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ABSTRACT

Acoustic structure varies at multiple levels in birdsong. Note-level analyses are beneficial
because they can enable scientists to characterize song structures, define song types, and more
precisely measure vocal performance. By-eye analysis of spectrograms is sometimes adequate
for note classification. However, Adelaide’s warbler (Setophaga adelaidae) notes are difficult to
classify visually because they contain a blend of discrete and continuous variation. We ran a
novel, automated, image-based analysis called latent visualization to determine if discrete note
types exist and to explore variation among notes. Notes differed primarily in general frequency
characteristics, and note clusters (i.e., types) were not discrete. Contrary to our expectations,
cluster labels disregarded note contour, which is the most important aspect of note structure for
by-eye classification. Overall, latent visualization may not be ideal for species that produce
frequency-modulated notes. We recommend running future image-based analyses on note

contours alongside acoustic feature analysis for validation.
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CHAPTER 1: AREVIEW OF ANALYSIS METHODS IN BIOACOUSTICS

Many animals use sound to communicate. VVocalizations are an important class of
acoustic signal that animals produce by forcing air through the respiratory system to generate
vibrations. The acoustic structure of animal vocalizations varies widely and is closely related to
signal function. Birdsong is a well-studied acoustic signal used for mate attraction and territory
defense. Quantifying structural variation in birdsong at both the song and note levels is an
essential step toward understanding song function. In this review, we walk through the
importance of acoustic variation in birdsong, factors to consider when quantifying song and note
structure, and methods to quantify acoustic variation.

1.1 ACOUSTIC VARIATION IN BIRDSONG

Acoustic structure varies widely in birdsong. We can examine structural variation at
different levels based on the acoustic unit of interest. Acoustic units are any unit of sound and
include, from smallest to largest, notes, syllables, songs, and song bouts. The definitions of these
units vary among studies (Odom et al., 2021). For the sake of this review, we define a note as a
continuous trace on a spectrogram and a song as a series of notes. A syllable is a group of notes
within a song that is repeated in the bird’s repertoire with the same consecutive series of notes.
Finally, a song bout is a series of songs. Within these acoustic units, structural variation can
range from discrete to continuous. For example, song sparrows (Melospiza melodia) sing discrete
song types, but black-capped chickadees (Poecile atricapillus) sing continuous song types
(Christie et al., 2004; Podos et al., 1992).

Structural variation comes in part from song learning in birds and is important because it
reveals clues about evolutionary history, affects receiver responses, and is bound by

physiological constraints (Ballentine et al., 2003; dos Santos et al., 2018; DuBois et al., 2011;



Geberzahn & Aubin, 2014; Lachlan et al., 2013; Leitdo et al., 2006; Martins, 1996; Stoddard et
al., 1988). For instance, analyses at the note level can enable scientists to characterize song
structures, define song types, and more precisely measure vocal performance (Geberzahn &
Aubin, 2014; Leitdo et al., 2006; Stoddard et al., 1988). Navigating analyses of acoustic
variation, however, can be difficult.

1.2 WORKFLOW PIPELINE FOR ANALYZING ACOUSTIC VARIATION

Recently, roadmaps have come out for quantifying acoustic variation in animal
vocalizations (Kershenbaum et al., 2016; Odom et al., 2021). They lay out a workflow that
includes data collection, unit identification, measurement extraction, data reduction (if
necessary), and classification. In short, these workflows measure acoustic variation in one or
more dimensions and then classify acoustic units into groups. Each step aims to address
challenges inherent to the measurement of acoustic variation, including the multidimensional
nature of sound, a lack of standard terminology regarding acoustic units and variation, and
navigating the vast array of analysis techniques available. These techniques range from manual
to automated and can be applied to both feature- and image-based analyses. Accordingly, |
describe these dichotomies below.

1.2.1 MANUAL V. AUTOMATED METHODS

Manual and automated methods are available for analyzing acoustic variation in animal
vocalizations. Manual methods involve the collection and analysis of acoustic measurements by
humans, and automated methods rely on machines for measurement collection and analysis. Both
types of methods have pros and cons. Scientists can identify, compare, and classify notes by eye
using spectrograms, but doing so is time-consuming and requires expert knowledge. Manual

analyses can introduce human bias in how notes or song types are defined. For example,



annotators may disagree when labeling note types. In addition, manual analyses are limited by
the size of the dataset that scientists can analyze and the number of acoustic features they can
measure. Earlier studies in bioacoustics have mourned technological limits to understanding song
structure (Clark et al., 1987; Podos et al., 1992).

Automated analyses are quicker than manual analyses and can handle larger datasets but
have their own shortcomings. Many automated analyses are still novel, requiring external
knowledge in computer science. They also lack the accuracy of human experts. For example,
automated analyses are more consistent and repeatable than manual analyses but may struggle to
distinguish focal sounds from unwanted acoustic material (Wadewitz et al., 2015). Automated
approaches have also revealed new knowledge, like a more detailed description of song types or
finer-scale acoustic structure (Clark et al., 1987; Goffinet et al., 2021; Keen et al., 2021;
Wadewitz et al., 2015). Manual and automated methods can be applied to different types of
analyses based on the research question of interest.

1.2.2 FEATURE- V. IMAGE-BASED ANALYSIS

Scientists can run either a feature- or image-based analysis based on their research
question. Feature-based analysis uses measured acoustic features (e.g., frequency, duration,
amplitude) to compare acoustic signals. Odom et al. (2021) lay out a recommended framework
for feature-based analysis. First, the research question determines the acoustic unit(s) to
compare. Then, scientists choose acoustic metrics that apply to that acoustic unit. Finally, the
chosen metrics will suggest which type of feature-based analysis to run. Acoustic features are
useful for describing how groups differ. However, analyses tend to take a long time, and
scientists have to choose which features are important. Therefore, acoustic features may not

always be the best metric to use when quantifying acoustic variation.



Image-based analysis is an alternative approach to quantifying acoustic variation that
does not involve the collection of acoustic features. Instead, it quantifies variation in visual
images of animal vocalizations (e.g., spectrograms). Image-based analysis can pick up on
differences that scientists may not have considered and tends to be fast once it is set up. The
setup, however, can take time, and analysis ultimately does not reveal how groups differ,
requiring scientists to run additional analyses. Furthermore, image-based analysis can generate
unanticipated artifacts by, for example, sorting images based on noise rather than the signal.
Finally, scientists cannot choose or weight acoustic variables in this type of analysis. In short,
acoustic feature and image-based analyses both have advantages and disadvantages (Clark et al.,
1987; Sainburg et al., 2020). Below, | walk through manual and automated methods for acoustic
feature analysis and image-based analysis, beginning with the earliest forms of data collection.

1.2.3 DATA COLLECTION AND UNIT IDENTIFICATION

Modern bioacousticians use acoustic recorders to collect animal vocalizations. In
contrast, the earliest analysis of animal vocalizations came in the form of dictation. Scientists
would listen to an animal vocalize and then write down what they heard. For example, Saunders
(1915) began with musical notation but found he was limited by the musical staff’s fixed half-
step pitches and metered time along with other mechanical rules. Saunders attempted to address
these limitations by developing a novel graphic method to display a song’s pitch, duration, and
intensity (Figure 1.1). Despite these advancements, the spontaneity of handwritten dictation
inevitably leads to imprecision.

1.2.3.1 SPECTROGRAMS
Collection of animal vocalizations moved beyond handwritten dictation with the

invention of recording technology and the development of the sound spectrogram. The earliest
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Figure 1.1. A song of the vesper sparrow (Pooecetes gramineus), dictated by Saunders using the
graphic method (1915). Reprint licensed by the Copyright Clearance Center on behalf of Oxford
University Press - Journals (license ID 1371347-1).

spectrograms were analog sonograms, physically generated on paper by spectrographs (Pieplow,
2009). This generation was based on Fourier’s theorem and was later digitized in the form of the
Fourier transform, which converts soundwaves to a sound spectrum (Amador & Mindlin, 2023).
Today, spectrograms are a type of acoustic feature space built by running fast Fourier transforms
(FFTs) on the sound pressure waveform. This type of space represents sound in a way that is
easier for humans to understand than the sound pressure waveform. Similar to Saunder’s graphic
method, which measures pitch on the y-axis and duration on the x-axis, spectrograms measure
time on the x-axis and frequency on the y-axis. Spectrograms represent intensity (amplitude)
with color or shade. Spectrograms allow for more accurate and repeatable measurements of pitch
(called “frequency” from here on), duration, intensity (called “amplitude” from here on), and
other acoustic features than handwritten dictation (Figure 1.2). Spectrograms have enabled
scientists to identify acoustic units within songs like notes and syllables, count the number of

notes or syllables in each song, and measure durations, frequencies, and more.
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Figure 1.2. Spectrogram of an Adelaide’s warbler (Setophaga adelaidae) song. Frequency is
measured on the y-axis in kilohertz, and time is measured on the x-axis in seconds. Amplitude is
measured in the form of darkness (e.g., louder sounds are darker on the spectrogram).

