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Abstract

This thesis evaluatesarti�cial neural networks (ANNs), support vector machines (SVMs), and

kernel density estimation of probability (KDE) on the task of classifying ten speciesof birds from

audio recordings of their calls.

This project had two primary goals. The �rst goal was to determine if short-term tonal qualities

are adequate for distinguishing bird species.Pastresearch into bird recognition hasconcentrated

on long-term or global characteristicsof bird calls, asopposed to short-term qualities.

The secondgoal was to compare the performance of the threeaforementioned pattern recognition

algorithms. ANNs have beenused for bird recognition in past research, but SVMs and KDE have

not beenstudied in this context.

Recordings were �rst processedto extract short-term featuresbasedon spectral, cepstral, and

amplitude characterstics— global featureswere ignored. Consideration was given to featuresthat

would be more resistant to environmental noise.

Threeclassi�ers were trained to recognizea speciesbasedon audio recordings that had been

separated into frames of 512sampleseach.With ANN and SVM, silenceand noise frames were

rejectedby setting a high discrimination threshold, which was determined by �nding the optimal

point on the receiver operating characteristics (ROC) curve. A discrimination threshold proved

problematic with the KDE classi�er and was not used.

Recordings from the cross-validation (CV) set were tested by classifying eachof the frames asa

species,and then processingthe collection of votes to determine the likely speciesof the

recording. Two postprocessingmethods were used.

The �rst method, simple voting, counted the number of times eachspecieswas selectedby a

classi�er . The specieswhich was most frequently selectedwas considered to be the winner , and

becamethe speciesestimate for the entire call. The secondmethod used the chi-squared

goodness-of-�t test to match the “confusion row” for a recording to a row in the overall confusion

matrix. The row with the lowest c 2 determined the species.

Both methods gave similar averageaccuracy results, but the chi-test raised the score of the worst

iv



v

performing species,in somecases,by signi�cant amounts, and also reduced the variance of

accuracyacrossspecies.The best averageaccuracyon the CV set was exhibited by an ANN with

100hidden neurons, with a score of 82%and an accuracy �oor of 46%.A �gur e of merit consisting

of the geometric mean of the averageCV accuracyand the CV accuracy �oor was used to better

evaluate performance. Using this metric, one of the threeSVM implementations was the best,

with an averageCV accuracyof 79%and a �oor of 63%.KDE performance was comparable to an

ANN with 20hidden neurons.
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Chapter 1

Introduction

Sinceprehistoric times, people have interacted with birds. They have long beenutilised asa

sourceof food. After the invention of agricultur e, they were often seenaspestscompeting for crop

resources.The relationship has continued to evolve ever since.

As humanity and technology spreadsacrossthe faceof the Earth, interactions, both negative and

positive, between birds and people grow. In recentyears,public sentiment towar ds birds has

changed from something to be killed for fun, food, or pro�t. Now birds are considered to be

deserving of protection.

Becausebirds come and go asthey please,and cannot (generally) be kept out by fences,scientists

and engineersseekautomated ways to determine their presence.Birds, by and large,are a

garrulous lot, so microphones and audio processingequipment could possibly provide this

capability. This thesis investigates that possibility .

1.1 Potential Applications

In this section, various applications that would bene�t from automated bird recognition

technology will be discussed.

1.1.1 The Air Industry

Bird strikes with planes causemore than two billion dollars of damage per year in North America,

and sometimes result in accidents that lead to loss of life (Bruder etal., 1998).Birds are a growing

problem at airports for several reasons.First, the migratory bird, and “r esident” geesepopulations

1



CHAPTER 1. INTRODUCTION 2

have beenincreasing recently due to conservation efforts. Second,the total number of aircraft

�ights hasbeen increasing. Thir d, modern aircraft are being designed to use fewer engineswith

larger inlets, leading to a more severe situation if one or more engines is lost due to a birdstrike

(Bruder et al., 1998).

1.1.2 Electrical Distribution

Birds coming into contact with electrical lines and transformers can causecostly power outages,

and kill the birds. Somebirds are protected by law, and deaths may result in �nes that are

comparable to outage costs(Carlton and Harness,2001).Birds may also nest on transformers, in

towers, or in substations. Somespecies,such aswoodpeckers, are capableof boring into wooden

utility poles, leading to premature rotting or structural failur e (Dennis, 1964).

In fact, the author 's indir ect participation (graphic user interface development) with an electrical

company led to his involvement in bird recognition. In 2000,Manitoba Hydr o funded a small

research project to develop sound recognition software, along with a unit for distinguishing

between background noise and vocalizations, for the purpose of inexpensively monitoring

wildlife, especially birds. The project had four goals (Berger, 2005):

� Monitor wildlife in potentially sensitive habitats that require a transmission or distribution

line route (i.e., assessmentof an areabefore development);

� Monitor wildlife in problem areas;

� Provide a meansfor assessingtransmission line security risks from potential bird-wir e

electrocution or collisions;

� EnhanceManitoba Hydr o's wildlife monitoring and protection program.

1.1.3 Wind Turbines

Bird collisions with fast-moving turbine blades have be getting a lot of presscoveragerecently.

Wind turbines are increasing in number, and are considered to be an ecologically friendly way to

generatepower. Perhaps due to this reason,and the fact that they are a “new” technology, more

attention is given to bird deaths that they cause.Bird interactions with towers hasbeen

investigated by Evans (1998).It seemsthat birds collide with towers becauseinclement weather

conditions forcethem to �y low, or poor visibility causesdisorientation, leading them to �y

towar ds illuminated objects.An automated detection system could reactwhen birds approach,by

adjusting the lighting to make the tower lessattractive, or by shutting down the turbines

altogether.
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1.1.4 Night-Flight Monitoring

Many speciesof birds give periodic calls when they are migrating at night. Studies with doppler

radar show that there exists a weak, but statistically signi�cant, correlation between �ight calls

and the actual quantity of birds (Farnsworth et al., 2004).Thus, �ight calls can be used for

ornithological studies and conservation research (Farnsworth, 2005).Someautomated recognition

in this areahas already beenimplemented. Skyward-pointing microphones with sound-activated

recorders can capture the calls of passing birds. Somespeciesclassi�cation is done manually by

volunteers, but some calls can be detected by heuristic-based processorsthat scanfor short bursts

of acoustic energy in speci�c frequency ranges. Other heuristics are needed to trigger a shutdown

mode if continuous false detections are causedby raindr ops, insects,frogs or mechanical noises.

This research is described in depth by Evans (2005).

1.1.5 Entertainment

Bird watching, or birding, is a popular recreational activity . A device that can assistbirders with

indentifying speciesmight be pro�table.

1.2 Other Recognition Efforts

Bird call recognition is not a very active �eld. After a lengthy search, only about a dozen papers

on the topic were found. None of those used either support vector machines or kernel density

estimation for recognition. For brevity, here are descriptions of a few of the better ones.

As mentioned earlier, Evans (2005)developed a heuristic basedsystem. It is designed to detect

speci�c frequency bursts that are indicative of broad categoriesof warblers, sparrows, thrushes,

and the Dickcissel. Finer classi�cations are made by manually inspecting calls with the help of

spectrogram software. This appears to be the only bird call recognition system that is being used

in a real world application.

Härmä and Somervuo (2004)describe a method of classifying the tonal quality of birds songs

basedon the presenceor absenceof harmonics, and the position of the strongest harmonic.

Derégnaucort et al.(2001)used arti�cial neural networks not for classi�cation, but for

quanti�cation. They trained a four -layer ANN to distinguish between two pur ebred subspeciesof

quail. The feature vector was an entire 128� 64pixel spectrogram image. Once trained, they put

calls of various quail hybrids into the network, and used the “analog” values of the output

neurons to situate the calls on a two dimensional diagram. This permitted them to explain how a

hybrid's call is in�uenced by its progenitors.
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Finally, a paper that was extremely in�uential in the development of this thesis, and in fact is an

often cited pioneering work, is by McIlraith and Card (1997).In that paper, the authors describe

two methods of recognition. First, they used the Fourier transform and linear predictive coding to

extract featuresthat were then passedto a backpropagation neural network. Second,they

segmentedsongs into periods of sound and silence,then used statistical discriptions of the

various elementsas featuresfor principal component and quadratic discriminant analysis.

Recognition rates were 82–93%correct.
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1.3 Musical Instruments

This thesis takes a dif ferent approach to the recognition of audio signals. Many other researchers

look at a signal asa whole, then try to classify it basedon many characteristics including global

ones. For the example of bird calls, somepertinent global parameters might be:

� Total call duration;

� Number of separatedistinct vocalizations in the call;

� Lengths of eachdistinct vocalization;

� Global averages,such asaveragefrequency or averageenergy in the signal.

A decision was made to take the opposite approach. Instead of taking a global view, the local view

would be taken, and instantaneous parameters utilized. One reasonfor this decision was the

personal observation that it is possible to broadly categorize bird calls by listening to brief

excerpts. For example, if given short fragments of a goosecall, a crow's call, and that of a robin, it

is clear which speciesis which. A robin's call is a fairly pur e tone without harmonics, a crow's call

is harsh and noisy, and a goosehas a familiar honking sound. The human ear can categorize these

calls basedon the tonal qualities of the sound.

1.3.1 Tonal Qualities

The “quality” of a sound can be described with many adjectives. One could say that it is pure, or

harsh, or dissonant, or hasa particular timbre.

Much research has beendone on classifying sounds basedon their tonal qualities, speci�cally in

the �eld of musical instruments. The goal of much of this research is to automate the transcription

of music.

A good intr oduction to this topic is Agostini et al., 2001.The authors de�ne six featuresthat are

used to classify a recording of a musical instrument. They are:

1. The zero crossing rate, which is an indication of pitch;

2. The spectral centroid, or the center of gravity of the spectrum;

3. Bandwidth, or the sum of the absolute dif ferencesof the spectral amplitude from the

spectral centroid;

4. The harmonic energy percentage,or the percentageof spectral energy that is contained at

multiples of the fundamental frequency, f0;
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5. The inharmonicity , or the sum of the distancesbetween the actual spectral peaks and the

expectedharmonic (multiples of f0) peaks;

6. The harmonic energy skewness,which is an extension of the inharmonicity calculation in

which the distance is multiplied by the spectral energy.

Using the meansand standard deviations of thesesignals, the authors were able to get excellent

recognition (97%)among 27 instruments using Quadratic Discriminant Analysis, and good results

(� 78%)with Canonical Discriminant Analysis, k-NearestNeighbor, and Support Vector

Machines.

Someother examplesof instrument recognition techniques were demonstrated by Martin et

al.(1998)who used 31 featuresincluding vibrato, tremolo, onset,decay and odd-even harmonic

characteristics,which were then classi�ed using a hierarchical Gaussianmodel derived with

Fisher multiple discriminant analysis. The accuracywas comparable to human listeners; 99%for

instrumental families and 70%for individual instruments, among 15.

Eronen (2001)used 20 featuresincluding the amplitude envelope, amplitude modulation

characteristics,and onset asynchrony (dif ferencesin energy development for dif ferent

frequencies)and cepstral coef�cients, with linear prediction analysis for classi�cation. The results

were mediocre: 77%for instrument families and 35%for individual instruments among 16.

Marqueset al.(1999)used linear prediction features,cepstral and mel-cepstral features,fed into

GaussianMixtur e Models and Support Vector Machines, with a resulting 70%accuracy rate

overall for a datasetof 8 instruments.

Ideal Conditions

One important aspectof thesepapers is that the audio recordings used were very optimal. Each

recording contained only a single instrument and the signal to noise ratio was very high. The

sample databaseswere CD-quality studio recordings, and were either solo-instrumental

performances or, even simpler, a single tone played on the instrument. The inherent clarity and

noise-freeaspectof theserecordings permitted the utilization of featuresthat would be uselessin

a noisy environment. Two examples are the spectral centroid, which will be biased depending on

the “color” of the background noise (seeSectionB), and the zero crossing rate, which is sensitive

to Gaussiannoise. As we will seelater, the unavoidable noisinessof bird recordings limits the

choicesfor featuresto use in classi�cation.
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1.4 ANN, SVM and KDE

It was decided that this thesis should investigate threepattern recognition methods: arti�cial

neural networks (ANN), support vector machines (SVM), and kernel density estimation (KDE).

ANNs, being a matur e �eld, were chosento provide a baselineof sorts for comparison. Arti�cial

neural networks had beenstudied since the 1940s(Hertz et al., 1991),but were revitalized in 1986

with the releaseof the work by Rumelhart and McClelland (1986),which described the new

technique of backpropagation, a computationally ef�cient and powerful training algorithm.

SVMs are a more recentinvention (Vapnik, 1998)which, in many cases,give better results than

neural networks (Müller et al., 2001).SVMs were chosento seehow the relatively new �eld of

structural risk minimization (Vapnik, 1998)compared with the more deeply investigated neural

networks. SVMs were intr oduced by Vapnik, (1995,1998)basedon work starting in the late

seventies(Vapnik, 1979).Sincethen, it has proven to be a powerful classifer and has beenapplied

to the problems of text categorization, bioinformatics, optical character recognition, time-series

prediction, density estimation, and many others (Müller etal., 2001;Campbell, 2002;Burges,1998).

KDE, a non-parametric statistical technique with a long history (Scott,1992),was chosento see

how a simple algorithm compared with more modern classi�ers. KDE is usually used to discover

non-obvious characteristicsof data distributions. It is not generally applied to pattern recognition

problems, but its simplicity and clarity of concept make it appealing.



Chapter 2

A Taxonomy of Noises

The data set for this project consisted of some900bird sounds, categorized into ten species.The

recordings were provided by Alex McIlraith and Rob Berger of Myrica Systems.

To human ears,the quality of the recordings were very good. However , for automated analysis,

signal quality has more stringent requirements to be useful in a pattern recognition system. Before

any sort of processingwas done, the recordings were manually sorted through, and calls that were

non-optimal in somerespectwere discarded. What follows is a list of various elements that might

make a recording unsuitable for processing.

2.1 Low SNR

Probably the most common problem seenwas a poor signal to noise ratio (SNR).This would be

expectedwhen attempting to record a rare or solitary speciesof bird — it is dif �cult to get closeto

the bird, so the call has to be recorded at a great distance, which results in a weak signal that is

overpower ed by the background noise. Even a strong call can produce a low SNR if the

background noise is louder than usual due to conditions such aswind or rain. As an aside, the

low-SNR calls gave another example of the capablities of the human brain, asthe calls could easily

be perceived when conventional pitch detection techniques fail to extract the signal.

2.2 Non-Stationary Noise

Generally, the background noise can be modeled asa white Gaussiannoise source that is �lter ed

by characteristicsof the environment and recording equipment. This �lter ed noise can be

8
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described by referring to the noise rainbow and choosing a closematch such aspink noise, red

noise, greennoise, etc. Once the noise spectrum is known, the signal can be cleanedup by

applying Weiner �ltering (Proakis et al., 1996)or spectral subtraction (Boll, 1979).Thesemethods

require that the noise model not changeover time, or is stationary.

Somerecordings exhibited non-stationary noise. Often, the noise spectrum of the birds calls hasat

least one wide “hump.” In most casesthe hump stayed put and did not changeits center

frequency from frame to frame. For the non-stationary signals, the hump was seenin the

spectrogram to move quickly (on the order of seconds)up and down the frequency spectrum as

time progressed.Physically this can be explained asan effect of the worker changing position

during recording. Objectsnear the microphone, such as the ground, a treetrunk, or the person

themself, produce a virtual cavity with its own �ltering characteristics. As the person moves,

theseproperties will quickly change,leading to nonstationary background noise.

2.3 High SNR

This was not a problem in this thesis, but in preliminary experimentation, signals which were

loud, clear, and almost freeof background noise, were categorized separately by a commercial

data-clustering tool when looking at spectral characteristics. This observation is being conveyed

becauseit was a counterintuitive result at the time. The “�awless” signal was, in fact, too perfect,

and was thus seenasan outlier (which, compared to the other signals, it was).

