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Abstract

The Cl Rainbow system is a cloud-based data collecting infrastructure that consists of sensor nodes, 

distributed throughout a terrain, that collects data such as temperature, humidity, moisture, image, 

video, sound, and RF tag readings. The system is a self-sustainable framework with flexible sensor node 

additions, removals, and configuration modifications currently developed at the University Park with the 

ultimate deployment goal at the Santa Rasa Island. In this paper, we provide a framework for creating 

sound identification models and using those models to identify wildlife. We use a dataset with 625 training 

samples from 5 classes, extract Mel Frequency Cepstral Coefficient features using 13 coefficients, apply 

Principal Component Analysis for dimension reduction, evaluate the models using 5 metrics {accuracy, 

precision_macro, I'ccall _rnacro, fl_macro, and fl _weighted), and perform hyperparameter optimization 

with grid search and cross validation to create a Support Vector Machine classification model. We trained 

on 80% of the dataset and obtained an optimal model with an rbf kernel, 9 principal components, 

7 =  0.01, and C  =  10 that classified with 0% error on the remaining 20% of the dataset. Lastly, we 

outline how this framework will be integrated with the existing Cl Rainbow infrastructure to create 

visualizations of population models that wdll help in the effort of preserving wildlife on the Santa Rosa

Island.

Acknowledgements

We gratefully thank Dr. AJ Bieszczad for Ills support and guidance on this project.

4



CI Rainbow:

Modeling Wildlife Population with Sound Identification

by

Janeth Moran-Cervantes

Computer Science Program 

California State University Channel Islands

Abstract

The CI Rainbow system is a cloud-based data collecting infrastructure that consists of sensor nodes, 

distributed throughout a terrain, that collects data such as temperature, humidity, moisture, image, 

video, sound, and RF tag readings. The system is a self-sustainable framework with flexible sensor node 

additions, removals, and configuration modifications currently developed at the University Park with the 

ultimate deployment goal at the Santa Rosa Island. In this paper, we provide a framework for creating 

sound identification models and using those models to identify wildlife. We use a dataset with 625 training 

samples from 5 classes, extract Mel Frequency Cepstral Coefficient features using 13 coefficients, apply 

Principal Component Analysis for dimension reduction, evaluate the models using 5 metrics (accuracy, 

precision_macro, recall_macro, f1_macro, and f1_weighted), and perform hyperparameter optimization 

with grid search and cross validation to create a Support Vector Machine classification model. We trained 

on 80% of the dataset and obtained an optimal model with an rbf kernel, 9 principal components, 

Y =  0.01, and C  =  10 that classified with 0% error on the remaining 20% of the dataset. Lastly, we 

outline how this framework will be integrated with the existing CI Rainbow infrastructure to create 

visualizations of population models that will help in the effort of preserving wildlife on the Santa Rosa 

Island.

Acknowledgements

We gratefully thank Dr. AJ Bieszczad, thesis advisor, for guidance and inspiration on this project. 

Completion of this thesis would not have been possible without his consistent support. We also thank 

Dr. Jason Isaacs and Dr. Houman Dallali for being part of the thesis committee and providing valuable

feedback.

Master Thesis by Janeth Moran-Cervantes

4



Master Thesis by Janeth Moran-Cervantes

Contents

1 Introduction 9

1.1 Introduction to CI Rainbow Project .......................................................................................... 9

1.2 Remaining C hapters...................................................................................................................... 10

1.3 Key Terms .....................................................................................................................................  10

2 Field Overview 11

2.1 Classification Workflow ...............................................................................................................  11

2.1.1 D a ta .....................................................................................................................................  12

2.1.2 Data Cleaning and Standardization................................................................................  13

2.1.3 Feature Extraction ............................................................................................................  13

2.1.4 Dimension Reduction ......................................................................................................  13

2.1.5 Model Training................................................................................................................... 14

2.1.6 Classification...................................................................................................................... 14

2.1.7 Evaluation ......................................................................................................................... 14

2.2 Previous S tu d ie s ............................................................................................................................  15

2.3 Sound Identification: Environment, Music, Speech .................................................................  16

2.4 Audio Sound ..................................................................................................................................  17

3 Technical Details of the Work 18

3.1 Overview ........................................................................................................................................  18

3.2 Data: Audio f i le s ............................................................................................................................  18

3.3 Libraries...........................................................................................................................................  18

3.4 Configurations ...............................................................................................................................  18

3.5 Processing A u d io ............................................................................................................................  19

4 Experiments 20

4.1 Setup ............................................................................................................................................... 20

4.2 Workflow ........................................................................................................................................  20

4.2.1 Standardization ................................................................................................................... 21

4.2.2 FeatureExtraction ............................................................................................................  23

4.2.3 ReduceDimensions ............................................................................................................  24

4.2.4 TrainModel ......................................................................................................................... 24

4.2.5 AnalyzeModel ...................................................................................................................... 24

4.3 Experiments .....................................................................................................................................  25

4.3.1 Data Dimensionality .........................................................................................................  26

5



Master Thesis by Janeth Moran-Cervantes

4.3.2 Model Evaluation M etrics................................................................................................  26

4.3.3 Hyperparameter Optimization ....................................................................................... 27

5 Analysis of Results 28

5.1 Data Dimensionality...................................................................................................................... 28

5.2 Model evaluation metrics ............................................................................................................  29

5.3 Hyperparameter optim ization......................................................................................................  33

6 Conclusion 34

7 Future Work 35

A Experiment 1 - Data Dimensionality 38

B Experiment 2 - Model evaluation metrics: training scores 40

C Experiment 2 - Model evaluation metrics: test scores 43

D Experiment 3 - Hyperparameter optimization 47

6



Master Thesis by Janeth Moran-Cervantes

List of Figures

1 Workflow Process: (Offline) Model Creation, (Online) Identification ..................................  12

2 Precision and recall [1 ] ................................................................................................................... 15

3 Performance results of 4 machine learning techniques from the study in [2 ]......................... 16

4 Sound waves of sound recordings................................................................................................  17

5 Noisy and Standardized Sam ples................................................................................................  22

6 The graphs show the feature vector and the corresponding transformation after applying 

PCA. Left: Feature vector containing the first 200 MFCC features, Right: Transformed 

feature vector after applying PCA transformation with 25 principal components. See 

Appendix A for larger im ages......................................................................................................  29

7 The graphs show the model’s mean training score for the given evaluation metric. Left: 

model scores using 2 principal components, Right: model scores using 11 principal com

ponents. See Appendix B for larger images.................................................................................  31

8 The graphs show the model’s mean test score for the given evaluation metric. Lef t: model 

scores using 2 principal components, Right: model scores using 11 principal components.