Scientists have used spectrograms to visually identify acoustic units in the songs of many
species, including blue grosbeaks (Guiraca caerulea), southern house wrens (Troglodytes aedon
chilensis), willow warblers (Phylloscopus trochilus), serins (Serinus serinus), and song sparrows
(Ballentine et al., 2003; dos Santos et al., 2018; Gil & Slater, 2000; Mota & Cardoso, 2001;
Podos et al., 1992). The units we discuss in this review are syllables and notes because we are
focused on the building blocks of songs.

Once scientists identify these notes or syllables, they can build repertoires at the note,
syllable, or song level. For example, scientists may find that one blue grosbeak sings ten types of
notes, whereas another may only sing eight types (Ballentine et al., 2003). Scientists can also
identify song types by listing the order in which notes are sung. Each song type has a different
order of notes and can be used to build individual song repertoires. In some cases, technology
can be used to separate the notes within a song for further analysis (dos Santos et al., 2016;
Sainburg et al., 2020).

1.2.3.2 SPECTROGRAM SEGMENTATION

Recently developed methods can automatically separate notes through a process called
dynamic threshold segmentation (DTS). Segmentation looks for silent gaps between notes.
Scientists define silence by setting a threshold based on background noise, taking into
consideration the expected lengths of a note and the period of silence between notes (Figure 1.3;

6



Sainburg et al., 2020). Segmentation is useful because it enables scientists to save each note as a
separate file and run subsequent analyses on individual notes. In other words, segmentation is
useful for running automated classifier analyses at the note level. Before classification, scientists
need to extract measurements (if running an acoustic feature analysis), which can occur both in

spectrograms and other acoustic feature spaces.
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Figure 1.3. DTS applied to an Adelaide’s warbler song.
1.2.4 MEASUREMENT EXTRACTION

1.2.4.1 ACOUSTIC FEATURES

Like spectrograms, other acoustic feature spaces perform nonlinear operations on the
sound pressure waveform to aid in the quantification of sound. Elie & Theunissen (2016) tested
an alternative acoustic feature space to spectrograms that included the fundamental and temporal
and spectral envelopes of zebra finch (Taeniopygia guttata) vocalizations. They extracted
acoustic variables called “predefined acoustic features (PAFs),” which are properties that
humans can easily perceive (e.g., mean time, maximum amplitude, fundamental frequency).
PAFs are useful for gaining an intuitive understanding of a song’s acoustic structure but are
limited in number, meaning they may not cover all the variation present in a song’s acoustic
structure.

Other acoustic feature spaces include the modulation power spectrum (MPS), which
focuses on time and amplitude, and Mel frequency cepstral coefficients (MFCCs), which focus
on formants used in speech (Elie & Theunissen, 2016). The MPS enables scientists to study

spectro-temporal modulation, which has proven useful in discriminating natural sounds
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(Fukushima et al., 2015; Singh & Theunissen, 2003; Woolley et al., 2005). MFCCs are useful in
studying the vocalizations of mammals, who perceive frequencies along a roughly logarithmic
scale (Prat et al., 2016; Reby et al., 2006).

Once scientists choose an acoustic feature space, they can extract feature measurements
either by eye using a cursor on the screen or automatically by telling the computer where the
signal is (e.g., in the time-frequency space of a spectrogram) and letting it extract features. After
acoustic features have been collected, scientists can measure the similarity among these features.

1.2.4.2 SIMILARITY MEASURES

Scientists can use similarity measures to better define song variants and song types or to
compare song structure among individuals. Similarity measures are one way for scientists to
obtain distance measures, which they can use to array sounds in acoustic space. Examples of
similarity measures include the coefficient of variation (CV) and the Levenshtein distance. The
CV measures global variation, or variation among all songs in a group, by dividing the standard
deviation (e.g., of the number of different notes produced in a given song) by the mean. In
contrast, the Levenshtein distance measures pairwise similarity, a form of local variation that
compares two songs at a time. The Levenshtein distance is a linguistic metric that counts the
number of “edits” required to change the order of notes in one song to the order of notes in the
next successive song (dos Santos et al., 2018; Gil & Slater, 2000). In other words, the
Levenshtein distance uses note order to measure differences between songs.

Like the Levenshtein distance, Jaccard’s coefficient of correlation also measures pairwise
similarity between songs. The coefficient is a function of the number of notes present in both
songs and the number of notes unique to each song (Baulieu, 1989; Sneath & Sokal, 1973). In

song sparrows, Podos et al. (1992) used Jaccard’s coefficient to calculate pairwise similarities



between song variants, which enabled them to group similar song variants into song types. All
these measures can quantify similarity but only apply when the acoustic unit of interest (e.qg.,
song) has subunits that scientists can easily differentiate. Therefore, these measures can never be
used to quantify similarity among notes because notes do not contain subunits. In the same way,
similarity measures can only sometimes be applied to syllables because syllables do not always
contain discrete notes. When differences between notes are more difficult to discern, image-
based similarity measures may be helpful.

Similarity measures also exist in image-based analysis. Clark et al. (1987, p. 103)
introduced a “sound comparative method,” now called spectrogram cross-correlation (SPCC).
SPCC overlays the frequency-time matrices of two sounds and determines their similarity by
calculating the peak value of the resulting correlation function. Dynamic time warping (DTW)
calculates similarity between sounds in the same manner as SPCC but allows the expansion or
compression of time to maximize similarity (Keen et al., 2014; Lachlan et al., 2013). DTW may
therefore be more useful due to its time flexibility. For example, DTW allows for notes with
similar contours (i.e., shapes) but different durations to be scored as similar. More advanced
forms of visual analysis take sounds beyond the acoustic feature space into latent feature space.

1.2.5 DIMENSIONALITY REDUCTION

Dimensionality reduction is a form of data compression in which “high-dimensional data
[is compressed] into a smaller number of dimensions while retaining the structure and variance
present in the original...data” (Sainburg et al., 2020, p. 2). When multiple parameters are
extracted from an acoustic feature space, dimensionality reduction can help by reducing the

number of components in play for a more intuitive understanding of acoustic variation.



Dimensionality reduction can be applied to both feature and visual analyses, compressing either
a set of features or a similarity matrix.
1.25.1PCA

Principal component analysis (PCA) is a feature-based analysis that uses dimensionality
reduction to look for the factors that best summarize trends in the data, called principal
components. In the case of bioacoustics, PCA combines acoustic features into principal
components that serve as axes of variation. It is useful for data in which multiple acoustic
features are correlated. The output of a PCA is a set of synthetic variables called “principal
components.” Each principal component is associated with a set of weightings for the univariate
acoustic features. Researchers can interpret these weightings in meaningful ways. For example,
in Table 1.1, different syllable types per song and rate of syllable type production are the only
variables with high weightings for PC1, so we might conclude that component characterizes
short-term variation within songs. The first principal component accounts for the greatest amount
of variance in the data, followed by the second principal component, and so on (Frey &
Pimentel, 1978; Gil & Slater, 2000). Because each principal component is orthogonal to all
others, principal components are statistically independent of one another.
Table 1.1. Example weightings of variables in three principal components found in a

hypothetical dataset of southern house wren songs. High weightings are italicized. Based on
Table 1 in dos Santos et al., (2018) and Table 2 in Gil & Slater (2000).

Variables PC1 PC2 PC3
Different syllable types per song 0.73 0.22 0.18
Rate of syllable type production 0.81 0.37 0.10
Coefficient of variation in number of 0.23 0.79 0.21
different syllable types per song

Coefficient of variation in rate of syllable 0.15 0.72 0.26
type production

Levenshtein distance 0.02 0.11 0.77
Song repertoire 0.01 0.09 0.07
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PCA is useful for reducing over-fitting and eliminating intercorrelation among acoustic
features (Crouch & Mason-Gamer, 2019; Hedwig et al., 2014). PCA is also a useful application
for visual cluster analysis. (We will touch more on clustering later.) Other forms of
dimensionality reduction use image-based analysis to look for acoustic features less commonly
included in PCA.

1.2.5.2 VAEs

Variational autoencoders (VAES) are a type of image-based analysis that uses neural
networks to build a latent representation of the data. This representation may find acoustic
features that better define acoustic variation than PCA because latent features discovered by
VAEs have a higher representational capacity than principal components (i.e., span a higher-
dimensional space). VAEs learn a probabilistic map between vocalizations and a latent feature
space through an encoder and decoder. VAEs first compress the sound’s spectrogram into a
vector of latent dimensions, where “latent” means existing but not yet made manifest. The VAE
then decodes the latent representation of the data to reconstruct the sound spectrogram as a way
of ensuring that information has been preserved as much as possible. The encoded latent
representations can then undergo dimensionality reduction to visualize variation in the sound and
infer features that contribute to it (Figure 1.4).