2.4 Echosand Reverberation

Generally, echoswere not a problem. There were two main types: a strong single echo,which

createda double image in the spectrogram, and a multi-sour ceecho(reverberation), which caused

a smearing out of clear chirps. In early experimentation at isolating individual chirps, it was

found that echoswere usually interpr eted asadditional chirps. Reverberation had the effect of

blending together a sequenceof closely-spacedchirps.

2.5 Environmental Interference

This refers to non-noise sounds that interfer e with the bird calls. This was another common

problem with the audio samples,and re�ected the fact that the birds are not being recorded in a

laboratory, but in the real world, where the researcher has little control over the surrounding

events at the time of the recording.
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Sincethe recording equipment in this project was operated by people, it is not unexpected that

human-generated sounds were captured occasionally. Researcherscould be heard discussing

birds (among other things), coughing, and changing their position, which resulted in the

microphone clunking against things. Movements generated crumpling or swishing sounds of

clothing being �exed.

The geographic location of the recording also affects the type of interfer ence.In populated areas,

the sounds of machinery becomecommon. Trains, planes, automobiles, lawn mowers, and

construction equipment all generatestrong signals that interfer e with the bird being observed.

In both rural and urban areasyou will �nd cross-speciesinterfer ence,in which the call of one bird

is punctuated by the chirps of another bird of a dif ferent species,or the buzz or croak of an

amphibian or insect. Usually, the interfering call is more distant and weak, so it is obvious to a

human listener which call is which. However , an automated pattern recognition system might

“per ceive” the combined sounds to be that of a single bird.

Finally, there is the issue of interfer enceby birds of the samespecies,but that will be covered in

the section on underclassi�ed calls.

2.6 Equipment Distortion

Usually the recording equipment operated properly. Very few recordings were marred by

distortion. Of those that were, somewere causedby the recording gain being set too high, causing

clipping distortion. This would manifest itself assecondorder harmonics, and the signal would

have a buzzing quality to it.

Somesignals showed a strange characteristic of spectral mirr oring. When viewed asa

spectrogram, a faint vertically mirr ored image of the spectrum could be seenalong the top,

upside-down with the zero-frequencycomponent centered at the sample rate of 22.05kHz. The

sourceof this unusual distortion has not beenfully explained, but in a pur e signal processing

sense,this effect would be seenif the original signal was being modulated by a weak 22.05kHz

“carrier ” wave. Sincethe analog recording equipment used in the �eld would have no af�nity to

that particular frequency, it is suspectedthat this distortion was intr oduced when the signal was

converted to a digital format. If the analog-to-digital hardwar e has a gain that was oscillating

slightly at 22.05kHz, then this spectral mirr oring would appear.

2.7 Underclassi�ed Calls

Most birds have a call repertoire, a variety of distinct sounds that are used in dif ferent situations.

For example, a bird might issuean alarmcall if it noticed a predator approaching, which would
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alert other birds nearby. Call repertoiresare covered in detail by Marler and Slabbekoorn (2004),

who describe �fteen basic types of calls (not including variations thereof).

In the data set used, the calls were categorized only by species.Thus, any pattern recognition

schemewould have to deduce that eachspeciescould generatevarious styles of calls. In the case

of a neural network or SVM approach this adds an extra burden to the learning process.Thus, to

simplify things, only one style of call was selected(territorial) and others were removed from the

data set. Territorial calls or songsare the most common in the dataset,and are usually the calls

that people associatewith a species.

Earlier it was mentioned that birds of the samespeciessometimes interfer ed with eachother. Such

sounds are not considered to be �awed and unsuitable for analysis. Somebirds are naturally

sociableand prone to congregatein �ocks. For thesespecies,there is a good chancethat a

recording will contain intra-species interfer ence.Rather than discard thesesounds, it was felt that

group calls are as legitimate assolitary calls, and should be separated into “�ock” and “solitary”

categories.

In summary, the data samples for a speciescould be classi�ed into the following subcategoriesin

order to simplify the pattern recognition task:

� Calls in repertoire (Marler and Slabbekoorn,2004)

– Territorial call;

– Courtship call;

– Alarm call;

– etc.;

� Simultaneous calls of �ock.

This is only a subsetof sounds a bird may produce. Many specieshave their own vocabulary of

sounds for speci�c situations and events.

2.8 Other Issues

The data set used in this work had some instanceswhere there were several recordings taken of a

speci�c bird only a few minutes apart, or an exceedingly long sample in which one bird repeateda

call several times. Sincerepeatedcalls by the sameindividual does not provide a data set that

could be generalized to the speciesasa whole, theseextra calls were removed.

Finally, some recordings might not have a clear speci�c problem asdescribed in the preceding

sections,but rather a combination of minor �aws that sum up to an unusable signal.
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Pitch Determination

With the results of the previous chapter in mind, the next step would be choosing which features

to use,and which algorithm should be used to to extract the features.

One popular feature is pitch, or fundamentalfrequency( f0). The usefulnessof the pitch component

is self-evident, especially for musical instrument detection. Pitch alone can be used to distinguish

between many instruments. To give an obvious example, the sounds of a tuba versus a piccolo can

be classi�ed solely on pitch information.

3.1 Algorithm Choice

Pitch determination, assimple as the procedure may sound, is actually an unsolved problem

(Hess,1983).A search for “pitch detection” or “pitch determination” on an academicdatabase

will reveal dozens if not hundr eds of papers on the topic. Even in the last �ve years alone, several

dozen papers have beenwritten on novel pitch determination algorithms (PDAs). This topic is

alive and well, for PDAs are important in speechrecognition research and human voice

bandwidth compression.

A foundational work on PD is (Hess1983).Although Hess' work may seemout of date, the two

main techniques described, autocorrelation PDA and cepstrum PDA, are still in use today, and

perform favorably with newer methods (Cheveigné etal., 2001).

3.2 The Human Voice

Before continuing, it is appropriate to describe how pitch is related to human vocalizations, and

how they dif fer from bird sounds. As mentioned earlier, modern PDAs concentrateon human

12
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sounds, so somechangesare needed to accomodatebird calls.

In simpli�cation, the human voice is modeled by an excitation signal (from the vocal cords) being

passedthrough a �lter (the throat, noseand mouth). The excitation signal is generally seenasa

sequenceof pulses, at some frequency f0 (Figure 3.1).

Figure 3.1:Model of human vocal excitation.

The vocal tract responseis generally seenasa multi-pole �lter . (Figure 3.2)

Figure 3.2: Model of human vocal tract response.

The resulting spectrum (Figure 3.3) is the well-known result of passing a pulse train through a

�lter (Oppenheim et al., 1983).

Figure 3.3:Result of passing pulse-train through �lter .

Hence, human vocalization hasa power spectrum with a comb-like structure. Ideally, the �rst

peak is the fundamental frequency. However , in many situations, the �rst peak is obscured by

noise, or attenuated by extraneous �ltering effects. Thus, a simple algorithm that looks for the �rst

peak will often fail. A more robust method is the doubletransform, also known ascepstralanalysis.
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3.3 The Cepstrum

The cepstrum seemsintuitive enough. When confronted by a power spectrum that has a repeated

periodic sequenceof regular peaks,why not just apply the Fourier transform to it to �nd the

“periodicity” of peaks in the frequency domain? Surprisingly , this novel trick (which has no doubt

beenrediscovered many times over) actually has a theoretical underpinning.

Cepstrum pitch detection was �rst studied in depth in (Noll, 1964).At the time it was the most

reliable PD algorithm, and for many years new PDAs were calibrated against it. Even today,

(Cheveigné et al., 2001)show that cepstral methods are very competitive with newer techniques.

Usually, the cepstrum is de�ned as

Cepstrum
�
s( t)

�
= F � 1

�
log

�
�
�F

�
s( t)

� �
�
�

�
. (3.1)

Or: the cepstrum is the inverse Fourier transform of the log of the short-term power spectrum of

the signal. The log operator has the effect of separating the voice source,which is a pulse train,

and the vocal tract �lter function so that the pulse sequenceappears asa peak at a quefrency(or

lag) in the cepstrum, revealing the period of the pulse train, T0.

In (Hess,1983)there is much discussion asto whether log is the ideal transfer function before the

inverse Fourier transform is taken. Hessnotes that the fourth root, the square root, and an

unaltered magnitude seemto provide better resistanceto noise. In this project it found that a

linear transfer function produced the best results during experimentation. Thus, the cepstrum

PDA used in this thesis is:

Cepstrum0� s( t)
�

= F � 1
� �
�
�F

�
s( t)

� �
�
�

�
(3.2)

SeeFigure 3.4for a �owchart.

3.4 Human versus Bird Sounds

The typical power spectrum of a non-pathological human speakerhas two commonalities. First, it

is rich in harmonics due to the pulse like signal produced by the vocal cords. This allows cepstral

analysis to work effectively. Second,the fundamental frequency rangesfrom about 50 to 1800Hz.

Thesetwo facts motivate much of the development for PDAs, which meansthat many robust

PDAs will degrade when confronted by a bird signal.

Compare to human sounds, bird sounds are unconstrained. the pileated woodpecker or the

chickadeeproduce harmonics-rich sounds. Songbirds produce spectrally pur e sinusoids. The

great horned owl squawks at a pitch of 300Hz, and the Blackpoll warbler sings at 10kHz (Berger,

2005).
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Figure 3.4:Flowchart of the cepstrum pitch detection method with pre- and post- processing.
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Thus, an additional PDA is needed,one that is suited to sinusoidal signals.

3.5 Periodicity Determination

Detection of simple periodicity hasa long history in signal analysis. There are several common

algorithms, eachwith their own advantagesand drawbacks. Someare described in (Proakis etal.,

1996)under the subject of powerspectrumestimation. The technique used in this thesis is the

Blackman-Tukey method. Discretely, it is de�ned as

PBT
xx ( f ) =

M � 1

å
m= � ( M � 1)

rxx(m)w(m)e� j2p f m (3.3)

Where rxx is autocorrelation, w is the windowing function (usually a triangular Bartlett window),

and M is the number of samples. SeeFigure 3.5for a �owchart.

Proakis et al.(1996)shows that the Blackman-Tukey method gives a higher quality of spectral

estimate than either the Bartlett or Welch method. Implementation-wise, the autocorrelation part

may be sped up through use of the Wiener-Khintchine theorem:

rxx( l ) F ! Sxx(w) (3.4)

or

rxx( l ) = F
� �
�
�F

�
s( t)

� �
�
�
2
�

(3.5)

Where rxx is again the autocorrelation and Sxx is the energy spectral density. This allows the full

autocorrelation of the signal to be calculated more quickly with the help of two Fourier transforms.

3.6 Combining PDAs

Now, we have two pitch determination algoritms: the cepstral method, which handles signals rich

in harmonics, and the Blackman-Tukey method, for signals with few spectral peaks. Sincebird

sounds could be either one of thesetypes of signals (or somewhere in between), we need some

way to choosea method depending on the signal, or to combine the two methods together in a

logical and useful manner. For this work, very little additional pre-processingwas chosen.

Instead, both the spectral and cepstral results were passedto the pattern recognition algorithm,

with the hope that it would �nd something useful in the information. Speci�cally , the following

pitch-r elated parameters were used:



CHAPTER 3. PITCH DETERMINA TION 17

Figure 3.5:Flowchart of the Blackman-Tukey method with pre- and post- processing.
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� Spectral characteristics;

– Total energy of the spectrum;

– Peakcharacteristics;

� Frequency at the peak;

� Energy in the peak (+/- one bin);

� Normalized energy in peak (peak energy divided by total energy);

� Cepstral characterstics;

– Energy of the cepstrum;

– Cepstral peak characteristics;

� Quefrency (lag) of the peak;

� Energy in the peak (+/- one bin);

� Normalized energy in peak (peak energy divided by total energy).

Normalization and Con�dence

The normalized energy parameters are important becausethey provide a sort of “con�dence”

metric to the spectral and cepstral peak estimates. In the best case,the peak would contain all the

energy, and the normalized energy would be 1. In the worst case,say, a signal of white noise, the

normalized peak energy would be closeto zero, becausemost of the energy is spread elsewhere in

the spectrum of cepstrum. In fact, by limiting our observations only to the normalized energies,

we can situate dif ferent types of signals in a two dimensional spacebasedon tonal quality , as

shown in Figure 3.6. This parameter simultaneously informs us of the purity , harmonicity , and

noisinessof the signal, and thus may be useful. The tonal quality analysis was restricted to this

level of detail, becausethe signals available were far too noisy to apply someof the �ner

techniques used for musical instrument recognition.

3.7 Other FeaturesUsed

3.7.1 Derivatives

All of the pitch-r elated featuresdiscussedpreviously are numerically dif ferentiated, and these

derivatives are passedon to the pattern recognition algorithm. The motivation for this is basedon

the fact that for some birds, the rate of variation of a parameter is important. For example, the

pitch of a warbler 's song is expectedto increaseand decreaserapidly .
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Figure 3.6:Signal type basedon spectral and cepstral energy.
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3.7.2 Amplitude Envelope Frequency

Until now, all the featuresmentioned were instantaneous values which were extracted from small

fragments of the signal, on the order of 10msin duration. There were no intra-frame featuresthat

gave some information of the (relatively) long-term structure of the bird call. The amplitude

envelope frequency is one way to convert this long-term information into more digestible

single-valued parameters. Figure 3.7explains the details of the algorithm.

This was motivated by the observation that somebirds produce calls which are smooth in

loudness, whereasothers are stocatto and repetitive. By looking at a 1.5secondinterval of a call,

and determining the periodicity of amplitude variations within that range, we can extract useful

information about the overall structure of the call. Like the pitch detection algorithms, the

envelope frequency includes the normalized peak energy to give a con�dence estimate of the

extracted frequency.

As far asthe author knows, this feature and algorithm has not beenused before in bird (or other

animal) recognition, and is a novel invention in this project.
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Figure 3.7: Determination of envelope periodicity , also referred to as structural amplitude fre-
quency.
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FEATURES EXTRA CTED FROM A UDIO SIGN A L

Description Formula d
dt

�

FrequencyDomainParameters

Power in frequency peak plus two adjacentbins PBT
peak =

+ 1
å

i= � 1
PBT

xx ( f BT
peak + i) ‡ Yes

Total power in frame Ptotal = rxx(0) Yes

Normalized peak power PBT
peak/ Ptotal Yes

Frequency at peak f BT
peak = arg max

f
PBT

xx ( f ) † Yes

CepstralDomainParameters§

Sum of gamnitude in peak and adjacentbins Gpeak =
+ 1
å

i= � 1
G(qpeak + i) Yes

Total gamnitude in cepstrum Gtotal = å
q

G(q) Yes

Normalized peak gamnitude Gpeak/ Gtotal Yes

Quefrency at peak qpeak = arg max
q

(G(q)) Yes

Quefrency at peak back-converted to frequency f CEP
peak = N/ (2qpeak) Yes

Multi-Frame AmplitudeEnvelopeParameters

Amplitude envelope frequency f BT
envel = arg max

f
PBT

envel( f ) No

Normalized envelope peak power PBT
envelpeak

/ PBT
enveltotal

No

� If “Yes”, then an additional feature was createdby taking the numerical derivative between frames.
† The function arg max f (x) returns x that gives the maximum value of f (x).
‡ BT indicates the Blackman-Tukey method of power spectrum estimation.
§ Quefrencyand gamnitudeare the cepstral analoguesto frequency and magnitude.

Table 3.1:Featurespassedto the pattern recognition system.
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Linear Learning

This section provides an intr oduction to learning systemsthrough a discussion of linear learning

machines. Not only are theseeasyto understand, easyto train, and useful in their own right, but

they also lay a foundation for arti�cial neural networks and support vector machines. Linear

learning is well covered in (Cristianini et al., 2000)and (Bishop, 1995).

4.1 What is Learning?

There are two types of learning usually discussedin the �eld of pattern recognition: unsupervised

and supervised (Haykin, 1994).