See Appendix C for larger images.................................................................................................. 32

9 The figures show the different facets of the model’s performance based on different hyper

parameters. See Appendix D for larger images...........................................................................  33

10 CI Rainbow Infrastructure ............................................................................................................  36

Listings

1 Execute CreateNoisyData and StandardizeData.......................................................................  21

2 jmcModelConfig.json - Input for Standardization step ........................................................... 21

3 Execute FeatureExtraction .........................................................................................................  23

4 jmcModelConfig.json - Input for Standardization step ........................................................... 23

5 featureplan.txt - Input used by YAAFE for feature extraction..............................................  23

6 Execute FeatureExtraction .........................................................................................................  23

7 Execute ReduceDimensions .........................................................................................................  24

8 jmcModelConfig.json - Input for ReduceDimensions s te p ........................................................ 24

9 Execute TrainModel ...................................................................................................................... 24

10 jmcModelConfig.json - Input for the TrainModel step ..............................................................  24

11 Execute AnalyzeModel................................................................................................................... 25

7



Master Thesis by Janeth Moran-Cervantes

12 jmcModelConfig.json - Input for AnalyzeModel step (uses configurations from ReduceDi-

mensions and TrainModel steps) ................................................................................................  25

13 Parameters used for performing hyperparameter optim ization..............................................  25

8



1 Introduction

1.1 Introduction to CI Rainbow Project

The Santa Rosa Island (SRI) is one of the five islands of the Channel Island National Park. Isolation has 

caused the island to house unique plant and animal species. In addition, the island contains “irreplaceable 

archeological resources, and important geological and paleontological specimens” [3]. Hence, it is of high 

importance to preserve the habitat present in the island. The CI Santa Rosa Island Research Station 

(SRIRS), located in the SRI, is a newly established research station (established in 2012) aimed at 

providing and supporting research, education, and outreach activities [4]. Monitoring wildlife is part of 

the effort of preserving flora and fauna. An important aspect of wildlife monitoring is building population 

models, to determine where animals are at any given moment, and migration models, to understand 

animal movement and behavior patterns. Traditionally, human-run surveys are involved but that has a 

lot of shortcomings including cost, coverage capabilities, errors, and time effort, leaving researchers less 

time for analysis.

There are means to conduct automated visual surveys, but they have flaws as well, namely, a limited 

field of view. Yet another approach may be RF-tracking, but there are problems with tagging and with 

the range of RF communication. With a highly accurate sound identification model in place, audio-based 

surveys address some of the shortcomings of the previous approaches. Audio recorders are (1) resilient 

to light conditions, (2) omni-directional, (3) concealed, (4) non-intrusive, and though sound also has a 

range limitation, the coverage area is wider than compare to the previous approaches described. Such a 

system requires a physical and software infrastructure distributed throughout the terrain.

The CI Rainbow system is a cloud-based data collecting infrastructure that consists of sensor nodes, 

distributed throughout a terrain, that collect data such as temperature, humidity, moisture, image, 

video, sound, and RF tag readings. The sensors are powered by solar panels and communicate through a 

number of terrestrial and aerial links to a main data center. The system is a self-sustainable framework 

with flexible sensor node additions, removals, and configuration modifications. System management 

and data collection is accessible through a web-based application. The ultimate goal is to have the CI 

Rainbow system deployed on the SRI [5]. This will be accessible to researchers and educators interested 

in conducting any studies of the Channel Islands. The data collected will allow for machine learning and 

data mining techniques to be employed for different studies and applications. In particular, the sound 

recordings are collected, identified, and used to model wildlife population.

Tiered deployment consists of (1) simulation in a lab setting for proof of concept, (2) deployment at the 

University Park (UP) at CSUCI, and (3) infrastructure and system deployment at SRI. The current state

Master Thesis by Janeth Moran-Cervantes
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of the CI Rainbow system is in development in a lab environment. Deployment at the University Park 

at CSUCI will be a testbed for continued test and development as it has similar settings and conditions 

as those in the SRI.

1.2 Remaining Chapters

This paper focuses on building a framework for sound identification for the purpose of modeling wildlife 

population. First, we provide a brief background on audio structure and machine learning techniques 

for audio processing and sound identification. We then provide a summary of previous classification 

studies conducted. Then, we discuss the methodology used for sound identification for modeling wildlife 

population. We describe the current state of research and development. And lastly, we provide our 

future work and continued studies.

1.3 Key Terms

classification: the process of classifying objects into categories 

machine learning: the study of learning from data

mp3: MPEG-2 Audio Layer III; audio coding format for digital audio that uses lossy data compression 

P C A : Principal Component Analysis, a dimension reduction technique

supervised learning: “the machine learning task of inferring a function from labeled training data” 

consisting of pairs of input objects and a desired output value [6]

S V M : support vector machine, a supervised machine learning algorithm used primarily for classification

unsupervised learning: “the machine learning task of inferring a function to describe hidden structure 

from unlabeled data” [7]; the training data consists of only input objects

W A V E /W A V : Waveform Audio File Format; a uncompressed, lossless audio file format standard for 

storing an audio bitstream on PCs developed by Microsoft and IBM [8]

Y A A F E : Yet Another Audio Feature Extractor; library used to extract features from audio files 

10
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2 Field Overview

Machine learning is the study of learning from data. While there are various paradigms that focus on 

learning from data, such as statistics, supervised learning, unsupervised learning, reinforcement learning, 

and data mining to name a few, we focus on the supervised learning paradigm for the application in 

wildlife sound identification. Concretely, we follow the classification workflow outlined below for applying 

supervised learning techniques in order to identify wildlife from audio recordings.

2.1 Classification Workflow

Identifying an object is equivalent to classifying or categorizing that object. This process consists of an 

offline process that trains and generates a machine learning model and an online process that uses the 

trained model to identify the unknown object. Figure 1 shows the workflow for the model creation and 

identification processes.

Master Thesis by Janeth Moran-Cervantes
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Figure 1: Workflow Process: (Offline) Model Creation, (Online) Identification

2.1.1 Data

We gather samples of objects to be classified and their corresponding classification label. Each sample sj 

has the category label l*. For example, sj can be a book object, and l* the corresponding genre label. In

12



the context of wildlife identification, Sj is an animal sound (WAV) recording and is the corresponding 

animal type (e.g. seagull).

2.1.2 Data Cleaning and Standardization

The data {(sj, )} is then processed for cleaning and standardization. In this step, data that is corrupted 

is removed or cleaned. Missing values may be filled with default values. Audio files are cropped to a 

standard length, resampled at a standard sampling rate and converted to a standard number of channels. 

Noise reduction or removal techniques can also be applied in this step. The labels are transformed to 

a numerical value representation. The result is the set of standard samples {(sj,^^®))}. We standardize 

the audio files to channels=1, samplerate=44100Hz, and length=30secs.

2.1.3 Feature Extraction

In the feature extraction step, each sample is applied one or more techniques that generate features. 