Goffinet et al. (2021) used VAEs to analyze ultrasonic vocalizations (USVs) of
laboratory mice and zebra finches. They found that the VAE’s learned acoustic features
outperform handpicked acoustic features because the VAEs carry unique information, have
higher representational capacity, are more sensitive in comparison problems, and can investigate
the diversity and stability of syllable repertoires. This unique approach offers a form of

validation through the decoder but may still require additional analysis to interpret the latent
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dimensions. More recently developed forms of dimensionality reduction also use latent

dimensions to visualize acoustic variation.

a Spectrograms Listont Reconstructions b Latent Space C Reconstructed Latent Traversal

Representations

Principal Component 1

frequency

Principal Component 2

Figure 1.4. A visual workflow pipeline for VAESs run on laboratory mouse USVs. a. The VAE
encodes spectrograms into probabilistic maps of latent representations and decodes them by
building spectrographic reconstructions. b. The latent representations can then be visualized. c.
Any point in the visualization can undergo spectrographic reconstruction via the decoder to infer
acoustic features that contribute to acoustic variation (Goffinet et al., 2021). Reprinted under the
Creative Commons Attribution 4.0 International Public License.

1.2.5.3 MDS AND ISOMAP

Dimensionality reduction techniques to project animal vocalizations into a latent feature
space have developed rapidly within the last few years. PCA projects data onto a lower-
dimensional surface that maximizes the variance of the projected data. Multidimensional scaling
(MDS) builds off of PCA but plots data based on the distance between individual points instead
of their correlation and aims to preserve pairwise Euclidean distance as much as possible. The
Euclidean distance is the length of a line segment drawn between two points in a smooth, n-
dimensional plane (Borchia, 2023). MDS is the precursor to complete isometric feature mapping
(ISOMAP; Sainburg et al., 2020). ISOMAP was one of the first topological non-linear
dimensionality reduction algorithms. It attempts to represent data graphically and then uses MDS

in graphical, instead of Euclidean, space (Tenenbaum et al., 2000). Graph-based methods are
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advantageous for preserving local data structure but disadvantageous because ISOMAP
dimensions have no meaning.
1.2.5.4 t-SNE AND UMAP

Both t-distributed stochastic neighborhood embedding (t-SNE) and uniform manifold
approximation and projection (UMAP) are built off of ISOMAP. These two methods maintain
topological structure but also include probabilistic weighting in the graph before embedding the
graph in a low-dimensional embedding space. This weighting helps to preserve local structure.
UMAP does not preserve global distance, meaning that the algorithm assumes that the high-
dimensional data space is warped. Sainburg et al. (2020) and Thomas et al. (2022) chose UMAP
over t-SNE in their analyses due to the former’s lower computational time and its preservation of
local structure. Latent-space representations can be useful for analysis of animal vocal
repertoires in which variation is difficult to quantify. These dimensionality reduction algorithms
include a higher number of acoustic features in their analyses and create an intuitive two-
dimensional (2D) visualization of acoustic variation. However, the latent dimensions of variation
they produce can be difficult to interpret. Furthermore, these algorithms can be difficult to
implement without expertise in computer science. Classifier analyses may therefore be helpful in
interpreting these latent dimensions.

1.2.6 CLASSIFIER ANALYSES

Once the relevant measurements have been extracted from the chosen acoustic feature or
visual space and reduced in dimensionality, classifiers can organize acoustic units into classes, or
groups. There are two types of classifiers: supervised and unsupervised. Supervised classifiers
use labeled data to predict the labels of unclassified data and iteratively adjust for the correct

answer. Unsupervised classifiers reveal structure in unlabeled data.
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1.2.6.1 SUPERVISED CLASSIFIERS

k-nearest neighbor (k-NN) algorithm and random forest

In supervised classification, humans train the classifier to organize data into the correct
classes with a manually labeled dataset. In other words, humans supervise the classifier’s
learning. The k-nearest neighbor (k-NN) algorithm, Fisher’s linear discriminant analysis
(FLDA), and random forests are examples of supervised classifiers (Elie & Theunissen, 2016;
Vaca-Castafio & Rodriguez, 2010). The k-NN algorithm uses Euclidean distance to classify data.
The k-NN algorithm uses Euclidean distance to find a number k of the nearest neighboring
points, called neighbors, to a data point. The nearest neighbors are taken from a training dataset
that has already been classified. The data point is then assigned to the class to which most of its
nearest neighbors belong (Figure 1.5). When assigning classes, the k-NN algorithm makes two
assumptions. First, it assumes that similar data points are found close to each other. Second, it
assumes that the classification in the training dataset is based on the data’s features (Bhardwaj,
2023; Dietrich et al., 2004; Khatib, 2016). Other supervised classifiers, like random forests, take
features of the data into greater consideration when assigning their classes.

The random forest algorithm aims to split the data into classes based on their features.
The algorithm generates a set of decision trees in which each tree has a node that seeks to further
split the data into random subsets (called feature randomness). Each new decision tree samples
the original dataset with replacement, a process called “bagging,” which means that the data
subsets in different decision trees may overlap (IBM Cloud Education, 2020; Keen et al., 2014).
By combining bagging and feature randomness, the resulting random forest of decision trees

remains uncorrelated, which avoids over-fitting and allows for better exploration of potential
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splits in the feature space (Breiman, 2001). We focus on supervised random forest analysis;

however, random forests can also be applied in an unsupervised manner (Keen et al., 2021).

A Class A
A A ﬂ}l Class B

] Unlabeled data

X

Figure 1.5. Visual workflow of the k-nearest neighbor algorithm. The algorithm finds the
nearest neighbors of an unlabeled data point and assigns it to the class to which the majority of
its nearest neighbors belong. In this case, the new example will be labeled as “Class B” because
the majority of the example’s surrounding neighbors (k = 5) are classified as “Class B.” Based on
Bhardwaj (2023).

To summarize, the random forest algorithm builds multiple decision trees and combines
all their outputs to reach one final result (Figure 1.6). The high number of decision trees makes
the model robust to outliers and noise, reduces the risk of overfitting the model, and enables
scientists to test the contribution of different acoustic features to the model’s predictive accuracy
(Breiman, 2001; IBM Cloud Education, 2020). This classifier may therefore be useful for
scientists who wish to compare the utility of different input variables (e.g., acoustic features) for
predicting category membership (e.g., note types). However, a forest of decision trees is more
difficult to interpret than a single decision tree. Furthermore, building the forest takes time and

demands high computing power.
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Final result

Figure 1.6. A visual of the random forest algorithm. The algorithm builds multiple unique
decision trees and combines their output to reach one final result. Based on IBM Cloud
Education (2020).

FLDA

Fisher’s linear discriminant analysis (FLDA) aims to maximize the separability among
known classes. In technical terms, FLDA classifies continuous data into discrete groups. FLDA
projects data onto vectors that simultaneously maximize the distances among the means of each
class and minimize the within-class variance, or scatter, of the classes (Starmer, 2016; Unzueta,
2021). FLDA reduces the dimensionality of data by comparing the distance among means in a
hyperplane. In the case of FLDA, a hyperplane is a subspace that has one less dimension than the
number of known classes (Yang, 2020). FLDA can sometimes outperform PCA when the
number of input variables is much greater than the number of classes. This classifier could
therefore be useful to scientists studying acoustic signals that have fewer categories than the
number of acoustic features measured. This classifier is also advantageous over the random
forest algorithm because scientists can easily identify which acoustic features to use to
discriminate between classes (Elie & Theunissen, 2016). Unsupervised classifier analyses are

like an unsupervised version of FLDA.

