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ABSTRACT OF THE THESIS

An Exploration of Automated Methods for the
Efficient Acquisition of Training Data for Acoustic Species Identification
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Professor Curt Schurgers, Chair

Passive acoustic monitoring is a field that strives to understand the health of ecosystems
around the world through the acoustics of natural soundscapes. By identifying fauna vocaliza-
tions within soundscapes, we begin to build a quantitative understanding of local biodiversity
populations, a key indicator of ecosystem health. The reduced cost of audio recorders have
enabled researchers to collect datasets at a scale untenable in years past. These datasets are too
vast for exhaustive human identification of species vocalizations. To which, researchers hope to
train deep learning models for automated acoustic species identification to mitigate the burden of

human labor.
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To build robust deep learning models that can differentiate between species vocalizations,
one must have access to a large amount of training data. The availability of labeled audio data is
a bottleneck to training such models. To acquire labeled training data, researchers must develop
techniques to extract vocalizations from their collected recordings. Alternatively, there exists
audio data that is available to the scientific community where species have been identified in a
clip (weakly labeled), but not where (strongly labeled), requiring extra processing to identify
where relevant sounds occur to be adequate training data.

This thesis demonstrates methodologies that mitigate human effort in training data
acquisition. For unlabeled soundscape recordings we explore how best to acquire vocalizations
of a species of interest assuming you have identified at least one recording. For weakly labeled
recordings that have been made available to the scientific community, we explore methods that

automate the extraction of relevant sounds.

XV



Chapter 1

Introduction

There is an ever-growing repertoire of evidence to support the notion that human activity
is the leading cause of biodiversity loss around the globe [27] [73]. With that comes an increase
in the number of efforts to alleviate biodiversity loss and methods to measure the efficacy of such
efforts [54]. We will focus on methods related to fauna monitoring. Some historical methods
for surveying fauna populations include feeding site monitoring [22], catch and release [74]
[45], and track monitoring [38]. These methods have historically required on-site monitoring by
researchers that is time consuming and the data can be restricted to smaller localities [20]. There
have also been increased restrictions on monitoring techniques that can be harmful to individual
specimens, such as catch and release methods [48]. These challenges in on-site surveys of
limited areas that are time consuming and potentially harmful to fauna specimens being studied
culminate in major blockers for large-scale biodiversity surveys.

To face these scaling challenges, scientists have turned to remote-sensing technologies
such as satellites, camera traps, and audio recorders [51] [71] [69] [63] [64]. Such technology
helps reduce the cost of data collection and have made the data more widely available to the
scientific community [61]. This reduction of human effort in collecting data in turn creates
another problem of extracting information from a potentially overwhelmingly large dataset. To
address this big data problem, scientists have turned to machine learning algorithms that are

trained on data and used to make inferences on similar data without an explicit set of instructions



[59]. The most robust of these algorithms come from the field of deep learning [52] [42] [26].
Deep learning models function as universal approximators that capture complex relationships
within datapoints and their corresponding labels [15]. To achieve this in intricate tasks like image
classification, these algorithms necessitate substantial amounts of training data, which is crucial
for learning the nuanced features and patterns required for accurate predictions [17]. This need
for large datasets stems from the high dimensionality and complexity of the input spaces they
operate in, ensuring the models generalize well across varied data distributions and real-world
scenarios. The expensive hardware requirements to train effective large image classification
models from scratch can often be out of reach for many researchers [75]. Fortunately, a large
breadth of foundational models that have already been trained for image classification are
available to the scientific community [44] [32]. These models are commonly leveraged for
training on smaller datasets for specific tasks in a process called transfer learning, which lowers
the barrier of entry for deep learning applications [56]. Foundational deep learning models have
been successfully trained using transfer learning methods to help conduct biodiversity surveys
on large camera trap datasets [59] [66].

Image capture is excellent for larger fauna but the limits become immediately apparent
as one wishes to study population health of smaller fauna such as frogs, insects, bats, and birds.
Species from these groups often serve as indicator species on the health of a natural environment
[21] [33] [8] [67]. To this end, scientists hope to leverage the fact that many of these species
produce discernible vocalizations that can be recorded [14] [45] [47] [46]. To gather audio clips,
they utilize microcontroller-based audio recorders designed for periodic, long-term soundscape
recording [28]. As is the case with many remote sensing technologies, these passive acoustic
monitoring datasets are often too large making it infeasible for humans to listen to in their
entirety[30]. To reduce the amount of audio to be listened to by humans, researchers hope to use
machine learning models trained to identify relevant sounds on audio data. With that being said,
there is not as much work done in developing machine learning models that make inferences on

audio signals directly. To which, researchers aim to use image classification based foundational



deep learning models that have yielded success in similar works with camera traps [40]. The use
of image classification models on audio data can be justified by using techniques such as the
Short-time Fourier Transform (STFT) [23] that creates an image called a spectrogram that can
be used for training and inference on deep learning models [36] [62] [14]. A few examples of
spectrogram feature vectors derived from the STFT can be seen in Figure 1.10.

With this transformation of audio into the image domain we can leverage deep learning
models designed for image classification. Transfer learning techniques can lower the barriers of
entry of training deep learning models for acoustic species identification [58] [40] [36]. Despite
the reduced data requirements to train models with transfer learning, the collection of adequate
labeled training data of species vocalizations is a non-trivial task. The remainder of this chapter
will describe these challenges in depth with respect to bird species vocalizations. Furthermore,

the remaining chapters will present methodologies to tackle these challenges.

1.1 Training Data Acquisition Challenges

This section will highlight how the general approach to recording sounds will fundamen-
tally impact the ease of acquisition of labeled training data of species vocalizations. It will also

include a discussion on what kind of labels are satisfactory for training neural networks.

1.1.1 Recording Type

Oftentimes when researchers wish to acquire labeled training data, they can look into
literature that may highlight certain methods on a certain audio dataset that may not end up
translating well to their own recordings. To highlight this challenge, this section will distinguish
between approaches to recording audio data that influences the ease of acquisition of labeled

training data.
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Figure 1.1. Passive Audio Example from Madre de Dios, Peru of a Screaming Piha Vocalization.
Visualized using the web-based audio labeling platform, Pyrenote.

1.1.1.1 Passive Recordings

We borrow from the term passive acoustic monitoring to define a category of audio
recordings that are typically collected with low-cost audio recorders such as Audiomoths [28]
in remote environments [41]. These recorders are typically set to record on periodic intervals
for long periods of time. That is to say that once all of the data is collected there is likely to
be plenty of audio that fails to contain information of direct value to the intent of the original
deployment. Furthermore, as bird species vocalize in the environment, even audio that does
contain vocalizations from a species of interest can be quite challenging to identify depending
on the distance from the recorder. One such example of a Screaming Piha (Lipaugus vociferans)
can be seen in Figure 1.1 where the birdsong blends in with the background.

In section 1.2 we will discuss two Audiomoth deployments used in this study that fall

into this category of passive recordings.
1.1.1.2 Purposeful Recordings

We distinguish another category of recordings that are often collected with more purpose
compared to the aforementioned passive methods. For example, if a person is walking around a
natural environment with audio equipment and hears a bird vocalization of interest, they may stop
and begin to record an audio clip. Now, in this example, by reacting to a sound and beginning to

record, the resulting audio clip is likely to contain a vocalization that is easily distinguishable



Figure 1.2. Purposeful Audio Example from Xeno-canto (XC-272411) of Screaming Piha
Vocalizations.

from the background noise of the environment. The recording can potentially be focused on
the subject sound if the individual recording has directional equipment. Furthermore, in this
example, the individual will likely stop recording once the sounds of interest cease. In this case,
the individual has produced an audio recording that has clear sounds of interest from a species as
well as clean start and stop times that mitigate the inclusion of irrelevant sounds. This culminates
in an audio clip where the regions best fit for training are clearer, and are likely easier for a
machine learning model to classify during inference time. An example clip we would classify as
purposeful can be seen in Figure 1.2 where Screaming Piha calls are the most distinct sound in
the recording and the clip stops when the calls stop.

When more purposeful audio recordings are collected, they are more likely to be tagged
with information. For instance, if the individual recording is knowledgeable of the species being
recorded, either by sight or sound, they may include that information with the recording.

However, it is not always the case that the purposeful recording is tagged with species
information. For example, the person making the recording may not be an expert or is unfamiliar
with a particular species being recorded. In this case, they are still recording with a purpose,
despite having less precise information associated with the recording.

To summarize, purposeful recordings are made with the intent of recording distinct
vocalizations, and often, but not always, contain precise information related to species or

taxonomy.
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Figure 1.3. Comparison of Weak Labels (top) and Strong Labels (bottom) on Screaming Piha
Audio (XC-272411)

1.1.2 Label Types: Weak vs. Strong

This section will detail what it means to label an audio clip. In the field of machine
learning, when data is referred to as labeled, this generally means that you have what we call a
strong label where the class of interest is clearly defined within the datapoint. As alluded to in
the prior section, if an audio clip is recorded and tagged with some information with respect to
the entire clip, it becomes challenging to define labeled training data. That is because the exact
timestamps when the sound of interest occurred is not included. We refer to labels defined across
an entire clip as a weak label. An example of the difference between a weak and strong label on
a clip containing Screaming Piha vocalizations can be seen in Figure 1.3.

Attempting to train deep learning models with weakly labeled data can be dangerous as
there is an inherent risk of including sounds in the training process that do not correspond to
the weak label. Instead, it is desirable to train deep learning models with strong labels instead,

which are very much focused on only the signals of interest.

1.1.3 Dataset Types and Challenges Summary

We consolidate the types of data we will focus on based on the previously discussed
recording categories and what information is typically available with them in Table 1.1. We mark

passive recordings with weak labels with an ”X” since, the assumption of a passive recording is



Table 1.1. Dataset Categorization Table

No Weak
Weak Label Label
Purposeful Type 1 Type 2
Passive X Type 3

that it is unprocessed and consequently has no weak label.