These techniques are varying forms of data transformations, Tj(s®) =  fj  where s® G R”  with n being the 

total number of samples in the recording, and f j  G Rmj with mj being the number of features extracted 

when applying T j. These transformations may be dependent on the sample being processed. For example, 

color histograms and wavelets may be more applicable for images while amplitude modulation and Mel- 

frequencies cepstrum coefficients may be more applicable to sounds. The generated features, { f k}, 

combined form a feature vector, f (j) G Rm, corresponding to the sample s®. That is,

T (s®) : R”  ^  Rm (1)

2.1.4 Dimension Reduction

The high dimensional feature vectors are then reduced for computational efficiency during model training 

and later, classification. Principal Component Analysis (PCA) is a dimension reduction transformation, 

R, that maps the feature vector to a lower dimensional space. Let f (j) G Rm be a feature vector. Then, 

R ( f (j)) : Rm ^  Rm where m' < m. The value of m' is determined by the weights of the eigen values of 

the covariance matrix of the training data.

Master Thesis by Janeth Moran-Cervantes
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2.1.5 Model Training

While different types of models such as Dynamic time warping, Hidden Markov models, Artificial Neural 

Networks, and Support Vector Machines, can be used, careful inspection and study is necessary in order 

to achieve the best results on the given dataset as some models may perform optimally in a particular 

domain and poorly in others. The classifier is then trained with q training samples, where

i G {1, 2,..., q}. The output is an optimal function, h*, that maps a feature vector to one of the known 

target values.

2.1.6 Classification

To classify an unknown object, sk, we apply the same transformations that were applied to the training 

data. That is, sk is standardized, features are extracted and the corresponding feature vector is reduced 

to the same dimension as the training data. See Identification workflow in Figure 1. The transformed 

vector, x (i), is then passed in to the model, h*(x (i)), and the model outputs a prediction, . That is, 

the optimum trained model, h*, identifies the unknown object sk as .

2.1.7 Evaluation

The accuracy of the hypothesis, h*, is dependent on the pre-processing of the data, the type and amount 

of features used, the appropriateness of the model selected, how well tuned the model parameters are 

and most importantly, the quality and amount of data provided. One way to evaluate the model is to 

use k-fold cross validation coupled with the percent error as a measure. Using the percent error as a 

metric has the property of being biased towards classes with a larger number of training data. In such 

cases, the quantity and data diversity may favor a particular class or set of classes. A model that is not 

properly trained, or that consistently “classifies” objects to target values that are most likely to appear 

can have a high classification accuracy (small classification error), yet not have learned well or anything 

at all. In our evaluation, the model is trained on a given training dataset using k-fold validation.

Precision and recall metrics are calculated on a test dataset to evaluate the model. Precision is defined 

as number of true positive divided by the number of predicted positives (true positives +  false positives). 

Recall is defined as the number of true positives divided by the number of actual positives (true positive 

+  false negative), see Fig 2 [1]. These metrics address accuracy and coverage and are consolidated into 

a single value by the F1 score metric [9].

Master Thesis by Janeth Moran-Cervantes
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Figure 2: Precision and recall [1]

2.2 Previous Studies

In 2013, we conducted a study in which we tested different types of classifiers on a given dataset and 

measured their performance in order to determine which classifier generated the model with the lowest 

classification error [2]. Given nine 17-dimensional data samples, each with a unique target value, we 

generated training data by applying different levels of noise to the original nine samples. We classified 

into one of the nine known target classes using various dimension reduction and classification techniques. 

The classification techniques used were: (1) linear regression, (2) logistic regression, (3) k-means, and 

(4) SVM. Each technique generated a model from variant implementations and data transformations, 

namely, LDA and PCA for data dimension reduction.

Noisy data was generated by applying noise generated from a normal distribution with variance, a2, to 

the original samples. This was then used to train the classifier and create a model. We trained with 

5-fold cross-validation using 1000 noisy data samples per target class. Our experiments confirmed SVM 

to be the most accurate out of the four distinct machine learning techniques (see Figure 3) with 0% 

classification error (100% correct classification).
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T echn ique V ariations Results (sigm a, Error)

L i n e a r O n e  S te p  L e a rn in g 0 -0 .3 ; 0 - 2 4 0  ( s q  e rr , e x p o n e n t ia l ] ,  - 0 . 5 5 - 0 . 8 5

R e g r e s s i o n G r a d ie n t  D e s c e n t 0 -0 .3 ; ~ 5 e^ ^ ^  ( s q  e rr , o v e r f l o w )

PG A 0 -0 .3 ; 0 . 5 5 - 0 . 8 5

L o g i s t i c Q u a s i -N e w t o n  M e th o d 0 -0 .3 ; 0 - 0 . 7  ( l o g a r i t h m ic  g r o w t h ]

R e g r e s s i o n PGA, Q u a s i-N e w t o n  M e t h o d 0 -0 .3 ; 0 -0 .3  (3  fe a ts ] ,  0 - 0 . 6 5  (5  fe a ts ]

PGA, Q u a s i-N e w t o n  M e th o d , 
l e a r n in g  ra te  (a) c r o s s 
v a l id a t io n

a  in  { 0 .0 0 1 ,  0 .0 0 1 ,  0 .0 1 ,0 .1 , 0 .5 } ,  e = 0 . 0 0 5  
a = 0 .4 - 1 .9 ,  e < 0 .0 0 5

L D A , Q u a s i-N e w t o n  M e th o d , 
l e a r n in g  ra te  c r o s s -v a l id a t io n

a  in  ( 0 .0 0 1 ,  0 .0 0 1 ,  0 .0 1 ,0 .1 , 0 .5 } ,  e = 0 . 0 0 5  
a = 0 . 4 - 1 .9 ; e < 0 .0 0 5

k - M e a n s PG A

L D A

• C lu sterin g  d e p e n d e n t  o n  in itia l c e n tr o id s  =>  in itia lize  
c e n tr o id s  u s in g  tra in in g  data

• 2 d im e n s io n s , n o t  en o u g h
• 3 d im e n s io n s , c la sses  w e ll se p a ra te d

S V M PGA, R B F  K e rn e l, (G, y )  c r o s s 
v a l id a t io n

y < 0 .4 , C< 0 .2 8 , e < 0 .9  [large error ) 
y > 0 .4 , C> 0 .2 8 , e < 0 .0 0 1

PGA, R BF, fu ll t r a in in g  d a ta y > 0 .4 , C> 0 .2 8 , e = 0

Figure 3: Performance results of 4 machine learning techniques from the study in [2]

The optimal model was an SVM with a Radial Basis Function (RBF) kernel, 7 >  0.4, and C >  0.28 

parameters, and the full training data resulted in 0% classification error.

