with 

adaptive learning rate and momentum, and a sum of square error (SSE) performance function. 

It included two-layers of neurons: a hidden layer and an output layer. The number of neurons 

in the output layer was set equal to the sample size in the training set. Both layers applied a 

log-sigmoid transfer function, whose output ranges from 0 to 1 and is therefore suited to 

produce binary values (Bishop, 1995). Weights and biases were initialized using the Nguyen-

Widrow function (Nguyen and Widrow, 1990).  

To partially compensate for the stochasticity of ANN analysis associated with weights 

randomization (Kolen et al., 1990), as many independent networks as possible were trained 

http://en.wikipedia.org/wiki/Bit
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and tested on each comparison, using a jack-knife procedure similar to the one implemented 

for DFA. 40 samples were used for each pairwise comparison, 20 from each of the two 

categories (i.e. days) to be compared. According to the jack-knife procedure one sample at the 

time was excluded from the training set. The neural network was trained on the remaining 39 

samples and then tested with the sample that was previously excluded. The error for each of 

these networks was calculated as the average of the absolute differences between the target 

and the output of the testing set as described by Deecke et al. (1999). The average of the 

errors of the 40 neural networks trained and tested this way represented an index of acoustic 

similarity for each pairwise comparison.   

This error not only allows to determine whether the network is correctly classifying the 

inputs and to calculate the proportion of misclassified cases, but it also provides a measure of 

the discrimination power of the network, quantifying the relative level of similarity between 

the two groups. For example, a pairwise comparison in which a sample recorded on “Day1” 

obtained either of these outputs [0 1], [0.49 0.51] could be considered. The first output [0 1] 

corresponds exactly to the target vector for “Day1”, while the second output [0.49 0.51] is 

hardly better than random. However, since in both cases the first value in the output vector is 

smaller than 0.5 and the second is bigger than 0.5 the sound will be correctly classified as 

recorded on “Day1”. On the other hand, if the same sample obtained an output of [0.51 0.49] 

the sound would be misclassified, although these values are pretty close to [0.49 0.51]. 

Therefore, the proportion of misclassified samples does not seem to provide an accurate 

measure of the differences between the input datasets. The error of the network provides more 

representative information. For example, for the [0 1] output the error would be 0; for the 

[0.49 0.51] output the error would be 0.49; for the [0.51 0.49] output the error would be 0.51. 

These results suggest that the error better reflects the weakness of the classification associated 

with the second and the third output and is therefore a better indicator of the discrimination 

power of the network, and thus of the similarity between the two datasets compared.  

The optimal number of iterations during the training phase and the number of neurons in 

the hidden layer were determined through network design experiments that aimed at 

stabilizing the output error of the training set for the broadest range of pairwise comparisons, 

and at the same time reducing computational time. This included comparing: 1) two groups of 

randomly selected samples of the same unit type extracted from the same recording, i.e. the 

two most similar groups possible (represented by two datasets of 20 randomly selected 

samples each of unit type j recorded on 10
th

 February 2008); 2) samples of two different unit 
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types recorded on the same day, i.e. two completely different sounds (represented by the first 

dataset of 20 samples of unit type j recorded on 10
th

 February 2008 and the dataset of 20 

samples for unit type k recorded on the same day). For both comparisons the network was 

first trained keeping the number of neurons in the hidden layer fixed at 40, and progressively 

increasing the number of iterations during the training phase from 1 to 100,000. Training was 

automatically stopped when the error gradient in the training set decreased below 0.0001.  

The same network was trained again keeping the number of iterations fixed, and 

progressively increasing the number of neurons in the hidden layer from 1 to 60. Increasing 

the number of neurons in the network may increase the number of networks that reach 

convergence, but it also increases computational time
6
. Therefore, it is necessary to identify 

the most suitable number of neurons that allows to reach a reasonable compromise between 

these two aspects.  

The network architecture determined with these experiments was then used to perform 

pair-wise comparisons between samples of unit j recorded during different days. 

However, the lack of convergence of some networks was likely due to the random values 

assigned to the weights during the initialization process. For some of these values the network 

could not reach a stable state, and the errors kept oscillating. These networks were eliminated 

from the analysis. To assure that an equal number of tests was completed for each pairwise 

comparison the networks were run several times until at least one network converged for each 

sample used during the testing phase. If more than one network converged for the same 

sample, the error of the first network to converge was selected.   

A linear regression model was applied to the acoustic similarity index to assess whether it 

decreased over time, which would suggest an overall change of unit type j throughout the 

study period. Wilk-Shapiro test, Breusch-Pagan test and Durbin-Watson test, were applied to 

assess errors normality, non-constant variance, and independence.  

An assessment of the overall behaviour of the back-propagation network was carried out 

visually inspecting plots of the errors for the single networks trained and tested using the jack-

knife procedure. 

 

 

                                                 

6
 Usually, an increase in the number of neurons leads also to another problem of NN analysis: overfitting. 

However, this is not a concern in the current study. Since neural networks are used to calculate a similarity index 

between two datasets, the network is intentionally overfit, to more closely represent their differences.  
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Results 

 

Extraction of acoustic parameters 

Unit type j was present with a sufficient number of samples during 11 days of the 

recordings, from February 2008 to March 2009. Since the study period extended from January 

2008 to April 2009 it can be assumed that unit j first appeared as a new sound during 

February 2008 in the Hawaiian song, and was present throughout the rest of that breeding 

season. The sound was found in recordings from Alaska collected in December 2008, 

appeared again on the tropical breeding grounds in February 2009, and then disappeared by 

the end of March 2009
7
.  

Summary values for the sound parameters are reported in Table II – Appendix A. Unit j 

(Figure 2) is a mid-frequency non-harmonic sound, with a fundamental frequency (f0) range 

between 176.5 (sd = 57.3) and 386.8 (sd = 98.3) Hz, presenting both frequency and amplitude 

modulation (Dolphin et al., 1995; Au and Hastings, 2008). f0 had a general increasing trend 

although some inflections were present (μ = 2.9, sd = 2.8). The amplitude modulation 

consisted of a low-frequency modulation signal superimposed over the mid-frequency carrier 

f0 (Figure 5 – Appendix A). The IPI of this modulation signal fell between 33 and 79Hz (μ = 

58.3Hz, sd = 14.3) and gave the sound a pulsed appearance (Cheveigné, 2005). At frequencies 

above f0 the sound presented a broadband noisy component.  

 

Multivariate statistics 

According to exploratory data analysis (Figure 6 – Appendix A) acoustic parameters 

related to time measurements (“Duration”, “Interval of silence before the sound”, “Centre 

Time”, “1st Quartile Time”, “3rd Quartile Time”, “Inter-quartile Range Duration”, “Max 

Time”, “Min Time”) seemed to increase throughout the study period. “f0 trend” decreased 

due to the contemporary increase in “Start f0” and decreasing of “End f0”. At the same time 

“Min f0” increased and “Max f0” decreased, suggesting an overall reduction in the frequency 

range. Other parameters appeared to be highly variable and their changes through time were 

less evident.    

The Shapiro-Wilk multivariate normality test provided strong evidence that these acoustic 

parameters were not normally distributed (p-value < 2.2e-16), Fligner-Killeen test suggested 

                                                 

7
 Note that no data were collected in January 2009, therefore no samples are available for this month. 
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heteroscedasticity (p-value < 2.2e-16), and Box's M test indicated that the assumption of 

equality of covariance matrices was violated (Box's M = 7662.739, approximate F = 2.317, p 

= 0.000). However, ANOVA and MANOVA are usually considered to be relatively robust to 

deviations from normality, equal variance, and heterogeneity of the variance-covariance 

matrices, which should not strongly affect the results (Tabachnick and Fidell, 2007). 

According to MANOVA sounds differed across recording dates (Wilks’ λ = 0.001, F = 

9.3093, p-value < 2.2e-16), and results from the one-factor ANOVA provided strong evidence 

that the means of all measured parameters (apart from the “Interval of silence after the 

sound”) were significantly different between the 11 days (p-value < 0.01).  

The pairwise scatter plots (Figure 7 – Appendix A) and the correlation matrix (Table III – 

Appendix A) suggested the presence of strong correlations between some acoustic 

parameters.  