With Table 1.1 in mind, we can highlight the challenges associated with each of these
dataset types. Type 3 recordings are characterized by long stretches of recordings that are often
sparse of vocalizations of interest. Furthermore, these vocalizations can often blend in with
background noise. To add to the challenge, upon collection, no labels are available. To which,
any technique that attempts to streamline the human training data verification process will have
to filter out long stretches of environmental noise and pick out audio segments likely to contain
the species of interest. Purposeful recordings are generally easier to extract labeled training
data from. As discussed, these audio clips have been recorded with the intent to record sounds
that happen to be relevant to the machine learning goals. In the case where we do not know the
weak label species of purposeful recordings (Type 2), we do know that the data will be skewed
towards the taxon of interest. So in these cases there will be much less irrelevant noise compared
to passive recordings. However, the challenge of separating the species of interest from species
of the same taxon remains. The easiest type of data to extract strongly labeled training data
from are Type 3 recordings. In these cases, we know that the species of interest exist in the
audio clips and they tend to be easy to distinguish from irrelevant background noise as they were
purposefully recorded generally in the foreground. There still exists the risk of focal sounds that
are not the weakly labeled species, but those are less prevalent compared to the other data types.

The contributions of this thesis will be split into two Chapters. Chapter 2 will focus on
methodologies related to extracting labeled training data from Type 3 recordings. The chapter
will also include results of the methodologies applied to Type 1 and Type 2 recordings as well

for the sake of comparing and contrasting approaches to recording types. Chapter 3 will focus



on extracting strongly labeled data from Type 1 recordings. These strongly labeled datasets will
be used to train neural networks that are evaluated across all 3 types of recordings. Extracting
training data from Type 2 recordings is de-emphasized compared to the other types as they are

less commonly used to try and collect training data for deep learning models.

1.2 Relevant Datasets

This section will cover the specific passive and purposeful datasets that will be used for
experiments in the remainder of the thesis. We will also explicitly state which bird species we

will seek labeled training data for.

1.2.1 Madre de Dios, Peru Audiomoth Deployment

The first passive dataset, as defined in section 1.1.1.1, relevant to this thesis was collected
in the state of Madre de Dios, Peru in the Amazon Rainforest. The Amazon Rainforest is one of
the greatest sources of biodiversity in the world [2]. Its dense vegetation is critical for stabilizing
carbon dioxide levels that contribute to climate change [7]. Unfortunately, recent decades have
shown that the Amazon has greatly degraded over the years due to deforestation from sources
such as illegal logging for cattle farms and forest fires [55]. Organizations such as the Forest
Stewardship Council (FSC) provide certifications for corporations seeking to sustainably harvest
timber from natural environments such as the Amazon Rainforest [5]. The San Diego Zoo
Wildlife Alliance (SDZWA) performed an Audiomoth deployment along two such FSC certified
logging concessions run by Forestal Otorongo and MADERACRE. This deployment was carried
out with the hopes of translating successes in monitoring the jaguar population in the area with
camera traps using deep learning [66] into monitoring smaller species with Audiomoths. In total,
35 Audiomoths were deployed alongside logging roads or in unlogged forest. The deployment
took place over June to September of 2019. A Google Maps screenshot of the deployment can
be seen in Figure 1.4. The device housings were attached to trees as show in Figure 1.5. The

Audiomoths were programmed to periodically record 1 minute of audio every 10 minutes at a



Figure 1.4. Madre de Dios, Peru Audiomoth Deployment June-September 2019

384 kilohertz sampling rate. In total, 31 devices successfully collected about 4 terabytes of data
amounting to about 1500 hours of audio.

This dataset will be used to explore approaches to extract labeled training data of bird
species vocalizations from passive recordings in Chapter 2. Furthermore, in Chapter 3, we will
explore how best to extract training data from weakly labeled, purposeful recordings, and train

models on said data. Those models will be evaluated on recordings from this dataset

1.2.2 La Jolla, California, United States Audiomoth Deployment

California coastal sage scrub chaparral environments have been in decline in recent
decades [6]. Two of the main contributors are invasive species and anthropogenic nitrogen
deposition [1].

We performed an Audiomoth deployment inside the Scripps Coastal Reserve (SCR) in
La Jolla, California. The deployment served as an opportunity for our team to garner expertise in
performing Audiomoth surveys. It also gave us the opportunity to meet local birding enthusiasts

and garner their feedback on our team’s audio labeling system Pyrenote [57]. The SCR is



Figure 1.5. Madre de Dios, Peru Audiomoth Deployment Tree Attachment Example

managed by the UC San Diego Natural Reserve System. This environment contains over 100
bird species. From August 10th to the 24th, 2021 10 Audiomoths were deployed recording
1 minute every 10 minutes at a 384 kilohertz sampling rate. During this time, the SCR was
not open to the public due to the global Covid-19 pandemic. The Audiomoths were housed in
either the standard-issue Audiomoth housing or in Ziploc bags. The devices were attached to
coastal sage scrubs such as Lemonade berry (Rhus integrifolia) bushes and California sagebrush
(Artemisia californica).

Figure 1.6 shows where on the SCR the Audiomoths were placed. Figure 1.7 shows how
the Audiomoths were attached to different california coastal sage scrub species.

This dataset will be used to explore approaches to extract labeled training data of bird
species vocalizations from passive recordings in Chapter 2. However, in Chapter 3, when we
explore how best to extract training data from weakly labeled, purposeful recordings, we will not

use audio clips from this dataset, instead focusing our energy on the Madre de Dios, Peru dataset.
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Figure 1.6. Scripps Coastal Reserve - La Jolla, California, United States Audiomoth Deployment
August 2021

1
o 0]
i, TR

(a) Open Acoustic Devices housing on  (b) Ziploc bag housing on California
Lemonade berry (Rhus integrifolia). sagebrush (Artemisia californica).

Figure 1.7. Scripps Coastal Reserve Audiomoth Deployment - Device Housing and Attachment.
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Browse by Taxonomy

BIRDS | 813452
GRASSHOPPERS | 23170
BATS | 1701

FROGS | 1304

Figure 1.8. Xeno-canto Taxonomy Count Screenshot Taken 05/28/2024

1.2.3 Xeno-canto

With respect to bird species vocalizations, the most widely used database of purposeful
recordings, defined in section 1.1.1.2, is called Xeno-canto. An example of a Screaming Piha
Xeno-canto audio clip can be seen in Figure 1.2.

Xeno-canto was built with the intent of providing the public with sound recordings of
all wildlife. Consequently making it very easy to pull data from using warbleR [3] and its
widespread adoption in the ornithology community leading to a plethora of recordings. Figure
1.8 shows how many recordings they host by taxonomy. Furthermore, most of the audio is
labeled for the presence of certain species and they have many features such as the ability to
select clips based on region.

Though the focus of Chapter 2 will be on methods to extract labeled training data of
bird species vocalizations from passive recordings, we will apply similar the same methods
to Xeno-canto purposeful recordings. We do this to be thorough in our comparisons between
purposeful and passive recordings. Chapter 3 will focus on methods for extracting training
data from purposeful recordings with weak labels. All of the relevant techniques to accomplish
this will be applied to data collected from Xeno-canto. Furthermore, when we go to evaluate
deep learning models trained on these labeled training datasets, we will evaluate the models on
both passive recordings from Madre de Dios and purposeful recordings from Xeno-canto to be

thorough in our comparisons on the basis of recording types.
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Figure 1.9. Images of Relevant Bird Species.

1.2.4 Bird Species of Interest

If the goal is to collect training data of bird species vocalizations, we must define which
species we are interested in collecting data for. The first species of interest is the Screaming
Piha (Lipaugus vociferans) that is iconic to the Amazon due to its powerful "Pee-haw” sound,
making it one of the loudest bird species in the world [53]. The second Amazonian bird species
we will investigate is the Bright-rumped Attila (Attila spadiceus) known for its distinct red
iris and its melodic "whew-whit” dawn song [43]. The final species is the Common Poorwill
(Phalaenoptilus nuttallii) that ranges throughout the Western United States and into Mexico. It
is a noctural species that has an almost ethereal, low-frequency “poor-will” mating call.

Images of all of the species discussed are shown in Figure 1.9. Spectrograms of said

species can be seen in Figure 1.10.

1.3 Chapter Acknowledgements

Chapter 1 contains screenshots from our team’s manual audio labeling software, Pyrenote.
Sean Perry was the lead developer of the software. The thesis author helped delegate resources
and advised the development.

Chapter 1 describes an Audiomoth deployment in La Jolla, California. The thesis
author led this Audiomoth deployment that was funded by Engineers for Exploration under the

leadership of Curt Schurgers and Ryan Kastner.

13



Frequency (Hz)
¥ o8 8
[=] [= o
(=] o (=)

=
o
=]
o

Time (s)

(a) Screaming Piha (Lipaugus vociferans)

Frequency (Hz)
= [ N
w o w
o o [=]
[=] o o

Time (s)

(b) Bright-rumped Attila (Attila spadiceus)

4000
3500

3000

Frequency (Hz)
= [ ()
w o w
o (=] [=]
(=] o o

1000

500

0.000 0.060 0.120 0.180 0.240 0.300 0.360 0.420 0.480 0.540
Time (s)

(¢) Common Poorwill (Phalaenoptilus nuttallii)

Figure 1.10. Spectrograms of Bird Species Vocalizations.

14




Chapter 1 describes an Audiomoth deployment in Madre de Dios Peru. The audio
data collected from Peru was kindly provided to us by our San Diego Zoo Wildlife Alliance

collaborators Mathias Tobler and Ian Ingram.
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Chapter 2

Extracting Training Data from
Passive Recordings

In chapter 1, we defined passive audio recordings as datasets characterized by recordings
collected periodically that tend to contain long stretches of audio that is irrelevant to species
vocalizations of interest. Furthermore, the species vocalizations of interest have a tendency to be
challenging to distinguish from other environmental soundscape audio. When such passively
recorded datasets are collected with the intent to identify bird species vocalizations using deep
learning, the initial steps of gathering training data for the models present a non-trivial challenge
of mitigating human labor hours identifying relevant species vocalizations that usually requires
listening to hours of irrelevant audio. In this chapter, we demonstrate a process that we view
as the lowest barrier of entry for narrowing down audio recordings to be verified by humans:
template matching with species vocalizations of interest.