16



1.2.6.2 UNSUPERVISED CLASSIFIERS

Unsupervised classifiers, also known as clustering algorithms, assign unlabeled data to
clusters, or groups. They are useful when the number or type of groups is unknown. Clustering
algorithms can be either “hard” or “soft.” Hard clustering algorithms associate each data point
with only one cluster, whereas soft algorithms estimate the probability that a data point is
associated with each of several clusters (Carrasco, 2020; Wadewitz et al., 2015).
UPGMA

The unweighted pair-group method of arithmetic averages (UPGMA) is a hard clustering
algorithm that uses agglomerative (i.e., bottom-up) hierarchical clustering to construct
dendrograms, which are tree diagrams that show relationships between groups (Gil & Slater,
2000; Podos et al., 1992). UPGMA builds a dendrogram by calculating the pairwise distance
among clusters and combining the two clusters with the lowest pairwise distance into a higher-
level cluster. Pairwise distance comes from averaging the distances between every data point in
one cluster and every data point in another cluster (i.e., average linkage clustering). After
combining the two nearest clusters, the algorithm then calculates the new pairwise distances and
combines the next two nearest clusters. These steps repeat until one cluster remains and the
dendrogram is complete (Goldwasser, 2019; Sharma, 2019). Moat indices, which measure how
isolated clusters are from each other, can then be applied to find the best level of clustering
(Wirth et al., 1966). Since the advent of UPGMA, clustering algorithms have moved beyond

numerical classification to capture the inherent structure of datasets in more sensitive ways.
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Ward’s clustering

Ward’s clustering is another agglomerative hierarchical clustering algorithm that uses a
different method to measure the distance between clusters. It assumes that the greatest amount of
information about a given dataset is present when the data are ungrouped, such that each data
point comprises its own group. The algorithm first links one data point with its nearest neighbor
to minimize the amount of information lost (called the error sum of squares) and reduce the
number of groups by one. The algorithm then considers whether to link a third data point with
the first pair or to create a new pairing to continue minimizing the error sum of squares. This
“hierarchical grouping” can continue until all the data points are in one group (Figure 1.7;
Wadewitz et al., 2015; Ward, 1963). Both UPGMA and Ward’s clustering use hierarchical

grouping, but not all clustering algorithms use a hierarchical approach to group data.

SO

Figure 1.7. An example of the average linkage method from UPGMA (left) versus the method
from Ward’s clustering (right) for measuring distance between clusters. The average linkage
method averages the pairwise distances between the data points of two clusters. In contrast, the
method from Ward’s clustering determines clusters by minimizing the error sum of squares (i.e.,
within-cluster variance; Reutterer & Dan, 2022). Reprint licensed by the Copyright Clearance
Center on behalf of Springer Nature (license ID 5580380623842).

k-means clustering

K-means clustering aims to group data by finding a fixed number of clusters and
optimizing their centroids (i.e., means; Education Ecosystem (LEDU), 2018). This algorithm
enables the user to choose an arbitrary number k of cluster centroids, then assigns each data point

to the cluster with the nearest mean, minimizing the within-cluster sum of squares (WCSS). The
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Figure 1.8. A workflow of k-means clustering iteratively optimizing cluster centroids. In the
“Initial Seeding” panel, two points are randomly chosen as seeds (i.e., centroids) and are
represented by starburst outlines. Each point is assigned the label (represented by color) of its
closest centroid. New centroids are then chosen based on the average of all points in each cluster.
In this example, after two rounds, clusters have reached a steady state (Page et al., 2014).
Reprinted under the Creative Commons Attribution 4.0 International Public License.

mean of the cluster is updated to include the new data point, and then the process repeats until
the WCSS can no longer be improved (Figure 1.8; MacQueen, 1967; Wadewitz et al., 2015).
The constant reassignment of data points can be advantageous, but finding the optimal
number of clusters k can be difficult. Silhouette values use Euclidean distance to measure the
tightness of data points within a given cluster and the degree of separation between different
clusters. Silhouette values range from -1 to 1 such that more positive values indicate stronger

clustering (Kaluthota et al., 2019; Wadewitz et al., 2015). Users can vary the k-value to look for
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a peak silhouette value. A shortcoming, however, of k-means clustering is its inability to group
data that has irregularly shaped clusters. In contrast, Ward’s clustering is more robust to outliers
and noise due to its linkage method, but its lack of iterative optimization may cause mistakes in
its agglomerative approach.

When scientists use multiple clustering algorithms on their datasets, normalized mutual
information (NMI) can measure how well the results of two clustering algorithms match. NMI
ranges from O to 1, where higher values indicate a better match (Wadewitz et al., 2015). Other
recently developed clustering algorithms build on Ward’s and k-means clustering.

HDBSCAN

Hierarchical density-based spatial clustering of applications with noise (HDBSCAN) is a
novel hard clustering algorithm that adds a density factor to hierarchical grouping. HDBSCAN
estimates the density of data points, uses a global threshold to identify possible clusters based on
the density, and determines final clusters hierarchically. Unlike k-means clustering, HDBSCAN
can find clusters even if the data include noise and the clusters are irregularly shaped (Figure 1.9;
Berba, 2020). However, acoustic units do not always fall into discrete types. When this is the
case, soft clustering algorithms may be useful in classifying data.

Mixture-of-Gaussians and fuzzy c-means clustering

In contrast to hard clustering algorithms, which simply assign data points to clusters, soft
clustering algorithms estimate the probability that a data point is associated with a given cluster.
The mixture-of-Gaussians algorithm assumes that clusters come from different Gaussian
distributions and tests the likelihood of a data point coming from a given distribution (Carrasco,

2020). Another soft clustering algorithm, fuzzy c-means clustering, determines the optimal
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Figure 1.9. An example of HDBSCAN. Here, the algorithm found six clusters. Data points in
black have been classified as noise (Mclnnes et al., 2017). Reprinted under the Creative
Commons Attribution 4.0 International Public License.

number c of clusters for a given dataset based on the maximum number of clusters allowed and
the fuzziness parameter p, where p = 1 indicates clusters as crisp as those built by k-means
clustering, and higher values of p indicate increasingly fuzzy clusters. The algorithm assigns
each data point a membership value m for each of the clusters, where m represents the
probability that a data point belongs to a given cluster. The value m ranges from 0 to 1, where m
= 0 means the data point has no association with the cluster, and m = 1 means the data point fully
belongs to the cluster. Like k-means clustering, fuzzy c-means clustering arbitrarily assigns a
number c of cluster centroids and then optimizes those centroids by taking weighted membership
values into consideration over multiple iterations and adjusting accordingly (Figure 1.10;
Wadewitz et al., 2015). Soft clustering may have unique advantages in analyzing acoustic
variation due to its flexibility with membership values.
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Figure 1.10. A comparison between hard and soft clustering. Membership values for each data
point are in black. Membership values for hard clustering are only 0 or 1, but membership values
for soft clustering vary between 0 and 1. Based on Yufeng (2021).

Wadewitz et al. (2015) tested Ward’s, k-means, and fuzzy c-means clustering on baboon
calls with four datasets, each containing a different number of acoustic features. They found that
datasets with a larger number of acoustic features produce better clustering results. Furthermore,
fuzzy c-means clustering best described the graded structure of baboon call types, in which
acoustic variation fluctuates between discrete and continuous. In other words, call types could
vary to different degrees such that they form a continuum in acoustic space. This led the authors
to suggest the use of fuzzy c-means clustering in future studies over hard clustering algorithms
due to its ability to reveal details in the graded structure of animal vocalizations.

1.3 SUMMARY

The acoustic structure of animal vocalizations varies widely. Scientists can study this
acoustic variation to better understand song function in birds. A plethora of analysis methods
exists for quantifying acoustic variation (Table 1.2). Scientists can apply manual or automated

approaches to a feature- or image-based analysis. Regardless of approach, quantifying acoustic
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variation requires data collection, unit identification, measurement extraction (of features or
similarity), and possibly dimensionality reduction before running a classifier analysis. Novel
automated methods enable scientists to better capture multidimensional variation in sound,
whether using a neural network to reveal new axes of acoustic similarity or running a soft
clustering algorithm to reveal the detail in graded acoustic structure. Scientists are still testing
these methods, but recently published studies show that automated techniques are already
opening new doors in the field of bioacoustics (Goffinet et al., 2021; Sainburg et al., 2020;
Wadewitz et al., 2015).

Automated methods can enable bioacousticians to better understand structural variation,
but their novelty and technical complexity can make implementation difficult. Thus, the
applicability of latent visualization to bioacoustics analysis has not been widely explored.
Specifically, latent visualization has never been applied to sounds characterized by a unique
blend of discrete and continuous structural variation. In the next chapter, my co-authors and |
address this gap in the literature with a novel workflow pipeline that uses DTS, UMAP, and

fuzzy c-means clustering to analyze structural variation in the song of a tropical bird.
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Table 1.2. Workflow pipeline of analysis for acoustic variation in animal vocalizations. All
algorithms have been compiled here. *Note that k-NN and k-means clustering both use the
variable k but are different algorithms.

Workflow Pipeline

Approaches

Sub-categories

Algorithms

Data collection and unit
identification

Graphic method
(obsolete),
spectrogram, DTS

Measurement extraction

Acoustic feature
spaces

Spectrogram, PAFs,
MPS, MFCCs

Similarity
measures

Derived metrics

CV, Levenshtein
distance, Jaccard’s
coefficient of
correlation

Visual comparison

SPCC, DTW, VAEs

Dimensionality reduction

PCA, MDS, ISOMAP,
t-SNE, UMAP

Classifier analyses

Supervised
classifiers

k-NN*, random forest,
FLDA

Unsupervised
classifiers

Hard clustering

UPGMA, Ward’s
clustering, k-means
clustering*,
HDBSCAN

Soft clustering

Mixture-of-Gaussians,
fuzzy c-means
clustering

Clustering
validation

Moat indices, silhouette
values, NMI
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CHAPTER 2: CHARACTERIZING STRUCTURAL VARIATION IN THE NOTES OF
ADELAIDE’S WARBLER (SETOPHAGA ADELAIDAE) SONGS
2.1 PROBLEM STATEMENT

Numerous methods are available for analyzing structural variation at the note level.
Methods range from manual to automated and can be applied to both acoustic feature- and
image-based analyses (Chapter 1). Manual (i.e., by-eye) analysis of spectrograms is adequate for
note classification in some species (Ballentine et al., 2003; Gil & Slater, 2000). However, by-eye
classification of notes in other species has proven challenging.