2.3 Sound Identification: Environment, Music, Speech

There have been multiple studies on sound recognition in the music and speech domain given their 

practical application in every day life. Environment sound is often filtered out as noise in order to 

focus on the object of interest. Cowling and Sitte [10], in a comprehensive comparison study, compared 

diff̂ erent techniques for speech and musical instrument recognition with the purpose of determining 

suitability in environment sound recognition. Their results indicate that “techniques traditionally known 

as best performers in the speech/speaker or in the musical instrument recognition scenario, are either not 

suitable, or not as good performers for the neglected field of environment sound recognition” [10]. They 

compared classification and feature extraction techniques for environmental sound recognition and their 

results showed Dynamic Time Warping to be a high performing classifier while Gaussian Mixture Models 

(GMM) to be average in performance. Stationary (e.g. Mel frequency cepstral coefficients) and non

stationary (e.g. Short-time Fourier Transform, Fast Wavelet Transform) features were applied. Dynamic 

time warping paired with either Mel frequency cepstral coefficients or continuous wavelet transform 

resulted in the highest classification accuracy.

Other studies in the bioacoustics domain focus on identifying specific wildlife such as in [11] where 

Acevedo used support vector machines, decision trees, and linear discriminant analysis to classify bird 

and amphibian calls. Their automated classification technique was incorporated into an automated

16



digital recording system. Similarly, this paper focuses on incorporating classification into the CI Rainbow 

system. In particular, in this paper we present a framework used to generate classification models that 

can be incorporated into a general system. The framework is an extensible, configurable, standalone 

classification workflow that can be applied to different domains and integrated with different applications.

In [10], GMM was used over SVM due to GMM’s popularity in previous applications. Based on this 

study, our previous studies, and its increase popularity, SVM is hence, a comparable high performing 

classifier that we focus on in this paper as a baseline for the framework that we present.

2.4 Audio Sound

An audio recording is a discrete approximation of a sound wave (see Figure 4). The recording is composed 

of approximated sampled data points of a sound wave over a period of time, where the height of the data 

point (or amplitude of the wave), is the measurement of the sound pressure level measured in decibels, 

dB. The more samples gathered, the better the approximation. The sampling frequency, measured in 

Hz, is the number of samples taken per second. The bit depth determines the precision of the measured 

sample data point, typically 8-bit or 16-bit.

Master Thesis by Janeth Moran-Cervantes

(a) 4 second sound recording (b ) zoom ed  in sound recording

Figure 4: Sound waves of sound recordings

Mel Frequency Cepstral Coefficients (MFCC) is a feature extraction technique that has been used both 

in music and speech recognition and in Cowling’s studies, MFCC and Continuous Wavelet Transform 

(CWT) were found to be the most informative feature extraction techniques. In [12], support vector 

machines were used in conjunction with MFCC to identify bird songs. In this paper, we focus on a 

framework for identifying different wildlife. While we focus on MFCC to extract features from the audio 

dataset, the framework that we present provides the functionality to experiment with additional features. 

The framework provides a baseline for automating the research component of model creation with the 

functionality to experiment with other features from the YAAFE library, as well as the ability to develop 

and incorporate custom ones.
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3 Technical Details of the Work

3.1 Overview

We developed the Classification Workflow library (m wlpsi-lib), using Python 2.7.13, that is structured 

to facilitate future development. We include sample data, documentation, and the library modules.

3.2 Data: Audio files

We compiled standard uncompressed .wav audio recordings of bird species that could potentially be 

found at the SRI, namely, (1) bald eagle, (2) black caracara, (3) common wood pigeon, (4) fox sparrow, 

and (5) great tinamou [13]. These recordings were used for development, test, and analysis.

3.3 Libraries

The module that we developed uses Python 2.7.13. The Standardization step uses the Sound eXchange 

(SoX) 14.4.2 library, a command line utility implemented in C, to trim and resample the audio files at 

a specified length and rate respectively [14]. The Python scik its -a u d io la b  0.11.0 library was used to 

add noise to existing audio samples [15]. YAAFE 0.64, an audio features extraction Python toolbox, was 

used for extracting features from the audio files with dependencies on C libraries ( l ib s n d file  1.0.25.0, 

libmpg123 1.24.0.0, HDF5 1.10.0, lapack 3.6.1, and FFTW3 3.3.5) [16]. The Python s c ik it -le a rn  0.19.0 

library was used to apply dimension reduction techniques (i.e. decomposition), model training (svm), 

and analysis (pipeline, model_selection, and metrics) [17]. The Python m w lpsi-lib module that we 

developed was tested on macOS 10.12: Sierra on a 2.8GHz Intel Core i7 processor with 16 GB 1333 MHz 

DDR3 Memory.

3.4 Configurations

Given the varying lengths of recurrent patterns in wildlife natural sounds, the limited recordings available 

for training data, and the varying sources from which the recordings were obtained, all recordings were 

standardized to 30 second time-length, 16-bit bit-depth, 1 channel recording, and 44,100Hz sampling 

rate for this analysis. However, the recording configuration of the sound recording sensor nodes in the CI 

Rainbow infrastructure can be updated. The 30 second time length implies higher likelihood of multiple 

recurrent patterns occurring in a given sample. A 16-bit (vs. 8-bit) bit depth is used to capture precision 

of the sound wave amplitude measured in decibels. Recordings are standardized to 1 channel to simplify

Master Thesis by Janeth Moran-Cervantes
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and maintain consistency across variant recordings. While humans hear sounds best from 1,000 Hz to

5.000 Hz, where human speech is centered, humans can in fact hear sounds at frequencies from about 

20 Hz to 20,000 Hz [18]. It is standard to assume that frequencies above 22,050Hz cannot be heard by 

humans. By Nyquist-Shannon sampling theorem, we should sample at twice the maximum frequency 

(22,050 * 2 =  44,100) [18]. For this reason, most of the recordings acquired from external sources were 

sampled at 44,100Hz while a few were sampled at a higher rate (i.e. 48kHz) [13]. To achieve parity and 

comparable results, we standardized the recordings to a sampling rate of 44,100Hz, though in practice, 

this range can be modified to encapsulate frequencies outside of this range as many animals (i.e. porpoise 

has a hearing range of 75-105kHz) use different frequency ranges to communicate [19].

3.5 Processing Audio

In section 4.2, we provide an overview of how individual steps in the workflow process outlined in section

2.1 are executed. Here, we provide details of extracting features and building the feature vectors.

The YAAFEE library provides 26 available feature extraction techniques. Some techniques are derivatives 

of others while particular ones were developed for specialized applications. One of the techniques included 

is Mel Frequency Cepstral Coefficients (MFCC), which generates features through a series of steps that 

include the following. (1) Break the signal into frames. (2) Compute a power spectrum estimate using 

a Discrete Fourier Transform. (3) Apply the mel filterbanks, where each filter is a triangular filter with 

height 2/{frequencymax — frequencymin), to the power spectrum by multiplying each filter bank with 

the power spectrum (YAAFE uses 40 filters). Then, sum the energies to get an estimate of how much 

energy was in each filterbank. (4) Apply the log of each of the 40 energies. (5) Take the Discrete Cosine 

Transform (DCT) of the 40 log filtered energies. (6) Keep 2-13 DCT coefficients, discarding the rest [20]. 