The term template matching encapsulates a set of methods that involve taking a known
signal of interest, referred to as a template, and using it to find similar regions within an unknown
signal. Some applications of this include channel estimation and system synchronization with
preamble signals in modulator-demodulator devices [25] and object detection in images [9]. For
the field of passive acoustic monitoring, template matching offers an accessible and efficient
method for initial data parsing, allowing researchers to sift through vast amounts of audio data

and pinpoint specific bird calls without the need for extensive pre-labeling or complex algorithms.
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One of the go-to software libraries for template matching with animal vocalizations is called
monitoR that encapsulates a popular binary template matching technique [68].

When a large dataset is collected from a noisy environment and a bird species vocalization
template is used in a template matching run to identify similar sounds (true positives (TPs)),
researchers often end up with template-matched audio that does not contain the vocalization if
interest (false positives (FPs)). So, say there are a total of N audio clips that have been produced
from a template matching run. In the N clips there are M TPs and N-M FPs. Now, say we can
only afford to have humans label n clips, where n is less than or equal to N. In the n clips, there
are m TPs and n-m FPs. If we can minimize n-m, this would mean that we are maximizing the
labeled training data TP yield given a constraint on the number of clips that we label. This raises
the critical question of how to best select template-matched audio given to humans to verify that
minimize the number of FPs they listen to.

In the remainder of the chapter, we will explore various approaches and methodologies

to address this challenge of minimizing the number of FPs labeled by humans.

2.1 Related Works

In this section we summarize work of other researchers in addressing the challenge of
template matching verification. We will also talk about how our work differs from theirs, though

we will describe our methodologies and experiments in more detail later in this chapter.

2.1.1 Better Templates

When considering the best methods to yield the most effective template matching run,
a natural place to look is to seek the best template. When it comes to template matching with
audio data, much work has been done in the space of identifying the most prominent regions
of image representations of sound, spectrograms [35]. There are many approaches to building
spectrogram representations of sound, including the linear Short-Time Fourier Transform (STFT)

and logarithmic scales. Notably, the use of the Mel Scale and Mel-frequency cepstral coefficients,
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which attempt to mimic human auditory perception and provide robust features for tasks like
speech and bird song recognition, has shown promise [29]. Furthermore, the monitoR library
allows users to make fine-grain manipulations to the time and frequency regions of a template
[37].

We recognize that determining the best templates a-priori is challenging due to the vari-
ability in recording conditions and species vocalizations. Consequently, rather than extensively
optimizing template selection, we focus on filtering false positives, assuming a reasonable form
of template matching was employed. This approach allows us to maximize the effectiveness of

our template matching runs while managing the inherent uncertainties of passive recordings.

2.1.2 Ensemble Learning for False Positive Filtering

Our work related to maximizing the value of template matching verification presented in
this thesis builds on top of the work done by Balantic [4]. In this paper, study bird species within
the Sonoran Desert in California. In their work they use the monitoR library’s binary template
matching capabilities to identify templates of species of interest within the Sonoran Desert in
California. Their template matching runs lead to template-matched audio that contains TPs and
FPs. To filter out the FPs they develop machine learning models. They first label a subset of
their overall template-matched audio to collect some examples of TPs and FPs. The audio from
this human verification is used to train and evaluate several statistical learning models that are
well-suited for smaller training datasets. They use these trained models to build an ensemble
wherein all models are used to make predictions on audio clips weighted by their performance
on a validation dataset. The ensemble is then used to inference on the remaining unlabeled
template-matched audio leading to less FPs overall.

Our work is distinguished from theirs as we are working with different species in different
ecosystems. Our work expands beyond the use-case of soundscapes by comparing results on
passive recordings as well as purposeful recordings. We use a different form of template matching

that involves cross-correlation. We chose a correlation based approach for easier interpretability.

18



We use the same statistical learning models that we will discuss in the methodologies. When we
use the ensemble models to determine which of the remaining unlabeled audio pool should be
labeled, since we don’t independently evaluate each model, we weigh their predictions uniformly.
We set up an experimental design with an upper and lower bound for measuring the percentage
of true positive identifications that are found given what percentage of the pool has been labeled.
This requires us to have verified a template matching run in its entirety to run such simulations.
Furthermore, with this experimental setup we can make the valuable contribution of performing
a form of ablation study to compare the ensemble approach to more naive approaches such as
random sampling and sampling template matching outputs with the highest correlation to the
template used. Our experimental setup enables us to quantitatively compare these approaches to

an ideal upper bound.

2.2 Methodology

To tackle the challenge of efficiently acquiring training data directly from passive record-
ings collected from natural soundscapes, we borrow methods from the field of active learning.
Active learning in the context of machine learning is a description of a set of problems wherein
there is a large collection of datapoints with unknown labels that have a certain cost to label, and
the goal is to find a classifier that maps the datapoints to their respective labels with a minimal
cost [16]. In our case, we are not necessarily looking for the optimal classifier that labels all of
the datapoints, rather we wish to maximize the number of datapoints observed of a certain class
in a large unlabeled pool given a restriction to the number of datapoints a human can verify.

An overview of our approach to to this challenge via a two stage template matching

verification is as follows -

1. Perform template matching to reduce the recordings down to those with similarities to the

template species of interest.

2. Determine the value of n, i.e., clips you will verify.
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. Label a subset of 0.2*n from the template-matched audio. A 20-80 split is a common data

division in machine learning.

. Use the labeled subset to train several statistical learning models that are effective in
training data scarce settings. The models will be trained as binary classifiers to distinguish

between true positives and false positives.

. Combine the models into an ensemble, a process wherein all of the models vote on the

presence of the species of interest.

. Use the ensemble to inference on the remaining unlabeled template-matched audio. Each
datapoint gets an integer value [0, k] where k is the number of statistical learning models

in the ensemble.

. Order the remaining unlabeled template-matched audio according to the ensemble presence

vote.

. Select and label remaining 0.8*n audio clips based on presence vote in descending order

This overview can be seen in flowchart form in Figure 2.1. The remainder of the section

will provide more details with respect to each of these steps. Furthermore, smaller details

regarding parameter choices that are necessary to reproduce this work, will be covered in the

experiments.

2.3 Zero-normalized Cross Correlation based Template

Matching

When performing template matching on audio data, several fundamental steps must be

considered. First, one must decide how to represent the audio data that contains the template,

what we will call a feature vector. Next, the method for comparing the template to unknown

signals needs to be determined. Finally, the results of these comparisons must be clustered into
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timestamps. This section will detail each of these steps, including the pre-processing required
for template representation, the comparison techniques used, and the clustering methods for

accurate timestamp identification.

2.3.1 Feature Vector Creation

In our experiments, we aim to create a sound representation feature vector that emphasizes
the vocalization frequency ranges of interest, ensuring that bird songs are captured accurately
while irrelevant sounds are minimized. To achieve this, we first downsample the audio signal to
a sample rate that is low enough to remove irrelevant high-frequency sounds, but high enough
to retain all the birdsong frequencies of interest. Next, we apply a Butterworth bandpass filter
[60] to further exclude frequencies outside the vocalization range, thereby focusing our analysis
on the relevant audio spectrum. We then compute the magnitude component of the Short-Time
Fourier Transform (STFT) using a Hanning window, normalizing the resulting values by dividing
by the maximum power to scale the range to [0,1]. This preprocessing ensures that our feature
vector is optimized for detecting the bird vocalizations while reducing the influence of irrelevant

noise.

2.3.2 Comparing the Template to the Unknown Signal

Zero-normalized Cross-correlation (ZNCC) is a useful method for comparing a template
to an unknown signal. It functions similarly to the Pearson Correlation Coefficient, providing
outputs normalized over the range [-1, 1], where -1 indicates perfect anti-correlation and 1
indicates perfect correlation [12]. When a template is compared to itself, this process is known
as autocorrelation and will yield a perfect correlation of 1. An example of this is shown in Figure
2.2

To compute the ZNCC between a template and an unknown window, all the feature
vector creation steps described in section 2.2.2 are first applied to the unknown window. From

there, the mean and standard deviations of both the template and unknown window are computed.
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Figure 2.2. Screaming Piha Vocalization Autocorrelation. Correlation outputs (top) Vocalization
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The mean of the respective vectors is subtracted from one-another, the dot product between the
template and the unknown window is computed, and that value is divided by the product of the
computed standard deviations and the number of elements in the feature vector.

To make sure that the number of correlation outputs is equal to the number of time bins of
the STFT of the unknown signal, we perform zero-padding. Furthermore, when the correlation
operation is performed and windows for the 2-dimensional STFT image must be selected, only
windows where the frequencies perfectly align are selected, leaving only horizontal motion along
the time axis. We like to think of this like “rollercoaster” cross-correlation. An example of
ZNCC using the Xeno-canto template from Figure 2.2 on another “unknown” Xeno-canto clip
can be seen in Figure 2.3. In the figure it is clear that peaks occur over birdsong calls that are
similar to the template. We refer to the sequential correlation outputs between the template and

the windows of an unknown signal as local score arrays.

2.3.3 Clustering Local Scores for Timestamps

In order to identify potential audio clips for humans to verify, we must convert the local

score arrays into timestamps. To convert the local score arrays into timestamps, we set a threshold
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Figure 2.3. Screaming Piha Vocalization Cross Correlation. Correlation outputs (top) Unknown
Signal (bottom)

with respect to correlation and place a window approximately equal to the length of the original
template centered around the array elements greater than or equal to the threshold. We do not set
the window size to be equal to the length of the original template to remain consistent across
different templates from the same species we will run experiments on. All overlapping windows
are converted into a single timestamp. This means that the timestamps can have variable lengths.
Our team refers to this method as the “Steinberg Technique” in honor of the team member that
first implemented this clustering method. An example of collecting timestamps using this method

can be seen in Figure 2.4.