Unsupervised learning involves observation of a datasetand consequentextraction of groups (or

clusters) in that data, with no external input specifying the expectedclassi�cation of any of the

elements of the dataset (Haykin, 1994).Unsupervised learning will not be investigated in this

thesis.

A supervised learning system takes a datasetof observation vectors, and �nds a mapping, or

function, that will enable the deduction of someelementsof the vectors basedon the values of the

other elements. Usually a system is described as taking input, or training, vectors, and

corresponding output, or target, vectors, asa training dataset. Once a system is trained it ideally

will possessthe ability to processa new input vector (in the absenceof a target vector), and

correctly predict the values of the target. SeeFigure 4.1for a schematic representation (Haykin,

1994).

A popular form of pattern recognition is simple binary, or yes/noclassi�cation of an input vector.

An input vector, x, might be classi�ed as true if somereal function y = f (x) gives a result � 0 ,

and falseotherwise. In the casewhere f (x) is linear, the classi�er can be written as

23



CHAPTER 4. LINEAR LEARNING 24

Figure 4.1:Phasesof Supervised Learning. This diagram shows N observations, n elements in each
input vector, and m elements in eachoutput vector (Haykin, 1994).
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Figure 4.2: A two-dimensional spaceseparated by a one-dimensional hyperplane speci�ed by w
and b (Cristianini et al., 2000).

f (x) = w � x + b

=
n
å

i= 1
wixi + b

(4.1)

Geometrically, this function cuts the n-dimensional hyperspacealong an (n � 1) dimensional

hyperplane, where f (x) = 0. SeeFigure 4.2for a two-dimensional example that shows a

hyperplane whose normal is de�ned by w, and which hasan offset de�ned by b. Typically w and

b are known as the weightvectorand bias(Haykin, 1994).

Rosenblatt showed in 1956that such a hyperplane can always classify a linearly separabledataset.

(The de�nition of linearly separablebeing “that which can be separatedby a hyperplane.”) The

hyperplane can be discovered by the iterative PerceptronAlgorithm (Haykin, 1994).

A parameter of interest related to the Perceptron Algorithm is the margin of a point x with respect

to the hyperplane (w, b), and is de�ned as

g i = (yi)(x � w + b). (4.2)

Where g i > 0 implies correct classi�cation, and yi is either + 1 or � 1 depending on the classto

which x belongs. The margin g i is simply the distance from the point x to the hyperplane (w, b)
(Cristianini etal., 2000).

The smallest margin between all points in a training set X and a hyperplane (w, b) is sometimes

referred to as the margin of thehyperplanewith respectto the training set (Burges,1998).

The margin M of a training set X is the greatestpossible margin over all hyperplanes (Burges,

1998).A hyperplane producing this maximum is the maximalmargin, or optimalhyperplane. Its

margin will be positive for a linearly separabletraining set (seeFigure 4.3).
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Figure 4.3:Hyperplane and Margins (Cristianini et al., 2000).

Figure 4.4:Determining margin implicitely (Moor e, 2001).

The supportvectorsare the subset of the dataset which lie adjacent to the optimal hyperplane at a

distance of the margin (Burges,1998).

(As an aside, a statistician might note that such an optimal hyperplane, asde�ned, depends solely

on outliers in the dataset.)

4.2 Determining the Optimization Problem

To continue with our analysis, we will need to know the margin width of a hyperplane (w, b). An

interesting fact is that the margin is implicitly de�ned by requiring that w � x + b returns either

greater than +1 or lessthan -1 depending on the class.This extends the concept of a hyperplane

dividing the two classesby adding a “built in” margin (Moor e,2001).
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Figure 4.5: Location of nearestpoints on opposite margins (Moor e, 2001).

We would like to �nd M, the margin for (w, b), asshown in Figure 4.4.We know that

w � x+ + b = + 1 (4.3)

and

w � x� + b = � 1. (4.4)

Assume that x+ is on the plus plane, and x� is on the minus plane. Then, the distancesfrom x+

and x� to the hyperplane boundary are

g+ = (+ 1)(x+ � w + b) (4.5)

g � = (� 1)(x� � w + b) (4.6)

Assume also that x+ is the closestpoint on the plus plane to x� (seeFigure 4.5). The line from x+

to x� is perpendicular to the dividing boundary (w, b), so to get from x� to x+ we have to move

in the dir ection of w. Thus, x+ = x� + l w for some value of l .

Now we can take the equation

x+ = x� + l w (4.7)

together with Equation 4.3

w � x+ + b = + 1 (4.8)

to get

w � (x� + l w ) + b = + 1 (4.9)

which reducesdown to

l =
2

w � w
. (4.10)
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Now that we know l , we can �nd the actual margin M. From (4.7)we get

l w = x+ � x� (4.11)

then

M = jx+ � x� j = j l w j (4.12)

= l jw j = l
p

w � w. (4.13)

Replacing l with the result of (4.10)gives

M =
2
p

w � w
w � w

=
2

p
w � w

. (4.14)

Thus, we can determine the margin width of this classi�er solely with w. To �nd the optimal

hyperplane, we want to maximize M (or minimize w � w) while making sure that all points in the

plus classare at or beyond the plus boundary, such that

x+ � w + b � + 1 (4.15)

and similarly , for points in the minus class,

x� � w + b � � 1 (4.16)

4.3 Quadratic Programming

The numeric technique known asquadratic (or nonlinear) programming (or optimization) is

normally used to �nd the minimum value of a secondorder polynomial which is constrained by

inequalities. QP, like its cousin, linear programming, has a long history, having been investigated

since the 1960s(Wright 2004).Many algorithms have beendeveloped and much contemporary

research continues in this �eld.

One typical formulation of a QP problem is to satisfy the following constraints:

minimize
1
2

w TQw � k Tw (4.17)

subject to Xw � c (4.18)

Where Q is a positive de�nite n � n matrix, k is an n-vector, c is an m-vector, w is the unknown,

and X is an m � n matrix. The optimal hyperplane problem can be converted to a QP problem by
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Figure 4.6: Dataset that is not linearly separable(Moor e, 2001).

satisfying (Cristianini et al., 2000):

minimize w � w � k Tw (4.19)

subject to (yi)(x � w + b) � 1 (4.20)

4.3.1 Optimization Problem with Noise

QP will produce an answer for this objective function and constraints only if the dataset is fully

linearly separable. If somepoints are on the wr ong side of the hyperplane (w, b), then additional

stepsmust be taken to make this QP problem work. Figure 4.6shows a noisy training set with two

points in the wr ong region of the hyperspace. The training set is not linearly separable.

Fortunately, there is a way around this. We can intr oduce a costparameter that is basedon how far

the errant datapoints are from their proper margin. Figure 4.6(Moor e,2001)shows two datapoints

at distances#1 and #2 (known asslackvariables) from the proper margin. Thesedistancescan be

multiplied by a cost parameter C, which producesa new objective function and constraints for the

QP problem:

minimize
1
2

w � w + C
m

å
i= 1

#i (4.21)

subject to (yi)(x � w + b) � 1 � #i (4.22)

and #i � 0 for all i (4.23)
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However , this formulation is not the best for QP tools. The system can be optimized more quickly

if it is converted to the equivalent Wolfedual problem (Burges1998)which becomes:

maximize
LD

dual lagrangian
� å

i
a1 �

1
2 å

i ,j
aiaj yiy j xi � x j (4.24)

subject to 0 � ai � C (4.25)

and å
i

aiyi = 0 (4.26)

Once all a1 and yi have beenfound, w and b can be found by

w =
NS

å
i= 1

aiyi xi (4.27)

and

b = y I (1 � #I ) � x I � w I where I = arg max
i

ai (4.28)

Where NS is the number of support vectors.

In prediction phase,an input vector x can be classi�ed by taking the sign of

f (x) =
NS

å
i= 1

aiyi six + b (4.29)

where si are the support vectors.

Thus, a linear learning machine is able to �nd an optimal hyperplane for a noisy training set that

is not strictly linearly separable.This is the technique used for linear support vector machines

(LSVMs).
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Nonlinear Support Vector Machines

Now that we have described LSVMs, the next question is, can LSVMs be augmented to handle

datasetswhere the optimal decision boundary is nonlinear? The answer is yes, and the simplicity

of the solution is striking. It relies on an old kernel equality commonly known as the kerneltrick

(Aizerman et al., 1964).

Notice �rst how data is used in the LSVM problem. Individual values are never used — only the

dot products are taken. Now imagine a mapping from the d-dimensional data spaceto a higher

dimensional featurespace, H , of f dimensions where f > d. This mapping will be called F (Burges,

1998).Thus

F : Rd ! H , where H 2 R f and f > d (5.1)

If this mapping is applied to a pair of vectors w and x, then the dot product would be F (w ) � F (x).

Dir ect calculation of F (w ) � F (x) may be intractible in a computational senseif F maps to an

extremely high dimensional space.This is alleviated becausein somecases,F (w ) � F (x) may be

representedby a kernel K that is mathematically equivalent, yet requiresonly the dot product of

the vectors in the original d-dimensional space.Thus,

K(w, x) = F (w ) � F (x) (5.2)

This kernel trick, in effect, eliminates the need to explicitely calculate a high-dimensional space

with F . In fact it allows mapping of the input spaceto an in�nite dimensionalfeature space.

For example, if d = 2 with the kernel

K(w, x) = (w � x)2 (5.3)

it can be shown, by expanding the dot product above and solving for F (�), to correspond to the

31
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3-dimensional mapping

F (x) = (x2
1, x2

2,
p

2x1x2). (5.4)

To demonstrate, evaluate

F (w ) � F (x) = (w2
1, w2

2,
p

2w1w2) � (x2
1, x2

2,
p

2x1x2)
= x2

1w2
1 + x2

2w2
2 + 2x1w1x2w2

(5.5)

also evaluate
K(w, x) = (w � x)2

= (w1x1 + w2x2)2

= w2
1x2

1 + 2w1x1w2x2 + w2
2x2

2.

(5.6)

This is equivalent to the earlier expansion, thus demonstrating the kernel trick.

To give an example of an in�nite dimensional feature mapping, consider a 1-dimensional (for

simplicity) data vector x being mapped to an in�nite dimensional space:

F (x) =
�

1,
x

p
1!

,
x2

p
2!

,
x3

p
3!

, ...
�

(5.7)

Evaluating the dot product we get

F (w ) � F (x) =
�

1,
w

p
1!

,
w2
p

2!
, ...

�
�
�

1,
x

p
1!

,
x2

p
2!

, ...
�

(5.8)

= 1 +
wx
1!

+
(wx)2

2!
+

(wx)3

3!
+ ... (5.9)

Inspection revealsthat this mapping is equivalent to the kernel

K(w, x) = exp(w � x) = exp(wx) (5.10)

Thus the kernel trick can work for in�nite dimensional feature spaces.

5.1 Common Kernels

The �rst kernels investigated with SVMs were the following (Burges,1998):

Polynomial of degree p,

K(w, x) = (w � x + 1) p (5.11)

Gaussianradial basis function,

K(w, x) = exp
�

�
kw � xk2

2s2

�
(5.12)
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and the hyperbolic tangent or sigmoid,

K(w, x) = tanh(kw � x � d) (5.13)

The hyperbolic tangent is interesting in that it lets the SVM simulate a neural network. Plugging

the tanh kernel into the trained SVM classifer (Equation 5.21)we get

f (x) =
NS

å
i= 1

aiyi tanh(ksi � x � d) + b (5.14)

where NS is the number of support vectors and si are the support vectors. This is the sameasa

neural network with NS hidden neurons, eachof which has d weights where d is the

dimensionality of the dataset,passedto a linear output neuron with NS weights.

Not every function can be used in an SVM in this manner. It must meet Mercer's condition

(Burges,1998)to be a valid kernel. In particular , there exists a mapping and an expansion

K(w, x) = å
i

F (w ) iF (x) i (5.15)

if and only if, for any g(w ) such that

Z
g(w )2dw is �nite (5.16)

then Z
K(w, x) g(w )g(x) dwdx � 0. (5.17)

The hyperbolic tangent does not always satisfy Mercer's condition, but still may be used in an

SVM. If a given training set results in a kernel matrix that is positive semide�nite Hessian, then

the SVM will converge perfectly well.

5.2 Kernel Trick and LSVMs

The kernel trick lets the QP algorithm be modi�ed so that, whenever a dot product is taken, it can

be replaced with the kernel. Thus, the QP problem becomes

minimize
1
2

K(w, w ) + C
m

å
i= 1

#i (5.18)

subject to (yi)(K(w, x) + b) � 1 � #i (5.19)

and #i � 0 for all i. (5.20)

Now, instead of �nding the optimal hyperplane in the original data space(which might not be

linearly separable)an optimal hyperplane can be found in the higher dimensional space.The
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kernel trick keeps the QP computations tractible (Moor e,2001).

5.3 Support Vectors and Classi�cation

In an LSVM, the support vectors are the subsetof the datasetwhich lie adjacent to the optimal

hyperplane at a distance of the margin, and, if slack variables are being used, those that lie in the

wr ong section of the hyperspace. The support vectors alone are enough to de�ne the hyperplane

and margin. (Thesevectors could be thought of assupporting the hyperplane.) Slackparameters

are needed because,otherwise, it might be impossible to �nd the optimal hyperplane in a high

dimensional feature space.We can use the samemethod to classify non-training data points as

was used earlier, but with kernels instead:

f (x) =
NS

å
i= 1

aiyi K(si , x) + b (5.21)

were NS is the number of support vectors, and si are the support vectors. Taking the sign of f (x)
gives the class(Burges,1998).

5.4 SVM Implementation

The quadratic programming aspectof the SVM algorithm can be solved by straight-forwar d

application of many pre-existing QP packagesthat useNewton's method, conjugate gradient, or

primal dual methods. For small training sets,the QP problem can be solved analytically , which

has a worst casecomputational complexity of order N 3
S (inversion of the Hessian),where NS is the

number of support vectors (Burges,1998).For larger training sets,numeric methods must be

used. One problem with using conventional QP techniques is that the entire kernel matrix, which

grows quadratically with the number of training samples,must be stored in memory. For

example, the kernel matrix for the training data in this project would require over 120MB of

memory using thesemethods.

As a result, novel SVM techniques have beencreated that reduce computational complexity. The

major oneswill be describe here.

Recall that the optimization problem (Cristianini et al., 2000)is:

maximize W(a) =
`

å
i= 1

ai �
1
2

`

å
i

`

å
j

aiaj yiy j K(xi , x j) (5.22)

subject to
`

å
i= 1

aiyi = 0 (5.23)
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and 0 � ai � C, i = 1...̀ (5.24)

Where y speci�es the classand is either -1 or +1, x is an input vector, ` is the size of the training

set,and C < ¥ for the 1-norm soft margin case.

5.4.1 Naive Solution: Gradient Ascent

Simple numerical gradient descentcan be used to follow the parabolic surface towar ds the unique

global maximum (Cristianini et al., 2000).A learning rate h is needed to update the vector a for

eachiteration, and must be properly sized to allow for timely convergence,yet prevent oscillatory

behavior. The step size for individual elements of a is given by

dat
i = h

¶W(at )
¶ai

(5.25)

Where t indicates the iteration, and the i subscript shows that the multi-dimensional problem is

reduced to a sequenceof single-dimensional ones. This technique is not optimal with respectto

speed,but it works well for datasetsup to a few thousand points. The linear constraint å aiyi = 0

causesa problem. At least two a values must be changed simultaneously to keep the system from

leaving the feasible region. This is the basisof sequentialminimal optimization(SMO).

5.4.2 Chunking and Decomposition

The chunkingand decompositiontechniques reducememory requirementsby breaking the problem

down into smaller sub-problems (Cristianini etal., 2000).

Chunking

The simplest heuristic is known as“chunking.” Here, a small subset,or “chunk,” of the training

set is used to train an SVM. Once trained, the support vectors are kept, and the remainder of the

training data is tested with the SVM. The points that give the worst results are kept, then a new

SVM is trained using thesepoints and the previous support vectors asthe training set. The

processis repeateduntil somestopping criteria is reached.