PCA generated five principal components accounting for 78.3% of the variance in the 

original dataset, and having eigenvalues greater than 1 (Figure 9, Figure 8 and Table IV – 

Appendix A). Since the first five components explained a large proportion of the variance in 

the parameters, it was considered reasonable to assume that their scores could be used to 

summarize the data in further analyses with relatively little loss of information.  

The correlation matrix (Table V – Appendix A) suggested that the first component was 

most closely correlated with variables related to the length of the sound and the temporal 

distribution of the sound energy (“Duration”, “Centre Time”, “1st Quartile Time”, “3rd 

Quartile Time”, “Inter-quartile Range Duration”, “Max Time”, “Min Time”). The second 

component was most closely correlated with variables describing the frequency distribution of 

the sound energy (“Peak Frequency”, “Centre Frequency” and “1st Quartile Frequency”), 

while the third component was correlated with “Min f0”, “Start f0”, and “f0 trend”, which 

overall described the frequency modulation characteristics of the sound. Relationships 

between the variables with the highest correlation coefficients for the fourth and fifth 

components were less clear and an interpretation was not attempted. 
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Plotting the first five principal component scores against the day of the recordings (Figure 

10 – Appendix A) suggested that the first component decreased during the study period. No 

relationship with time appeared evident for the other components. According to MANOVA, 

the first five principal components could be discriminated across recording dates (Wilks’ λ = 

0.018, F = 26.471, p-value < 2.2e-16), and results from the one-factor ANOVA provided 

strong evidence  that the means of their scores were significantly different between the 11 

days (p-value < 0.01). 

Shapiro-Wilk multivariate normality test provided strong evidence that the first five 

principal component scores were not normally distributed (p-value < 2.2e-16), due to both 

skewness and presence of outliers. The Fligner-Killeen test suggested heteroscedasticity of 

the components (p-value < 2.2e-16) and Box's M test indicated that the assumption of equality 

of the variance-covariance matrices was violated (Box's M = 847.022, approximate F = 5.049, 

p = 0.000). However, DFA is usually considered to be relatively robust to non-normality and 

Figure 9. The first three principal components generated through PCA are plotted one against the other. 

Although there is some overlapping between the groups, samples seem to be clustered according to their 

recording day. 
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heterogeneity of the variance-covariance matrices 
8
 (Ashikaga and Chang, 1981; Sever et al., 

2005; Tabachnick and Fidell, 2007).  

When using the scores of the first five principal components generated by the PCA, DFA 

classified 63.6% of the sounds (N = 220) correctly when using original grouped cases (Table 

VIa – Appendix A), and 55.9% when using the jack-knife procedure (Table VIb – Appendix 

A). When all principal components were used, these percentages increased to 80.9% and 

69.6% respectively. Results on both the original grouped and the jack-knifed cases were 

substantially different from random (9.1%).  

Table VIa suggested that, in general, the shorter the temporal distance between two groups 

the more likely the sounds of one group were misclassified in the other. For examples seven 

sounds recorded on 2008 February 21
st
 were misclassified in the 2008 March 9

th
 group, and at 

                                                 

8
 However some authors argue that DFA results may be strongly influenced by non-normality (e.g. Nakanishi 

and Satoa, 1985).  

Figure 12. The standardized scores for the first, second and fourth discriminant functions are plotted against 

each other. Samples seem to be clustered according to their recording day.  
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the same time one sound recorded on 2008 March 7
th 

was misclassified in the 2008 March 9
th 

group, and five sounds were misclassified in the 2008 March 31
st
 group. Similarly five sounds 

recorded on 2009 February 20
th

 were misclassified in the 2009 February 21
st
 group, and at the 

same time six sounds recorded on 2009 February 21
st 

were misclassified in the 2009 February 

20
th

 group.  

 Results of Wilks test (Table VII – Appendix A) indicated that sound j varied on four 

distinct dimensions throughout time. The first discriminant function accounted for 60.6% of 

the between-group variance, the second for 24.5%, the third for 11.5% the fourth for 3.2%. 

The fifth function was non-significant (Wilks’ λ = 0.991, p-value = 0.933). Plots of the 

standardized score of the five discriminant functions (Figure 11 – Appendix A) confirmed 

little variability in the scores for the fifth function. It also appeared that the first, second and 

fourth functions discriminated better between groups than the third function, which is 

however statistically significant (Wilks’ λ = 0.376, p-value = 0.000). The plots of the 

standardized scores for the first, second and fourth functions (Figure 11 and 12 - Appendix A) 

showed that the samples seemed to be clustered according to their recording day. In particular 

samples collected in 2009 (February 20
th

 and February 21
st
) formed a rather separated cluster.   

The structure matrix, reporting the correlations between predictors and discriminant 

functions (Table VIII - Appendix A), suggested that the first discriminant function was highly 

correlated with the first principal component; the second discriminant function correlated with 

both the second and the fourth component; the third function was highly correlated to the 

second component; while the fourth function correlated mostly with the third and fourth 

components.   
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Back propagation neural network  

 When increasing the number of iterations during the network design experiments 45% of 

the networks converged in both comparisons. These networks reached a stable state within 

20,000 iterations; networks that did not stabilize within this limit did not converge at all. 

20,000 was therefore chosen as the maximum number of iterations in the training phase. 

Convergence did not improve using more than 40 neurons in the hidden layer for both 

comparisons, so the characteristics of the network were not further modified. When 

comparing two groups of randomly selected samples of the same unit type extracted from the 

same recording, the network returned an error of 0.548 (sd = 0.144). While when comparing 

samples of two different unit types (unit j and unit k) recorded on the same day, the error (μ = 

0.079, sd = 0.185) was significantly lower (Welch’s t-test: t = 12.6472, p-value < 2.2e-16 at 

99% confidence level). 

Results for pair-wise comparisons between samples of unit j recorded on “Day1” and on 

Figure 13. Results for pair-wise comparisons between samples of unit j recorded on “Day1” and on any 

following day are reported. The index of acoustic similarity assumes values between 0.165 and 0.548 (in fact 

the second value represents the results of the comparisons between the two datasets available for “Day1”, i.e. 

the comparison of “Day1” with itself). The index rapidly decreases during the first breeding season. In 

December 2008 the index is similar to the previous winter, although slightly higher. It reaches its minimum 

during the following breeding season (2009), just before unit type j disappeared from the recordings. The 

linear regression model suggests an overall decrease in the acoustic similarity index during the study period 

(F = 7.335, p-value = 0.024, R
2
 = 0.449). Shaded areas correspond to the breeding seasons. Days are counted 

starting from the first day sound j appeared in the recordings, i.e. “Day1” (20
th

 February 2008).  
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any following day are reported in Figure 13. The index of acoustic similarity assumed values 

between 0.165 and 0.548. It rapidly decreased during the first breeding season. In December 

2008 the index was similar to the previous winter, although slightly higher. It reached its 

minimum during the following breeding season (2009), just before unit type j disappeared 

from the recordings.  

A linear regression model suggested an overall decrease in the acoustic similarity index 

during the study period (F = 7.335, p-value = 0.024, R
2
 = 0.449). Model assumptions were all 

met (Wilk-Shapiro test: W = 0.922, p-value = 0.3336; Breusch-Pagan test: χ
2
 = 2.853, p-value 

= 0.091; Durbin-Watson test: D-W = 1.562, p-value = 0.256)
9
.  

Figure 14 (Appendix A) reports the errors for the single networks trained and tested using 

the jack-knife procedure (calculated as the average of the absolute differences between the 

target and the output of the testing set). Some values (0.256410001, 0.512821006, and 

0.75641074710) appear to be rather common. A possible interpretation for these values is 

given in the following section. 

 

 

Discussion 

 

Extraction of acoustic parameters 

Unit j (Figure 2) highly resembles the “trill” vocalization described by Dunlop et al. (2007) 

in the social sounds repertoire of migrating Eastern Australian humpback whales. It is a mid-

frequency non-harmonic sound, characterized by the presence of both frequency and 

amplitude modulation. Similar values obtained for f0
11

 and peak frequency, and the narrow 

inter-quartile range bandwidth suggest that most of the energy content is concentrated in the 

fundamental frequency. However, a broadband noisy component occupying areas of the 

                                                 

9
 It must be noted that since each acoustic similarity index is calculated assuming Day1 as a baseline, the data are 

intrinsically auto-correlated. Therefore, they should be interpreted as the index of similarity between Day1 and 

any following day. In this perspective the use of non-independent values is justifiable. 