2.3.4 Statistical Learning Ensemble

After template matching has been performed, the statistical learning model ensemble
will be used to filter out false positives. As noted in Figure 2.1, this template matching workflow
involves two rounds of labeling. The first stage involves randomly sampling from the ZNCC
audio timestamps to train an ensemble that is then used to help decide the remaining audio
timestamps to label. For example, if we decide to label 100 template matching outputs, 20 will

be used to train the ensemble, while the remaining 80 will be selected based on the ensemble
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Figure 2.4. Screaming Piha ZNCC Timestamp (yellow) Creation based on Threshold (red)

vote.

In data-scarce environments, statistical learning models are often more appropriate than
deep learning models because they typically require fewer labeled examples to achieve good
performance [34]. Statistical learning methods, such as decision trees, support vector machines,
and logistic regression, are well-suited for this scenario and can provide robust results with
limited data.

Ensembling, the process of combining multiple models to improve overall performance,
is a common technique in machine learning. By training several different models and combining
their predictions, ensembling can reduce variance and bias, leading to more accurate and reliable
results [19]. In this context, all models in the ensemble are trained for binary classification,
where the presence of the relevant bird species vocalization is labeled as 1, and the absence (false
positives) is labeled as 0.

The remainder of this section will provide brief overviews of each of the statistical

learning models that make up the ensemble.
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2.3.4.1 Support Vector Machines

Support Vector Machines (SVMs) are supervised learning models used for classification
and regression tasks, which work by finding the hyperplane that best separates data points of
different classes. The linear SVM uses a straight hyperplane, while the radial (RBF kernel) SVM
uses a curved hyperplane to handle non-linearly separable data. We use both kinds of boundary

selection methods as separate models in the ensemble.
2.3.4.2 Logistic Regression

Logistic regression is a statistical method that can used for binary classification. It models
the relationship between one or more independent variables (features) and a binary dependent
variable (outcome). The method first computes a linear combination of the input features by
calculating the weighted sum of the features plus a bias term. This linear combination is then
passed through the logistic function, also known as the sigmoid function. The logistic function
maps any real-valued number into a value between O and 1, representing the probability of the
outcome. The core idea is to find the best-fitting model to describe the relationship between
the dependent variable and independent variables by estimating the parameters (weights) that

maximize the likelihood of observing the given data.
2.3.4.3 K-nearest Neighbor

K-nearest neighbor (kNN) is a method by which known points are plotted into some
input space. Some unknown vectors can then be plotted and have their distance measured from
all of the labeled data. An unknown vector can then be classified based on its nearest neighbor,

or an arbitrary number of k nearest neighbors can be used to aggregate a class prediction.
2.3.4.4 Random Forest

Random Forest (RF) is an ensemble learning method that constructs multiple decision

trees during training and outputs the mode of the classes of the individual trees.
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2.3.5 Ensemble Prediction Aggregation and Sampling

After all of the models in the ensemble make a presence/absence class prediction across
the unlabeled template-matched audio, we give each segment a number equal to the sum of the
species present predictions. In this case where we have 5 statistical learning models, that means
each clip gets a value [0,5]. We can then rank the remaining unlabeled audio in descending order
based on this ensemble vote. We then select however many clips we are willing to label. To
reconnect with the prior example, if we agreed to label 100 clips, given that we have already
labeled 20 to train the ensemble, we would select the remaining 80 clips that received the highest

ensemble vote.

2.4 Alternative Verification Methods

As is apparent from the long flow chart 2.1, the approach we are taking to make template
matching verification more efficient is a very complicated process. In such situations, it is
important to perform alternative experiments with simpler approaches. To which, we will run
two alternative methods that will follow the template matching step and replace the approach
to feeding audio segments for humans to verify. Both methods involve a single labeling stage
where the agreed upon number of n clips to be labeled are labeled all at once. As opposed to our
two stage approach where we labeled 0.2*n to train the ensemble and selected the remaining
0.8*n based on the vote of said ensemble. The first alternative approach will involve randomly
sampling n clips from the template-matched audio. The second alternative approach will assign
the max correlation to each template-matched audio segment that occurred over its duration. The
template-matched audio segments are then placed in descending order and the top n segments
are selected to be verified by humans. This is done with the hope that template-matched audio

with higher correlation to the template are more likely to be true positives.
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2.5 Experiments

As the chapter title and methodologies suggest, our proposed template matching exper-
iments were developed with the intent of tackling passive recordings, what we called Type 3
recordings in Chapter 1 section 1.1.3. With that being said, we will still test the methodology
on purposeful recordings with and without weak labels, what we called Type 1 and Type 2
recordings. We do this to be thorough in our comparisons on how to tackle each of these kinds

of recordings.

2.5.1 Data

Our experiments are focused around finding training data for the Screaming Piha, Bright-
rumped Attila, and the Common Poorwill that are all described in Chapter 1 section 1.2. We
derive two Type 3 passive datasets. The first includes Audiomoth recordings from a single device
in our Madre de Dios, Peru deployment. The second includes all of the audio clips from the
Scripps Coastal Reserve deployment as it is generally a less noisy environment and less prone to
false positives. For our purposeful audio recordings from Xeno-canto we create a Type 1 weakly
labeled dataset by selecting clips known to have the species of interest. We then simulate a Type
2 purposeful dataset without weak labels by adding in clips with species known to exist in the

respective regions that have weak labels that are not the species of interest.

2.5.2 Template Matching Setup

All of the Madre de Dios (MDD), Scripps Coastal Reserve (SCR), and Xeno-canto
Templates for the Screaming Piha, Bright-rumped Attila, and Common Poorwill are shown in
Figure 2.6. Table 2.1 show all of the parameters used for template matching. The confidence
threshold of the Steinberg technique was selected by some experimental runs where a species
template was run against a clip known to contain matches and evaluating the local score arrays.

The sampling rate for all of the audio in each template matching run was selected based on
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Figure 2.5. Example Kaleidoscope Lite Interface for Template Matching Verification

the highest frequency of each relevant call. We could have chosen a lower frequency for the
Common Poorwill experiments. The frequency passband of the Butterworth bandpass filter,
defined by the “lowcut” lower bound frequency and "highcut” upper bound frequency were
selected based on lower and upper frequency bounds of each species template. The window for
the Steinberg technique was selected to be approximately equal to the length of the templates
used. We acknowledge that the Screaming Piha window size is as bit of an outlier with respect to
the length of the template used. This error likely stems from an original intent to use templates
that include both the main “pee-haw” calls alongside the preamble "whoo” calls that was shifted
away from when we used only the main calls for templates.

All of the template matching audio outputs were verified using Wildlife Acoustic’s
Kaleidoscope Lite software. This was chosen as it makes it easy to quickly listen to audio
segments with an accompanying spectrogram visual and label for presence/absence of the

template species. An example of this software interface is shown in Figure 2.5.
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Figure 2.6. Purposeful and Passive Recording Templates

2.5.3 Statistical Learning Ensemble Setup

As mentioned in the Methodology, the statistical learning ensemble is the critical step
with respect to the two labeling stages. With each of the statistical learning models, there are
parameters that control the behavior of the model. In this work, we simply work with the default
values used by Scipy [70]. The one challenge we must contend with as a consequence of our
clustering algorithm outputting variable-length time stamps is how to make the input vectors
during training and inference have a uniform length. We solve this by setting the length to be
slightly longer than the window size selected for each species. Table 2.1 shows these window
lengths. For the audio segments shorter than the input space, we simply repeat the clip until it is
greater than the desired input space and concatenate. For the audio segments that are greater

than the desired input space, we simply cut off any excess length.
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2.5.4 Evaluation

As mentioned in prior sections, all of the outputs from our template matching runs
have been verified by humans. Since we perform template matching on audio data that is not
completely strongly labeled, we can only identify true positives (TPs) and false positives (FPs).
That is to say that since we did not exhaustively strongly label the entire dataset, we do not know
what was missed by template matching, we cannot count the number of false negatives (FNs).

With that, we can calculate the performance of our template matching via precision -

TPs

precision = m

By labeling all of the template matching outputs across all of the Type 1, Type 2, and Type
3 recordings across all species, we are able to perform simulated runs where we limit the number
of n clips to be verified. This enables us to compare the percentage of the template-matched
audio segments that have been verified to the percentage of the overall number of true positives
that have been successfully extracted from the unlabeled pool. With that, we can draw an ideal
upper bound where every clip that is labeled is a true positive until only the false positives remain.
Similarly, we can generate a lower bound where every clip that is sampled is a false positive until
only true positives remain. For example in a situation where there are 1000 template-matched
datapoints with 600 true positives, if we simulate a labeling run with 500 datapoints, the upper
bound point would be (0.5, 0.833) while the lower bound point would be (0.50, 0.167). From this,
we can then see where our three approaches to template matching verification, using ensemble
learning, random sampling, and high-correlation sampling, fall between these upper and lower
bounds.

To evaluate the performance of each method, we first need to quantify their effectiveness.
This is achieved by calculating the area under the curve (AUC), which provides a single scalar

value summarizing the overall performance of a template matching verification strategy across all
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simulated runs. The AUC represents the method’s accuracy and reliability, offering an intuitive
measure of its effectiveness. To further refine this evaluation, we compare the AUC of each
model to the ideal AUC, representing perfect performance, by taking a ratio. This AUC ratio
quantifies how close each methodology is to the ideal, providing a clear and concise measure of

performance. The AUC is calculated using Simpson’s Rule [11].