Decomposition

Chunking might fail becausethe kernel matrix may grow too large. Decomposition is a more

sophisticated method inspir ed by chunking. This algorithm updates a �xed number of ai values

while the restare kept constant. A small subsetof training points are used asthe activeset.
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Whenever a new training point is added to the active set,another one is removed. The goal is to

optimize the global problem by looking at only a subsetof the training data at any time.

Chunking and decomposition have not beentheoretically proven to converge,but in practise, they

work well and permit training setsof tens of thousands of points.

5.4.3 SMO: Sequential Minimal Optimization

Sequential minimal optimization (SMO) is an extremereduction of the decomposition method to a

minimal subsetof only two points per iteration (Platt, 1998).The bene�t of this is that this

minimal subsetcan be solved analytically without the need of a QP solver.

With eachiteration, SMO usesa simple heuristic (basedon constraint violation) to choosetwo

points, ai and aj , to optimize. All other parameters are assumedto be �xed, and new optimal

values of ai and aj are determined analytically , after which a is updated.

Compared to other methods, SMO needsmore iterations to converge,but eachiteration is so fast

that the algorithm shows a speedup of orders of magnitude. Other qualities of this method are

that it does not need a kernel matrix stored in memory, and also does not need any sort of QP

packageincluded aspart of the algorithm.

The LIBSVM software packageused in this project is basedon the SMO algorithm (Chang and

Lin, 2005).



Chapter 6

Arti�cial Neural Networks

A great deal of the research into pattern recognition has beeninspir ed by the workings of the

human brain. As such, there have beenmany attempts to arti�cially simulate the biological

processesthat lead to intelligent behavior. At one end of the arti�cial intelligence spectrum is the

�eld of symbolic reasoning,which attempts to synthesize intelligence through manipulation of

high-level cognitive concepts.At the other end, you have the reductionists — those who believe

that intelligence can be createdby emulating the brain at the level of the smallest building blocks:

namely, the neurons.

6.1 Biological Neurons

Neurons, the fundamental structure of the brain, were �rst described by Cajál in 1911(Sdorow,

1990).Sincethen, scientists have discovered many dif ferent types of neurons, eachof which has a

distinct purpose in the brain. In general, a neuron is composed of the following parts (Sdorow,

1990):

� The cell body (or soma), the structural and biochemical center of the neuron;

� The dendrites, branch like receptorson the cell body;

� The axon, an extremely long (relatively speaking) conduit for channeling signals;

� And, the synaptic terminals, a branch-like structure extruding from the end of the axon.

Theseterminals transmit messagesto other neurons, muscles,etc. Figure 6.1shows a

simpli�ed diagram of a neuron.

37
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Figure 6.1:Simpli�ed diagram of a biological neuron (Sdorow, 1990).

A neuron actsasan integrator of its inputs. It receivesmultiple excitatory and inhibitory inputs at

the cell body and dendrites, the cell body applies some sort of transfer function to those combined

inputs, and sendsthe result down the axon to other neurons and muscles, in the form of a pulse.

This is a simpli�ed explanation though. Ongoing research has shown that neurons are far from

simple and are also affected by non-synaptic in�uences such asbiochemicals and drugs.

6.2 Arti�cial Neurons

A simpli�ed neural model, one that was in�uential for decadesto come,was proposed by

McCullogh and Pitts in 1943.In this model, a neuron multiplies the inputs by weights, calculates

the sum, and applies a threshold. The result of this computation would then be transmitted to

subsequentneurons. The McCullogh-Pitts neuron has beengeneralized (Hertz et al., 1991)to

yi = f

 

å
k

wikxk + mi

!

(6.1)

where xk are inputs to the neuron i, wik are weights attached to the inputs, mi is a threshold, offset

or bias, f (�) is a transfer function and yi is the output of the neuron. Figure 6.2shows a diagram of

a generalized McCullogh-Pitts neuron.

The transfer function f (�) can be anything. It could be linear, i.e., y = x, in which casethe neuron

simply takes a dot product x � w. Severalsuch neurons in a layer will calculate a matrix

multiplication. The function f (�) could be a non-smooth nonlinear function, such asa unit step

(Figure 6.3),which was the basisof the original McCullogh-Pitts neuron. This transfer function, as
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Figure 6.2:Generalized McCullogh-Pitts neuron (Hertz et al., 1991).

Figure 6.3:The Heaviside unit step function (Hertz et al., 1991).

simple as it may be,gives theseneurons the ability to emulate basicboolean functions such as

AND, OR, NAND, etc. The function f (�) could also be piecewise linear, like a unit step with a

ramp segmentconnecting the 0 and 1 parts (Figure 6.4). The disadvantage of thesefunctions is

that they are not dif ferentiable, and thus not suited to automatic learning.

The most useful transfer functions for arti�cial neurons are nonlinear and dif ferentiable. The

iconic example is the sigmoid or logistic function, y = 1/ (1+ exp(� x)) (seeFigure 6.5). The

hyperbolic tangent, y = tanh(x) (Figure 6.6) is also commonly used, and in fact it is just a scaled

and shifted sigmoid function.

Thesefunctions can easily be used for training with error-backpropagation (Section6.8)because

there is a derivative everywher e. The sigmoid curve also has a “squishing” effect, so that

extremely high or low input values have only a minor effect on the output, which is

asymptotically limited to the range (0,1).
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Figure 6.4:A piecewise linear function combining a ramp with a unit step.

Figure 6.5:The logistic function y = 1/ (1 + exp(� x)).

Figure 6.6:The hyperbolic tangent y = tanh(x).
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6.3 Single Neuron Computation

What kinds of computation is a single arti�cial neuron capableof? (For the remainder of this

section, Attention will be given to neurons with a sigmoid activation function. A McCullogh-Pitts

neuron can be approximated asa sigmoidal neuron by multiplying the result of the summation by

a large number.)

Functionally , a neuron takes an n-dimensional input vector and maps it to a single real value.

Speci�cally

yi = f

 

å
x

wikxk + mi

!

= f (w i � x + mi ) (6.2)

Provided that f (�) has an inverse, we can rewrite that as

f � 1(yi ) = w i � x + mi . (6.3)

The geometrical consequenceof this is that the input spaceis bisectedby an (n � 1) dimensional

plane. SeeSection4 for more information. When f (�) is a sigmoid, the separating hyperplane is

commonly considered to be a plane along where yi = 1/ 2, which is the value of the sigmoid

function at the origin. In the earlier discussion, the hyperplane was seenasa strict delimiter of

membership. Points at opposite sides of the hyperplane are seenasoccupying dif ferent classes.

The sigmoid function allows a more statistical type of classi�cation, rather than a hard binary

“yes/no” or “tr ue/false.” Intuitively , this makes sense;on the boundary points of the hyperplane,

membership is 1/ 2, which implies that points in that areaare equally likely to be a member of

either class.Near the boundary, the sigmoid function gives values near 1/ 2, indicating that the

point belongs in one of the classes— but the uncertainty is high. Finally, the farther you get from

the hyperplane, the closer the sigmoid function goesto either 0 or 1, indicating a high con�dence.

This observation has a basis in statistics, and is known as logistic discrimination (Bishop, 1995).

6.4 Logistic Descrimination

Consider two classesthat have multivariate Gaussiandistributions, and identical covariance

matrices S. The probability that a point x is a member of classCk is

p(xjCk) =
1

(2p )d/ 2jSj1/ 2 exp
�

1
2

(x � mk)TS� 1(x � mk)
�

(6.4)

where d is the dimension of the data and mk is the mean of the distribution.

We can apply Bayes' theorem to �nd the posterior probability x is a member of classC1:

P(C1jx) =
p(xjC1)P(C1)

p(xjC1)P(C1) + p(xjC2)P(C2)
(6.5)
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=
1

1 + exp(� a)
(6.6)

where

a = ln
�

p(xjC1)P(C1)
p(xjC2)P(C2)

�
. (6.7)

This result justi�es the behavior of a neuron with a sigmoid activation function. It shows that for a

common type of discrimination problem, a neuron can produce an output that is identical to the

posterior probability of an input vector belonging to a speci�c class(Bishop, 1995).

6.5 Training a Neuron

For simple problems, it is possible to scrutinize the data and manually determine which weights

are needed to give the desired behavior. For example, this processcan be done to createboolean

logic functions with McCullogh-Pitts neurons. For more complicated neural processingproblems,

the optimal weights are not obvious. An automatic procedure is needed which will con�gur e the

neuron basedon a training dataset.

6.6 Perceptrons

A perceptron is the simplest form of arti�cial neural network capableof classifying linearly

separablepatterns, and was �rst studied by Rosenblatt in 1958and 1962.Rosenblatt's perceptron

was basedon the McCullogh-Pitts neuron, in which a weighted sum of inputs is subjected to a

step function such asthe unit step (Heaviside) or sign function. Rosenblatt developed an

automatic learning procedure known asthe perceptron algorithm. This simple method can be

explained as follows (Haykin, 1994).

The Perceptron Algorithm

1. A training vector x is presentedto the perceptron. One of the elementsof x is always 1,

which actsasa bias or offset value.

2. The output value of the neuron is evaluated.

3. If x is properly classi�ed, then no changesare made to the weight vector w.

4. If x is misclassi�ed, then w is updated using the rule:

(a) w new = w old � hx if w � x > 0 and x belongs to classC0;

(b) w new = w old + hx if w � x � 0 and x belongs to classC1.
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Where the classesC0 of C1 are indicated when the output of the neuron is 0 or 1 respectively, when

using a step activation function. The value of h is the learning rate parameter. It is a small value

that controls the size of changesto the weight vectors during training.

Rosenblatt proved, in his perceptronconvergencetheorem, that the perceptron algorithm is

guaranteed to converge and �nd a solution — but only if the classesin the training set are linearly

separable.SeeFigure 6.7for an example.

Figure 6.7:Linearly separablevs. non-linearly separableclasses.

The perceptron createda stir in the �eld of machine learning in the 1960's.However , the inability

to classify patterns that are not linearly separablewas its fatal �aw . Finally, in 1969,Minsky and

Papert elucidated the limitations of the perceptron in their book Perceptrons. They also conjectured

that multilayer perceptrons would be a “sterile” areaof research. History has proven them wr ong,

but their in�uential book set ANN research back by several years.

6.7 SteepestDescent and the LMS Algorithm

The least mean square (LMS) algorithm is a very simple technique for linear adaptive �lters. It is

also known asthe deltarule or Widrow-Hoffrule (Widr ow and Hof f, 1960).The simplicity and

reliability of the LMS algorithm hasmade it the standard for comparing other adaptive �ltering

algorithms. The well-developed �eld setsthe stagefor other training algorithms for nonlinear

ANNs, and is relevant to linear neurons, which are identical to linear �lters.

6.7.1 SteepestDescent

The basicproblem statement with linear �lters is (Haykin, 1994):

Given a setof corresponding observations (yi , xi) where yi is a real value and xi is a

vector of reals,can we �nd an optimal weight vector w that will allow us to predict y i
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with

yi = w � xi (6.8)

such that the error of the predicted yi is minimized?

If di is the desired response,then the error is

ei = di � yi (6.9)

and an overall performance measure is the mean squared error (MSE), J,

J =
1
2

E[e2] (6.10)

where E is the statistical expectation operator, and the factor 1
2 is used for convenience.The

optimal w which minimizes J is known asa Weiner�lter .

For certain types of systems,such asa spatial �lter , the MSE Jsurface takeson a multidimensional

“bowl” shapewith respectto the vector w. There is only one global (and no local) minima on this

surface,at which point w is optimal. This minima can be solved dir ectly by meansof the

Weiner-Hopfequations(Haykin, 1994)which requiresmatrix inversion of autocorrelation values. It

can also be found by the iterative methodof steepestdescent, which involves traveling along the

error surface in the dir ection of the gradient

r wk J =
¶J

¶wk
, k = 1,2,..., p (6.11)

which is the dif ferentiation of the cost function Jw.r.t. w . Expanding the equation,

r wk J = � rdx(k) +
p

å
j= 1

wjrx( j, k) (6.12)

where rdx is the autocorrelation and rx is the cross-correlation. Numerically , the weight vector w

can be adjusted slightly by meansof the rule

wknew = wk + dwk, k = 1,2,..., p (6.13)

where

dwk = hr wk J (6.14)

where h is a positive constant called the learningrateparameter. Sincesteepestdescentrequires

correlation values to be known, it is not suitable for some environments, such as those where data

samplesare disordered. In thesesituations, we need to use estimatesof r x and rdx. The least mean

square algorithm provides these.
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6.7.2 The Least Mean Square Algorithm

The least mean square (LMS) algorithm usesinstantaneous estimatesfor the autocorrelation r x

and the cross-correlation rxd (Haykin, 1994).The estimatesare

brx( i , j) = x j xk (6.15)

brdx(k) = xkd (6.16)

When theseare plugged back into the the steepestdescentalgorithm, the rule for updating w

becomes

bwknew = bwk + h[d � y]xk, k = 1,2,..., p (6.17)

In effect, LMS minimizes the instantaneous squared error.

LMS is also known as the stochasticgradientdescentalgorithm, because bw, the estimate of w,

follows a random trajectory, unlike the steepestdescentmethod which follows a smooth one.

An added bene�t of LMS is that it does not rely on the signal being stationary. It can “track” a

signal whose statistics changeover time, becauseit usesinstantaneous estimates.
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6.8 Multilayer Perceptrons and Back Propagation

Multilayer perceptrons (MLPs) have beenused successfully in a wide variety of applications.

They commonly use error back-propagationasthe training algorithm, which is a many-layered

generalization of the ubiquitous LMS algorithm.

Backpropagation consistsof a forwardpassand a backwardpass.

In the forwar d pass,the input vector (training pattern) is presentedto the hidden layer. The

outputs are calculated and passedon to the output layer which applies another activation function

to produce the �nal output vector. In the forwar d pass,no weights are changed (Haykin, 1994).

The next phase,the backward pass,is where training occurs and the weights are adjusted slightly .

In this phase,the outputs from the forwar d passare subtracted from the desired or target values.

This error signal is passedback through the network, and the weights are adjusted incrementally

to reduce the error. This is called error back-propagation(Haykin, 1994).

6.9 Characteristics of Multi-Layer Perceptrons

MLPs have threedistinguishing characteristics (Haykin, 1994).

1. The neural activation functions are nonlinearand smooth(dif ferentiable everywher e). A

common function is the logistic curve y = 1/ (1+ exp(� x));

2. The network contains one or more hidden layers, that lie between the input and output

layers of the network. Thesehidden layers allow the network to progressively extract more

meaningful features,thus permitting complex recognition tasks;

3. The neurons in the network are highly interconnected,such that there are a large number of

weights relative to the number of neurons. Typically , every neuron in a layer is connected to

every neuron of the subsequent layer.

Thesethreecharacteristics,plus the ability to learn, gives ANNs great power. The same

characteristicsmakes theoretical analysis dif �cult, becauseof the nonlinearity and the great

degreeof interconnections. Hidden neurons also make the processesharder to observeand

visualize. Furthermor e, ANNs do not have unlimited capabilities — the Curse of Dimensionality

requiresthat preprocessingbe done to reduce the dimensionality of the input space(Bishop, 1995).

Like someother important scienti�c discoveries, backpropagation was discovered independently

by several people. It was �rst mentioned in Werbos' Ph. D. thesis in 1975,and rediscovered by

Rumelhard, Hinton and Williams in 1986.Similar generalizations were discovered separately by

both Parker and LeCun in 1985(Haykin, 1994).
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Backpropagation was a landmark becauseit was computationally ef�cient. Although it is not

guaranteed to �nd a solution to all solvable problems, it works well enough to show that Nimsky

and Papert's pessimistic prediction of multilayer perceptrons was wr ong.