The Adelaide’s warbler (Setophaga adelaidae) is one species whose notes are difficult to
classify. Notes in male Adelaide’s warbler songs are structurally simple and short in duration.
Virtually all their acoustic energy is in the fundamental frequency. Notes vary in duration,
frequency, and patterns of frequency modulation. This variation is difficult to quantify by eye
due to the presence of structural gradation among notes. For example, in Figure 2.1, the contour,

or shape, of the note on the spectrogram gradually “morphs” over the first second of the song.
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Figure 2.1. Spectrogram of an Adelaide’s warbler song visualized in Luscinia 2.16.10.29.01
(max. freg. = 10 kHz, frame length = 5 ms,time step = 1 ms, dynamic range = 35 dB, dynamic
equalization = 100 ms, de-reverberation = 100%, dereverberation range = 100 ms, high pass
threshold = 1.0 kHz, noise removal = 10 dB; Lachlan, 2007).

This continuous variation in note structure (i.e., contour) differs from the discrete change that
occurs at approximately 1.5 seconds. This blend of continuous and discrete variation
characterizes note repertoires in Adelaide’s warblers, making it difficult to differentiate note

contours by eye, much less classify them into types. We hypothesized that automated methods
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might help us characterize variation in note structure. Once we characterize this variation, we
will be able to infer the presence or absence of discrete note types and better quantify the factors
that differentiate notes.

Over the past few years, scientists have begun turning from manual to automated
methods to classify animal vocalizations (Elie & Theunissen, 2016; Keen et al., 2021; Sainburg
et al., 2020; Thomas et al., 2022). Manual classification requires expert knowledge and
consumes significant time and energy. Furthermore, manual classification is inconsistent both
within and among observers. In contrast, automated classification has the potential to be quicker,
more consistent, and less subjective than manual classification. Automated methods are
particularly advantageous because they can handle large datasets and quantify many dimensions
of variation. Of course, automated classification has its own limitations.

Automated classification are not as good as human experts at ignoring background noise
(Keen et al., 2014). For example, automated classification cannot distinguish notes sung
simultaneously by the focal individual and other individuals (Swiston & Mennill, 2009). Perhaps
the biggest hurdle for automated methods is their requirement of knowledge in computer science,
especially for recently developed methods.

Sainburg et al. (2020) introduced an automated image-based analysis called latent
visualization. Contrary to acoustic feature analyses, which use acoustic measurements to
quantify differences among notes, latent visualization quantifies differences among notes by
comparing the visual image of each note on a sound spectrogram. This novel methodology uses
unsupervised machine learning techniques to visualize acoustic variation. Unsupervised
techniques reduce dimensionality and cluster datapoints to help users identify patterns in the data

(e.g., note types). We explain these techniques further in the methods section.
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We applied both dimensionality reduction and clustering to our dataset by following the
guide on latent visualization in Sainburg et al. (2020) and Thomas et al. (2022). We were
interested to see how this automated, unsupervised image-based analysis would handle the blend
of discrete and continuous variation present in the acoustic structure of our species’ notes. The
goals of our study were to confirm whether discrete note types exist in male Adelaide’s warbler
songs, explore the patterns that the algorithms revealed in their note structure, and evaluate the
usefulness of these algorithms in analyzing the vocalizations of our study species. Based on our
visual assessment of sound spectrograms, we hypothesized that we would find discrete note
types and that these types would be most differentiated by their note contours (i.e., patterns of
frequency modulation over time).

2.1.1 CONTRIBUTION OF AUTHORS

David M. Logue and Samantha Y. Huang designed the study. D.M.L. led data collection
and annotation. Peter C. Mower built the song-type exemplar dataset. Brayden L. Carlson
developed the workflow pipeline for latent visualization and wrote additional code to clean
spectrograms, apply segmentation and clustering, and visualize the latent-space representations
and other figures. B.L.C. and S.Y.H. analyzed the data. S.Y.H. wrote the chapter. D.M.L.
advised on the data analysis and writing.

2.2 METHODS
2.2.1 STUDY SPECIES

Adelaide’s warblers are New World warblers (family: Parulidae) endemic to Puerto Rico

and Vieques. They are territorial year-round, socially monogamous, and insectivorous (Toms,

2020). Males sing frequency-modulated trills and have a repertoire size of 22.6 + 2.6 song types
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(Staicer, 1991). Each song comprises 23.5 + 1.8 notes (n = 68,602 notes from 9 males; Logue et
al., 2020).
2.2.2 RECORDING AND ANNOTATION

We recorded 20 male, mated Adelaide’s warblers at the Cabo Rojo National Wildlife
Refuge (U.S. Fish and Wildlife Service; 17.98° N, 67.17° W) during the breeding season from
April 13 to May 6, 2017. Each male was continuously recorded from 45 minutes before sunrise
to 2 hours 45 minutes after sunrise for four days. All birds were banded with unique
combinations of colored bands for identification. Recordings were made with Marantz PMD661
digital recorders and Sennheiser ME 67 shotgun microphones (file format = wav, sampling rate =
44.1 kHz, bit depth = 16 bits).

Recordings were annotated in Raven Pro 1.6.1 (K. Lisa Yang Center for Conservation
Bioacoustics, 2019). Each recorded song was assessed for recording quality and assigned a song
type by comparing the song spectrogram to spectrograms of the known song repertoire of the
individual. It is straightforward to assign songs to song types within an individual’s repertoire
(Kaluthota et al., 2019). Recording quality was ranked on a scale from one (1) (lowest quality) to
three (3) (highest quality). All recordings with a quality ranking of one (1) were excluded. We
then built a subset of song-type exemplars for each male. Our goal was to sample the full breadth
of acoustic structures without compromising recording quality. We included all song-type
variants with a high signal-to-noise ratio (SNR) in our analysis based on visual assessment of
spectrograms (n = 13,192 notes from 612 songs sung by 20 males).

2.2.3 WORKFLOW FOR LATENT VISUALIZATION
We ran latent visualization in Python 3.11.2 (Python Software Foundation, 2023). Our

steps were spectrogram pre-processing, unsupervised dimensionality reduction, and clustering.
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2.2.3.1 SPECTROGRAM PRE-PROCESSING

Our workflow for spectrogram pre-processing consisted of spectrogram generation,
acoustic filtering, segmentation, and image filtering. First, we generated spectrograms of each
recorded song in our exemplar subset (n_fft = 512, hop_length_ms =1 ms, win_length_ms =5,
ref_level _db =20 dB, preemphasis = 0.97, min_level_db =-20 dB, min_level _db_floor =-10
dB, db_delta = 5 dB, silence_threshold = 0.01, min_silence_for_spec = 0.01,
max_vocal_for_spec = 0.5, min_syllable_length_s = 0.01 s, num_mel_bins = 64, spectral_range
=[1,500 Hz, 10,000 Hz], mel_lower_edge hertz = 1,500 Hz, mel_upper_edge_hertz = 10,000
Hz, butter_lowcut = 1,500 Hz, butter_highcut = 10,000 Hz, sample_rate = 44,100 Hz,
bandpass_filter = true, reduce_noise = false, normalize = true, dereverberate = true, mask_spec =
false, realtime = false, exclude =[], power = 1.5, noise_reduce_kwargs = {}, mask_spec_kwargs
= {spec_thresh = 0.9, offset = 1e-10}; based on default parameters in Sainburg et al., 2020). We
applied acoustic filters to isolate the image of each note and normalize the amplitude among
notes. These acoustic filters were a bandpass filter (set manually by cutting off the frequencies
above the highest frequency and below the lowest frequency sung by a male in every song),
amplitude normalization, and dereverberation. Amplitude was normalized using the
librosa.util.normalize() function in the librosa package (norm = inf, axis = 0, threshold = None,
fill = None; McFee et al., 2023). Dereverberation was applied using the wpe(), istft(), and stft()
functions in the nara_wpe package (size = 512 samples, shift = 128 samples, channels = 2,
sampling rate = 44,100 Hz, delay = 1, iterations = 20, taps = 10, alpha = 0.9999; Drude et al.,
2018). Notes within each song were then separated with a segmentation algorithm.