2.6 Results

Figure 2.7 shows a histogram of the correlation scores of each template matching run.
Here we can see that for the Xeno-canto recordings with weak labels, there are generally many
more true positives than false positives. This should not be a surprise that if we take a template
of a species of interest and perform template matching on purposeful audio recordings that
generally have more focal sounds of interest and we know the species of interest exists (Type 1),
then we are likely to have a very successful template matching run with minimal false positives.
In the next row where template matching is performed on purposeful recordings without weak
labels (Type 2), we can see that more false positives are introduced. This makes sense as more
audio clips were included where the species of interest did not exist. For the Screaming Piha
and Bright-rumped Attila, we can generally see that the true positives are skewed towards higher
correlations. However, for the Common Poorwill we can see an unexpected result that the false
positives have generally higher correlation values than the true positives. This is likely due to
the Common Poorwill having a call that is fairly short in length and occupies a small frequency
bandwidth making it prone to correlate with other bird vocalizations. In the final row of template
matching runs on passive recordings (Type 3) we can see that the Bright-rumped Attila had TPs
and FPs that were mostly separable based on correlation. However, the Screaming Piha and
the Common Poorwill template matching runs yield messy histograms where TPs and FPs are
intermingled.

Figure 2.8 shows a breakdown of all of the simulated labeling runs. In the first row of
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Type 1 recordings we can see that there is minimal space between the upper and lower bounds.
This means that almost any strategy to separate TPs from FPs will work. This should make
sense from the confidence histogram row of Type 1 recordings that had very few FPs relative
to TPs. In the next row of Type 2 recordings we can see that for the Screaming Piha and
Bright-rumped Attila, simply labeling the template-matched audio with the highest correlation
performs the closest to ideal. This makes sense as in their respective confidence histograms, we
could see that the TPs and FPs were largely separable with TPs being generally higher than FPs.
However, we can see how assuming that the TPs will have higher correlation can pose problems
with the Common Poorwill as that approach performs worse than simply randomly selecting
template-matched audio to label. Finally, in the third row of template matching runs on Type 3
recordings, we can see that the ensemble approach to template matching verification performs as
well as or better than sampling based on correlation.

Table 2.2 shows a more quantitative breakdown of the full template matching runs as
well as the AUC ratios from the simulated template matching runs from Figure 2.8. In that we
can see how the precision of the Type 1 recordings are very high as there were very few positives.
The Type 2 and Type 3 recordings generally have lackluster precision falling below 60% with
the exception of the Type 3 Bright-rumped Attila.

While Table 2.2 does include the AUC ratio results, for the sake of discussing said results,
we will look at Figure 2.9 that shows the AUC Ratios in a side-by-side bar chart with respect
to the relevant datasets. In this figure in the Type 1 recordings in the first row, we can see that
all of the techniques achieve close to ideal results which was also observed with the minimal
difference between the upper and lower bounds of Figure 2.8. In the second row of Type 2
recording AUC Ratio results we can once again see how sampling template-matched audio based
on high correlation achieves the results closest to the ideal upper bound for the Screaming Piha
and Bright-rumped Attila. However, this approach does not generalize across all species as it
yields worse results compared to naively random sampling in the case of the Common Poorwill.

From these results, the most important thesis contribution is that the ensemble approach
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Figure 2.9. AUC Ratio Side-by-side Bar Charts
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to template matching verification consistently performs as well as, or better than sampling based
on high-correlation in passive recordings. This is best highlighted in Figure 2.8 where in the
third row, the ensemble curve is consistently the closest to the ideal upper bound. This result is
further supported by the passive recordings side-by-side bar chart in 2.9 where the AUC ratio for
the ensemble from the aforementioned curves is the greatest, though only marginally so in the

case of the Bright-rumped Attila.

2.7 Chapter Acknowledgements

Chapter 2 uses data from an Audiomoth deployment in La Jolla, California. The thesis
author led this Audiomoth deployment that was funded by Engineers for Exploration under the
leadership of Curt Schurgers and Ryan Kastner.

Chapter 2 uses data from an Audiomoth deployment in Madre de Dios Peru. The audio
data collected from Peru was kindly provided to us by our San Diego Zoo Wildlife Alliance
collaborators Mathias Tobler and Ian Ingram.

Chapter 2 describes the use of an algorithm to cluster temporal predictions into times-

tamps. This algorithm has yet to appear in a publication. It was developed by Gabriel Steinberg.
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Chapter 3

Extracting Training Data from
Purposeful Recordings

Many researchers and hobbyists collect audio recordings in natural environments with
the intent of collecting bird vocalizations. When these datasets are provided to the scientific
community, they often only specify a single species that can be heard. They do not indicate
when these vocalizations occur. That is to say, that scientists interested in using this audio data
to train deep learning models that can differentiate between different species vocalizations often
cannot use the data directly from the source. The only information that is actually known about
the audio is that at least one vocalization of the species of interest has occurred. Given that
many deep learning models require inputs of some fixed length, in the case of audio, some fixed
time, not knowing when the vocalizations occur can become an issue for larger audio recordings.

Some of those issues include -
1. Audio Sparsity

(a) Example - a minute long clip contains only 3s of the vocalization of interest.

(b) Risk - training and consequently making inferences on environmental background

noise as the class of interest.
2. False Positive Sounds

(a) Example - a human voice noting the time and date of the recording.
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(b) Example - a species of bird other than the one labeled makes a sound.

(c) Risk - neural network model struggles to differentiate between vocalizations of

interest.
3. Species Vocalization Variance

(a) Example - a dataset is labeled for a species of interest but only contains mating calls.

(b) Example - a training dataset contains only foreground vocalizations when a study

area contains background calls.

(c) Risk - neural network model struggles to generalize for the species of interest.

In the data acquisition section of the paper that describes the current state-of-the-art deep
learning model for acoustic species identification, BirdNET [36], they describes the challenge
of - “training on weakly labeled samples of varying lengths, the biggest challenge is to extract
segments of audio recordings that contain the target signal.” This section, alongside this paper by
Morfi [50], led to our adoption of the nomenclature that separate “weak’ labels, or what we call
Type 1 recordings, where the presence of at least one vocalization of a species exists within a
purposeful audio clip, compared to “strong” labels that provide the exact timestamps of where
said species can be heard within a clip. They go on to reference work done by Sprengel [62] for
the 2016 BirdCLEF competition that details an automated approach to foreground-background
separation to isolate focal vocalizations within a weakly labeled audio clip that was used in the
training of BirdNET. We will refer to such methods that attempt to automate selection of relevant
timestamps from weakly labeled audio as weak-to-strong (WTS) pipelines.

In the remaining sections of the chapter we will cover WTS methods developed by other
researchers. For those that we build on, we will cover how our work varies from said work.
Our methodologies section will motivate each of our approaches while also providing more
details on each WTS pipeline and how they are applied to Type 1 recordings. We will then cover

experiments that compare the training data generated by each WTS pipeline to those created
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by humans. Finally, we will cover experiments related to the training and evaluation of deep
learning models for acoustic bird species classification on the training data generated by the

WTS pipelines. The models will be evaluated on Type 1, Type 2, and Type 3 recordings.

3.1 Related Works

In this section we will describe work done by fellow researchers with respect to building
WTS pipelines. Some of these works we build directly on top of and so we will mention those

extensions, but go into more detail in the methodologies portion of the chapter.

3.1.1 Foreground-background Sound Separation

Given that someone has purposefully shared an audio clip that they recorded where they
identified a species of interest, it seems logical that the vocalization of interest would be the
most prominent sound in the audio clip. So, if a researchers wants to extract said vocalization
from all the other audio, it would make sense to come up with an algorithm that simply separates
foreground audio from background audio.

The de-facto standard WTS pipeline for training deep learning models for bird acoustic
species identification from Sprengel [62] uses such an approach. In this paper they describe a
process, of creating a binary mask over a spectrogram using power thresholding, followed by
some binary morphology operations, and converting the mask into a temporal indicator vector.
We consider this the de-facto standard due to its usage in BirdNET [36]. We reverse-engineer
this WTS pipeline and compare it to other similar methodologies.

Once they have a temporal indicator vector, they concatenate all the regions of interest
together, and then they split that new audio segment into uniform segments for training. Further-
more, they take the regions considered to be in the background, that fall below a power threshold,
follow the same concatenation process, and additively combine with the foreground audio to
create a new sample. This process is shown in Figure 3.1

Furthermore, the authors do explicitly state that they use the foreground-background

42



Sound File

Signal Part Noise Part
|sTET |STFT

Figure 3.1. Example of Foreground-background (green-red) concatenation from Sprengel et al,
2016

separation technique as a pre-processing step during inference time after the neural network has
been trained 1. While the BirdNET paper did cite the Sprengel paper as their weak to strong
labeling pipeline, we don’t know for certain that they used the exact same hyperparameters that
control the algorithm for training. Furthermore, we do not know if they use the foreground-
background separation as a pre-processing step at inference time

When it comes to the use of the their foreground-background separation technique for
pre-processing, it brings with it the challenge of mapping those back to specific time segments.
For example, say we have a concatenated 5 second audio segment that was extracted from a
minute long audio segment. Assume that this 5 second segment is created from a 3 second
segment in the first half of the audio clip and a 2 second segment from the second half. If our
model then predicts the presence of some species, do we then have to store some metadata about
where in the clip those segments came from? Furthermore, we then have to verify where in the
original audio clip the species was heard. Now, say we ignore that challenge and instead only
use their concatenation process for training where they are concatenating together discontinuities
in the audio data. When they go to inference on all the audio of a test set, the underlying data
has some fundamental differences where one was exposed to a pre-processing step while the

other has not. These challenges of course can be worked around, it just seems that they lead to
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some complications that can be avoided for the sake of simplicity.

Due to these challenges, in our application of this foreground-background separation
technique, we take a different approach to converting the temporal indicator vector into training
data. We will show how these changes make it easier to compare to a human ground truth as
well. Furthermore, we will not treat it as a pre-processing step when we evaluate model inference

performance.

3.1.2 Binary Birdsong Sound Event Detection

Given the challenge of extracting vocalizations of a species of interest from an audio clip
where the presence of said species is known to exist, a logical choice would be to train a general
model that identifies sounds from the relevant species taxon. For our work that would come in
the form of a sound event detection model trained to generally identify bird vocalizations.

The closest work in binary bird sound event detection related to our goals in this thesis
comes from Morfi [50]. In that paper they describe a Convolutional Neural Network and
Recurrent Neural Network (CNN-RNN) hybrid architecture that attempts to identify when bird
vocalizations occur in an audio clip. They train, a WHEN network that identifies temporal
regions of interest and a WHO network that discriminates between bird species. They go into
detail about different ways to efficiently train the networks together. That is, they maximize the
value of a data scarce environment by sharing the weights of the feature extraction convolutional
layers of both networks and compare against independently training the WHEN and WHO
networks.