6.10 Derivation of the Backpropagation Algorithm

In backpropagation (Rumelhart et al., 1986;Masters, 1993;Haykin, 1994;Bishop, 1995),the error

signal of an output neuron j at the nth training pattern is de�ned as

ej = dj (n) � y j (n) (6.18)

where dj is the desired value and yi is the actual output of the neuron. The instantaneous value for

the squared error of neuron j is 1
2e2

j (n).

The instantaneous value E(n) is the sum of the squared errors obtained by summing the squared

errors of the output layer:

E(n) =
1
2 å

j2 C
e2

j (n) (6.19)

where C is the set of all output neurons. The output neurons are the only neurons where errors

can be dir ectly calculated.

If N is the total number of patterns (training examples) in the training set, the averagesquarederror

is obtained by summing E(n) over all n and normalizing for N:

Eav =
1
N

N

å
n= 1

E(n) (6.20)

Eav is a “cost function” for a given training set. The goal of training is to adjust the freeparameters

of the network to minimize this cost function. This minimization can be done through a process

similar to the LMS algoritms. A common form of backpropagation is to update the weights after

eachpattern is presentedto the network. The adjustments are calculated according to the error for

a particular training pattern. The averageof all theseincremental changesis an estimate of the

true changethat would occur if all weights were adjusted at once to minimize the cost function for

the entire training set.
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6.11 The Mathematics of the Output Layer

Given a neuron j receiving inputs from the previous layer of neurons, i = 1 to P, the summation

value v j at the neuron (before nonlinearity) is

v j (n) =
P

å
i= 1

wj i(n)yi (n) (6.21)

(The threshold or bias input is assumedto be one of the elementsof yi with a constant value.)

Thus the output of neuron j at iteration n is

y j (n) = j j (v j (n)), where j is a nonlinear function. (6.22)

If we apply the lessonslearnt from the LMS algorithm, we can �nd an equation that gives an

incremental adjustment Dw j i(n) for the weight w j i , which is proportional to the instantaneous

gradient
¶E(n)

¶wj i (n)
. (6.23)

Using the chain rule, the derivation (Haykin, 1994)follows:

¶E(n)
¶wj i(n)

=
¶E(n)
¶ej (n)

¶ej (n)
¶y j (n)

¶y j (n)
¶v j (n)

¶v j (n)
¶wj i (n)

. (6.24)

This gradient representsa sensitivity factor. It shows how in�uential a speci�c weight w j i is on the

error, and determines the dir ection of gradient traversal in weight spacefor w j i (Haykin, 1994).

Dif ferentiating 6.19w.r.t. ej (n) we get

¶E(n)
¶ej (n)

= ej (n) (6.25)

Dif ferentiating 6.18w.r.t. y j (n) we get
¶ej (n)
¶y j (n)

(6.26)

Dif ferentiating 6.22w.r.t. v j (n) we get

¶y j (n)
v j (n)

= j 0(v j (n)) where j 0 is the derivative of j . (6.27)

Finally, dif ferentiate 6.21w.r.t. w j i to get

¶v j (n)
¶wj i (n)

= yi (n). (6.28)
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Combining equations 6.25to 6.28into 6.24gives

¶E(n)
¶wi j (n)

= � ej (n) j 0
j

�
v j (n)

�
yi (n) (6.29)

The incremental correction Dw j i(n) is de�ned by the deltarule (Rumelhart et al., 1986)

Dwj i (n) = � h
¶E(n)

¶wj i (n)
(6.30)

where h is the learningrateparameterof the backpropagation algorithm. The minus sign indicates

that we want to descendthe gradient in weight space,to move towar ds lower error. Furthermor e,

using 6.29in 6.30gives

Dwj i(n) = hdj (n)yi (n) (6.31)

where the local gradient dj (n) is de�ned as

dj (n) = �
¶E(n)
¶ej (n)

¶ej (n)
¶yi (n)

¶yi (n)
¶v j (n)

= ej (n) j 0�
v j (n)

�
. (6.32)

From 6.32we seethat the local gradient is the product of the error signal ej (n) and the derivative

j 0�
v j (n)

�
of the associatedactivation function.

Hence, this is the core of the backpropagation algorithm for a single neuron. Application to output

layer neurons is straightforwar d since theseneurons know what the expectedvalue of y j (n) is and

thus the error signal ej (n).

The problem becomesmore dif �cult for hidden layer neurons, becausethe error signal is not

obvious.

6.12 Gradient Descent for Hidden Neurons

Becausethe error signal for a hidden neuron is not dir ectly known, it must be deduced by

recursively scrutinizing all the neurons to which it is connected. As Haykin (1994)says,“this is

where the development of the back-propagation algorithm gets complicated.”

Given Equation 6.32,we can rede�ne the local gradient dj (n) for hidden neuron j as

dj (n) =
¶E(n)
¶y j (n)

¶y j (n)
¶v j (n)

(6.33)

= �
¶E(n)
¶y j (n)

j 0
j
�
v j (n)

�
(6.34)
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Applying Equation 6.19to �nd the instantaneous error for the hidden layer neurons, we get

E =
1
2 å

k2 C
e2
k(n) (6.35)

(This is after we have recalibrated our frame of referenceso that hidden neurons are indicated by j

and output neurons by k.)

Dif ferentiating 6.35w.r.t. the function signal y j (n) we get

¶E(n)
¶y j (n)

= å
k

ek
¶ek(n)
¶y j (n)

. (6.36)

Apply the chain rule for the partial derivative ¶ek(n)
¶y j (n) to get the equivalent form (Haykin, 1994)

¶E(n)
¶y j (n)

= å
k

ek(n)
¶ek(n)
¶vk(n)

¶vk(n)
¶y j (n)

. (6.37)

Sincewe are dealing with the hidden layers, the error

ek(n) = dk(n) � yk(n) (6.38)

becomes

ek(n) = dk(n) � j k (vk(n)) where neuron k is an output node. (6.39)

Hence,
¶ek(n)
¶vk(n)

= � j 0(vk(n)) . (6.40)

For neuron k, the summation of the inputs is

vk(n) =
q

å
j= 0

wkj (n)y jn (6.41)

where q is the total number of inputs (excluding the threshold) applied to neuron k. The weight

wk0 is equal to the threshold qk(n) applied to neuron k, and the corresponding input y0 is �xed

at � 1.

Dif ferentiating Equation 6.41gives
¶vk(n)
¶yi (n)

= wkj (n). (6.42)

Then, using Equations 6.40and 6.37we get the desired partial derivative:

¶E(n)
¶y j (n)

= � å
k

ek(n) j 0
k

�
vk(n)

�
wkj (n) (6.43)
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= � å
k

dk(n)wkj (n) (6.44)

Finally, plugging Equation 6.44into 6.34,we get the local gradient dj (n) for a hidden neuron j

(Haykin, 1994):

dj (n) = j 0
j
�
v j (n)

�
å
k

dk(n)wkj(n). (6.45)

6.13 The Two Passes

The feed-forwar d and back-propagation phasesdo not happen simultaneously. Training occurs in

two stages.For the forwar d pass,a training pattern is presentedto the input layer, all the

activations of the neurons are calculated, and the �nal error at the output layer is calculated. In the

back-propagation phasethe errors are used to determine the adjustments to the weights in the

network, and the weights are changed. Back-propagation has a variety of parameters that can be

tweaked for dif ferent scenarios.In the following sections,a brief explanation is given on

�ne-tuning backprop and its cousins.

6.14 Nonlinear Activation Function

The ability of a backpropagation network to be trained to emulate a nonlinear function relies on

the activation function of the neurons being nonlinear and dif ferentiable. Linear functions would

be pointless — the network would simply becomea sequenceof matrix multiplications (which

could be boiled down to a single matrix). Dif ferentiablity is required for the backpropagation

algorithm to succeed,which rules out the old-fashioned perceptron functions such asthe unit step

or the clipped ramp.

The most popular activation function is the logistic function, y = j (x) = 1/ (1+ exp(� x)) (see

Figure 6.6). This function also happens to have a numerically ef�cient calculation for the

derivative:

j 0(x) =
exp(� x)

�
1 + exp(� x)

� 2 = j (x)
�
1 � j (x)

�
. (6.46)

This would have helped increasethe logistic function's popularity in the early days of

backpropagation research, when CPU cycleswere much harder to come by.

The hyperbolic tangent (Figure 6.5) is another popular activation function:

j (x) = atanh(bv) =
2a

1 + exp(� bx)
� a (6.47)

As you can see,tanh is a scaledand shifted version of the logistic function. An ANN may learn

faster when using tanh, becauseodd functions, such that f (� x) = � f (x), can generateboth
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positive and negative values, unlike the logistic function, which gives only positive values.

Although, a logistic neuron can be made odd merely by setting its bias input to � 1
2, and the bias

weight to 1.

Theoretically, any nonlinear dif ferentiable function could be used. A parabola, such that

j (x) = x2 could be used in a backpropagation network. Socould the exponential j (x) = ex.

However , thesewould not be stable in a neural network, as they could generatenumerically

enormous output values which would changeby large amounts even if the preceding weights

were adjusted by a very small amount. Sigmoid functions prevent this instability becausethey

have a “squishing” characteristic. The point of greatestvariability is were the derivative reached

its maximum, at x = 0. As the input value increasesor decreasesto in�nity the output converges

to an asympotic maximum or minimum. According to Rumelhart et al.(1986a),this feature

contributes to the stability of the algorithm.

6.15 The Learning Rate

Traversal of the error surface in backpropagation is implemented numerically . The parameter

Dwi j (n) provides an estimate of the gradient, which is multiplied by the learning rate parameter h,

to give a discretestep with which to modify the weight wi j . Decreasing this step size by reducing

h seemsto be an obvious way to impr ove the smoothnessand accuracyof the gradient descent.

However , one tradeoff is that training will take longer with smaller h. This slowdown might be

acceptablein someapplications, but for others, timely training might be needed.

Increasing h will decreasethe training time of the network, but if it is increasedtoo much, the

weights will becomeunstable and never converge to a good solution. If you imagine that the

weights are attempting to reacha global minimum on the error surface,but the stepsare too big,

the minimum will never be reached.The weight vector will overshoot it repeatedly. This is known

asoscillatorybehavior (Haykin, 1994).

The learning rate could also be scheduled to changeduring the learning process.This would

allow a larger learning rate at the onset of training, which would speed the traversal of the weight

vector over the error surface. Then the learning rate could be reduced to prevent the weight vector

from overshooting the minimum on the error surface. The learning rate could be scheduled in any

manner. Distinct values could be used at dif ferent times, or the rate could be tied to a linear or

exponential curve. The point is to decreasethe learning rate near the end of training to decrease

oscillations around whatever minima has beenfound by that time (Haykin, 1994).
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6.16 Pattern and Batch Mode

In the patternmodeof training, the weights of the network are updated eachtime a pattern is

presented.Processingall patterns in the training set is called an epoch. Usually, a network is

trained over multiple epochsuntil a stopping criteria is reached.In pattern mode, it is desirable to

randomize the order of patterns between epochsto avoid the possibility of cycles in the evolution

of the weight vectors.

In batchmodetraining, the weights are left untouched during an epoch, then updated all at once

between epochs.The weight deltas are determined by descending the gradient of the Eav average

error surface (asopposed to the instantaneous error E(n) for pattern mode training).

The weight adjustment for batch mode is

Dwj i = �
h
N

N

å
n= 1

ej (n)
¶ej (n)
¶wj i

(6.48)

where N is the number of training patterns.

Eachmode has its advantagesand disadvantages. Pattern mode needslessstorage for weight

values, is more stochasticand lessprone to settling on a local minimum. Batch mode provides a

better estimate of the error gradient. In general, the effectivenessof eachdepends on the problem

at hand (Hertz et al., 1991).

6.17 Stopping Criteria

In a theoretical sense,the back-propagation algorithm has not beenshown to converge (Bishop,

1995).Nor does it converge numerically in practise. Becauseof the stochasticnature of training,

continued presentation of training patterns to a network will always result in changesto the

weights — waiting for the weights to stop changing would be an inadequate stopping criteria.

There are many types of stopping criteria; this section describessomecommon ones.

6.17.1 Gradient Convergence

One method, due to Kramer and Sangiovanni-Vincentelli (1989),is to stop when the Euclidean

norm of the gradient vector reachesa small enough threshold value. The thinking behind this is,

as the weight vector approachesthe minimum on the error surface, it gets nearer to the “�at” part

of the minimum. At the minimum of the surface, the derivative, and therefore the gradient, ought

to be zero. This criteria may require long training times, and it needsadditional computation of

the gradient vector.
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6.17.2 Accuracy Convergence

Another criteria is basedon accuracyconvergence.Training continues until the absolute changein

the averageerror, Eav, reachesa small enough value.

6.17.3 Error Target

A thir d criteria is to train until Eav reacheda target error rate t . This method might never halt if

the network is incapable of achieving Eav � t . On the other hand, if the network does reach

Eav � t , it could possibly be a suboptimal network that is capableof a much lower error rate if the

training were allowed to continue.

6.17.4 Hybrid Criteria

A hybrid criteria proposed by Kramer and Sangiovanni-Vincentelli (1989)combines Euclidean

norm of the gradient with the targeted Eav both mentioned above. With this method, the training

stops if either one of thesecriteria are met. This allows training to end even if one of the indicators

is “stuck.”

6.17.5 Peak Generalization

This criteria incorporates one of the most important properties of a pattern recognition machine —

the ability to generalize. After eachtraining epoch, the network is tested with a cross-validation

(CV) data set. Solong asthe network is impr oving in its generalization capability, the error rate of

the CV data setwill continue to decrease.Once overtraining starts to take place, ECVav will reacha

minimum and then start increasing,at which time the training will be halted (Bishop, 1995).

6.17.6 Constant Training Time

The simplest stopping criteria is to train the network for a �xed number of epochs,or for a certain

duration, then stop. Obviously, this method is guaranteed to halt. This criteria would be useful in

a real-time environment were network training is subject to strict time constraints. Overtraining

might be a problem with this method, but it can be alleviated by combining with the “peak

generalization” method above.
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6.17.7 Noise Issues

In practise, the parameters mentioned above do not changesmoothly from epoch to epoch. There

is usually an element of noise thrown in, so that, say, the Eav value, will not appear to be smoothly

decreasingover time, but will be somewhat jagged. Usually, simple �ltering is applied to the

parameter, such asrequiring the criteria to be “tr ue” for a certain number of sequential epochs.

6.18 Initialization

Ideally, we would like to start training a neural network with an initial setof weights that will

speedup and reduce the total training time. However , since the whole exerciseof training is to

determine the weights, guessing them at the onset is unlikely . It might be possible to use prior

information to embed somepreconceivednotions into the weights, but that in itself is an unsolved

problem, plus you run the risk of initializing the network in a suboptimal way so that the global

error minimum is never reached.

For thesereasons,neural networks are usually initialized with pseudo-random values (which in

itself is a pre-conceivednotion.) Thesevalues are uniformly distributed within a small range. Care

must be taken here, becausea poor initialization might lead to prematuresaturation(Lee et al.,

1991).This is a condition where too many neurons have an overly positive or negative sum of

inputs, and are giving outputs that are far into the “�at” regions of the sigmoid function where it

is approaching its asymptotic limits. Here, the derivative of the sigmoid curve is very low, and the

delta rule (which relies on the derivative to determine step size) will adjust the weight values by

an extremely small quantity . The symptom of this will be a time after the onset of training when

the error rate Eav changesexceedingly slowly. On the error surface, the weights are situated in a

nearly �at plateau area.

Lee et al.(1991)and Russo(1991)give advice in reducing the probability of premature saturation.

For this thesis, the neural weights were initialized with random values from � 1/ 2 to + 1/ 2, which

gave good results.

6.19 Variations on the Delta Rule

Bishop (1995)notes that the old delta rule for backpropagation is not the most effective meansof

gradient descent.Many modi�cations have beenproposed over the years. Most are adhoc, but

some are theoretically well founded.