Dynamic threshold segmentation (DTS) looks for silent gaps between notes. Users define

silence by setting a threshold based on background noise, the expected lengths of a note, and the
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period of silence between notes (Sainburg et al., 2020). We developed an interface called animal
vocalization segmentation (AVS) to visualize our application of DTS (Appendix 1). We started
with the parameters we used for spectrogram generation and then manually adjusted the
parameters for each song to optimize segmentation. We manually excluded segments that
included partial notes that were generated when DTS separated the notes incorrectly and
segments with loud overlapping noise (e.g., sound from other birds that overlapped the frequency
range of the focal note, Appendix 2). We also collected metadata for each note spectrogram
(Table 2.1). Note spectrograms were then zero-padded to the same time length and converted to
images.

Table 2.1. Measurements collected for each note.

Measurement Meaning

Individual The bird that sang the note

Song recording The song that the note is a part of

Minimum frequency The lowest frequency of the note

Maximum frequency The highest frequency of the note

Frequency midpoint The average of the minimum and maximum frequencies
Frequency bandwidth Maximum frequency minus minimum frequency

Duration The length of the note in seconds

Position The position of the note within the song (e.g., position =1

means the first note of the song)

After generating individual note images, we applied image filtering because the images
still contained noise. We applied denoising, median blur, brightness/contrast, and unsharp mask
using visual inspection. Denoising removes the residual noise around a note using non-local
means, which replaces the color of a pixel with the average of the colors of similar pixels. We
used the fastNIMeansDenoising() function in the opencv-python package (h = 35,
templateWindowSize = 7 pixels, searchWindowSize = 7 pixels; Buades et al., 2011) to remove

the reverberation around notes that the dereverberation algorithm could not remove. Median blur

30



applies a filter to replace each pixel of a note image with the median of its neighboring pixels.
We used the medianBlur() function in the opencv-python package (ksize = 1; Bradski, 2000) to
smooth note images and remove imperfections. Brightness/Contrast adjusts the brightness of the
note image or the contrast between the note and its background. We adjusted the contrast using
the convertScaleAbs() function in the opencv-python package (alpha = 1.5, beta = 0; Bradski,
2000). This function calculates absolute values and converts them to 8-bit, which we used to
maximize the crispness of the note against its background. Unsharp mask combines an image
with a Gaussian smoothing filter (i.e., blurred version) of the image to sharpen the original
image. We applied the unsharp_mask() function in the scikit-image package (radius = 3.5,
amount = 3.5, channel_axis = False, preserve_range = False; Walt et al., 2014) to counteract any
blurring from other filters and increase note crispness.

Finally, all note images were converted into feature vectors of equal length so we could
apply dimensionality reduction (Thomas et al., 2022). We converted each image into a 64x50
array of numbers. These numbers correspond with the pixels in the image such that each number
represents the intensity of a pixel in grayscale color space. Intensity ranged from 0 to 255, where
0 represents black and 255 represents white. Arrays were then row-wise concatenated to form
feature vectors such that each number was a feature (i.e., 64 * 50 = 3200 features per note
image). We then applied dimensionality reduction to these feature vectors.

2.2.3.2 UNSUPERVISED DIMENSIONALITY REDUCTION

Dimensionality reduction compresses high-dimensional data into a low-dimensional
latent space while maintaining the structure and variance of the original data (Sainburg et al.,
2020). Animal vocalizations like birdsong work well with dimensionality reduction. Although

sound has multi-dimensional temporal and spectral variation, birdsong can usually be explained
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in terms of lower-dimensional properties (e.g., Elie & Theunissen, 2016; Gil & Slater, 2000;
Mota & Cardoso, 2001; Podos et al., 1992). In other words, birdsong can usually be explained in
terms of properties intuitive to humans like frequency and duration. In a latent space, each
dimension represents features of the dataset, and each datapoint represents, in the case of our
study, a note from a song. The distance between two datapoints in the latent space represents
their dissimilarity: as distance increases, similarity between the two datapoints decreases.

We applied a novel unsupervised dimensionality reduction algorithm called uniform
manifold approximation and projection (UMAP). UMAP maps data points in latent space by
building a weighted nearest-neighbor graph of the high-dimensional data. The algorithm then
embeds the graph in a lower-dimensional latent space while optimizing preservation of the
topological structure and probabilistic weighting of the graph (Mclnnes et al., 2020). We used
UMAP to generate a two-dimensional (2D) and three-dimensional (3D) latent-space
representation of our data.

2.2.3.3 CLUSTERING

Clustering algorithms assign unlabeled data to different groups (i.e., clusters) based on
the inherent structure of the data (Xie & Beni, 1991). In the case of our study, we expected each
cluster to represent a different note type. We applied fuzzy c-means clustering, which is a soft
clustering algorithm, to our data. Soft clustering algorithms estimate the probability that each
datapoint is associated with a given cluster. We chose fuzzy c-means clustering because we were
interested in the gradations between note types. This algorithm determines the optimal number c
of clusters for a given dataset based on the maximum number of clusters allowed and the
fuzziness parameter W, where g = 1 indicates hard clusters (i.e., each data point is associated with

only one cluster), and higher values of u indicate increasingly fuzzy clusters. The algorithm
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assigns each data point a membership value m for each cluster, which represents how well the
data point matches the properties of the cluster. The value m ranges from 0 to 1, where m =0
means the data point shows no cluster properties, and m = 1 means the data point fully shows
cluster properties. Each data point is then assigned to the cluster with the highest membership
value. Fuzzy c-means clustering arbitrarily assigns a number ¢ of cluster centroids and then
optimizes those centroids by taking weighted membership values into consideration over
multiple iterations and adjusting accordingly (Bezdek et al., 1984; Wadewitz et al., 2015; Zadeh,
1965). The code for our latent-space representation is available at

https://github.com/braycarlson/warbler.py (includes segmentation, visualization, and clustering).

We verified our clustering solution with a hyperparameter called the Xie-Beni index and
bootstrap validation. A hyperparameter optimizes the parameters of an algorithm. The Xie-Beni
index divides the compactness of clusters by the separation among clusters (Hsu, 2018; Xie &
Beni, 1991). We determined the best clustering solution by calculating the configuration of
parameter settings that produced the lowest Xie-Beni index for the fuzzy c-means clustering
algorithm in Python (Dias, 2019; Pal & Bezdek, 1995). The Xie-Beni index uses a validity
function to identify overall compact and separate fuzzy c-partitions without assuming the number
of substructures inherently present in the data. The index depends on the dataset, geometric
distance measure, distance between cluster centroids, and fuzzy partition generated by any fuzzy
algorithm used. The Xie-Beni index is mathematically justified through its relationship with the
separation index (Xie & Beni, 1991).

We validated the 14-cluster solution for our dataset by bootstrapping our full dataset and
data subsets. We sampled subsets of our data 1,000 times with replacement and clustered each

subset with the parameters that minimized the Xie-Beni index. Each subset contained 800 data
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points from each cluster (11,200 points total; Appendix 3). We also sampled smaller subsets of
our data (800 points total) 1,000 times with replacement. and clustered each resampled subset
with the parameters that minimized the Xie-Beni index (Appendix 4).
2.2.3.4 FURTHER EXPLORATION

We explored the 3D latent-space representation with an interactive visualization tool
developed in Jupyter Notebook (Kluyver et al., 2016; Thomas, 2021). We also used R 4.2.1 (R
Core Team, 2022) to generate song traces of all songs in our dataset. Each song trace was a
subset of the 2D latent-space representation consisting of the notes in a recorded song and
connected in the order they were sung. We generated song traces to visually compare manually
labeled song types, especially those shared among individuals. Our goal was to evaluate the
utility of the latent-space representation in assigning song types.

2.3 RESULTS
2.3.1 LATENT-SPACE REPRESENTATIONS
2.3.1.1 UNCLUSTERED LATENT-SPACE REPRESENTATIONS

The latent visualization arrayed most of the notes in one largely continuous, crescent-like
shape. Without any clustering algorithm, there were a couple of breaks in the crescent and a few
outlying groups but no clearly defined groups or separation between points (Figure 2.2). When
viewed in three-dimensional space, the ends of the crescent extended in opposite directions along
the z-axis, with the left end turning to extend along the x-axis. The top half of the crescent was
broader than either end of the crescent, and the broad half descended along the x-axis (Figure
2.3).

We observed several patterns in the latent-space representation. Minimum frequency,

maximum frequency, and frequency midpoint all increased starting at the bottom right corner of
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the representation and traveling counterclockwise to the other point of the crescent (Figure 2.4a—
c). Position also followed this counterclockwise increase albeit less strongly (Figure 2.4d).
Frequency bandwidth increased along the y-axis such that the top half of the crescent had a
greater frequency bandwidth than the bottom half (Figure 2.4e, top half highlighted). Finally,
duration was greatest left of center in the latent-space representation (Figure 2.4f). We used the
3D representation to better visualize these trends, many of which increased or decreased along

the line z = x (Figure 2.5). A summary of values for each measurement is in Table 2.2.