Our work makes use of an open-source implementation of the WHEN network that
was trained on the DCASE 2018 [39] (Warblr and Freefield1010) datasets. This open source
implementation is referred to as Microfaune [31]. Our work varies from that of Morfi by using
the pre-trained Microfaune model as an approach to the weak to strong label challenge to create
training data for a multi-species classifier.

Similar work that leverages a CNN-RNN architecture come from Cohen and Nicholson
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with TweetyNet [13]. They build out a birdsong sound event detection model that performs well
in classifying what kind of Bengalese finch and canary syllables occur and when they do so in
audio. Their study used training and test data meant for behavioral studies, meaning that it was
collected indoors.

We will run experiments with the TweetyNet architecture using weights trained across a
larger variety of species for general binary bird sound event detection. The training data comes
from outdoor recordings [49]. We will go into more depth on how Microfaune and Tweetynet

are used in this study in this chapter’s methodologies.

3.1.3 Template Matching

The goal of this chapter is to extract the exact timestamps of vocalizations from a species
of interest in an audio clip where the presence of that species is confirmed. Assuming we have
access to at least one fine-grain example template of a sound from that species, it is a logical
choice to use this template to extract similar sounds from the weakly labeled clip.

As described in section Chapter 2, template matching can be used to identify species
vocalizations within an audio clip. Therefore, we consider the previously discussed template
matching literature in section 2.1 as related work to this challenge as well.

The application of template matching in Chapter 2 involved focusing massive passively
recorded Type 3 datasets down to a more focused set of points that correlate with a species of
interest. In this chapter, the method will be applied to weakly labeled purposeful recordings to
extract sounds similar to a species of interest which are then compared directly to human labels
on the same audio data. Furthermore, we will use the template-matched audio data to train neural
networks and compare the performance across other WTS pipelines as well as human labeled

data.
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3.2 Methodology

A general overview of our methodology can be seen in Figure 3.2. The general idea is
that we are given an audio clip that is known to contain a bird vocalization of interest. From
there, we pass this audio clip through a Weak-to-strong pipeline that identifies where the relevant
bird vocalizations occur. From there, we must normalize those timestamps into input feature

vectors of uniform length to train neural networks.

3.2.1 Weak to Strong Labeling Pipelines

In this section we will list out all of the WTS pipelines we use to generate estimates of a
strongly labeled training set from weakly labeled audio clips. We will emphasize a high-level
motivation behind each approach as well as acknowledge their drawbacks. We will list out the
technical details for each approach and fill in smaller algorithm parameters and training details

in the Experiments section 3.3.
3.2.1.1 Naive

When labeled purposeful audio clips with weak labels are collected from online resources
with the intent of training deep learning models, the simplest approach is to assume that all of
the clip contains the weak label species of interest. As most deep learning models require some
fixed input length, the naive approach is to simply break the audio data into chunks equal to
the length of the fixed input, and use everything as training data. For shorter segments, such as
the last chunk of an audio clip or audio clips less than the required fixed input length, one must
decide to either repeat the clip until it is the required length, or to simply skip over such clips.
We opt for the latter approach. The danger in this approach is that by accepting all the audio
data, you open up the risk of including false positives that are not the species of interest such as

background noise and sounds of different species.
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Figure 3.2. Weak-to-strong (WTS) Pipeline Flowchart

47



3.2.1.2 Foreground-background Separation

As mentioned in section 3.1.1, we have reverse-engineered the foreground-background

separation method used in [62]. Their method is summarized in Algorithm 1. An example of

this method applied to a weakly labeled Xeno-canto audio clip can be seen in Figure 1.

Algorithm 1. Sprengel et al. 2016 Foreground-background separation.
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Compute the STFT with a Hanning window of length 512, with 75% overlap
Take the absolute value of the STFT
Normalize the STFT to [0, 1] by dividing by the maximum value
Compute the median for every row and column of the normalized STFT
Select a constant multiplier b that defines the power threshold.
Construct binary mask:
for each pixel in the normalized STFT do
if pixel > b x row_median AND pixel > b x column_median then
Set pixel to 1
else
Set pixel to 0
end if

: end for

: Select integer constant ¢ that defines the dimensions of your binary morphology kernels.
: Apply binary morphology opening operation with a ¢ x ¢ square kernel of 1’s:

: Apply erosion (nested 2D AND operation) with kernel

: Apply dilation (nested 2D OR operation) with kernel

: Convert “opened” binary mask to time indicator vector (binary local-score array):

: Compute the sum of each column (creating a vector of sums)

: for each value in the vector do

if value > 1 then
Setto 1
end if

: end for
: Apply dilation two times on the time indicator vector with a ¢ x 1 kernel.

*Note that this is similar to a convolution operation where the kernel is flipped, so,a 1 x ¢
kernel will end up actually being applied to the indicator vector

The challenge with any foreground-background WTS pipeline is that it relies on the

assumption that the weak label is the dominant sound within the audio clip. For the bird vocaliza-

tions we are interested in, this assumption can be problematic. Loud anthropogenic sounds, such

as human voices, footsteps, vehicles, or recorder shuffling, can interfere. Additionally, sounds
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from other fauna, including incorrect taxa like frogs and insects or calls from incorrect bird
species, can exist in the foreground of the audio. Without a human in the loop to double-check
the training data, it is possible that these potential sources of false positives end up in the training

set with incorrect labels, which can yield a model that struggles to classify the species of interest.
3.2.1.3 Binary Bird Sound Event Detection

To automate the process of converting weak labels in purposeful datasets into strong
label timestamps of the labeled bird species, we explore binary bird sound event detection. The
idea behind this is that given a certain bird species vocalization occurs at least once, if we can
separate bird calls from non-bird calls within an audio clip, we can use those separations for
training data on said species.

We work with two bird audio Sound Event Detection CNN-RNN hybrid models. The
first, we refer to as Microfaune, is an open source recreation of the WHEN network described in
[50] [31]. The second is the TweetyNet architecture developed by [13]. Both neural networks at
a high-level take the same approach of having a feature extraction block of convolutional layers
that identify regions of interest within spectrograms which is then followed by a block that learns
temporal correlations using bidirectional long-short-term-memory (LSTM) layers.

Two of the main differences between the architectures is that TweetyNet was designed
to distinguish between types of vocalization syllables, meaning that each prediction in the
local score array output is multi-dimensional. We train the model in a purely binary manner.
Furthermore, Tweetynet performs a local score array post-processing step where all strings of
local scores that are shorter than a user-defined minimum duration are removed. For the strings
above said threshold, a majority vote within all of the predictions in the segment is performed so
each segment only falls under one class.

There are two fundamental challenges with using a binary bird sound event detection
model to automate the WTS process. The first challenge is that even if you have a perfect model

that can perfectly identify bird presence/absence, the weakly labeled audio can contain species
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vocalizations that are not the relevant species. The second challenge is rooted in the inherent
complexity of training a deep learning model that generalizes across all species. That is to
say, that the breadth of species audio used to train the sound event detection model may fail to

generate model weights that can be applied to a species in a weakly labeled dataset.
3.2.1.4 Template Matching

In a situation where a researcher interested in collecting training data for a species has
access to at least one vocalization example, what we call a template, and has access to weakly
labeled recordings, the logical step is to leverage said template to find similar sounds. As
previously discussed, this is a process called template matching.

We use the same zero-normalized cross correlation (ZNCC) approach to template match-
ing described in Chapter 2 section 2.2.3 followed by the Steinberg technique to acquire times-
tamps.

The main concern with this approach as a WTS pipeline is that a vocalization template
will correspond to a certain call of a species. This is a problem when most bird species have
several kinds of calls. An example we discussed earlier in section 1.3.4 is how the Screaming
Piha has a main ”pee-haw” call as well as the preamble “whoo” call. If the goal is to train a
deep learning model that can generally classify a certain species, an implicit assumption is that it
can identify a wide variety of calls said species makes. Hence, training data derived from this
WTS pipeline does not account for that variety as it will be skewed towards sounds similar to the

template vocalization used.

3.2.2 Training Data Length Normalization

As shown in the methodology flowchart in Figure 3.2, assuming a WTS pipeline has
processed an audio clip, one must come up with some scheme to create uniform length training
data so that it can be used to train a neural network. This is due to the fact that the image

classification CNN neural networks that we use require fixed input lengths [42].
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Many of the WTS pipelines output local score arrays that contain values over [0,1]. In
the case of a binary sound event detection model, these correspond to the model prediction of
the presence of a bird vocalization in a given time segment. In the case of ZNCC template
matching, these correspond to how much a given time segment correlates with the template. In
the foreground-background separation technique, these local score arrays are binary, or what
Sprengel [62] refers to as a temporal indicator vector. For the other techniques, we have described
how timestamps are acquired by various means such as the Steinberg technique described in
Chapter 2 section 2.3.3. These timestamps, that represent the presence of the species of interest
within the audio, can similarly be treated as a temporal indicator vector where 1 represents the
presence of the weak label species and 0 represents the absence of the weak label species.

Once a temporal indicator has been created, an audio clip can be ”chunked” into uniform
length time segments based on the desired length of the input feature vector for the neural
network. From there, if a chunk contains any local scores of 1, that indicate the presence of the
species of interest, that chunk can be saved as training data. Everything else is thrown out. In a
case where the desired chunk length does not evenly fit into an audio clip, we simply ignore the
excess. For example, say we desire 5 second long chunks from an 11 second long audio clip, we
will ignore the last second. We do this because the alternatives such as repeating the remaining 1
second audio segment 4 times or padding 4s worth of Os seem unrealistic for the data the model

will ultimately make inferences on.