Keeping 13 coefficients in the last step will generate 13 features per frame.

Given a standardized recording as described in section 3.4, Si, when MFCC with block size of 512, step 

size of 256, and 13 Cepstral coefficients is used to extract features, the standard audio (16-bit, 30secs, 

44100Hz) is divided into 5186 frames each with 13 features. This yields a total of 67184 numerical values. 

Hence, the feature vector for si with only MFCC features extracted is f (i) =  [f1i)f2(i)... f67i84]T (see 

the left images on Fig 6 (a)-(e), where the first 200 MFCC features are shown for each of the 5 samples 

within each of the 5 classes). The first set of 13 features are features from the first frame, the second set 

of 13 features are from the second frame, and so on. Adding additional features will result in a higher 

dimensional feature vector. This is a high dimensional space and computationally expensive. Thus, we 

apply Principal Component Analysis (PCA) to reduce the dimensions of the dataset. Note that if no 

PCA were applied, we would have f (i) =  x (i) in Figure 1.
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In PCA, the eigen values and eigen vectors of the covariance matrix of the training data determine how 

distinguishing the samples are after projecting them onto the dimensions defined by the corresponding 

eigen vectors. Determining how many features to use can be done programmatically by projecting the 

test samples onto smaller dimensions using the dominant eigen vectors, calculating the classification 

error, and selecting the minimum number of dimensions that resulted in the largest precision and recall 

values. In this experiment, we manually selected different dimensions for reducing the training data and 

analyzed the results. We then performed hyperparameter optimization where one of the parameters that 

we optimized for is the number of principal components used to reduce dimension of our dataset.

4 Experiments

4.1 Setup

We explored different development environments and found PyCharm Community Edition 2016.3.2 to 

be the most useful, allowing to step through the code for debugging. Additional development and 

experimentation were done through terminal and Jupyter Notebooks.

4.2 Workflow

The Model Creation process outlined in Figure 1 was broken down into independent tasks. Doing so 

allowed for faster test and development as it helped us focus on individual tasks, abstract from other 

components, and narrow down issues. After development, modular components helped us perform faster 

analysis and experimentation. Creating a classification model is computationally expensive and it is 

inconvenient to spend resources (e.g. time) running through the entire workflow and obtain undesirable 

results due to incorrect use of parameters. In particular, creating classification models entails processing 

a large amount of data and analyzing different hyperparameters for improvements. Our implementation 

gives us the flexibility to validate the steps independently, catch issues, and experiment faster. A script 

based implementation makes the library easy to integrate with other programs or environments.

In the following subsections, we describe how each of the tasks, specified in brackets (i.e. [CreateNoisyData]) 

in Figure 1 as part of the model creation process, is executed. We describe the command line and .json 

configuration parameters required in each of the tasks. For example, one of the parameters required by 

the CreateNoisyData step is a struct with the key seed_training_data within the .json configuration.
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4.2.1 Standardization

The standardization step is executed using the following command:

Master Thesis by Janeth Moran-Cervantes

Listing 1: Execute CreateNoisyData and StandardizeData

In Listing 1, the script run_classification_w orkflow .py is executed with parameter -c  used to indi

cate the configuration file to be used (jmcModelConfiguration.json) as input and parameter -tasks 

to indicate the tasks to execute.

Listing 2: jmcModelConfig.json - Input for Standardization step

Listing 2 shows the contents of the configuration file containing the parameters required to process the 

CreateNoisyData task. In the configuration, the standardize_audio_parameters specifies to standard

ize each sample to 1 channel, 44100Hz sampling rate, and 30 seconds in length. The random_data_parameters
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specifies to generate 3 noisy training samples from each original sample (.wav file) in the seed_training_data. 
Noisy samples are generated by duplicating the seed sample and adding noise randomly generated from 

a normal distribution with /r =  0 and a =  0.01. These values were selected as a baseline for introducing 

data variation into the model creation process as the noise in practice can vary. In such cases, we need 

to study the type of noise present in the environment and consider applying noise reduction techniques.

The standardized and noisy hies aren then written to the path dehned in the workspace parameter and 

are under the folder names labeled in the following form:

training_data.<YYYY-MM-DD_HH.MM.SS>.c<channels>.r<samplingRate>.s<lengthInSeconds>.std

and

training_data.<YYYY-MM-DD_HH.MM.SS>.c<channels>.r<samplingRate>.s<lengthInSeconds>. 
noisy.mu.<muValue>_sigma.<sigma/value>.c<numberOfClasses>.n<noisySamplesPerTrainingSample>

Figure 5 shows the directory structure of the standardized and noisy samples that are generated by the 

tasks specihed in Listing 1.
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Figure 5: Noisy and Standardized Samples
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4.2.2 FeatureExtraction

The FeatureExtraction step requires a feature_plan, a configuration used by the YAAFE library 

specifying the features to be extracted, and the training_data_base_path, the location where the 

standardized training data is located. The training data is a set of audio files organized into subdirectories 

(see Figure 5), where the audio files within the same directory belong to the same class. Features are 

extracted from each of these audio files. The featureDatasetDestination CLI parameter can be 

optionally passed in if we want to save the feature dataset object.
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Listing 3: Execute FeatureExtraction

Listing 4 shows the parameters in the jmcModelConfig.json used by the FeatureExtraction task.

Listing 4: jmcModelConfig.json - Input for Standardization step

Listing 5 shows the contents of the featu rep lan .tx t file, which specifies the YAAFE library to ex

tract the Mel-Frequencies Cepstrum Coefficients (MFCC) using a block size of 512, step size between 

consecutive frames of 256, and to retain 13 cepstral coefficient [16].

Listing 5: featureplan.txt - Input used by YAAFE for feature extraction

Alternatively, we can override the training data base path through a CLI parameter when running 

the FeatureExtraction step as shown in Listing 6. This will ignore the training_data_base_path 

parameter specified in the jmcModelConfig.json

Listing 6: Execute FeatureExtraction
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4.2.3 ReduceDimensions

The ReduceDimensions step requires a CLI parameter, featureDatasetDestination, specifying the 

path to the dataset object, and the .json configuration containing a set of tasks (see Listing 8) to be 

executed as shown in Listing 7. Currently only PCA is supported but additional dimension reduction 

techniques can be added. The workflow will create an object for reducing dimensions and if the additional 

task get_object_pca  is specified, it will be used to fit the dataset and reduce dimensions.
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Listing 7: Execute ReduceDimensions

Listing 8: jmcModelConfig.json - Input for ReduceDimensions step

4.2.4 TrainModel

In the TrainModel step, we can specify the tasks to run through the tasks parameter in the .json 
configuration.

Listing 9: Execute TrainModel

Listing 10 specifies to use the “SVC” model (get_object_svc), a Support Vector Classifier in the scikit- 
learn library.