X

A

=%

Figure 2.2. Unclustered 2D latent-space representation of Adelaide’s warbler notes.
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10

Figure 2.3. Clustered 3D latent-space representation of Adelaide’s warbler notes. Colors
represent clusters derived from fuzzy c-means clustering. We colored clusters in this figure to
help viewers interpret the 3D graph. The 3D representation has one fewer cluster than the 2D
representation because the clustering algorithm is sensitive to the number of dimensions.
Additional images of the 3D latent-space representation at different angles are in Appendix 5.
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Table 2.2. Summary of acoustic parameters of male Adelaide’s warbler notes (n = 13,192).

Measurement Mean Standard  Minimum Maximum Median
deviation

Minimum 3197 903 1057 8051 3007

frequency (Hz)

Maximum 6192 1053 2814 9710 6334

frequency (Hz)

Frequency 4694 811 2506 8308 4660

midpoint (Hz)

Frequency 2994 1105 259 8364 3033

bandwidth (Hz)

Duration (s) 0.05 0.02 0.03 0.16 0.05

Position 13 8 1 49 12

2.3.1.2 CLUSTERED LATENT-SPACE REPRESENTATIONS
General frequency characteristics, position, duration

We found 14 clusters in our data (Figure 2.6). Clusters were of similar size and evenly
spaced. Our clustering solution had a fuzziness parameter p = 2.9. Maximum membership values
(i.e., membership values for the clusters to which data points were assigned) averaged m = 0.34
and skewed right for the whole dataset (Figure 2.7) and for each cluster (Table 2.3).

The clusters at the ends of the crescent differed the most in terms of frequency midpoint,
minimum frequency, and maximum frequency. For example, cluster B (in the bottom left corner
of the representation) had the highest median values of frequency midpoint, minimum frequency,
and maximum frequency among all the clusters. In contrast, cluster M (bottom right) had the
lowest median values of minimum frequency, maximum frequency, and frequency midpoint
(Figure 2.8a—c). Cluster B also had the highest median position value, and cluster K had the
lowest median position value (Figure 2.8d). In the top half of the crescent, the clusters along the
inner edge (clusters K, J, N) and outer edge (clusters H, C, E) differed in frequency bandwidth

and maximum frequency. The clusters along the inner edge had lower frequency bandwidth and
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Figure 2.6. 2D clustered latent-space representation of
Adelaide’s warbler notes. We found 14 clusters in our data.

Maximum Membership Values

Membership Vaive

Figure 2.7. Histogram of maximum membership values for our
dataset. Red lines represent mean (0.34, center bolded) and
standard deviation (+ 0.15).
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Table 2.3. Maximum membership values for each cluster. Maximum membership values for the
whole dataset are bolded.

Cluster Mean Standard Deviation Minimum Maximum Median
A 0.40 0.14 0.19 0.98 0.37
B 0.38 0.16 0.17 0.99 0.35
C 0.32 0.14 0.16 0.83 0.28
D 0.30 0.12 0.16 0.82 0.25
E 0.34 0.13 0.16 0.93 0.30
F 0.29 0.15 0.15 0.98 0.23
G 0.29 0.12 0.15 0.88 0.24
H 0.37 0.15 0.16 0.95 0.34
I 0.34 0.13 0.18 0.96 0.30
J 0.34 0.17 0.16 0.98 0.25
K 0.30 0.17 0.12 0.99 0.24
L 0.39 0.16 0.12 0.95 0.35
M 0.41 0.15 0.12 0.82 0.43
N 0.35 0.17 0.17 0.99 0.29
Total 0.34 0.15 0.12 0.99 0.30

maximum frequency than the clusters along the outer edge (Figure 2.8e). Finally, median
duration values increased from both ends of the crescent towards the inner left edge (clusters I,
K, G). The clusters in the bottom left corner and at the top of the representation (clusters B, H, A,
C) had the lowest median duration values (Figure 2.8f). We inspected the latent-space
representation separately for each individual and found that all individuals sang notes from every
cluster (Figure 2.9).
Note contours

We did not find strong associations between note contours and cluster assignments. Most
notes decreased in frequency, but a minority of notes increased in frequency (Table 2.4). Within
clusters in the top half of the crescent (clusters D, H, F, C, G, E), notes varied little with respect
to slope. All clusters, however, contained variation in the number, location, and type of

frequency inflections. Notes contained 0-3 inflection points and ranged from lines to different
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types of curves (e.g., concave up or concave down curves, reverse sigmoidal curves). Some notes
contained an inflection point roughly halfway through the note or multiple inflection points
spread out equally throughout their duration. Other notes contained a sharp inflection at the
beginning of the note, sometimes adding a shallower inflection point later in the note (Table 2.5).
The examples in Tables 2.4 and 2.5 are not special cases. Variation in overall slope and note
shape were ubiquitous in the dataset.
2.3.1.3 SONG TRACES

Song traces followed the contour of the crescent and included notes in multiple clusters.
Song traces traveled counterclockwise, clockwise, or in both directions. Most song traces we
examined went through the entire crescent, and some reversed course and went back through the
crescent in the opposite direction. Within some song traces, consecutive notes went back and
forth from one area of the crescent to another, but these areas did not always correspond to the
labeled clusters.

Song traces of the same song type among individuals often matched but were sometimes
inconsistent (Figures 2.10-2.12). Some song traces contained notes from different clusters. Other

song traces followed different paths despite representing the same song type.
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Table 2.4. Sample notes from clusters containing notes that have positive and negative frequency slopes.
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Table 2.5. Sample notes from clusters in the top half of the 2D latent-space representation. Multiple note contours exist in each

cluster, varying in duration, slope, and inflection points.
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Figure 2.10. Song traces of the same song type for individuals DgDgY and LbLgLb with corresponding spectrograms. Number labels
indicate note position. Clusters are color-coded. In the spectrograms, black bars with an “x” indicate segments that were excluded due
to poor segmentation. Additional song traces of this same song type for other individuals are in Appendix 6.
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Figure 2.11. Song traces of the same song type for individuals DbWY and OPR with corresponding spectrograms. Number labels
indicate note position. Clusters are color-coded. In the spectrograms, black bars with an “x” indicate segments that were excluded due
to poor segmentation. Additional song traces of this same song type for other individuals are in Appendix 7.
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Figure 2.12. Song traces of the same song type for individuals LgLLb and LLbLg with corresponding spectrograms. Number labels
indicate note position. Clusters are color-coded. In the spectrograms, black bars with an “x” indicate segments that were excluded due
to poor segmentation. Additional song traces of this same song type for other individuals are in Appendix 8.
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CHAPTER 3: DISCUSSION AND CONCLUSIONS

3.1 DISCUSSION

We ran an image-based analysis of acoustic note structure in Adelaide’s warblers using
novel automated methods. We used the resulting latent-space representation to explore the
variation present among Adelaide’s warbler notes along with the possibility of discrete note
types.

The automated analysis projected notes into latent space in a single, continuous, crescent-
like shape and found 14 fuzzy clusters (Figure 2.6). Most notes had low membership values and
partially showed the properties of multiple clusters (Figure 2.7). Notes were projected primarily
based on general frequency characteristics (Figure 2.4). Song traces reflected broad patterns of
frequency modulation throughout songs (Figure 2.10-2.12). That general frequency
characteristics made up a primary axis of variation was no surprise to us due to the frequency-
modulated song structure of Adelaide’s warblers. What we did not expect, however, was the
wide variation of note contour within clusters.

3.1.1 NOTE CONTOURS

Adelaide’s warbler note structures vary not just in general frequency characteristics but in
patterns of frequency modulation. We thought the automated analysis would cluster notes based
on their contours. We expected the cluster labels to differentiate note contours, and we expected
the fuzzy nature of the clustering algorithm to accommodate the note morphs that make by-eye
classification of note types difficult. Contrary to our expectations, the automated analysis
prioritized general frequency characteristics over note contour and assigned the same cluster
label to notes that had similar general frequency characteristics regardless of note contour
(Tables 2.4-2.5). This was surprising to us because note contour is the most important aspect of

note structure in by-eye classification.
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Note contours are important because they seem to represent distinct vocal gestures. Each
vocal gesture requires the singer to manipulate his vocal apparatus in a unique way. In swamp
sparrows (Melospiza georgiana), note contours differentiate note types. These notes, in turn,
define song types, in which a single note or syllable (i.e., series of notes) is repeated multiple
times (Clark et al., 1987; Nowicki et al., 1992). Additionally, note contours are important for by-
eye classification because their differences are easy to see. However, latent visualization did not
differentiate Adelaide’s warbler notes based on their contours. One possible explanation may lie
in the workings behind this image-based analysis. When UMAP measures the distance between
feature vectors, it compares the same pixel in each note spectrogram. UMAP does not consider
shifting the values in feature vectors to normalize for changes in general frequency
characteristics, therefore overlooking possible similarities in note contour. Disregarding note
contour may have contributed to the lack of distinction among clusters.