10
 Nine decimals are reported to support the statement that these are not just similar values rounded to the same 

decimal place, but they are indeed the exact same value. 

11
 f0 has been described by four different parameters: “min f0”, “max f0”, “start f0”, and “end f0” (Table II). 

Since unit j has little frequency modulation these parameters assume similar values. These values are also similar 

to those reported for the “Peak Frequency”.   
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spectrogram above f0 can be clearly identified. The low-frequency modulation signal falls 

below 80Hz, therefore sound j is perceived as a pulsed call by human listeners (Titze, 1988; 

Titze, 2000).  

Due to the complex structure of unit j, extraction of the acoustic parameters represented a 

major challenge for this project. Quantitative measurements of specific acoustic parameters 

were preferred over spectrogram matrixes due to generally high levels of background noise in 

the recordings.  

The overall efficiency of the sound analysis routine used for extracting the f0 contour was 

confirmed by visual inspections of spectrograms and waveforms
12

. However, the accuracy of 

the results seemed to be influenced by the signal to noise ratio. A quantitative analysis will be 

necessary to evaluate the performance of the algorithm in the presence of different levels of 

background noise.  

Inaccuracy of the f0 contours may be responsible for suspected errors in the number of 

inflections points in sounds extracted from poor quality recordings. Although the mean 

number of inflection points in each recording day, calculated from the frequency contour, 

ranged from 0.05 (sd = 0.22) to 8.55 (sd = 1.88), values greater than 3 were rarely observed 

during visual inspections of the spectrograms. Mean values higher than the maximum visually 

observed were calculated for 2
nd

 December 2008 (μ = 8.55, sd = 1.88) and 20
th

 February 2009 

(μ = 5.30, sd = 2.41). Both recordings presented relatively high levels of background noise 

that may have decreased the performance of the frequency extraction algorithm, determining 

“ripples” in the f0 contour. These ripples were not effectively removed by the smoothing 

function (Figure 4), and were therefore wrongly interpreted as local minima or maxima, 

which lead to an overestimation of the number of inflection points. Improvements of the 

smoothing function will be necessary for future applications. 

Sound parameters used to characterise sound j did not include information about its noisy 

component. As reported above, traditional analysis methods are not applicable to 

vocalizations that are mainly characterized by broadband noise, and quantitative 

measurements are usually carried out using spectrogram matrixes. Unfortunately, this method 

                                                 

12
 Although f0 contours alone have been successfully used to compare the sounds produced by other species of 

cetaceans (Buck and Tyack, 1993; Deecke and Janik, 2006), they were judged insufficient to comprehensively 

describe the characteristics of humpback whale vocalizations, and in particular of sound j. Additional parameters 

were required to provide information about the amplitude modulation, and the time and frequency distribution of 

the acoustic energy throughout the sound. 
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has the disadvantage of requiring big data sets, which are necessary to deal with the low 

signal to noise ratio characteristics of humpback whale recordings. Since the sample size 

available for this study was rather limited, the choice of a more traditional approach, 

involving measurements of specific sound parameters, was justified, although it lead to the 

exclusion of the noisy component from the analysis. However, in the last few years, as 

irregular vocalizations have been described for several species, including some cetaceans 

(Tyson et al., 2007), new techniques based on non-linear dynamics have been developed to 

provide quantitative measurements of these calls (Tokuda et al., 2002). The application of 

these rather recent analytical tools to the study of humpback whale sounds may provide a 

better description of noisy units, like the one examined here.   

The selection of the sound parameters used to characterise a certain sound type is a 

subjective decision, usually biased towards those acoustic features that are important to 

human observers for discriminating between different acoustic inputs, but that are not 

necessarily significant for other species (Dunlop et al., 2007). Anyway, in the absence of 

empirical data on the acoustic parameters used by humpback whales for identifying different 

vocalizations, arbitrary decisions must be made. Nevertheless, objectivity in the analysis may 

be improved using reception-based representations of the signal (Mercado, 1998a, b), which 

account for species-specific sensitivity to different frequencies. The sensitivity of the 

mammalian ear is frequency-dependent, typically decreases towards the extremes of the 

auditory range, and is characteristic for each species. A weighting curve, enhancing the 

frequencies to which a particular species is more sensitive and damping those for which the 

sensitivity is lower (Talling et al., 1998), could provide information on the acoustic distance 

between different sounds that is actually perceived by the animals.   

 

Multivariate statistics 

PCA was necessary to avoid multicollinearity associated with the presence of highly 

correlated variables. The 21 original acoustic parameters were summarized into 5 principal 

components that accounted for most of the variability in the dataset. 

An interpretation was possible for the first three principal components. The first 

component represented the overall temporal characteristics of the sound, summarising 

information about the sound duration, and the temporal distribution of the acoustic energy. 

The scores for this component decreased over time, due to an increase in the value of its 
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characterizing variables
13

. Similar changes in the temporal features of song sounds have been 

previously described by Cerchio et al. (2001).  

The second and the third components represented respectively the distribution of the 

acoustic energy in the frequency domain, and the frequency modulation of the signal. They 

did not show any variation during the study period. This suggests that the temporal 

characteristics of the sound were the main responsible for the change of unit j over time.  

DFA using principal components generated by the PCA could aggregate most of the 

sounds according to their recording day, although some overlapping between the clusters was 

present. Miss-classification between the groups increased as the interval of time between the 

recordings decreased, suggesting that unit j undergo and overall progressive unidirectional 

change.     

Although the first five principal components explained a large proportion of the variance in 

the parameters (78.3%), the lower classification efficiency of the DFA when using only the 

score for these components (63.6% of the samples correctly classified) compared to when the 

scores of all components were used (80.9%) suggested that the PCA generated components 

did not accurately capture the variability of the dataset, determining a loss of important 

information.  

At the same time lower percentages of correctly classified sounds obtained using the jack-

knife procedure (55.9% and 69.6%) relatively to using the original grouped cases, may be due 

to the combined effects of non-normality due to the presence of outliers, and non-

homogeneity of the variance-covariance matrices in the presence of a small sample size 

(Tabachnick and Fidell, 2007). Therefore, increasing the dataset may improve the 

classification performance of the jack-knifed DFA.    

Improving the performance of the jack-knifed DFA would allow to use the results of this 

analysis for calculating an index of acoustic similarity with a method similar to the one used 

for ANN analysis. In this case the error for each individual sample would be calculated as the 

difference between the expected outcome and the classification scores (Cj) that the sample 

receives for each group. The average of all the individual errors calculated this way represents 

an index of acoustic similarity for each pairwise comparison. Results could be compared with 

                                                 

13
 Due to axes rotation during the PCA the correlation coefficient for these parameters for the first component 

were negative (Table V – Appendix A), therefore an increase in the original variables corresponded to a decrease 

in the principal component scores.   
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those obtained by a back-propagation neural network on the same dataset, providing 

indications about the relative effectiveness of the two analyses.    

 

Back propagation neural network  

ANN analysis allowed to quantify the effect of contemporaneous changes of multiple 

variables on the overall level of acoustic similarity of sound j throughout the study period.  

The acoustic similarity index calculated with this method decreased progressively, but not 

constantly with time. Sound j changed mainly during the 2008 breeding season, when it was 

first introduced in the song, as suggested by the rapid decrease of the similarity index. 

Afterwards the index remained rather stable, varying little during the 2008 feeding season and 

the 2009 breeding season, when sound j disappeared from the recordings. These results 

corroborate previous descriptions of progressive changes in the acoustic characteristics of 

humpback whale song sounds (Winn et al., 1981; Payne et al., 1983; Cato, 1991; Cerchio et 

al., 2001; Arraut and Vielliard, 2004).  

However, due to the small sample size available for this study and to the presence of 

weaknesses in the methodology (see below), results are not conclusive and further 

improvements are judged necessary.  Most of the singers in the dataset were not photo-

identified. Although, the probability of recording the same singer during different recording 

sessions is very low, autocorrelation cannot be completely excluded.  