3.2.3 Multi-species Classification Deep Learning Model

Assuming that training data has been collected we now must consider which model to
use. When it comes to selecting a deep learning model for a task, one must decide what kind
of architecture to use for a given application. We choose to work with Convolutional Neural
Networks due to their compelling performance on image classification, remote sensing research
[66]. Furthermore, training a robust deep learning model from scratch can be expensive and time

consuming. To address this problem, foundational models that have been trained on large image
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classification datasets can be used and trained in process referred to as transfer learning [56].
EfficientNet models meet both of these requirements.

The term EfficientNet encompasses a family of CNNs designed for image classification
tasks. They are known for their high performance and efficiency. Developed by Google,
EfficientNet uses a novel scaling method called "compound scaling” that uniformly scales all
dimensions of depth, width, and resolution using a set of fixed scaling coefficients [65]. We
take advantage of the Hugging Face timm API [72] that encapsulates several state of the art
image classification models. From timm, we use Efficientnet-b0, the smallest of the Efficientnet
architectures. We choose the smallest architecture to better emulate a scenario that is accessible

to a wider range of researchers interested in training models for acoustic species identification.

3.2.4 Weak Label Aggregation

Now that we have selected a model to our satisfaction, we must figure out how to
evaluate the models we train. Given that this thesis addresses the challenges of training data
availability, we also face similar challenges with the availability of testing data. Specifically, we
lack robust strongly labeled data of all of the relevant species across all Type 1, Type 2, and Type
3 recordings.

To address this, we will use results from Chapter 2, where we identified species vo-
calizations using template matching. During the template matching verification process, we
confirmed the presence of at least one species vocalization of several species across both passive
and purposeful datasets. These confirmations of species presence can be converted into weak
labels across an audio clip. For instance, we performed template matching using a Screaming
Piha vocalization across thousands of Type 3 recordings. From that we got a few hundred regions
that were labeled as Screaming Piha or not Screaming Piha. In the case of a segment of an audio
clip that did contain a Screaming Piha, we can now accept Screaming Piha as a weak label across
the whole audio clip.

With these weakly labeled datasets, when an EfficientNet model performs inference on
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these clips, it will generate multiple predictions depending on the input size. These predictions
will be aggregated to determine the weak label for each test clip. For example, say we have a 15
second audio clip and a model that makes inferences on 5 second audio chunks. Furthermore,
assume that this model has been trained on 3 classes. Assuming we inference on the 15 second
audio clip without overlap, we will end up with a 3 x 3 matrix where the rows represent each 5
second chunk and the columns represent the predictions over [0,1] of the 3 classes. The question
now is how to convert this 3 x 3 matrix into a single prediction of the weak label of the clip.
The first thing we will do is take the mean with respect to the clips which outputs a 1 x 3 row
vector that represents the average prediction of each class. From there we accept the class with
the greatest mean prediction as the weak label for the clip. There are many approaches that
are similar to this in the field of multiple instance learning [10]. This is the approach we went
with after seeing some successes with it in some initial proof of concept experiments involving

training deep learning models with WTS pipelines that are not included in this thesis.

3.3 Experiments

In this section we will cover the more minute details of each of the methodology flowchart
3.2 such as the specific datasets used, algorithm parameters selected, model training, and how
we evaluate both the WTS pipelines compared to human strong labels and the final multi-species

classifier performance.

3.3.1 Human Strongly Labeled Data

In order to compare these WTS pipelines in their capacity to strongly label a dataset, we
must have some human-labeled ground truth for which to compare. To create a human-labeled
training data baseline, Xeno-canto clips with weak labels for Screaming Piha and Bright-rumped
Attila species were strongly labeled. To strongly label the audio data, Pyrenote was used due to
its server-side nature, making it easier to access across devices, and its simple strong labeling

interface. An example of this interface is seen in Figure 3.4.
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Figure 3.4. Pyrenote Interface for Strong Labeling on a Bright-rumped Attila Xeno-canto clip

3.3.2 Generating Temporal Indicator Vectors with each WTS Pipelines

In this section we go into more detail on the intricacies of each of the WTS pipelines
for the sake of reproducibility. We will specifically describe how we derive an indicator vector
from each pipeline on the Madre de Dios, Peru bird species dataset before the data length

normalization process.
3.3.2.1 Naive

As described in the methodology, this WTS pipeline involves assuming that all of the
audio within the weakly labeled Xeno-canto recordings contain the species of interest. This
means that the temporal indicator vector will be an array of 1’s signifying the presence of the

weak label species across the entire audio clip.
3.3.2.2 Foreground-background Separation

We use the algorithm described in 1 where we set the power threshold constant ’b” to 3
and we set the kernel dimension constant to 4”. These parameters are used as they were the

parameters selected from the algorithm authors in Sprengel [62].
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3.3.2.3 Microfaune

The open-source version of the model described in [50], called Microfaune, from this
repository [31] has two key differences from the original paper. First, is that Microfaune was
trained on the DCASE 2018 competition datasets “freefield1010” and “warblr10k”. In the
original Morfi paper, their WHEN network was trained on NIPS4b [49]. The freefield1010
dataset contains 7690 field recordings from around the world and the warblr10k contains 8000
citizen science smartphone audio recordings from the United Kingdom. These datasets were
turned into 10s long spectrogram feature vectors. The second major change that they made from
the Morfi paper was that they used regular a regular Cross Entropy loss function, whereas Morfi
used a specialized loss function derived from the field of multiple-instance learning. We will
re-iterate that we did not train the version of Microfaune used in these experiments, instead
opting to use the pre-trained weights available in the project’s Github repository.

The only addition we made relates to converting the local score array inference output to
a temporal indicator vector. For that, we set two thresholds on the local score arrays. We set a
static lower-bound threshold of 0.12 as well as a dynamic threshold set to be 3.2 times greater
than the median of the local score array of the clip being processed. We set these two thresholds
since the training data species are completely different what Microfaune was trained with and the
data we are evaluating. This often leads to lower confidences, but relative peaks still occurring
where bird vocalizations appear. Hence, the use of the dynamic threshold. We use the lower
static threshold so as to not include too many predictions the model is not confident on. We set

the Steinberg window size to 2 seconds.
3.3.24 TweetyNet

Since the original TweetyNet architecture was trained for multi-class sound event detec-
tion, we decided to train the model from scratch using NIPS4B [49]. Since NIPS4B is a human
strongly labeled dataset, we can safely train a bird-present class 1 and bird-absent class 0. The

input spectrograms were derived from audio data fixed to 44.1 kilohertz with a window length
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2048 with 50% overlap. The STFT was then converted into the mel scale with 72 mel bins. The
model was trained with a learning rate of 0.005 for 500 epochs using cross-entropy loss.

To create a temporal indicator vector we take the argmax class prediction between bird
presence and absence for each local score prediction. Any contiguous segment of 1’s that is
shorter than 2 seconds in length is thrown out. This is generally the same methodology for

prediction post-processing described in [13].
3.3.2.5 Template Matching

We used the same Xeno-canto templates used for the Screaming Piha and Bright-rumped
Attila purposeful recording experiments in Chapter 2. Said templates can be seen in Figure 2.6.

Furthermore, the Steinberg technique and bandpass filtering parameters can be seen in Table 2.1.

3.3.3 Evaluating Weak to Strong Label Pipelines

As mentioned earlier, since we strongly labeled the audio data the WTS pipelines were
applied to, we can quantitatively compare each WTS pipeline to the human ground truth. First,
we must select the training data length we desire. We choose to go with 3 seconds, echoing the
feature vector length of BirdNET [36]. Since the human annotations are of variable length, we
apply the same 3s chunking normalization process that precedes all the WTS pipeline. With
everything normalized we can then look at the intersecting training datapoints as true positives
(TPs), WTS exclusive training points as false positives (FPs), and human exclusive training

points as false negatives (FNs). This allows us to calculate the metrics -

TPs - recall — TPs . 2%precision*recall
TPs +FPs’ " TPs+FNs’  precision +recall

precision =

3.3.4 Efficientnet Training

In order to compare the WTS pipelines in their ability to replicate human labels, we

also want to compare the performance of the same multi-class classification model trained to
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differentiate between Screaming Piha and Bright-rumped Attila calls across all five of the WTS
pipelines as well as the human ground truth.

All models were trained using transfer learning from the Efficientnet-bO model that
has been pre-trained on the ImageNet dataset [18]. All models were trained for 100 epochs,
using a binary cross-entropy with logits loss function at a learning rate of 0.001 with a 90-10
train-validation split. Mel spectrograms were generated using a hanning window of length 1024
with 50% overlap and 192 mel bins. Furthermore, for reproducibility sake, all of the random

seeds are set to 0 so all the training starts with the same model weights.

3.3.5 Efficientnet Evaluation

As previously mentioned in the methodology, since we do not have access to strongly
labeled test sets, we must instead make do with weakly labeled data we have available. This
leaves us with the task of aggregating neural network predictions across a clip to try and predict
the weak label.

Since our EfficientNet models were all trained on 3s segments. When we perform
inference we must aggregate all of the 3s predictions across a clip into a prediction on the weak
label. We take the average across all the 3s predictions across each class. This leaves us with
a mean prediction for each class. We can then take the argmax across these mean predictions
across a clip and use the greatest mean class as a prediction of the weak label. We compare
these predicted weak labels to the actual weak label. This is far from an ideal way to evaluate
neural network performance on a bird classification task, but it is what we went with given our
aforementioned testing data limitations.

Since we did not train the EfficientNet model on any classes other than Screaming Piha
and Bright-rumped Attila, we assume any predictions that fall below a threshold of 0.95 are an
“other” class. Such a high threshold was selected as we found the predictions in general to be
very skewed right over the prediction range [0,1]. With these predictions and the other class, we

can define a model correctly prediction a weak label as a TP, a model incorrectly predicting a
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weak label as a FP, a model calling a Screaming Piha or Bright-rumped Attila clip other as a FN,
and a model correctly predicting a clip labeled as other as a true negative (TN). Furthermore, this
means that for the case of the weakly labeled, purposeful dataset, there are not any true “other”

clips to identify as we only include clips where the relevant bird species are known. This allows

us to calculate the aforementioned precision, recall, and f1 metrics.