3.1.2 CLUSTERS AND SONG TRACES

Clusters were not very distinct with respect to the acoustic feature measurements (Figure
2.8). This lack of distinction may be due to the continuous nature of the notes in the projected
crescent. Clusters were not well-separated in space, and the ranges of acoustic features and other
characteristics overlapped among clusters. This overlap may be responsible for the finding that
some song traces reverse direction multiple times among clusters in the top half of the crescent.
Unfortunately, due to the image-based nature of this analysis, we are unsure what may be
contributing to such extensive structural variation both along the x-axis and in our song traces.

We generated song traces of all songs in our dataset to compare song types. We were
especially interested in comparing song traces of the same song type sung by different

individuals. Each song trace spanned the majority of the latent space, which we expected due to
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the frequency modulation within songs. Some song traces of the same song type looked very
similar (Figure 2.10-2.12). Other song traces had strong similarities but did not match
completely (Appendices 6-8). The sensitivity of our clusters to general frequency characteristics
meant that the equivalent notes (e.g., note 10 in song type 7) sung by different individuals were
sometimes assigned different cluster labels. This sensitivity may also contribute to differences in
the path that song traces took despite representing the same song type. The song traces further
lack complete accuracy due to our exclusion of some note segments. We excluded segments that
incorrectly separated notes or contained noise, causing some song traces to skip notes present
within songs. When this occurred, song traces connected notes that were not sung consecutively.
We believe, however, that song traces may still be useful in refining song repertoires. Instead of
relying on by-eye classification of song spectrograms alone, we could generate corresponding
song traces to support or challenge our classification of song types. Furthermore, song traces
could also reveal variation within a song type that is not obvious from by-eye analysis of
spectrograms.

In contrast, we are wary of using the cluster labels from this automated analysis to assign
note types in our study population. Less than 15% of the data had a membership value of m > 0.5
(Figure 2.7). In other words, less than 15% of the data were strongly associated with the cluster
to which they were assigned. Based on the unclustered projection alone, we infer that discrete
note types may not exist in Adelaide’s warblers, but we are hesitant to conclusively argue against
the existence of discrete types without first exploring alternate options for quantifying acoustic

note structure in this species.
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3.2 CONCLUSIONS
3.2.1 IMPLEMENTATION OF LATENT VISUALIZATION

Proponents of latent visualization have argued for its ability to generate intuitive and
quantifiable visuals of acoustic variation (Sainburg et al., 2020; Thomas et al., 2022). We did not
find that to be the case for acoustic note structure in Adelaide’s warblers. We found trends in
general frequency characteristics but were unable to discern other axes of variation or differences
among clusters. We had hoped that an image-based analysis would allow us to quantify the blend
of discrete and continuous variation among note structures, but the method we used did not
cluster notes by note contour (Tables 2.4-2.5). Furthermore, the novelty of this methodology
made application to our dataset difficult. We required a computer science expert to write
additional code, and the analysis had to be run on a supercomputer. This analysis was ultimately
less onerous than a manual analysis of acoustic note structure, but we would recommend a more
supervised analysis for notes that vary in frequency and patterns of frequency modulation (i.e.,
note contours).

Perhaps a shortcoming of this study is our lack of a previously labeled dataset for
comparison. Because latent visualization is still a novel methodology in the field of bioacoustics,
it may have been better to first build off of a supervised form of analysis. Other scientists have
tested unsupervised techniques for analyzing acoustic variation by comparing them to other
automated analyses, or to manual analyses (Goffinet et al., 2021; Keen et al., 2021; Wadewitz et
al., 2015). These methods are so novel that they have not yet been widely applied in the field of
bioacoustics. Our study is therefore also a test of the application of this methodology to acoustic

variation in birdsong, specifically to birdsong where the presence of discrete note types is
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unclear. Latent visualization has worked in some studies like magpie calls (Walsh et al., 2023).
Application to Adelaide’s warblers, however, has proven less useful.

Latent visualization may not have been the best methodology to help us better understand
structural note variation in our species. Nevertheless, the latent-space representation sheds new
light on this variation by showing us that patterns underlie note organization in Adelaide’s
warbler songs. All recorded individuals sang notes that cover the entire range of frequency in our
study population (Figure 2.9), but the song traces showed us that variation exists among
individuals for the same song type (Appendices 6-8). Adelaide’s warblers may discriminate less
between notes and may instead focus on broader acoustic gestures, like how individuals sweep
through different frequency ranges. Further study on structural note variation will better inform
us of its merit as an acoustic metric for our species.

3.2.2 FUTURE DIRECTIONS

Machine learning techniques like latent visualization have the potential to build intuitive
note categories. Our analysis, however, failed to separate Adelaide’s warbler notes based on their
contours (i.e., patterns of frequency modulation). Alternate image-based analyses like DTW may
be more useful for separating notes in this way. In contrast, latent visualization may be more
appropriate for separating notes based on their frequency characteristics. For now, we
recommend latent visualization for species that do not have frequency-modulated notes in their
vocalizations.

We have shared our workflow pipeline on Github in the hopes of helping other
bioacousticians to implement automated methods in their own studies. Specifically, we found
DTS to be a useful, time-saving algorithm for breaking songs down into their component notes.

We warn, however, that parameter optimization for all algorithms used (DTS, UMAP, and fuzzy
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c-means clustering) requires the input of human experts because the optimal values for each
differ based on the study species.
3.2.3 SUMMARY

In summary, we used novel automated methods to generate a latent visualization of
acoustic note structure in Adelaide’s warblers. The latent-space representation grouped notes into
one crescent-like shape and applied 14 cluster labels. According to the projected crescent,
Adelaide’s warbler notes differ primarily in general frequency characteristics, and discrete note
types are not present. However, cluster labels seemingly disregarded note contour, which is the
most important aspect of note structure for by-eye classification. Overall, the image-based
analysis we used here may not be ideal for species that produce frequency-modulated notes. For
future image-based analyses, we recommend comparing note contours for a more intuitive
understanding of acoustic variation. We also recommend running an acoustic feature analysis

alongside the image-based analysis to further validate the results of the latter.
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APPENDIX 1. VISUAL OF ANIMAL VOCALIZATION SEGMENTATION (AVS)

File Options Help
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preemphasis X num_mel_bins 54 normalize
min_level_db -20 spectral_range dereverberate
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APPENDIX 2. SAMPLE WORKFLOW OF SPECTROGRAM PRE-PROCESSING
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Appendix 2. Spectrograms are filtered and segmented in preparation for latent visualization.
Excluded segments are in red.
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APPENDIX 3. CLUSTER VALIDATION USING LARGE SUBSETS

Xie-Beni Index
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Appendix 3. The value of the Xie-Beni index remains fairly consistent throughout all iterations.
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APPENDIX 4. CLUSTER VALIDATION USING SMALL SUBSETS
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Appendix 4. The value of the Xie-Beni index remains fairly consistent throughout all iterations.
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APPENDIX 5. IMAGES OF THE 3D CLUSTERED LATENT-SPACE

REPRESENTATION FROM DIFFERENT ANGLES
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APPENDIX 6A. ADDITIONAL SONG TRACES FOR THE SONG TYPE IN FIGURE 2.10
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APPENDIX 6B. ADDITIONAL SONG TRACES FOR THE SONG TYPE IN FIGURE 2.10

Fuzzy C-Means Clustering for RbTbL
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APPENDIX 7A. ADDITIONAL SONG TRACES FOR THE SONG TYPE IN FIGURE 2.11

Fuzzy C-Means Clustering for DgDgY

uuuuuuuuuuuuuu

W\

VAN AN R KRN AN

28

Fuzzy C-Means Clustering for RbRY

B

\\\\\,nn

o

luster

(OXoXoX JoXoX JOXOXOX J
Z2 T T T Mmoo o >»

70

10~

= B LR o E |

.u\\\\\\\\ \\\\\\\\\V‘

Cluster

@
>

2 e = m gy W g m

0000000000



Froquency (kHz)

S

APPENDIX 7B. ADDITIONAL SONG TRACES FOR THE SONG TYPE IN FIGURE 2.11
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APPENDIX 8A. ADDITIONAL SONG TRACES FOR THE SONG TYPE IN FIGURE 2.12

Fuzzy C-Means Clustering for DgDgY Fuzzy C-Means Clustering for LbLgLb
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APPENDIX 8B. ADDITIONAL SONG TRACES FOR THE SONG TYPE IN FIGURE 2.12
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