Listing 10: jmcModelConfig.json - Input for the TrainModel step

4.2.5 AnalyzeModel

The last task, AnalyzeModel, uses the configuration in the ReduceDimensions and TrainModel steps 

to determine which data transformations and classifier to use for analysis. Listing 11 shows how the
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ReduceDimensions, TrainModel, and AnalyzeModel are executed and the corresponding output is saved 

onto the specified file at the end of the command.
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Listing 11: Execute AnalyzeModel

Listing 12 specifies to use cross_validation  in the jmcModelConfig.json configuration for analyzing 

the model.

Listing 12: jmcModelConfig.json - Input for AnalyzeModel step (uses configurations from 
ReduceDimensions and TrainModel steps)

Currently, the tuned parameters for cross validation are built into the code. We perform hyperparameter 

optimization using cross validation with GridSearch to compare different parameter combinations and 

determine the best set of parameters to use. Figure 13 shows the parameters used for analyzing the 

model. PCA is used to transform the data using 2-21 principal components. A SupportVectorClassifier 

(SVC) is used with a radial basis function (RBF) kernel and the specified C  and 7 parameters. Similar 

analysis is done using a linear kernel. We specify the use of accuracy, precision_macro, recall_macro, 

f1_macro, and f1_weighted scoring functions as model evaluation metrics for determining quality of the 

classifier.

Listing 13: Parameters used for performing hyperparameter optimization

4.3 Experiments

Three types of experiments were conducted, each used to focus on a different facet of data and model 

evaluation.
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4.3.1 Data Dimensionality

In the first experiment we used the original dataset consisting of 5 classes, each with 5 samples. This 

results in a total of 25 data samples. After extracting MFCC features, each sample was 67184-dimensional 

(67184 feature values). Twenty-five is not sufficient data to generalize and analyze the behavior of the 

model. However, this experiment is useful for analyzing the structure of the data and the reduction of 

dimensions. We used PCA to reduce the dimension space using 25 principal components.

4.3.2 Model Evaluation Metrics

In the second experiment, we used the original dataset as a seed dataset to generate 25 noisy samples 

from each seed sample. Random noise sampled from a standard distribution with a =  0.1 and ^ =  0 was 

added to a seed sample. This generated 125 noisy samples for each of the 5 class resulting in a training 

set of size 625 (625 training samples with dimension 67184).

5 seed samples 25 noisy samples 125 noisy samples 
class seed sample class

In this experiment, we trained an SVM model and conducted hyperparameter optimization of the prin

cipal components, kernel function, 7, and C  parameters using grid search with k =  5 cross validation on 

80% of the training set. We used the following optimization parameters:

Table 1: Experiment 2: Hyperparameter optimization for metric evaluation
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Y 0.001, 0.01, 0.1, 1
C 0.5, 1, 1.5, 2

principal components 2, 3, ..., 20, 21

We used small values for 7 in powers of 10 to see the effect of 7 at different magnitudes. We used 

small values for C to avoid precision issues from occurring when using small 7 and large C values 

that can lead to the 7 parameter being overpowered by the magnitude of C . We used 20 principal 

components because after reducing the data, we saw that using more than 20 features did not provide 

additional distinguishing features. The range is 2 to 21 because we started with 2 dimensions given that 

1 dimension is not enough information to distinguish between the different classes. In this section we 

focused on understanding the different metrics by exploring a small range of hyperparameters. The main 

purpose for this experiment was to analyze the experiment setup with different model evaluation metrics, 

namely, accuracy, precision_macro, recall_macro, f1_macro, f1_weighted as defined in the equations 

that follow and for which Fi =  F^=i. Given that
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y is the set of predicted (sample, label) pairs 
y the set of true (sample, label) pairs 
L the set of labels 
tp are true positives 
fp  are false positives 
f n  are false negatives

R(A, B) := |A ^  B| (Conventions vary on handlingB =  0; this implementation uses R(A, B) := 0, and simila
\R\

the metrics are defined as follow [21]:

1 nsamples 1
a c c u r a c y  (y,'y) =  -----------  ^  1(yi =  y*)

nsamples i_Q
tp

precision = --------
tp +  fp  (3)

recall =  ,
tp +  f n

^ precisio^< recall
F d =  (1 +  P ---- Z ------ up2 precision +  recall

The macro and weighted averaging are defined as:

F (A B) :=  (1 +  r2\ P  (A, B)  ̂ R(A, B) 
d( , ) :   ̂ ^  p 2P(A ,B )  +  R(A,B)

macro : j-Lj ^  Fg(y;, {)i)

(4)
weighted ^ ----- Ph T ]  \yi\Fg(yi, in)

TieL \yi\ ttL

After obtaining the optimal model, h*, as evaluated by the specified metric, we then evaluated on the 

remaining 20% of the data and calculated precision and recall numbers on that dataset.

4.3.3 Hyperparameter Optimization

In the third experiment, the setup was similar to that used in the second experiment with a wider range 

of hyperparameters and focusing on the behavior of the 7 and C  parameters. We used the parameters 

defined in Table 2.
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Table 2: Experiment 3: Hyperparameter optimization

C 0.001, 0.01, 0.1, 1, 10, 100, 1000, 10000

Y 0.0001, 0.001, 0.001, 0.01, 0.1, 1, 10, 100, 1000, 10000

principal components 2, 3, ..., 20, 21

kernel linear, rbf

5 Analysis of Results

In the following sections, we provide an analysis on the experiments conducted for analyzing the data, 

evaluating the model, and model hyperparameter optimization.

5.1 Data Dimensionality

We extracted features from the audio data samples using 13 Mel Frequecy Cepstral Coeffients (MFCC) 

which resulted in 67184 features for each standardized data sample.

Due to limitations in plotting high dimensional data, we plotted each feature vector independently 

instead, where the horizontal axis is the dimension and the vertical axis is the MFCC value. Figure 6 

(a)-(e) shows the 5 data samples in each class. The graphs on the left in each class grouping show the 

feature vectors with the first 200 features (out of a total of 67184). Clearly, we are able to see recurring 

patterns in each feature vector and thus, it’s unnecessary to plot all 67184 features. Note that the first 13 

features are features from the first frame, the second set of 13 features are features from the second frame, 

etc. From this we expect roughly every set of 13 features to be similar in pattern if there is a consistency 

in the audio recording. After applying PCA and mapping the feature vectors (left images in each set 

of class) to 25 principal components, the resulting vectors are the simplified feature vectors shown on 

the right in each set of class. We looked at 25 components and saw that beyond 20 dimensions, there 

aren’t many differentiating characteristics between the samples. Thus, it is unnecessary to train on data 

beyond 20 dimensions as it would only add computational cost. The two bottom (left and right) graphs 

in each class grouping is an aggregate of the 5 feature vectors above them. This helps us see recurring 

patterns among the samples within each class. The reduced vectors highlight these patterns more clearly. 