None of the alternative techniques was implemented in this thesis. The goal here was to compare

backpropagation to SVM and KDE, not to compare it to itself. Nevertheless,here are some

variations on the theme, brie�y described.
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6.19.1 Momentum

The simple method adds “inertia” to the trajectories on the error surface,which has the effect of

increasing the learning rate along dir ections where the gradient is smooth and monotonic. This

keeps the weight vector from getting bogged down in a long narrow trough on the error surface.

The old delta rule will causethe weight vector to bounce from side to side in the “ditch,” making

very slow progressalong the overall gradient. A momentum term, m, helps by increasingh along

the length of the ditch (Plaut, etal.1986).

6.19.2 Bold Driver

This dramatically named technique (Vogl et al.1988)continually adjusts the learning rate

depending on the error performance of the network. If the error has increasedafter a step, then it

is assumedthat the step overshot a minimum. The step is then undone, the learning rate h is

reduced by a factor s, and training is continued. If a learning iteration reducesthe error, then the

learning rate h is increasedby a factor r .

6.19.3 Quickprop

This technique, due to Fahlmann (1988),usestwo sequential error evaluations and a gradient

evaluation to interpolate and model the error surface asa hyper-parabola. Then, the weight vector

is adjusted to coincide with the minimum of the parabola. Bishop (1995)notes that several �xes

are needed to get quickpr op to work in practise. It is not too dif �cult to imagine an error surface

that would confound an algorithm that expectsa parabolic shape.

6.19.4 Many h's

The “long narrow trough” (a.k.a. “ditch”) mentioned earlier is such a common problem that much

work has beendone to try to minimize the negative effects it has on gradient descent. Intuitively ,

it might be a good idea to use a larger learning rate along the long shallow part of the valley, and a

smaller rate along the steepnarrow part, to reduceoscillations. Jacobs(1988)investigated some

schemesin which eachweight value in the network was given its own learning rate. In effect, this

gives eachdimension of the error surface a dif ferent h, and thus, things like long narrow valleys

might bene�t, becausethe axesof the valley might be oriented orthogonally . Jacobsrede�ned the

delta rule to handle multiple h's, and also developed the delta-deltaand delta-bar-deltamethods,

which are attempts to incorporate heuristics into gradient descentand reduceoscillations in the

error surface. The delta-delta method does not work very well in practise, and the delta-bar-delta

(which is the delta-delta rule with sometweaks) works better, but has four parameters that the
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user has to supply. The method also assumesthat the weights are independent, when in practise

some of them are strongly coupled.

6.19.5 Summary of Delta Rule Alternatives

The delta rule is still the simplest of the gradient descentalgorithms, and works well for many

situations. The alternative rules are useful when confonted with a problem that converges

exceedingly slowly with the delta rule.

From a practical perspective, if you are doing research on a problem, and you are not sure about

how to set the freeparameters (such ash), you have to run trials with dif ferent parameter values

to seewhich works best. Say, for example that you want to try threevalues for the learning rate h:

low, medium and high. Then you have to run threetrials. If you add a momentum term, and you

want to test threevalues for that, then you have 32 = 9 trials to run. If you are using the bold

driver technique, with four freeparameters, and you wish to cover the parameter spacewith three

values for eachparameter, then you will have to run 34 = 81 trials. The number of trials increases

exponentially with the number of parameters. The Curse of Dimensionality strikes in unexpected

places. (Theseexamples ignore the fact that the user must choosethe number of neurons in the

hidden layer, which createsyet another dimension on the parameter space.)

6.20 Neurons in the Hidden Layer

Changing the number of neurons in the hidden layer is a way to adjust the precision of the

network with respectto the training set. At one extreme,you could have a hidden layer of only a

single neuron, which would merely bisect the input spaceinto two classesalong a hyperplane

(with a smooth transition due to the sigmoid activation function) (Bishop, 1995).The other

extreme is a hidden layer that is so large that it actually emulates a look-up table of the training

set,with perfect accuracy (Haykin, 1994).Either extreme is uselessfor real applications, so the

number of hidden neurons must be determined by experimentation.

One strategy is to train a network with ever-increasingnumbers of neurons, then testing the

performance on a cross-validation(CV) set,an additional data set that was not used in training

(Bishop, 1995).The optimum is determined to be the maximum number of neurons that yields a

reduction in the CV error. When the CV error increases,this indicates that the network is behaving

like a lookup table of the training set and is not generalizing well to the CV set (Bishop, 1995).

Pragmatics must also be taken into account. Adding neurons to the hidden layer will increasethe

computation time. This time increasesasO(n) (Bishop, 1995).In other wor ds, double the hidden

layer neurons and you double the training time. A complexity of O(n) is ef�cient, but increasing

the hidden layer still reducesthe number of trials that an experimenter can run.



Chapter 7

Other Statistical Techniques

A variety of well-known statistical techniques are used for dif ferent parts of this project.

KDE, or kerneldensityestimation, is used asa classi�er and compared to SVMs and ANNs.

The chi-squaretestis used asa post-processingstep for comparing classi�cation results to rows in a

confusion matrix.

The ROC, or receiveroperatingcharacteristic, is used to set the discrimination threshold that is used

to discard weakly classi�ed results with the ANN and SVM.

The confusionmatrix is used to describe multi-class performance, and, asmentioned above, is used

during post-processing.

In this chapter, eachof theseis described in more detail.

58
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7.1 Kernel Density Estimation

Kerneldensityestimation, or KDE, is a simple method for estimating the probability density

function given a set of points sampled from an unknown distribution (Bishop, 1995).

KDE is an offshoot of the sliding histogramtechnique, in which a �ne-grained estimate is found by

calculating a regular histogram repeatedly, but with the bin boundaries varying over the range of

a bin-width along an axis (Scott,1992).It turns out that this is equivalent to convolving the data

with a cube-shapedkernel known asa Parzenwindow(Scott,1992).

The Parzen window gives the number of points in a cube-shapedregion, and may be de�ned as

H (u) =

(
1 juj j < 1

2, j = 1,...,d
0 otherwise

(7.1)

where d is the dimensionality of the data. This kernel corresponds to a hypercube of unit size

centered on the origin.

The total number of points falling inside the hypercube is

K =
N

å
n= 1

H
�

x � xn

h

�
(7.2)

where x is the point where the estimate is desired, xn are the datapoints, N is the number of

points, and h is the “bandwidth” or smoothing parameter, which, for a cubical kernel, is the length

of eachside.

The probability density can thus be estimated by

ep(x) =
1
N

N

å
n= 1

1
hd

H
�

x � xn

h

�
(7.3)

which is the count, K, normalized so that ep(x) � 1.

Sincethe boundaries of the cubical kernel are discontinuous steps,the resulting estimate will also

be discontinuous. This can be eliminated by using a kernel with smooth boundaries, such asthe

Gaussiankernel (Bishop, 1995)

ep(x) =
1
N

N

å
n= 1

1

(2p h2)d/ 2 exp
�

�
kx � xnk2

2h2

�
(7.4)

The width parameter, h, is a freevariable that must be chosenby the user. If it is too large, then

detail will be lost. If it is too small, the estimate will be too rough with too much �ne structure,

and will not generalize well. In the worst case,an estimate with an overly small width will behave

like a lookup table of the dataset.
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Even if a good width parameter is found, KDE has a fundamental “�aw .” Rosenblatt (1956)has

shown that, for a �nite dataset, there is no non-negative estimator which is unbiased for all

continuous density functions.

Nevertheless, KDE is a well-investigated (if lacking in consensus)�eld of endeavour. In statistical

research, density estimation is a powerful methodology for gaining insight into data, for example,

revealing multimodal distributions (Joneset al., 1996).

The primary problem in KDE research is to automatically determine the bandwidth value. A

multitude of techniques exist and are discussedin depth in (Scott,1992).To summarize, thesecan

be separated into two classes:�rst generation, and secondgeneration (Joneset al., 1996).

The old “�rst generation”, or classical,methods are:

� Visual inspection;

� Rules of thumb;

� Least squarescrossvalidation;

� Biasedcrossvalidation.

The more modern “second generation” methods are:

� ”Solve the equation” plug-in approach;

� Smoothed bootstrap.

Jonesetal.(1996)advise that the plug-in bandwidth selector is the best. Loader (1999)“challenges

the claimed superiority of the plug-in methods on several fronts.” Bowman et al.(1998)conclude

that the simple referencebandwidth is quite effective.

Becauseof this lack of consensusin the literatur e and also the fact that most density estimation is

usually applied to low dimensional (i.e. one dimensional) datasets,it was decided to use the

simple referencerule, which minimizes the asymptoticmeanintegratedsquarederror (AMISE) for a

KDE. For a Gaussiankernal, the referencerule is

href = (4/ 3)1/ 5 s N � 1/ 5 � 1.06es N � 1/ 5 (7.5)

Where s and es are the population and sample standard deviations of the dataset.

Scantresearch has beendone on KDE for high-dimensional data. Scott and Wand (1991)showed

that synthetic ten-dimensional data could be modeled reasonablywell, and conclude that the

biggest problem with the curse of dimensionality was asmuch the lack of full rank asthe

sparsenessof data.
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7.2 Chi-Square Test

Given two setsof data, statisticians (and other people) often want to know: are the setsdrawn

from the samedistribution function, or from dif ferent distribution functions?

Data can be either continuous or binned. A dataset can be compared to a known distribution, or

two equally unknown datasetscan be tested to seeif they are both from the samedistribution. In

this project a confusion vector is compared to rows in a confusion matrix, hence,the data is binned

and equally unknown.

The acceptedtest for comparing binned distributions is the chi-squaretest. For binned, equally

unknown distributions, the chi-square statistic is

c2 = å
i

� q
S
RRi �

q
R
SSi

� 2

Ri + Si
(7.6)

where

R � å
i

Ri and S � å
i

Si (7.7)

and Ri and Si are the number of events in bin i for data setsR and S (Presset al., 1992).A larger

value of c2 shows that it is unlikely that two distributions are drawn from the samepopulation.

The c2 statistic can further be used with the chi-squareprobabilityfunction to determine a

con�dence level of the two distributions being equivalent. That was not done here, asthe goal

was to simply �nd the “nearest” row in the confusion matrix.
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Figure 7.1: Someexamples of ROC curves.

7.3 Receiver Operating Characteristics

The concept of the receiveroperatingcharacteristics(ROC) curve was developed in the 1940'sto

study systemsfor detecting airplanes in radar signals. In the 1960'sthey were used in

psychophysics to assesssubjective detection of weak signals (Egan,1975).Mor e recently, ROCs

have beenused in pattern recognition systemsfor selection of optimal discrimination thresholds.

The ROC is a plot of the probabilityof falsepositives, P(FP), versus the probabilityof true positives,

P(TP), for a binary classi�er asthe discrimination threshold is varied.

Figure 7.1shows some common ROC curves. The random predictor is a diagonal line emanating

from the origin at a 45� angle. It shows that, regardlessof the threshold, an equal number of false

and true positive are accepted.

The perfect predictor appears asa horizontal line at P(TP) = 1. It shows that classi�cation is

error-freefor any threshold value.

A typical ROC appearsasa curve that is situated somewhere between the random predictor and

perfect predictor curves. In practise, the curve sometimesappearsa little lumpier . It shows that, as

the discrimination threshold is changed, the ratio of false to true positives changes.In the caseof

neural networks, for example, the threshold would be the cut-off value applied to the output

neurons, below which any results are discarded. In Figure 7.1,the top-right point of the curve

shows classi�cation with no thresholding applied, the bottom left, maximum thresholding. The

circle shows an “optimal” threshold that impr oves the ratio of true to false positives. The selection

of this point is not straightforwar d. In general, increasing the threshold (making it more

restrictive) impr oves the P(TP) / P(FP) ratio. The tradeoff is that more classi�cations are rejected
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asbeing too weak.

In this work, a simple heuristic was developed for automatic selection of a good threshold value.

1. Choosea minimum P(TP) value that would give an acceptable“r eject” rate. A value of

PTPmin = 0.25= 25%was chosen,which gives a rejection rate of about 75%(not counting

false positives), which is still useful for the overall schemeused here.

2. Find the point on the ROC that is greater than PTPmin , such that P(TP) > PTPmin , which also

maximizes P(TP) / [P(FP) + 1]. This is almost like a simple ratio, but the + 1 prevents the

denominator from being zero, aswell asgiving a higher value to higher P(TP)s, for equal

ratios of P(TP) / P(FP).

In short, the rule to �nd the optimal threshold point in the ROC is

maximize
�

P(TP)
P(FP) + 1

�
�
P(TP) > PTPmin

�
(7.8)

where the [� � � ] notation is an Iversonbracketthat evaluates to 1 or 0 if its contents are true or false,

respectively.

Figures7.2and 7.3show the ROC curves for a NN-100 classi�er trained on all species,and the

sameclassi�er with only the alder �ycatcher .

The �rst �gur e (7.2) is an example of a classicROC curve. It shows that, with a low discrimination

threshold of 0.2,the accuracy is 71%,and no data is rejected.As the threshold is increased,so does

the ratio of true positives to false positives. The optimal threshold is determined to be 0.85,at

which point the accuracy is 98%,but the rejection rate is 78%.

The ROC curve for the alder �ycatcher (Figure 7.3)doesnot have the well-de�ned curvatur e of

the “all species” curve. It is somewhat closer to a straight line, which meansthat changing the

threshold will not have a signi�cant effect on non-thr esholded accuracyof 76%.Still, around the

optimal point of 0.65,the slope of the curve increases,giving an accuracy rate of 94%and a

rejection rate of 76%.
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Figure 7.2:The ROC curve for the NN-100 classi�er . The values on the curve indicate the discrimi-
nation threshold. A threshold of 0.2produced a 0% rejection rate.
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Figure 7.3: The ROC curve for the alder �ycatcher with the NN-100 Classi�er . The values on the
curve indicate the discrimination threshold. A threshold of 0.2produced a 0% rejection rate.
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7.4 The Confusion Matrix

A confusionmatrix (CM) is a well-known construction in the �eld of pattern recognition and

statistics in general. It is a form of contingencytable.It provides a simple and intuitive indication of

the accuracyof a multi-category classi�er (Kohavi et al., 1998).

Eachrow in a CM representsthe actualcategory to which an input vector belongs. Eachcolumn

representsthe category which the classi�er deducedto be the proper category. The contents of each

cell may be counted quantities, but percentagescan be used to give a clearer understanding of

accuracywithout the need to do mental arithmetic. An additional “unclassi�ed” column may be

presentfor classi�ers that have the option of deciding that an input vector does not fall under any

of the categoriesprovided. Perfect,error-freeclassi�cation would give a CM with positive values

only along the diagonal, with all other cells at zero.

Example of a Confusion Matrix

Here is a simple example to illustrate someof the salient featuresof a CM. Given a hypothetical

system that is designed to distinguish between ducks and crows when given somefeature vector,

the following CM might be generated after several runs:

DEDUCED CATEGORY

crow duck Unclassi�ed

ACTUAL crow 80% 15% 5%

CATEGORY duck 30% 50% 20%

This confusion matrix quickly tells us that:

� When the classi�er is given an input from the crow category, it produces the correct result

80%of the time, it thinks the vector belongs to the duck category 15%of the time, and 5% of

the time, the classi�er has decided that the input �ts into none of the categoriesand is

unclassi�ed.

� When an input from the duck category is given, the system is correct 50%of the time, thinks

it was a crow 30%of the time, and was unable to classify the input 20%of the time.
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Pattern Recognition Implementation

In this section an overview is given of the various stagesof the pattern recognition process.The

transformation from a raw audio signal to a speciesestimate has many steps,and two of those,

classi�cation and postprocessing,eachhave a few variations. However , at a higher level, the

procedure can be explained in simpler terms:

� An audio signal is converted to digital form;

� The digital signal is broken into smaller frames;

� Eachframe is processedto extract a variety of features;

� The feature vector for eachframe is passedto a classi�er to obtain a speciesestimate;

� The collection of frames for a call is postprocessedto determine a speciesestimate for the

entire call.

Figure 8.1gives a general �owchart of how the audio signal was converted to a result.