Individual variations in unit characteristics were noted by Arraut et al. (2004). Since only 

one singer was recorded for each day included in the dataset, it is questionable whether the 

similarity index might be representative of changes in the acoustic characteristics of unit j 

shared by the whole population, or is instead the result of inter-individual differences between 

the singers. Although the second hypothesis cannot be excluded, indexes obtained for 

consecutive days are very similar (e.g. 20
th

-21
st
 February 2009). Assuming that singers 

recorded on different days were indeed different animals, results suggest that the variability 

between different individuals may be lower than the variability between different periods.  

No data were collected during the summer months, when humpback whales are feeding at 

high latitudes and song characteristics have been suggested to be stationary; and during 

January 2009, when the animals return to the breeding grounds and songs may start changing 

again (Wright and Walsh, 2010).  
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Due to time constrains, the study was limited to a single unit type, which may not be 

representative of the whole repertoire characterising humpback whale songs. Extending the 

analyses to other song sounds may support the validity of the method.  

The tests carried out to define the architecture of the network (i.e. the number of neurons in 

the hidden layer and the number of iterations) also allowed to assess the effectiveness of using 

the network error as a measure of acoustic similarity. As expected, the network returned an 

error of 0.548 when comparing two groups of samples of the same unit type (unit j) extracted 

from recordings collected on the same day (10
th

 February 2008). This value is close to 0.5, 

which corresponds to a random classification of the input, which has a 50% probability of 

being assigned to the right category among the two available. On the other hand, the 

classification error for two different unit types (unit j and unit k) was low (μ = 0.079, sd = 

0.185), confirming that the network could effectively discriminate different sounds. Since unit 

j and unit k were extracted from the same recording, such a low error suggests that the 

discrimination power of the network was not affected by the acoustic characteristics of the 

environment. These characteristics include both the presence of background noise, which may 

introduce foreign elements into the signal, and the physical properties of the water column, 

which may determine frequency-specific transmission loss. The acoustic characteristics of the 

environment can be assumed to be stable within the same recording session
14

, but may vary 

substantially between different days and/or locations, therefore determining environmental-

dependent differences between sounds recorded in different periods or geographic areas. 

Results suggest that these phenomena are not affecting the analysis.  

The errors for the single networks trained and tested using the jack-knife procedure 

(calculated as the average of the absolute differences between the target and the output of the 

testing set) often assumed specific values (0.256410001, 0.512821006, and 0.756410747), 

which may represent local minima in the error-surface (Figure 14 – Appendix A). According 

to Rumelhart et al. (1986b), the error-surface in back-propagation neural networks might 

contain local minima in which the learning function could get trapped. In this case, the 

network can still converge, as the error gradient in the training set decreases below the chosen 

threshold, even though the training process is not able to find the global minimum. If this is in 

fact the case, some questions arise about the overall behaviour of the network. In particular, it 

may be interesting to investigate why these local minima remain stable for all pairwise 

                                                 

14
 However, rapid variations in the background noise may arise due to anthropogenic activities (e.g. vessels 

passing by), or the arriving/departure of other singers in/from the area.    
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comparisons. Within each pairwise comparison, there are in fact 40 networks trained and 

tested with the jack-knife procedure. Although in each of them one sample at the time is 

excluded, the other 39 remain the same. Therefore, it is possible that the 40 networks will 

have similar error-surfaces (i.e. similar minima). However, in another pairwise comparison 

50% of the dataset will be different (since the first 20 samples are still from “Day1”, while the 

other 20 are from another of the following days). Nevertheless the local minima assumed the 

same values. This can be explained if: 1) the influence of “Day1” on the characteristic of the 

error-surface is dominant over that of the other datasets; 2) the variability between the 

datasets for each day is small, therefore their influence on the characteristic of the error-

surface is exactly the same; 3) the characteristic of the error-surface are not determined by the 

characteristics of the dataset (as long as the sample size is kept constant), but are instead 

determined by the architecture of the network (i.e. number of layers, number of neurons per 

layer, number of inputs, and type of the transfer, learning and performance functions). 

Dedicated experiments are required to investigate these possibilities. However, preliminary 

tests suggest that the minima in the error-surface remain stable: 1) when “Day1” is excluded 

from the analysis, and the pairwise comparison is carried out for any two other days, 

suggesting that the first hypothesis may be discarded; 2) when the network is used to classify 

different sounds (other than j), suggesting that the second hypothesis may also be eliminated. 

Since the networks applied batch training (i.e. the weights were updated after each presenting 

of the complete dataset) we can also exclude that the order of the inputs may be responsible 

for the stability of the local minima.  

Rumelhart et al. (1986) stated that increasing the numbers of neurons in the network may 

“provide paths around the barriers that create poor local minima in the lower dimensional 

subspaces”. The network design experiments carried out in this study suggested that, when 

the number of neurons in the hidden layer was increased over a certain limit (40), less 

networks were able to converge. Most likely this was a by-product of weights randomization. 

Since weights were initialized using the Nguyen-Widrow function, each neuron was assigned 

a different weight. Therefore, the more neurons the hidden layer had, the more initial weights 

were assigned to the network. An intrinsic characteristic of back-propagation neural network 

is that some initial weights cannot lead to convergence. Consequently, having a higher 

number of different weights may have reduced the chances for the network to stabilize. On 

the other hand, preliminary tests suggested that adding one extra layer to the network (while 

at the same time keeping the total number of neurons fixed) may completely eliminated 
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results associated with local minima. Additional analyses are recommended to further explore 

the effect of the network architecture on the shape of the error-surface, and on the similarity 

index calculated from the output of the back-propagation ANN. 
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Appendix A: Figures and Tables 

 

 

 

 

 

TABLE I. Description of the acoustic parameters measured for each sample. 

Duration (s) Length of sound. 

Interval of silence before the 
sound (s) 

Length of the interval between the beginning of the sound and the end of the previous sound. 

Interval of silence after the 

sound (s) 

Length of the interval between the end of the sound and the beginning of the following sound. 

Peak frequency (Hz) The frequency at which the maximum amplitude in the selection occurs within the selection. If the 

maximum amplitude occurs at more than one time and/or frequency, the lowest frequency at which the 

maximum amplitude occurs. 

Centre Frequency (Hz) The frequency that divides the selection into two frequency intervals of 

equal energy. 

1st Quartile Frequency (Hz) The frequency that divides the selection into two frequency intervals containing 25% and 75% of the 

energy in the selection. 

3rd Quartile Frequency (Hz) The frequency that divides the selection into two frequency intervals containing 75% and 25% of the 
energy in the selection. 

IQR (Inter-quartile Range) 

Bandwidth (Hz) 

The difference between the 1st and 3rd Quartile Frequencies. 

Centre Time (s) The point in time at which the selection is divided into two time intervals of equal energy. It is measured in 

seconds from the beginning of the selection. 

1st Quartile Time (s) The point in time that divides the selection into two time intervals containing 25% and 75% of the energy 
in the selection. It is measured in seconds from the beginning of the selection. 

3rd Quartile Time (s) The point in time that divides the selection into two time intervals containing 75% and 25% of the energy 

in the selection. It is measured in seconds from the beginning of the selection. 

IQR (Inter-quartile Range) 

Duration (s) 

The difference between the 1st and 3rd Quartile Times. It is measured in seconds from the beginning of the 

selection. 

Max Time (s) The first time in the selection at which a spectrogram point with power equal to the maximum power 
occurs. It is measured in seconds from the beginning of the selection. 

Min Time (s) The first time in the selection at which a sample with amplitude equal to the minimum  amplitude occurs. It 

is measured in seconds from the  beginning of the selection. 

Min f0 Minimum value of f0. 

Max f0 Maximum value of f0. 

Start f0 Average calculated on the first 10% of f0. 

End f0 Average calculated on the last 10% of f0. 

f0 trend Ratio End f0/Start f0. 

Inflection Points (IPs) Number of reversal in f0 slope. 

Inter-Pulse Interval (IPI) Amplitude modulation consisting of a low frequency modulation signal superimposed over the mid 

frequency carrier f0. 
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TABLE II. Mean (first line for each variable) and standard deviation (second line for each variable) of the acoustic parameters measured for unit type j 

recorded during 11 days throughout the study period. Sample size for each day is 20. 20 extra samples of sound j as well as 20 samples for unit type k were 

also extracted for 20th February 2008.   