For example, the curves in class 0 (Figure 6(a)) and class 4 (Figure 6(e)) are clearly distinguishable. The 

curve in class 0 starts out positive with a steep negative slope whereas class 4 starts out negative with a 

steep positive slope. Class 1 also looks like it has a consistent pattern at the beginning across all samples. 

However, class 2 and class 3 seem harder to distinguish. In Figure 6(f)(left), we show all the reduced
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feature vectors with the first 2 features in R2 where we can see that green, red, and purple colored classes 

seem intertwined. In Figure 6(f)(right), we show the same vectors with 3 features in R3, where we can 

more clearly see separation between the green, red, and purple colored classes.
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(a) class 0 - ba ld  eagle (b ) class 1 - b lack  caracara

(c) class 2 - com m on  w ood  p igeon (d ) class 3 - fox  sparrow

(e) class 4 - great tinam ou (f) Left: 25 feature vectors w ith  first 2 dim ensions (5 

sam ples per class), R ight: feature vector w ith  first 3 di

m ensions

Figure 6: The graphs show the feature vector and the corresponding transformation after applying PCA. 
Left: Feature vector containing the first 200 MFCC features, Right: Transformed feature vector after 
applying PCA transformation with 25 principal components. See Appendix A for larger images

5.2 Model evaluation metrics

The models were trained using k =  5 cross-validation on 80% of the dataset (500 random samples with 

104 from class 0, 97 from class 1, 93 from class 2, 105 from class 3, and 101 from class 5). Figure 

7 (a)-(e) show the mean training model evaluation scores for metrics: precision_macro, recall_macro,
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f1_macro, f1_weighted, and accuracy. In each graph group, we show the scores from training using 2 

and 11 principal components in the left and right graph, respectively. The graphs clearly show that a 

higher number of components yields a better trained model. Precision looks at the accuracy of each 

class while recall looks at the number of correct samples covered in each class. This is why the scores 

for precision_macro, recall_macro and accuracy have similar results. Note that precision_macro and 

accuracy are similar metrics. However, accuracy treats all samples equally and biased towards classes 

with a larger number of training samples. The f1_macro and f1_weighted metrics generated similar 

results with slight higher scores for f1_weighted. For example, f1_weighted has higher scores for the 

model with parameters 7 =  0.001, C =  0.5, principal components =  2 (0.45 for f1_macro and 0.46 for 

f1_weighted) and the model with parameters 7 =  0.001, C =  0.5, principal components =  11 (0.91 for 

f1_macro and 0.92 for f1_weighted). The F1-score incorporates both precision and recall numbers and 

while precision and recall (Figure 7 (a)-(b)) provide good scores, these metrics work well with training 

data with relatively equal class distribution, which is our case. Therefore, we use the f1_weighted metric 

for evaluating the models.
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(a) p r e c is io n _ m a c r o (b ) r e c a l l_ m a c r o

(c) f 1 _ m a c r o (d) f 1 _ w e ig h te d

(e) a ccu ra cy

Figure 7: The graphs show the model’s mean training score for the given evaluation metric. Left: model 
scores using 2 principal components, Right: model scores using 11 principal components. See Appendix 
B for larger images.

In Figure 7, we show the mean training scores during cross validation. In Figure 8 we show the mean 

test scores during cross validation. These scores are evaluated on the kth subset of samples that was 

left out during training with k — 1 subsets. Note that the scores are slightly lower for models with 2 

principal components. This shows the importance on testing on data not yet “seen” by the model. Note 

that in this case, we have different results for models with 11 principal components. Namely, the model 

performs worse with a small 7 value and a small number of components as well as with a large 7 and 

large number of components. Decent values for C  appear to be numbers with a magnitude of 1. The fact 

that larger 7 values are better with low dimensional dataset and smaller 7 values are better for higher 

dimensional datasets illustrate the importance of hyperparameter optimization.
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(a) p r e c is io n _ m a c r o (b ) r e c a l l_ m a c r o

(c) f 1 _ m a c r o (d) f 1 _ w e ig h te d

(e) a ccu ra cy (f) classification best m odel evaluated w ith f1 _ w e ig h te d  

m etric

(g) Results from  a p oorly  perform ing classifier (h) M etric scores o f  the p oor ly  perform ing classifier in 

Figure 8 (g)

Figure 8: The graphs show the model’s mean test score for the given evaluation metric. Left: model 
scores using 2 principal components, Right: model scores using 11 principal components. See Appendix 
C for larger images.

In this experiment, the optimal model, h*, as evaluated by all metrics was the model with 11 principal 

components, C  =  2, rbf kernel, and 7 =  0.01. Figure 8(f) shows the confusion matrix of the remaining
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20% (125 samples) of the original training dataset. Note that all samples were correctly predicted. 

Compare with the results from the poorly performing classifier in Figure 8(g) where 23 (11 from class 2, 

7 from class 3, and 5 from class 4) of the samples were incorrectly classified as belonging to class 1. In 

Figure 8(h), we show the precision, recall, and f l  scores of the poorly performing classifier.

5.3 Hyperparameter optimization

We used the f1_weighted metric, to optimize for the number of principal components, kernel function, 

Y, and C  parameters. In addition, we investigated the fit time as this is an important metric especially 

as we increase our dataset size and dimensionality.
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(a) f 1 _ w e ig h te d  scores (b) R un tim e results

(c) Scoring for m odel w ith R B F  kernel, C  =  10, 

and Y =  0 .0 1  for varying num ber o f principal 

com ponents

(d) kernel function  com parisons (rbf, linear)

(e) C  and 7  param eters

Figure 9: The figures show the different facets of the model’s performance based on different hyperpa
rameters. See Appendix D for larger images.
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Figure 9(a) shows the mean f1_weighted test scores during cross validation with a larger 7 and C  range 

(as compared to section 5.2). The optimal model, h*, was the one with 9 principal ocmponents, rbf 

kernel, C =  10, and 7 =  0.01. Note that models with other parameter values also generated high scores 

but the numbers for C and 7 are either too large or too small. Having such extreme values can lead to 

overflows and inaccurate results.

In Figure 9(b), we show that the fit runtime for the optimal model grows linearly as the number of 

components increases. Hence, we must be judicious when considering adding more dimensions to our 

dataset.

In Figure 9(c), we overlay the score results of the optimal model using different evaluation metrics and 

see that all metrics return similar results.

In Figure 9(d), we plot the model evaluation score for models with RBF and linear kernels with varying 

number of principal components. The models’ performances are comparable with RBF having slightly 

better (+3%) performance when using 2-9 components. The performance then plateaus for both kernels 

up until 15 components and then begin to decrease for larger number of components. We clearly see 

higher performance for models with the RBF kernel.