8.1 Bird Species

Ten specieswere analyzed. As can probably be guessedby looking at the namesin Table 8.1,they

were chosenby taking the �rst ten speciesfrom a CD-ROM in alphabetical order. The following

table shows the classID used internally in the software, the BBL (Bird Banding Lab) four -letter

codes,and the speciesname. Photographs and spectrograms of eachspeciesmay be found in

Appendix A.
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Figure 8.1:Flowchart of the overall recognition process.Blocks representalgorithms, and wor ds in
italic representdata passedto and from algorithms.

ClassID BBL Code SpeciesName
0 ALFL Alder Flycatcher
1 AMCR American Crow
2 AMGO American Gold�nch
3 AMRE American Redstart
4 AMRO American Robin
5 BAOR Baltimor e Oriole
6 BCCH Black-Capped Chickadee
7 BCTI Black-CrestedTitmouse
8 BDOW Barred Owl
9 BLJA Blue Jay

Table 8.1:Bird speciesused for recognition.
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8.2 Preprocessing

The preprocessingstageswere explained in detail in Section3. In short, the following stepswere

taken:

� The audio recording was digitized at 44.1kHz;

� The digitized signal was segmented into frames of 512samples;

� The frames were transformed into the frequency and quefrency (cepstral) domains;

� Twenty featureswere extracted. Most were local to eachframe, but two featuresinvolving

the relatively long-term (1.5seconds)amplitude of multiple frames were also calculated.

Table 3.1gives mathematical formulae for the features.

8.3 Data Sets

Threedatasetswere extracted from a body of 160712frames of 512audio sampleseach.The data

was divided into training and cross-validation parts.

The training superset(which will be referred to asthe “superset”) is 110193frames in size. This was

far too big for timely analysis with the various algorithms used in this project,so a much smaller

training setof 3887frames was randomly sampled from the superset. The optimal ROC based

output thresholds are found with the training set. The confusion matrices, which are used later in

the chi-squared goodnessof �t test, are determined with the superset. This is to give a larger

sample size for better confusion matrices.

The cross-validation(or CV) set is 50524frames in size.

Data Set Frame Count Call Count Avg. Calls
per Species

Calls per
Species:Range

Training Superset 110193 404 40 23–67

Training Set 3887 403 40 23–67

Cross-validation Set 50524 193 19 10–32

Efforts were taken to ensure that eachspeciesrepresentedhad approximately the samenumber of

frames per data set. This would eliminate the need to handle dif ferencesin prior probabilities

between species.Frameswere separated into training and CV data setsin a per-callinstead of a

per-frame basis to prevent the possibility that dif ferent data setsmight contain dif ferent frames

from the samecall. Unfortunately , frames and calls are dif ferent things, and calls can dif fer wildly

in duration. Even though the frame count was consistent per species,the per-speciescall count
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Figure 8.2: Structure of the datasetsused in this project. The training set has one fewer call than
the training superset becausethe random sampling coincidentally discarded all the frames of one
of the calls.

varied from 23to 67 in the training set. SeeFigure 8.2for a graphical portrayal of the datasetsused

in this project.

Of the 900calls available, 304were discarded for being inadequate in somerespect.Section2 lists

the various reasonsfor removing a call from the dataset. It is important to note that thesecalls

were not individually removed becausethey were found to be misclassi�ed in preliminary

experimentation. Rather, all calls were listened to, and a simple checklist system was used to

decide if a call should stay or go. The purpose of this was to ensure that the classi�ers would learn

a speci�c call of a bird (seeSection2.7) instead of recognizing extraneous sounds. For example,

some species,such as the American robin, are common in urban areas.In many robin recordings,

mechanical sounds such astraf �c and lawn-mowers can be heard in the background. In effect,

there is a correlation between thesesounds and the robin. If recordings with background sounds

were not removed, there was the possibility that a classi�er might learn to recognizea species

basedpartially on extraneous (if associated)sounds, rather than the bird's vocalization itself.

8.4 Pattern Recognition

Threepattern recognition systemswere tested: arti�cial neural networks, support vector

machines,and kernel density estimation.
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Figure 8.3:Organization of the neural network used in this project.

8.4.1 Arti�cial Neural Network

The ANN software was hand coded in GNU C++ and ran on a Pentium 4, 2.4GHz computer.

The backpropagation algorithm was basedon the explanation provided by Haykin (1994).The

only embellishment added to the delta rule was a variable learning rate h during training. The

user could specify an initial and �nal hs, and the code would decreaseit exponentially asthe

epochsprogressed.

The network is composed of threelayers, with an input layer, hidden layer and output layer. Logis-

tic neurons were used in the hidden layer, and linear neurons for the output layer (Figure 8.3). As

is recommended by ANN practitioners, the training set was randomly scrambled after eachepoch

(Haykin, 1994;Masters, 1993).The number of hidden neurons, training epochs,and learning rates

varied. The following table encapsulatesthe various con�gurations of the neural network.

Hidden Neurons Training Epochs Start h Stop h CPU Time

20 100000 0.0001 1 � 10� 7 � 1 hour

100 100000 0.0001 1 � 10� 7 � 5 hours

500 50000 0.0001 3 � 10� 6 � 13hours

8.4.2 Support Vector Machines

For the SVM, the freely available LIBSVM library by Chang and Lin (2001)was used.

The LIBSVM training application svm-train has a multitude of options, with the following
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combination being chosen:

� The SVM type is C-SVC,or C-supportvectorclassi�cation;

� The kernel is the radial basis function, exp
�
� g ju � v j2

�
;

� Probability estimates,basedon (Platt, 1999),were enabled to give smooth membership

values to permit output threshold determination with ROC curve;

� Internal cross-validation was set to four -fold;

� The termination threshold, e, was left at the default of 0.0001.

The LIBSVM training algorithm is basedon sequentialminimal optimization(SMO).

SVM is a inherently a binary classi�er . LIBSVM works around this by using what is called the

“one-against-one” approach. Here, k(k � 1) / 2 classi�ers are trained, one for eachpair of classes.

During the prediction phase,eachbinary classi�er “votes” for a class,and the winner is taken as

the result. Chang and Lin (2005)chosethis approach becauseit trains more quickly .

Grid Search

For this SVM setup, there are two freeparameters that must be tweaked for an optimal model: g

for the kernel, which is analogous to 1/ s2 in a normal distribution, and the C, or costparameter, a

“penalty” value for misclassi�ed points. A typical way of �nding the best combination is to run a

two-dimensional grid searchto �nd the (C, g) coordinate the gives the best CV accuracy.

After some initial experimentation with a subsampled training set,an 11 � 11grid was chosen,

using four -fold CV. SVM training at eachcell of the grid was limited to 10minutes, after which

time that training processwas aborted, and the search continued. The entire processtook 12CPU

hours. Figure 8.4shows the result of a grid search. The top plot shows accuracywith black cells

indicating that training was aborted for taking too long. The bottom plot shows the time required.

The region in the lower -right of eachplot is where the SVM did not converge quickly enough and

timed out. Perhaps not coincidentally , the highest accuracy is observed to be along the

non-convergencezone. An optimal (C, g) should maximize accuracy, but with better training

accuracy, you run the risk of overtraining. Using this reasoning, three(C, g) pairs were chosen,

centered along the visible ridge of accuracy, one adjacent to the dead-zone,and two a little farther

away:

Distance to Dead-Zone C g

Far 26 = 64 2� 10 = 0.000977

Midrange 29 = 512 2� 11 = 0.000488

Near 212 = 4096 2� 12 = 0.000244
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Thesepoints are indicated by N, M , and F in Figure 8.4.Further investigation of the

non-convergencezone showed that, even if the timeout was increased,svm-train still would not

converge.

In theory, SVM with slack variables should always have a solution, except where numerical

roundof f error prevents it. In iterative algorithms such asSMO, a termination threshold, e, is

needed to determine when convergencehas stopped. This value was set to 0.0001for LIBSVM,

which may be too small for certain combinations of data and parameters (Lin, 2005).

Support Vectors

After training, the results were as follows.

Distance to
Dead-Zone C, g Total SVs SVsper Class(Range) Average SVsper

Binary Classi�er

Near 212, 2� 12 2770 193–367 62.6

Midrange 29, 2� 11 2860 195–379 63.6

Far 26, 2� 10 3020 206–404 67.1

The AverageSVscolumn shows the result of dividing TotalSVsby the number of classi�ers used in

the one-against-onemethod, which in this caseis 45. The increasein the number of support vectors

might be due to the increaseof g, which would reduce the “width” of the radial basis functions in

the model, therefore allowing a more complicated separation between classes.

Prediction

Finally, the svm-predict application was used to classify the CV and test datasetsusing the model

createdby svm-train .

8.4.3 Kernel Density Estimation

The KDE algorithm is, by far, the simplest algorithm of the threementioned in this section. It can

be expressedasa single formula (Bishop, 1995):

ep(x) =
1
N

N

å
n= 1

1
hd

H
�

x � xn

h

�
(8.1)

where ep(x) is the model density, N is the number of points in the training set,h is a bandwidth

parameter, H is a kernel that actson the dif ferencebetween two points, xn are the training points,
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Figure 8.4: Grid search accuracy (top) and duration (bottom). Black cells in (top) indicate that the
SVM model did not converge and timed out. The N, M and F show (C, g) pairs that are near,
midrange, and far in relation to the non-convergencezone.
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and d is the dimension of eachpoint. In this project,a multivariate normal kernel (RBF)is used for

H, which gives the formula:

ep(x)C =
1

NC

NC

å
n= 1

1

(2p h2
C)d/ 2

exp

(

�
kx � xn

Ck2

2h2
C

)

(8.2)

where the Csubscript indicates data speci�c to a particular class.The implementation of this was

hand-coded with GNU C++.

8.4.4 Bandwidth Selection

KDE does not have a separatetraining phaselike ANNs and SVMs. Rather, the entirety of the

training data is accessedfor eachestimate produced. A processthat might be similar to training is

bandwidthselection, whereby a value of h is determined that gives the best results. Bowman et

al.(1998)show that a simple referencebandwidth is effective when compared to more elaborate

methods of bandwidth selection.

In KDE terminology , the referencerule is a value of h that will minimize the meanintegratedsquared

error (MISE) for a KDE, as N approachesin�nity (Scott,1992).For a Gaussian(normal) kernel the

referencerule is

href = (4/ 3)1/ 5 s N � 1/ 5 � 1.06es N � 1/ 5 (8.3)

Where s and es are the population and sample standard deviations of the data set, respectively.

The standard deviation of the training set was determined by calculating s along eachdimension,

then averaging them.

A covariance matrix was not used. For simplicity , a single s value was used for all dimensions.

Other values of h, both above and below href , were experimented with, but the referencerule gave

the best results.

8.4.5 Recognition

To calculate the output vector for an input x, ep(x)C is calculate for eachof the ten classes.The

samepostprocessingused with the ANN and SVM methods could then be applied. The outputs

of the KDE were lower than those of the ANN and SVM models, which are around the range of

0–1.They appeared to be exponentially distributed, from 0 to about 1 � 10� 16, and increasedby

about one decadefor every tenth percentile of the distribution. The values were recalibrated by

taking the log and then scaling and shifting to bring the ep(x) values closer to a uniformly

distribution from 0–1.This worked �ne for the training set,but the thresholds proved to be too

high for the CV set: the majority of the sampleswere rejected,becauseof KDE being a biased
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estimator and inherently giving higher values to anything in the training set. In the end, the

thresholds were removed altogether for KDE.

Thesetiny values for ep(x) are expected. Remember that the integral of a probability density

function will be only 1 (Gersho and Gray, 1992).Combined with the high dimensionality of the

space,the density at any point is expectedto be low. For example, consider a uniform probability

distribution contained in a d-dimensional cube with sides of length h. The integral of the cube

with density r must equal to 1. For this simple cube-shapeddistribution, 1 = r hd, or, r = 1/ hd. If

we consider the hypothetical scenario that the feature set for the bird data occupiesa cube-shaped

space,a rough estimate of h = 10with d = 20gives r = 1 � 10� 20.

8.5 Postprocessing

Finally, when an audio frame hasbeenprocessed,the output must be interpr eted to determine the

species.A simple solution is to take the classi�er output with the highest value and make that the

winner . However , there are two �aws with this.

The �rst is that the many of the frames are recordings of the silencebetween bird chirps. It would

be nonsensical to try to classify silenceasa species.This can be remedied by setting a high

threshold on the output activations. Then, any frames that do not con�dently belong to one

specieswill be rejected.The thresholds are selectedto impr ove the ratio of true positives over false

positives asdescribed in Section7.3.

The second�aw is that we are actually trying to classify entire recordings, not just individual

frames. Thus, all the frames in the recording asa whole have to be combined, and a decision made

on the aggregate.

8.5.1 Simple Voting

One solution to this is to employ a voting algorithm. The maximum element in the output vector

(if any) incrementsa counter for the corresponding species.When all frames in the call are

�nished, the specieswith the most votes wins.

8.5.2 Confusion Matching

As with the voting method, the output vector incrementsa counter for the corresponding species.

After the call has beenprocessed,the vote tally forms what would be a single row from a

confusion matrix, or a confusionrow.
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What can be done with this confusion row? Inspection of the data has shown that the confusion

rows for the samespeciesoften appear similar . Perhaps a confusion row can be compared to rows

in the training confusion matrix, and the closestone can be found, which would imply the species.

Sincethe elementsof the confusion row representprobabilities of a multinomial distribution, a

chi-squaredgoodness-of-�ttestcan be used to determine if two rows are drawn from the same

distribution. For binned data, the chi-squared statistic is:

c2 = å
i

� q
S
RRi �

q
R
SSi

� 2

Ri + Si
(8.4)

where

R � å
i

Ri and S � å
i

Si (8.5)

and Ri and Si are the number of events in bin i for data setsR and S (Presset al., 1992).Lower

values of c2 indicate a better goodness-of-�t. The chi-squared statistic of a confusion row is

calculated against all rows of a confusion matrix, and the winner is the row that gives the lowest

value.

Figure 8.5shows a detailed �owchart of the overall recognition procedure.
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Figure 8.5:Detailed �owchart of the overall recognition process.



Chapter 9

Results

9.1 Introduction

In this chapter, the experimental results will be put forth and interpr eted.

First, the numeric results of the trials will be presentedwith minimal interpr etation.

Second,somehigh-level comments will be made reguarding accuracy rates,data sets,unclassi�ed

data, and interpr etation of results. Someissuesthat are unique to neural networks will also be

discussed.

Thir d, the results for both single-frame and entire-call data will be investigated in more depth.

Finally, a meta-analysis and comparison of the dif ferent classi�ers will be attempted.

9.1.1 Numeric Results

Table 9.1summarizes the results of single-frame recognition. Eachrow representsa classi�cation

trial with a speci�c data set (asdescribed in Section8.3)and recognition system. The systems

NN-20, NN-100, and NN-500 indicate arti�cial neural networks with 20,100,and 500hidden

neurons. The SVM-FAR, SVM-MID, and SVM-NEA labels indicate support vector machines with

C (cost) and g parameters that are far, midrange, and near in relation to a non-convergenceregion

of a grid search (Section8.4.2).The KDE label indicates a kernel density estimation classi�er , with

the bandwidth set according to a referencerule (Section8.4.4).

The “accuracy” column shows the averagerecognition accuracyover all speciesfor a trial.