Location Hawaii Hawaii Hawaii Hawaii Hawaii Hawaii Hawaii Alaska Alaska Hawaii Hawaii Hawaii Hawaii 

Day 
2008   

Feb-10 

2008    

Feb-21 

2008  

Mar-07 

2008  

Mar-09 

2008  

Mar-31 

2008  

Apr-05 

2008  

Apr-06 

2008  

Dec-02 

2008  

Dec-05 

2009   

Feb-20 

2009   

Feb-21 

2008      

Feb-20  

2008        

Feb-20  

Unit type j j j j j j j j j j j 
j (extra 

samples) 

k (extra 

samples) 

Duration 
(s) 

1.58 1.29 1.37 1.51 1.23 1.58 1.83 2.74 1.49 3.52 1.81 1.55 2.13 

 
0.28 0.19 0.36 0.32 0.24 0.35 0.33 1.10 0.40 0.37 0.91 0.30 0.59 

Interval of 
silence 

before (s) 

1.73 1.72 1.85 1.56 1.90 1.75 1.56 1.73 1.83 2.75 1.22 1.60 1.43 

 
0.57 0.47 0.42 0.32 0.55 0.46 0.55 0.81 0.65 0.44 0.72 0.59 0.53 

Interval of 

silence 

after (s) 

1.48 1.67 1.69 1.62 1.89 1.80 1.60 1.72 1.90 1.68 1.16 1.39 1.91 

 
0.48 0.50 0.58 0.42 0.57 0.50 0.48 0.92 0.63 0.48 0.60 0.46 0.50 

Peak 

frequency 
(Hz) 

312.88 267.17 314.05 274.19 311.72 281.24 322.27 285.92 241.40 275.37 164.26 307.02 748.82 

 
27.70 20.67 34.34 24.16 11.00 20.13 46.81 23.56 26.44 35.56 136.08 23.92 525.48 

Center 

frequency 

(s) 

310.54 268.34 309.39 277.70 305.87 282.41 332.80 292.96 262.48 289.44 161.44 307.02 781.64 

 
14.97 14.17 12.26 15.72 5.23 19.36 18.02 23.44 12.24 43.87 143.55 18.48 287.29 

1st quartile 

frequency 

(Hz) 

288.27 240.24 278.87 251.94 290.60 273.03 296.48 277.72 234.38 250.77 151.15 284.76 609.38 

 
21.65 18.43 12.95 21.33 11.81 21.86 44.52 21.87 15.22 29.54 127.92 23.17 117.81 

3rd 

quartile 
frequency 

(Hz) 

331.64 290.60 344.52 292.95 326.93 365.63 358.61 350.38 295.29 447.64 207.99 329.30 1551.56 

 
17.47 14.04 51.64 12.06 5.23 220.83 15.39 188.95 22.06 296.47 157.24 19.36 825.62 

IQR 

bandwidth 

(Hz) 

43.36 50.40 65.64 41.01 36.33 92.57 62.12 72.63 60.96 196.88 69.35 44.53 942.19 

 
15.74 21.89 44.07 19.96 11.99 224.87 38.22 198.44 20.68 288.70 64.79 16.85 787.37 

Center 

time (s) 
0.92 0.65 0.87 0.90 0.76 0.96 1.26 1.58 0.79 2.17 0.72 0.92 1.10 

 
0.21 0.22 0.29 0.27 0.17 0.29 0.31 0.72 0.38 0.41 0.52 0.21 0.44 

1st quartile 

time (s) 
0.70 0.47 0.72 0.72 0.60 0.77 1.04 1.05 0.56 1.60 0.56 0.70 0.78 

 
0.21 0.15 0.27 0.24 0.13 0.27 0.31 0.44 0.36 0.39 0.38 0.20 0.42 

3rd 

quartile 
time (s) 

1.14 0.85 1.01 1.08 0.90 1.15 1.44 2.01 1.02 2.67 0.86 1.11 1.41 

 
0.22 0.20 0.31 0.29 0.20 0.29 0.33 0.91 0.39 0.36 0.66 0.23 0.45 

IQR 
duration 

(s) 

0.44 0.38 0.28 0.36 0.30 0.38 0.40 0.97 0.46 1.07 0.34 0.42 0.62 

 
0.11 0.11 0.06 0.09 0.09 0.11 0.09 0.61 0.13 0.37 0.29 0.11 0.15 

Max time 

(s) 
0.91 0.65 0.89 0.89 0.75 0.99 1.37 1.55 0.60 2.23 0.76 0.96 0.99 

 
0.34 0.25 0.32 0.27 0.21 0.33 0.37 1.15 0.33 0.72 0.54 0.27 0.56 

Min time 

(s) 
1.00 0.63 0.87 0.97 0.75 1.01 1.34 1.57 0.60 2.16 0.77 1.02 0.95 

 
0.37 0.25 0.31 0.31 0.21 0.35 0.39 1.09 0.38 0.75 0.52 0.32 0.62 

max f0 

(Hz) 
426.56 401.95 513.28 349.22 501.56 341.02 358.59 326.95 312.89 342.19 236.94 424.22 870.70 

 
71.17 66.85 148.02 84.98 98.09 64.74 20.26 36.05 37.47 32.62 172.59 50.95 150.22 

min f0 

(Hz) 
207.42 138.28 130.08 125.39 141.80 229.69 150.00 202.73 180.47 212.11 109.24 196.88 485.16 

 
48.26 16.83 45.92 30.68 25.76 46.63 39.07 50.60 53.82 46.55 73.62 57.61 110.74 

start f0 

(Hz) 
246.23 157.66 148.30 143.77 151.05 258.84 189.23 252.97 207.51 274.69 127.71 232.42 606.55 

 
49.85 14.40 46.33 31.84 31.17 50.77 65.02 47.60 59.24 51.88 90.00 58.94 70.01 

end f0 (Hz) 374.34 336.70 402.79 312.68 387.44 297.27 339.35 306.74 277.78 283.57 190.89 371.60 754.51 

 
48.35 28.66 58.58 34.85 45.46 25.53 17.89 24.79 24.17 28.22 156.08 36.05 113.22 

 f0 trend  1.61 2.15 2.83 2.25 2.63 1.22 1.97 1.26 1.46 1.08 1.18 1.72 1.26 

 
0.56 0.25 0.42 0.45 0.44 0.42 0.55 0.32 0.50 0.28 0.85 0.56 0.24 

IPs 1.25 3.20 0.05 1.40 0.35 3.10 3.85 8.55 2.10 5.30 2.16 1.40 6.50 

 
1.41 1.51 0.22 1.31 0.81 1.37 2.25 1.88 1.21 2.41 2.02 1.50 2.24 

IPI 43.64 62.76 59.50 64.09 59.74 51.02 43.16 58.41 44.25 79.11 33.69 50.10 45.66 

  8.12 5.29 14.62 5.57 3.67 12.08 8.17 8.10 8.84 7.22 26.14 11.06 13.45 
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TABLE III. Correlation matrix giving the correlation coefficients between all pairs of variables in the data sets. 