3.4 Results

We summarize the results of each WTS pipelines compared to a human-labeled ground
truth in Table 3.1. In it we can see the number of training datapoints collected, as well as the
precision, recall, and f1. We can see that TweetyNet achieves the highest precision, the naive
approach has the highest recall, which makes sense since there are no false negatives when you
collect everything, and the foreground-background separation technique achieves the highest f1,
though it is inconsequentially better than TweetyNet. Since we consider false positives (FPs) to
be undesirable for a training set, as they can make the model struggle to identify the true positive
(TP) species of interest, we consider Tweetynet’s higher precision as an improvement over the
foreground-background separation given the insignificant difference in f1. This is because it
is important to minimize false positives without going to the extreme of having no training
data available. Completely eliminating false positives can result in a lack of sufficient positive

examples, which is crucial for the model to learn and generalize effectively.

Table 3.1. Weak to Strong Labeling Pipeline Training Estimation Summary

WTS Count Precision Recall F1
Human 3034 1.0 1.0 1.0
Naive 3753 0.80 1.0 0.89
FGBG 3540 0.84 098 0.91
Microfaune 2219 0.84 069 0.76
Tweetynet 2997 0.91 0.90 0.90

Template Matching 2884 0.85 0.85 0.85

Next, we look at the results of deep learning models trained on the WTS pipeline training
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datasets on the task of weak label prediction for bird species.

Table 3.2 summarizes all of the deep learning models trained on the 5 WTS pipelines as
well as the human-labeled ground truth and evaluated on test sets of all three Types of recordings.
For each training dataset, across each recording Type, we see the number of number of clips in
each test set as well as the number of TPs, FPs, FNs, and TNs. It also includes the precision,
recall, and f1 performance metrics. In this we can see how the Type 1 recordings do not have
TNs, which is due to the fact that by definition of Type 1 recordings, we do not include data
with incorrect weak labels. This leads to less FPs as the only source of FPs come from calling a
Screaming Piha clip a Bright-rumped Attila and vice versa. This small number of FPs leads to
the very high precision for Type 1 recordings. For the Type 2 test set we can see that after the
human baseline the naively trained model achieves the highest precision. This is also true for the
Type 3 test set. These high naive precisions are a surprise given that this is the model trained
with the greatest number of FPs as seen in Figure 3.1. We do not have a strong hypothesis as
to why this might be occurring and do not wish to dive into too much speculation given this
less than ideal approach to evaluating these models. Across all of the experiments, the recall
performance was rather poor, with the highest being 0.7192 for the Microfaune applied to Type 1
recordings. This low recall is due to the high confidence threshold we set at 0.95 which will give
many clips a prediction of “other.”

In this case, we view fl as the most important metric for evaluation as it balances
precision and recall. To which, we show the side-by-side f1 bar charts in Figure 3.5. In the first
subfigure of Type 1 tests, we can see that there is little difference in the f1 performance across
the different WTS pipelines with the exception of template matching. The poor performance
of template matching is likely due to the test set containing a wide variety of Screaming Piha
and Bright-rumped Attila calls whereas the template matching train set is skewed towards a
single call type for each species. In the second subfigure related to Type 2 recordings, there is
little discernible difference between the f1 performance across the networks. Looking at the last

subfigure we can see that TweetyNet achieves the highest f1 score which seems to align with
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our claim that it does the best job of estimating a training dataset. However, since that training
dataset estimate claim is in comparison to the human labels that were used to train a model as
well, we cannot claim that TweetyNet both is a better estimate and has the best performance if
the human-labeled training set led to worse model performance.

To summarize the chapter results, we do have evidence to suggest that the binary bird
sound event detection approach to automating the weak to strong label process does the best job
of estimating a human ground truth. This is given by the high precision and f1 performances
of TweetyNet in Table 3.1. With that being said, given that the human ground truth performs
worse than what we claim is its best automated estimate, we do not have evidence to claim
that it leads to better deep learning performance on the task of acoustic species identification.
This is best highlighted in Figure 3.5 where we can see that TweetyNet achieves the highest
f1 performance, including against a model trained on human-labeled recordings we claim is a
ground truth. Any hypothesis why TweetyNet outperformed a human-labeled ground truth would
be mostly speculative. Instead, we will attribute the odd results to a rather lackluster evaluation

setup of trying to aggregate weak labels.

3.5 Chapter Acknowledgements

Chapter 3 contains screenshots from our team’s manual audio labeling software, Pyrenote.
Sean Perry was the lead developer of the software. The thesis author helped delegate resources
and advised the development.

Chapter 2 uses data from an Audiomoth deployment in Madre de Dios Peru. The audio
data collected from Peru was kindly provided to us by our San Diego Zoo Wildlife Alliance
collaborators Mathias Tobler and Ian Ingram.

Chapter 3 describes the use of an algorithm to cluster temporal predictions into times-
tamps. This algorithm has yet to appear in a publication. It was developed by Gabriel Steinberg.

Chapter 3 describes a bird sound event detection neural network called TweetyNet. The
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Figure 3.5. EfficientNet F1 Metrics Side-by-side Bar Charts

63



thesis author summarizes the training of the network as well as its application of estimating
human training data. Our team has been using this model for a while, but it has not yet appeared
in any publications. Mugen Blue was the team member that trained the TweetyNet weights used
in this work.

Chapter 3 describes training the Efficientnet neural network architecture. To accomplish
this, the thesis author used our team’s multiclass training pipeline that has yet to be used in a

publication. This pipeline was developed primarily by Sean Perry and Samantha Prestrelski.

64



Chapter 4

Conclusion

In this brief chapter we will reiterate the thesis contributions around acquiring bird
species vocalization training data for deep learning models. It will also include a discussion on

some of the drawbacks and what alterations could be made to the methodologies covered.

4.1 Contributions

Passive acoustic monitoring surveys tend to yield very large datasets. These surveys are
often conducted to understand biodiversity health over an ecosystem. These datasets are often
too large for manual human verification for acoustic species identification. To efficiently parse
such datasets, researchers aim to use robust deep learning models that have demonstrated their
efficacy in image classification. Given that audio data can be converted into spectrogram images,
the challenge then becomes acquiring adequate training data for species vocalizations of interest.

We have categorized two fundamental kinds of datasets of which training data can be
drawn from. We define passive datasets as those that are often set on periodic schedulers and
are recording at times that are independent of the audio that is ultimately collected. We define
purposeful datasets as those that have been recorded with a higher degree of dependence on the
underlying audio. This can come in the form of an individual reactively recording upon hearing a
sound of interest or audio that has been listened to and certain regions of interest have been made

available to the scientific community. In general, for both training data acquisition and deep
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learning evaluation, passive recordings are more challenging due to their lack of bias towards
sounds of interest.

We categorize two different kinds of species labels for audio data. Weak labels are
defined as those that confirm the existence of a species vocalization of interest within an audio
clip. Strong labels specify when the species vocalization of interest occurs within the audio clip.

With these recording and label categories, we define two primary challenges. How
should one go about acquiring training data for a species of interest directly from unlabeled
passive recordings that maximizes the value of human verification? In the event that purposeful
recordings that are weakly labeled for a species of interest are available, what is the most effective
strategy to automate the strong labeling process to filter audio data that does not contain the
species of interest?

To acquire training data from passive recordings, we leverage audio clips that contain a
vocalization of a species of interest, referred to as a template. We use the template to find audio
that is highly correlated and test out different schemes to select which template-matched audio
is verified by humans. We find that breaking up the verification process into two stages is the
most effective strategy on passive recordings. In the first stage a small random sample of the
template matched audio is labeled and used to train an ensemble of statistical learning models to
discriminate between true positives and false positives. These classifiers are then used to vote on
which clips are most likely to contain true positives of the species vocalization of interest.

To acquire training data from purposeful recordings with weak labels, we test out several
sound event detection techniques that attempt to estimate the underlying strong labels. These
techniques include naively assuming all the audio has the species of interest, high signal-to-noise
ratio foreground-background separation, binary bird classification, and template matching. When
these methods are compared to training data acquired by humans strongly labeling weakly
labeled audio, we find that a binary classifier known as TweetyNet performs the best. However,
when EfficientNet models were trained on the human labels, as well as the automated labels

on predicting weak labels of unknown audio, there was not strong evidence to suggest that the

66



TweetyNet training data performed the best.

4.2 Discussion

Overall, the work in this thesis related to automated weak to strong pipelines was
motivated as our team saw what appeared to be a critical subsystem within a larger pipeline for
training deep learning models for passive acoustic monitoring. Most papers brush off what is an
estimation of a training dataset in a couple of sentences like an afterthought. To which, we have
built out a framework to compare these training data estimates to a ground truth, independent of
the actual final deep learning model performance.

A major potential drawback of some of these automated methods can be performance
variance between classes. For instance, it is possible that the binary bird classifier can struggle
with certain species. Furthermore, different species can have a very large variance in the number
of weakly labeled clips that are available.

One idea we have considered but did not have the time to experiment with is cascading
some of the WTS outputs together. For instance, what would happen if we take the intersection
between the training set estimations of a binary classifier and a foreground-background separation
algorithm? Furthermore, since the onset of this project, some transformer based sound event
detection models have been developed [24] that could be compared to TweetyNet and Microfaune.

Furthermore, we hope that our expansion of the work of [4] can help bring the notion of
making template matching more efficient to a wider audience. Particularly as the first steps when
a passive acoustic monitoring dataset is collected can be quite a daunting task.

The largest drawback on our work in template matching verification is that it is ultimately
dependent on the performance of the initial template matching step. That is to say, for species
that have very short calls in frequency bands where other noises are common, these methods
likely will not perform well.

For the two stage ensemble verification, we did some initial experiments where we tried
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different sampling techniques to decide which clips were used to train the ensemble. The first
involved a 50-50 split between the highest and lowest correlation template-matched clips. The
second involved a 33-33-34 split between the highest correlation, lowest correlation, and random
template-matched clips. We did not expand on these tests as they did not seem to affect the

results in our initial experiments.
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