Figure 9(e) shows the f1_weighted scores for a model with an RBF kernel, 9 principal components, 

and different C and 7 parameters. We scale the x-axis to logio(C) and logio(7) to make it easier to 

compare the score results. The graph shows that the model performance behaves opposite as we vary 

the magnitude of these two parameters. Smaller 7 values are better while slightly larger C values are 

better. Note that C is the regularization parameter that is used to determine the weight of the cost 

associated to incorrect classifications. A larger C value will tend to overfitting. The 7 parameter is used 

to determine how smoothly the samples vary. The optimal model had 7 =  0.01, a small value, indicating 

that the model leans towards the high variance side (overfitting). Though the model performs “well” on 

the remaining 20% of the dataset, the model may have overfitted the data. The reason why the model 

may have selected a small value for 7 may be to compensated for the fact that 3 of the classes are very 

close together (the features are very similar). The model correctly classified the 20% of the dataset 

nonetheless.

6 Conclusion

In this study, we developed a framework for identifying wildlife sounds. From an original dataset of 5 

classes each with 5 unique samples, we generated a dataset of 625 noisy training samples (125 samples
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per class). The components in the classification workflow were built in a modular way to allow for rapid 

development, data scalability, and integration flexibility. As a result, each step can be ran independently 

and improved without affecting other components. We analyzed the data, created an SVM model, 

evaluated the model using different metrics and performed hyperparameter optimization to generate 

the optimal model. Results showed a linear runtime increase as the number of principal components 

increased. The RBF kernel performed «  3% better than the linear kernel, and overall model performance 

peaked at 7 =  0.01 and C  = 1 0  with an f  1_weighted score of 1. Note that the quality and performance 

of the model is dependent on the quality and diversity of the data. The results in this study were 

conducted in a controlled setting but in practice, we may need to add additional data transformation 

pre-processing steps such as noise reduction. Other dimensions need to be considered for identifying 

bird species on the Santa Rosa Island, such as the bird age and the time of day. In 2015, during the 

CI Rainbow Research Project trip to the Santa Rosa Island, bird surveyors indicated that birds may 

generate different sounds depending on their age and may sing hundreds of different songs, making it 

difficult identify a bird type based on only one type of song. The model created with this framework is 

a baseline for identifying wildlife on the Santa Rosa Island. The classifier will improve over time as we 

obtain more data. Given the different types of wildlife, we can utilize different models and create more 

sophisticated classifiers, such as ensembles and decision trees, to improve classification as we introduce 

new wildlife samples to the model. This automatic identification process will help us monitor wildlife 

and aid in the effort of preserving flora and fauna.

7 Future Work

Future work on the framework can be categorized into productionization, deployment, integration, and 

continuous improvement. While this library can be used for different applications, the current state 

is not production ready. One of the current limitations is the manual setup of dependent libraries for 

running audio feature extraction and Python libraries. Productionizing this module entails packaging 

the module into a standardized development unit such as a Docker container that would facilitate future 

development and deployment.

Once productionized, we need to integrate and deploy the library to the existing CI Rainbow infras

tructure. In Figure 10, we provide a visualization of the m w lpsi-lib component (part of the Machine 

Learning Module colored in orange) that we developed incorporated into the CI Rainbow infrastructure. 

In the figure, we show 4 workflows: (1) R1: The wildlife sound gets recorded by the sensor at the Santa 

Rosa Island. R2: The Machine Learning Module, deployed to the sensor or another computing compo

nent at the island, uses the m w lpsi-lib to process the recording and classify the sound (Fox sparrow
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wildlife). R3: The data gets sent to the mainland, where the CI Rainbow Server runs. R4: The data is 

saved onto the corresponding databases. (2) Blue workflow: A user accesses the Data Analysis System 

through the CI Rainbow Web Server to create Jupyter Notebooks, where they can access data from 

existing databases and use the Machine Learning Module to create new models. The user can deploy 

new models through the CI Rainbow Server from the mainland to the Island. Once completed with anal

ysis, the user can save their notebook. (3) Green workflow: The user can use the Wildlife Management 

component within the CI Rainbow Web Server to manage wildlife data. They can introduce new species 

and add relevant information. (4) Orange workflow: The user can use the Visualization component 

through the CI Rainbow Web Server to map out the population of different wildlife. The Data Analysis 

System, Wildlife Management, and Visualization components are being developed by other students and 

will need to be updated to interact with the Machine Learning Module.
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Figure 10: CI Rainbow Infrastructure

Software improvements to the m w lpsi-lib component includes adding functionality to support other 

data types (i.e. data from sensor nodes recording weather data, images, video, etc.), adding support
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for other feature extraction techniques, adding additional classifiers, optimizing, and refactoring and 

generalizing code to name a few. Given the large amount of data that we may want to process, we 

can make improvements to support processing the data in a scalable and distributed manner for faster 

computation. While this project creates a framework for identifying wildlife sounds for the purpose of 

modeling wildlife population, it is also a framework for applying other data mining techniques that can 

be integrated in many other applications.
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Appendix A  Experiment 1 - Data Dimensionality

The graphs show the feature vector and the corresponding transformation after applying PCA. Left: 

Feature vector containing the first 200 MFCC features, Right: Transformed feature vector after applying 

PCA transformation with 25 principal components
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From Fig 6 (a) class 0 - bald eagle

From 6 (b) class 1 - black caracara
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From 6 (c) class 2 - common wood pigeon

From 6 (d) class 3 - fox sparrow
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From 6 (e) class 4 - great tinamou

From 6 (f) Left: 25 feature vectors with first 2 dimensions (5 samples per class), Right: feature vector 
with first 3 dimensions

Appendix B Experiment 2 - Model evaluation metrics: training 

scores

The graphs show the model's mean training score for the given evaluation metric.

40



Master Thesis by Janeth Moran-Cervantes

From Fig 7, precision_macro

From Fig 7, recall_macro
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From Fig 7, f1_macro

From Fig 7, f1_weighted
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From Fig 7, accuracy

Appendix C Experiment 2 - Model evaluation metrics: test scores

The graphs show the model’s mean test score for the given evaluation metric. Left: model scores using 

2 principal components, Right: model scores using 11 principal components.

From Fig 8, (a) precision_macro
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From Fig 8, (b) recall_macro

From Fig 8, (c) f1_macro
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From Fig 8, (d) f1_weighted

From Fig 8, (e) accuracy
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From Fig 8, (f) classification best model evaluated with f1_weighted metric

From Fig 8, (g) Results from a poorly performing classifier
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From Fig 8, (h) Metric scores of the poorly performing classifier in Figure C(g)

Appendix D Experiment 3 - Hyperparameter optimization

The figures show the different facets of the model’s performance based on different hyperparameters.

From Fig 9, (a) f1_weighted scores
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From Fig 9, (b) Run time results

From Fig 9, (c) Scoring for model with RBF kernel, C =  10, and 7 =  0.01 for varying number of principal 
components
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From Fig 9, (d) kernel function comparisons (rbf, linear)

From Fig 9, (e) C  and 7 parameters
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