 

Duration SilenceBef SilenceAft PeakF CentreF X1QF X3QF IQRB CentreT X1QT X3QT IQRD MaxT MinT maxf0 minf0 startf0 endf0 trendf0 IPs IPI 

Duration 1.000 0.267 -0.274 
-

0.052 0.016 
-

0.072 0.278 0.289 0.948 0.845 0.985 0.869 0.844 0.835 
-

0.316 0.355 0.522 
-
0.463 -0.538 0.509 0.470 

SilenceBef 0.267 1.000 -0.037 

-

0.028 -0.052 

-

0.037 0.149 0.154 0.189 0.162 0.229 0.243 0.113 0.093 

-

0.066 0.162 0.247 

-

0.180 -0.228 0.055 0.332 

SilenceAft -0.274 -0.037 1.000 

-

0.078 -0.063 

-

0.079 

-

0.032 

-

0.015 -0.306 

-

0.328 

-

0.289 

-

0.160 

-

0.236 

-

0.261 0.069 

-

0.060 

-

0.106 0.028 0.068 

-

0.037 

-

0.049 

PeakF -0.052 -0.028 -0.078 1.000 0.731 0.722 0.034 
-

0.112 0.012 0.046 
-

0.008 
-

0.070 0.077 0.055 0.330 0.018 0.041 0.417 0.154 
-
0.119 

-
0.176 

CentreF 0.016 -0.052 -0.063 0.731 1.000 0.704 0.315 0.169 0.068 0.082 0.058 0.013 0.150 0.103 0.282 0.017 0.087 0.396 0.109 0.013 

-

0.172 

X1QF -0.072 -0.037 -0.079 0.722 0.704 1.000 0.039 

-

0.163 0.024 0.077 

-

0.021 

-

0.131 0.064 0.062 0.213 0.147 0.061 0.378 0.085 

-

0.104 

-

0.300 

X3QF 0.278 0.149 -0.032 0.034 0.315 0.039 1.000 0.979 0.250 0.193 0.279 0.301 0.309 0.257 0.094 0.017 0.201 
-
0.092 -0.166 0.218 0.163 

IQRB 0.289 0.154 -0.015 

-

0.112 0.169 

-

0.163 0.979 1.000 0.242 0.175 0.280 0.324 0.292 0.241 0.050 

-

0.012 0.187 

-

0.168 -0.181 0.236 0.222 

CentreT 0.948 0.189 -0.306 0.012 0.068 0.024 0.250 0.242 1.000 0.948 0.979 0.736 0.897 0.897 

-

0.285 0.311 0.449 

-

0.399 -0.454 0.434 0.406 

X1QT 0.845 0.162 -0.328 0.046 0.082 0.077 0.193 0.175 0.948 1.000 0.891 0.508 0.850 0.843 
-

0.278 0.252 0.360 
-
0.355 -0.373 0.348 0.364 

X3QT 0.985 0.229 -0.289 

-

0.008 0.058 

-

0.021 0.279 0.280 0.979 0.891 1.000 0.844 0.879 0.870 

-

0.292 0.333 0.490 

-

0.433 -0.501 0.473 0.441 

IQRD 0.869 0.243 -0.160 

-

0.070 0.013 

-

0.131 0.301 0.324 0.736 0.508 0.844 1.000 0.663 0.655 

-

0.226 0.333 0.504 

-

0.401 -0.509 0.487 0.406 

MaxT 0.844 0.113 -0.236 0.077 0.150 0.064 0.309 0.292 0.897 0.850 0.879 0.663 1.000 0.947 
-

0.193 0.261 0.397 
-
0.313 -0.381 0.379 0.363 

MinT 0.835 0.093 -0.261 0.055 0.103 0.062 0.257 0.241 0.897 0.843 0.870 0.655 0.947 1.000 

-

0.208 0.262 0.373 

-

0.310 -0.363 0.372 0.323 

maxf0 -0.316 -0.066 0.069 0.330 0.282 0.213 0.094 0.050 -0.285 

-

0.278 

-

0.292 

-

0.226 

-

0.193 

-

0.208 1.000 

-

0.117 

-

0.063 0.832 0.433 

-

0.358 

-

0.038 

minf0 0.355 0.162 -0.060 0.018 0.017 0.147 0.017 
-

0.012 0.311 0.252 0.333 0.333 0.261 0.262 
-

0.117 1.000 0.778 
-
0.230 -0.776 0.240 

-
0.008 

startf0 0.522 0.247 -0.106 0.041 0.087 0.061 0.201 0.187 0.449 0.360 0.490 0.504 0.397 0.373 

-

0.063 0.778 1.000 

-

0.291 -0.868 0.335 0.134 

endf0 -0.463 -0.180 0.028 0.417 0.396 0.378 

-

0.092 

-

0.168 -0.399 

-

0.355 

-

0.433 

-

0.401 

-

0.313 

-

0.310 0.832 

-

0.230 

-

0.291 1.000 0.609 

-

0.409 

-

0.231 

trendf0 -0.538 -0.228 0.068 0.154 0.109 0.085 
-

0.166 
-

0.181 -0.454 
-

0.373 
-

0.501 
-

0.509 
-

0.381 
-

0.363 0.433 
-

0.776 
-

0.868 0.609 1.000 
-
0.461 

-
0.070 

IPs 0.509 0.055 -0.037 
-

0.119 0.013 
-

0.104 0.218 0.236 0.434 0.348 0.473 0.487 0.379 0.372 
-

0.358 0.240 0.335 
-
0.409 -0.461 1.000 0.198 

IPI 0.470 0.332 -0.049 

-

0.176 -0.172 

-

0.300 0.163 0.222 0.406 0.364 0.441 0.406 0.363 0.323 

-

0.038 

-

0.008 0.134 

-

0.231 -0.070 0.198 1.000 



37 

 

 

 

 

 

 
TABLE IV. Importance of the components calculated using PCA. The first 5 principal components account for 78% of the 

variance of the original variables.  

 
Comp.1 Comp.2 Comp.3 Comp.4 Comp.5 Comp.6 Comp.7 

Standard deviation 2.8385603 1.7690296 1.4485295 1.3789646 1.1212229 0.981343 0.9580857 

Proportion of variance 0.3836869 0.1490222 0.0999161 0.0905497 0.0598639 0.0458588 0.0437109 

Cumulative proportion 0.3836869 0.5327091 0.6326252 0.7231748 0.7830387 0.8288974 0.8726083 

 

 

 

 

 

 

TABLE V. Correlation matrix of the first five principal components calculated through PCA. 

Values in red have the highest correlation for each of the first three components. An interpretation 
of this correlations is given in the text.  

  Comp.1 Comp.2 Comp.3 Comp.4 Comp.5 

Duration -0.339 

    
SilenceBef 

   

-0.166 0.475 

SilenceAft 

   

-0.207 

 
PeakF 

 

-0.471 0.142 

  
Centre=F 

 

-0.485 

 

-0.118 -0.191 

X1QF 

 

-0.450 0.235 

 

-0.141 

X3QF -0.126 -0.150 -0.319 -0.517 -0.181 

IQRB -0.130 

 

-0.362 -0.521 -0.150 

CentreT -0.330 

  

0.178 

 
X1QT -0.297 

  

0.239 

 
X3QT -0.338 

  

0.124 

 
IQRD -0.291 

    
MaxT -0.306 -0.133 -0.105 0.146 

 
MinT -0.301 -0.120 

 

0.186 

 
maxf0 0.135 -0.308 -0.127 -0.125 0.467 

minf0 -0.162 

 

0.493 -0.193 0.179 

startf0 -0.219 

 

0.378 -0.273 0.212 

endf0 0.198 -0.350 

  

0.293 

trendf0 0.236 -0.135 -0.398 0.247 

 
IPs -0.199 

  

-0.108 -0.281 

IPI -0.157   -0.292   0.429 
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TABLE VI. Result from the DFA used to classify the sounds according to their recording day. Overall DFA  classified 
correctly 63.6% of original grouped cases, and 5% of cross-validated grouped cases. 

a. Original grouped cases 

 

Predicted Group Membership 

Observed 
Groups 

2008   

Feb-
10 

2008    

Feb-
21 

2008  

Mar-
07 

2008  

Mar-
09 

2008  

Mar-
31 

2008  

Apr-
05 

2008  

Apr-
06 

2008  

Dec-
02 

2008  

Dec-
05 

2009   

Feb-
20 

2009   

Feb-
21 

2008   Feb-10 11 0 2 1 0 3 3 0 0 0 0 

2008    Feb-21 0 13 0 7 0 0 0 0 0 0 0 

2008  Mar-07 0 0 14 1 5 0 0 0 0 0 0 

2008  Mar-09 13 4 1 0 0 2 0 0 0 0 0 

2008  Mar-31 3 0 7 1 8 0 1 0 0 0 0 

2008  Apr-05 0 0 0 0 0 12 1 2 5 0 0 

2008  Apr-06 3 0 0 0 0 0 16 0 1 0 0 

2008  Dec-02 0 1 0 0 0 6 0 10 0 2 0 

2008  Dec-05 0 1 0 1 0 3 0 1 14 0 0 

2009   Feb-20 0 0 0 0 0 0 0 0 0 15 6 

2009   Feb-21 0 0 0 0 0 0 0 0 0 6 14 

            b. Cross-validated grouped cases 

 
Predicted Group Membership 

Observed 
Groups 

2008   

Feb-
10 

2008    

Feb-
21 

2008  

Mar-
07 

2008  

Mar-
09 

2008  

Mar-
31 

2008  

Apr-
05 

2008  

Apr-
06 

2008  

Dec-
02 

2008  

Dec-
05 

2009   

Feb-
20 

2009   

Feb-
21 

2008   Feb-10 1 2 1 9 0 0 3 0 4 0 0 

2008    Feb-21 3 0 0 0 0 0 17 0 0 0 0 

2008  Mar-07 2 0 0 2 0 7 7 0 2 0 0 

2008  Mar-09 12 0 0 0 0 0 6 0 0 1 1 

2008  Mar-31 1 0 0 1 0 0 13 0 5 0 0 

2008  Apr-05 0 2 2 5 0 0 10 0 0 0 1 

2008  Apr-06 2 3 0 3 0 0 0 0 12 0 0 

2008  Dec-02 2 2 5 3 0 0 3 0 4 1 0 

2008  Dec-05 2 0 5 0 0 0 13 0 0 0 0 

2009   Feb-20 5 0 0 1 0 0 9 0 5 0 0 

2009   Feb-21 4 0 0 4 0 1 8 0 3 0 0 



39 

 

 

TABLE VIII. Structure matrix reporting the correlations between predictors and 
discriminant functions. The first discriminant function is highly correlated with the 

first principal component. The second discriminant function correlates with both the 

second and the fourth component, while the third function is highly correlated to the 
second component.   

  
Discriminant functions 

1 2 3 4 5 

      

First 

principal 
component 

.759 .054 .446 -.470 -.035 

Second 

principal 

component 

-.158 .507 .824 .095 .173 

Third 

principal 

component 

-.023 .325 -.345 -.647 .596 

Fourth 
principal 

component 

.134 .494 -.403 .647 -.397 

Fifth 

principal 
component 

.071 -.085 .000 .499 .859 

Table VII. Number of significant dimensions: results indicate the sound j 
vary on four distinct dimensions through time 

Test of Function(s) Wilks' Lambda Chi-square df Sig. 

1 through 5 0.018 846.712 50 0 

2 through 5 0.117 452.633 36 0 

3 through 5 0.376 206.26 24 0 

4 through 5 0.767 56.039 14 0 

5 0.991 1.852 6 0.933 
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Figure 3. Frequency contour of unit type j, showing some of the parameters used in the analysis. In 

this particular sample the maximum f0 corresponds to the only inflection point present in this sample.   
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Figure 4. Inflection points (IPs) are reversals in the slope of the frequency contour. To extract 

IPs: a smoothing function is applied to the frequency contour extracted from the recordings 

(green line); the derivative of the smoothed contour is calculated; a smoothing function is applied 

to the derivative (blue line); the intercepts between the smoothed derivative and the x axis is 

calculated (red circles). These points correspond to IPs.   
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Figure 5. Low resolution spectrograms (Hanning window, FFT size 512, 50% overlap) (left) showing the 

pulsed character of sound j. A zoomed-in portion of the waveform (right) shows that pulses correspond to an 

amplitude modulation consisting of a low-frequency modulation signal superimposed over a mid-frequency 

carrier f0. The inter-pulse interval (IPI) of the amplitude modulation signal falls between 33 and 79Hz (μ = 

58.3, sd = 14.3). IPI was measured directly from waveforms of the original signals applying a low-pass filter 

and a peak finder. 
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Figure 6. Exploratory data analysis. Acoustic parameters related to time measurements (“Duration”, “Interval of silence before the sound”, “Center Time”, “1st Quartile 

Time”, “3rd Quartile Time”, “Inter-quartile Range Duration”, “Max Time”, “Min Time”) seem to increase throughout the study period. “f0 trend” decreases due to the 

contemporary increase in “Start f0” and decreasing of “End f0”. At the same time “Min f0” increases and “Max f0” decreases, suggesting an overall reduction in 

frequency modulation. Other parameters appear to be highly variable and their changes through time are less evident. Regression lines (in red) are plotted purely for 

illustrative purposes.    
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Figure 7. Partial pairwise scatter plot showing the correlation between some of the acoustic parameters extracted: “ Duration” (Duration), “Interval of silence before the 

sound” (SilenceBef),   “Interval of silence after the sound” (SilenceAft), “Center Time” (CenterT), “1st Quartile Time” (X1QT), “3rd Quartile Time” (X3QT), “Inter-

quartile Range Duration” (IQRD), “Max Time” (MaxT), “Min Time” (MinT).  
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Figure 8. Principal components generated through PCA. The first five components have eigenvalues greater 

than 1 and account for 78.3% of the variance in the original dataset.  
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Figure 10. The score for the first five principal components are plotted against the day of the recordings. The first component seems to be decreasing during the study 

period. No relationship with time appears evident for the other components. Regression lines (in red) are plotted purely for illustrative purposes. Since the data were not 

normally distributed (Shapiro-Wilk multivariate normality test: p-value < 2.2e-16), and presented heteroscedasticity (Fligner-Killeen test: p-value < 2.2e-16) it was not 

possible to perform a linear regression analysis.    
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Figure 11. The standardized scores of the five discriminant functions are plotted against each other. The scores for the fifth function show little variability. It appears that 

the first, second and fourth functions discriminate better between groups than the third function. In particular, the first and the second function (plot 1 top row), and the first 

and the fourth function (plot 3 top row) seem to effectively separate samples collected in 2009 (February 20
th

 and February 21
st
), which form a rather separated cluster.   
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Figure 14. Errors for single networks trained and tested using the jack-knife procedure (calculated as the average of the absolute differences between the target and the 

output of the testing set), plotted against sample number (left), and “Day” (right). For each pairwise comparison the first 20 samples correspond to “Day1” and the other 20 

to one of the following days. Therefore, more errors have been calculated for “Day1”. To avoid an uneven representation of the dataset, only the errors for the second day 

in the pairwise comparison (i.e. not “Day1”) are reported. Note that “Day1” has also been compared to itself creating two datasets containing 20 randomly selected 

samples each; the errors for the second dataset of “Day1” are reported and assumed to be representative for that day. It can be easily noticed that some values are rather 

common (0.256410001, 0.512821006, and 0.756410747, their position is indicated by the dashed lines). They may represent local minima of the error-surface. 
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Appendix B: Matlab scripts for the extraction of acoustic parameters 

and neural network implementation 

 

% EXTRACTION OF THE ACOUSTIC PARAMETERS  

  

% This code calculates sound parameters from the selected samples 

  

clear all % removes items from the workspace 

  

  

% This code calculates sound parameters from the frequency contours extracted by beluga 

  

% The following code designs a low-pass filter 

[b,a] = butter(4,100/24000,'low'); % designs a Butterworth IIR digital filter 

Hd = dfilt.df2t(b,a); % constructs a discrete-time, direct-form II transposed filter object 

  

% The following code selects the frequency contours to be analysed 

cd 'C:\Program Files\MATLAB71\work\Sounds for analysis\Sound i\Sound' % changes 

MATLAB\work directory - modify as needed choosing the folder where the frequency 

contours extracted with beluga have been saved 

DATA = dir('C:\Program Files\MATLAB71\work\Sounds for analysis\Sound i\Sound\*.ctr'); 

% lists the files .ctr in the MATLAB current folder 

DATA = rmfield(DATA,'date'); % removes the field 'date' from the structure 

DATA = rmfield(DATA,'bytes'); % removes the field 'bytes' from the structure 

DATA = rmfield(DATA,'isdir'); % removes the field 'isdir' from the structure. At this point 

the only field left is 'name' 

  

% The following code creates a loop that extract sound parameters from the frequency 

contours 

[numSamples x] = size(DATA); % counts the number of samples 

for i = 1:numSamples  

    eval(['load ' DATA(i).name ' -mat']); % loads the file 

    fcontour = fcontour (1:(end-1)); % eliminates the last value in the frequency contour vector 

(it corresponds to the length of the sound) 

    p10 = round(0.1*(length (fcontour))); % calculates how many points there are in the first 

10% of the sound 

    p90 = round(0.9*(length (fcontour))); % calculates how many points there are in the first 

90% of the sound 

    DATA(i).maxf0 = max (fcontour); % extracts max fundamental frequency 

    DATA(i).minf0 = min (fcontour); % extracts min fundamental frequency 

    DATA(i).startf0 = mean (fcontour (1 : p10)); % extracts start fundamental frequency (first 

10% of the sound) 

    DATA(i).endf0 = mean (fcontour (p90-1 : end)); % extracts end fundamental frequency 

(last 10% of the sound) 

    DATA(i).trendf0 = DATA(i).endf0 / DATA(i).startf0; % calculates the fundamental 

frequency trend 

    m = fastsmooth(fcontour,100,2,0); % smooths the frequency contour 
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    n = m (101:(end-100)); % cuts the beginning and the end of the  smoothed frequency 

contour (where the smoothing function is not effective) 

    o = derivative(n); % calculates the derivative of the smoothed frequency contour 

    p = fastsmooth(o,20,2,0); % smooths the derivative 

    q(p>=0)=1; % sets all positive values of b to 1 

    q(p<0)=0; % sets all negative values of b to 0 

    r = find(diff(q)~=0); % identifies the points where the derivative crosses the zero line 

    index = find (r<20 | r>length(q)-20); % cuts the beginning and the end of h (where the 

smoothing function is not effective) 

    s = r; 

    s (index) = []; 

    DATA(i).IPs = length(s); % counts the number of points where the derivative crosses the 

zero line, i.e. the number of inflection points  

end 

  

  

% This code calculates the inter-pulse interval (IPI) from the waveform of the signals 

  

% The following code selects the recordings to be analysed  

cd 'C:\Program Files\MATLAB71\work\Sounds for analysis\Sound i\Sound' % changes 

MATLAB\work directory - modify as needed choosing the folder where the sound files have 

been saved 

SOUND = dir('C:\Program Files\MATLAB71\work\Sounds for analysis\Sound 

i\Sound\*.wav'); % lists the files .wav in the MATLAB current folder 

SOUND = rmfield(SOUND,'date'); % removes the field 'date' from the structure 

SOUND = rmfield(SOUND,'bytes'); % removes the field 'bytes' from the structure 

SOUND = rmfield(SOUND,'isdir'); % removes the field 'isdir' from the structure. At this 

point the only field left is 'name' 

  

% The following code creates a loop that extract the pulse rate (PR) from the recordings 

[NumSamples y] = size(SOUND); % counts the number of samples 

for t = 1:NumSamples  

    [y2, Fs] = wavread (SOUND(t).name); % loads the sound file  

    u = filter(Hd,y2); % filters the sound file 

    peakfinder(u, (max(u)-min(u))/10, 0.0001, 1); % finds peaks in the filtered signal  

    [peakLoc, peakMag] = peakfinder(u, (max(u)-min(u))/10, 0.0001, 1); % identifies the 

position and the amplitude of the peaks 

    peakpos = peakLoc/48000; % converts the position in seconds 

    for v = 1 : (length (peakpos)-1); 

        ipi (v) = peakpos(v+1) - peakpos(v); % calculates the inter-pulse intervals (IPI) between 

the peaks 

        ipi (ipi<0.01) = []; % removes ipi corresponding to a pulse rate >100 

        ipi (ipi>0.05) = []; % removes ipi corresponding to a pulse rate <20 

    end     

    for w = 1 : (length (ipi)); 

        pr (w) = 1 / ipi (w); % calculates the pulse rate 

    end 

    DATA2(t).PR = mean (pr); % calculates the mean pulse rate  

end 
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% The following code creates vectors with the extracted sound parameters  

  

a = struct2cell (DATA); % converts structure to cell array 

b = a'; % transpose b  

c = cellstr (b(:,1)); % first column of b (FileName) 

d = b (:, 2); % second column of b (maxf0) 

e = b (:, 3); % Third column of b (minf0) 

f = b (:, 4); % Forth column of b (startf0) 

g = b (:, 5); % Fifth column of b (endf0) 

h = b (:, 6); % sixth column of b (trendf0) 

j = b (:, 7); % seventh column of b (IPs) 

aa = DATA2' % transposes DATA2  

k = struct2cell (aa); % converts structure to cell array 

l = k'; % transposes k  

  

% The following code creates and saves a table with the extracted sound parameters  

bb = [{'FileName'} {'maxf0'} {'minf0'} {'startf0'} {'endf0'} {'trendf0'} {'IPs'} {'IPI'}; c d e f g 

h j l] % creates a table with the data  

cc = xlswrite('ContourParameters_2008_02_10_sound i.xls', bb); % saves the table in an excel 

file - modify as needed  

 

 

 

% BACKPROPAGATION NEURAL NETWORK FOR PAIRWISE COMPARISONS 

  

% This code creates a back-propagation neural network that performs pairwise comparisons 

  

clear all % removes items from the workspace 

  

% Importing data 

cd 'C:\Program Files\MATLAB71\work\Sounds for analysis\time series comparisons' % 

changes MATLAB\work directory  

a = xlsread ('2008_02_10.xls'); % reads input file for "Day1" 

b = xlsread ('2009_02_20.xls'); % reads input file for following days. Modify as needed 

c = vertcat (a, b); % concatenates arrays vertically 

p = c'; % transposes c 

d = xlsread ('Target_0.xlsx'); % reads target file for "Day1" 

e = xlsread ('Target_to_compare.xlsx'); % reads target file for following days 

f = vertcat (d, e); % concatenates arrays vertically 

t = f'; % transposes f 

[R,n] = size(p); % returns the size of the input vectors 

  

% The following code creates a loop that uses a neural network to perform pairwise 

comparisons between two data sets 

for i = 1:n 

    % The following code implements a jack knife procedure         

    trainp = 1:1:40;  

    trainp (i) = []; % excludes one vector from the training set 

    trainP = p(:,trainp);  
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    trainT = t(:,trainp); 

    testp = i; % selects the vector excluded from the training set  

    testP = p(:,testp); 

    testT = t(:,testp); 

  

    % The following code creates, initializes and trains a back-propagation neural network 

    S1 = 40; % defines the number of neurons in the first (hidden) layer 

    [S2,Q] = size(trainT); % defines the number of neurons in the second (output) layer S2 as 

the length of the output matrix 

    Pr = minmax(trainP); % calculates the ranges of matrix rows 

    net = newff(Pr,[S1 S2],{'logsig' 'logsig'},'traingdx'); % creates a feed-forward back-

propagation network with adaptive learning rate and momentum training  

    net = init(net); % initializes the neural network 

    net.performFcn = 'sse'; % sets the performance function to Sum of Square Errors (SSE) 

    net.trainParam.show = 100; % displays the training status for every 100 iterations of the 

algorithm  

    net.trainParam.epochs = 20000; % sets the maximum number of iterations to 20,000 

    net.trainParam.mc = 0.95; % sets the momentum constant 

    net.trainParam.min_grad = 0.0001; % sets the performance gradient to 0.0001 

    [net,tr] = train(net,trainP,trainT); % trains the neural network  

    DATA(i).iterations = max(tr.epoch) % saves the number of iterations necessary to reach the 

minimum gradient 

     

    % The following code tests the network  

    an = sim(net,testP); % the vector excluded from the training set is used to test the network 

    aa = round (an); % rounds an to the nearest integers, this allows to manually compare the 

results of the network with the target vector 

    ee = testT-an; % calculates the error 

    gg = abs (ee); % returns the absolute value of the errors 

    DATA(i).error = mean (gg) % calculates the mean of the errors 

end 

  

% The following code creates and saves a table with the error of the network 

bb = DATA'; % transposes DATA 

cc = struct2cell (bb); % converts structure to cell array 

dd = cc'; % transposes cc  

hh = [{'Iterations'} {'SSE'}; dd]; % creates a table with the data  

jj = xlswrite('Acoustic_Similarity_Index_2008_02_10-2009_02_20.xls', hh); % saves the 

table in an excel file - modify as needed  

  

 

 

 
 

  

 

 

 

 