“Rejections” shows the percentageof frames that were not classi�ed becausenone of the classi�er

79
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Data Set System Frame Accuracy (%) Rejections(%) Accuracy Floor (%)

Training NN-20 67 53 36
Superset NN-100 87 63 61

NN-500 85 62 34
SVM-FAR 82 64 47
SVM-MID 83 68 48
SVM-NEA 78 57 40
KDE 40 0 12

Training NN-20 66 46 35
Set NN-100 93 65 73

NN-500 98 58 91
SVM-FAR 89 61 58
SVM-MID 93 66 64
SVM-NEA 89 57 52
KDE 74 0 63

CV Set NN-20 64 54 29
NN-100 83 68 53
NN-500 79 67 28
SVM-FAR 76 65 36
SVM-MID 79 69 42
SVM-NEA 74 58 30
KDE 38 0 8

Table 9.1:Resultsfor frame recognition. The bestaccuracyand accuracy�oor values for a particular
data set and postprocessingmethod are shown in bold.

outputs met the discrimination thresholds that were derived from the ROC curve for eachspecies

(Section7.3). The “accuracy �oor ” column shows the lowest accuracy rate of the ten speciesfor a

given trial. This metric was added asan indication of worst caseperformance. This was selected

asa performance measure, instead of median or maximum accuracy, becauseit is the type of

requirement that would be needed in an engineering speci�cation.

Table 9.2shows the frame accuraciesfor eachof the ten species.The lowest value in eachrow is

the “accuracy �oor ” that is given in Table 9.1. Table 9.3shows the rejection rates for all speciesin a

similar layout.

Table 9.4summarizes the results of recognition for entire calls. It has one more column than the

“frames” table (9.1),that being “postpr ocessing,” which indicates whether the voting or the

chi-test postprocessor(Section8.5)was used to convert the multiple speciesestimatesfor a call

into a single estimate.

Table 9.5shows the call accuraciesfor eachof the ten species.The lowest value in eachrow is the

“accuracy �oor ” for a given trial.
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Frame Accuracy (%) for EachSpecies
Data Set System ALFL AMCRAMGOAMREAMROBAORBCCHBCTI BDOWBLJA

Training NN-20 85 95 64 62 57 39 36 36 75 60
Superset NN-100 87 99 81 92 80 72 61 86 96 78

NN-500 86 99 83 90 79 73 34 81 95 74
SVM-FAR 69 90 84 86 87 47 73 77 88 64
SVM-MID 84 98 89 90 77 61 48 82 89 71
SVM-NEA 77 97 70 81 83 40 45 71 88 58
KDE 43 12 53 62 43 27 48 61 46 31

Training NN-20 83 96 59 69 64 47 35 41 77 62
Set NN-100 96 99 86 98 92 88 73 94 100 90

NN-500 100 100 98 99 98 96 91 100 100 95
SVM-FAR 90 94 95 94 95 58 88 90 95 92
SVM-MID 99 99 98 98 92 78 64 97 96 95
SVM-NEA 96 99 95 94 97 52 61 95 98 87
KDE 65 64 81 82 82 63 73 87 71 71

CV Set NN-20 76 91 72 61 62 34 35 33 74 29
NN-100 66 98 83 89 78 61 62 88 94 53
NN-500 61 97 80 89 72 60 28 86 94 59
SVM-FAR 38 77 81 86 84 36 63 85 83 66
SVM-MID 54 95 87 89 73 47 42 89 86 73
SVM-NEA 49 95 67 78 85 30 42 75 85 42
KDE 35 8 51 60 33 23 48 63 49 26

Stats Minimum 35 8 51 60 33 23 28 33 46 26
Mean 73 86 79 83 77 54 55 77 85 65
Median 77 96 81 89 80 52 48 85 88 66
Maximum 100 100 98 99 98 96 91 100 100 95
Std. Dev. 20 27 14 13 17 20 18 20 15 21

Table 9.2: Frame recognition accuracy for eachspecies.The speciesabbreviations are explained in
Table 8.1.The “Stats” section gives a variety of statistics for eachcolumn.
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Frame Rejections(%) for EachSpecies
Data Set System ALFL AMCRAMGOAMREAMROBAORBCCHBCTI BDOWBLJA

Training NN-20 32 39 51 16 62 69 29 70 70 48
Superset NN-100 81 42 77 41 79 82 76 81 54 77

NN-500 73 49 71 42 78 77 84 82 48 78
SVM-FAR 77 56 70 44 61 69 54 77 71 69
SVM-MID 80 49 67 42 79 75 73 81 75 80
SVM-NEA 66 40 69 38 53 62 61 73 63 72
KDE 0 0 0 0 0 0 0 0 0 0

Training NN-20 29 40 52 15 58 67 29 68 66 46
Set NN-100 77 45 78 35 76 82 74 77 50 75

NN-500 61 49 58 29 71 74 81 73 40 71
SVM-FAR 73 60 71 41 42 69 29 74 72 64
SVM-MID 74 47 62 38 77 77 76 76 74 78
SVM-NEA 60 39 74 40 39 67 63 68 62 75
KDE 0 0 0 0 0 0 0 0 0 0

CV Set NN-20 37 42 50 20 68 58 22 69 70 54
NN-100 80 48 77 43 86 83 72 83 50 82
NN-500 74 55 71 45 85 77 83 84 45 81
SVM-FAR 79 64 70 45 68 63 55 71 66 56
SVM-MID 83 55 67 44 82 72 68 76 72 76
SVM-NEA 67 44 68 40 64 58 57 70 57 73
KDE 0 0 0 0 0 0 0 0 0 0

Stats Minimum 0 0 0 0 0 0 0 0 0 0
Mean 57 41 57 31 58 61 52 64 53 60
Median 73 45 68 40 68 69 61 73 62 72
Maximum 83 64 78 45 86 83 84 84 75 82
Std. Dev. 29 19 25 16 28 26 29 27 24 27

Table 9.3:Frame rejection rate for eachspecies.The speciesabbreviations areexplained in Table 8.1.
The “Stats” section gives a variety of statistics for eachcolumn.
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Data Set Postproc. System Call Accuracy (%) Rejections(%) Accuracy Floor (%)
Training Voting NN-20 76 0 0
Superset NN-100 89 0 48

NN-500 89 0 57
SVM-FAR 86 0 37
SVM-MID 88 0 44
SVM-NEA 85 0 23
KDE 62 0 0

Chi-Test NN-20 84 0 62
NN-100 89 0 70
NN-500 91 0 79
SVM-FAR 87 0 76
SVM-MID 88 0 70
SVM-NEA 89 0 63
KDE 85 0 70

Training Voting NN-20 64 8 0
Set NN-100 75 20 39

NN-500 82 16 48
SVM-FAR 79 12 47
SVM-MID 78 16 48
SVM-NEA 81 9 40
KDE 88 0 0

Chi-Test NN-20 71 0 44
NN-100 77 0 44
NN-500 84 0 48
SVM-FAR 83 0 60
SVM-MID 78 0 52
SVM-NEA 83 0 48
KDE 93 0 83

CV Set Voting NN-20 69 0 0
NN-100 82 2 27
NN-500 81 2 27
SVM-FAR 77 0 7
SVM-MID 81 0 40
SVM-NEA 79 0 13
KDE 59 0 0

Chi-Test NN-20 76 0 36
NN-100 82 0 46
NN-500 79 0 53
SVM-FAR 79 0 63
SVM-MID 81 0 56
SVM-NEA 78 0 56
KDE 72 0 36

Table 9.4: Results for call recognition. The best accuracy and accuracy �oor values for a particular
data set and postprocessingmethod are shown in bold.
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Call Accuracy (%) for EachSpecies
Data Set Postproc. System ALFL AMCRAMGOAMREAMROBAORBCCHBCTI BDOWBLJA

Training Voting NN-20 0 99 60 85 92 37 93 3 96 52
Superset NN-100 89 100 80 97 92 57 69 84 100 48

NN-500 80 100 90 96 96 67 69 74 100 57
SVM-FAR 37 97 70 96 94 67 90 68 96 57
SVM-MID 77 100 80 96 90 60 79 74 96 44
SVM-NEA 54 97 80 97 98 23 72 48 96 39
KDE 0 73 0 6 73 0 0 6 100 0

Chi-Test NN-20 74 97 73 96 79 83 62 74 96 70
NN-100 97 96 87 94 90 70 76 81 98 78
NN-500 86 97 90 96 92 80 79 84 100 96
SVM-FAR 86 88 83 97 85 80 76 81 96 87
SVM-MID 89 97 80 96 81 70 79 81 96 87
SVM-NEA 91 93 87 96 90 63 83 84 96 87
KDE 86 88 70 96 79 77 76 90 96 70

Training Voting NN-20 0 89 53 84 71 47 86 29 68 30
Set NN-100 100 88 67 96 58 60 45 65 86 39

NN-500 100 86 90 99 71 73 55 77 89 48
SVM-FAR 80 76 63 96 90 47 97 65 75 74
SVM-MID 97 88 80 97 60 60 48 77 75 78
SVM-NEA 91 91 80 93 92 40 45 68 84 65
KDE 0 80 0 63 83 67 0 71 96 0

Chi-Test NN-20 71 88 57 90 63 80 52 45 71 44
NN-100 91 97 67 94 58 63 52 65 86 44
NN-500 97 99 90 97 69 77 55 77 89 48
SVM-FAR 91 76 83 96 85 60 93 71 77 87
SVM-MID 97 86 77 97 56 63 52 81 75 78
SVM-NEA 97 91 97 93 85 53 48 84 84 74
KDE 83 99 100 97 85 100 86 90 89 91

CV Set Voting NN-20 0 94 59 80 90 19 90 8 100 9
NN-100 73 97 86 90 90 50 70 75 100 27
NN-500 40 94 86 83 87 50 50 58 100 27
SVM-FAR 7 88 68 87 87 38 80 67 100 36
SVM-MID 40 88 91 87 90 50 80 75 100 46
SVM-NEA 27 94 86 87 93 13 60 50 100 18
KDE 0 56 0 7 47 0 0 8 93 0

Chi-Test NN-20 53 91 64 87 80 63 80 67 100 36
NN-100 93 88 91 83 83 69 70 75 100 46
NN-500 53 91 86 80 80 75 60 75 100 64
SVM-FAR 87 75 77 90 80 63 70 67 93 73
SVM-MID 60 84 86 87 77 56 80 75 100 100
SVM-NEA 60 91 86 83 77 56 60 67 93 82
KDE 73 69 82 87 57 56 80 83 93 36

Stats Minimum 0 56 0 6 47 0 0 3 68 0
Mean 65 89 73 87 80 57 65 65 92 54
Median 79 91 80 93 84 60 70 74 96 50
Maximum 100 100 100 99 98 100 97 90 100 100
Std. Dev. 34 9 23 19 13 22 23 23 9 27

Table 9.5: Call recognition accuracy for each species. The speciesabbreviations are explained in
Table 8.1.The “Stats” section gives a variety of statistics for eachcolumn.
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9.1.2 Caveat on Interpreting Results

One must be cautious of making absolute statementsabout relative performance basedon the

data presentedhere. Many of the results for dif ferent systemsare quite close: lessthan 5

percentagepoints apart, in somecases.It is expected that if trials were re-run with slightly

dif ferent training and cross-validation sets,the trends would look similar , but the precisevalues

would be dif ferent. Also, in the cross-validation “calls” set,eachspecieshas,on average,only

193/ 10 � 19calls. Given this quantity , the misclassi�cation of a single call can lead to an accuracy

variation of (100%) / 19 � 5%. For thesereasons,one can only comment on obvious trends rather

than marginal dif ferences.

9.1.3 Absence of a Test Set

Originally , a separate“test” set was created,but then was merged with the cross-validation (CV)

set to increasethe CV set's size. In general, in sometraining scenarios,a test set is desired. This is

because,if a researcher runs many trials and tweaks parameters in an effort to maximize the CV

accuracy, he is indir ectly incorporating the CV set into the training set. One way to seeif this has

happened is to process,when all the training and testing with the CV set is done, an additional

test set. If overtraining on the CV set has occurred, then the test set will perform more poorly than

the CV set.

In this project,very little �ne-tuning was done. Somepreliminary experimentation was needed to

get some ballpark estimatesof various parameters, then a few trials were run. No effort was made

to optimize the CV results. Thus, CV overtraining is not expected to be an issuewith this project.

9.1.4 Rejections and Accuracy

Initially , it was not clear how best to interpr et unclassi�ed frames. Eventually it was decided that

accuracyshould be tallied after ignoring rejectedframes or calls, becausesilent segmentsin the

audio recordings are expected to createunclassi�ed frames. Also, any bird recording could have a

potentially unlimited duration of silencepreceding or following its call, which may or may not be

removed by the person editing and digitizing it. Thus, it would be best to ignore rejectsaltogether.

This is why the “accuracy” and “r ejections” columns in Tables9.1and 9.4usually add up to more

than 100%.

9.1.5 Neural Network Training

One characteristic that distinguishes ANNs from SVMs and KDE is the transparency of the

training process.Back-propagation is an iterative procedure;during training, the accuracyand
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mean squared error may be easily inspected. This permits observation of the effect known as

overtraining.

Overtraining, a phenomenon in which a neural network acts like a lookup table for the training

data, was observed only in the NN-500 network (500hidden units). Figure 9.1shows the mean

squared error (the averageof squared dif ferencesbetween the outputs and the targets) reaching a

minimum at about 5000epochs,after which it slowly begins rising, �nally leveling off at about

40000epochs.This shows that generalization from the training set to the CV set is degrading. The

NN-20 (not plotted) and NN-100 networks show no overtraining — the MSE continues

decreasing,and �nally levels off.

Figure 9.1: Mean squared error during training for both the training and cross-validation sets.

Oddly enough, overtraining was not seenwhen looking at the accuracy rate (Figure 9.2). An

output vector is considered “accurate” if the maximum element matchesthe target. Another

interpr etation is that the maximum element is set to 1, and all other elementsare set to 0. (Note:

accuracyduring training is calculated before optimal thresholds are calculated asexplained in

Section7.3.) This would eliminate intermediate values that would contribute to the MSE.

The MSE evidence for overtraining agreeswith the accuracy �oor observations (Table 9.1;

Figure 9.5),which show that the NN-500 network has a stellar training set accuracy, but a poor CV

accuracy, when compared to the NN-100 results.
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Figure 9.2: Accuracy during training.

9.2 Single-Frame Accuracy

As observed in Figure 9.3,the best performers for single-frame accuracyare NN-100, NN-500,

SVM-FAR, -MID and -NEA. They gave a training set accuracyof 89–98%,and a CV accuracyof

74–83%.

The NN-500 system shows symptoms of overtraining. It has the best training set score,at 98%,but

both the supersetand CV scoresare lower than those of the simpler NN-100 system.

All threeSVM results are within 5%,but the highest score is for SVM-MID, which used cost and g

parameters that were halfway between high and low scoring points in the grid search (Figure 8.4).

The NN-20 results are unique in that they are almost the samefor all threedatasets,varying by

only 3 percentagepoints, from 64%to 67%.This appears to be,but is not an example of

generalization. Good generalization occurs when the bias and variance have reachedan optimal

trade-off point. Here, varianceis low, as indicated by the similar error rates for the dif ferent data

sets.However , the lower scoresindicate that biasis high, and the network function is, on average,

dif ferent from the unknown classi�cation function (Bishop, 1995).A high bias shows that a

classi�er has too little �exibility and is unable to �t well with the actual classi�cation function

(Bishop 1995).This correspondsto the fact that NN-20 hasonly 20hidden neurons. Sinceeach

hidden neuron actsasa simple binary classi�er that divides the feature spacein two, 20neurons

classifying a 20-dimensional feature spacewould not be capableof distinguishing �ne-grained

detail.

The KDE results really show it to be a biasedestimator. The training set score of 74%is not bad, but



CHAPTER 9. RESULTS 88

Figure 9.3: Single frame accuracy.

the superset and CV scoresof 40%and 38%hardly come closeto the training score.

9.2.1 Frame Rejection

Figure 9.4shows that there is a weak correlation of 0.51between rejectedframes and accuracy.

KDE was not included becauseit was necessaryto set the rejection threshold to zero.

9.2.2 Frame Accuracy Floor

The accuracy �oors (lowest speciesscore) for all classi�ers are laid out in Figure 9.5. It hasa

similar structure to Frame Accuracy (Figure 9.3),but with greater variation, which is expected

since the minimum accuracy is an outlier value. The NN-500 and KDE systemsare notable for the

range in scores.The NN-500 has a dif ferenceof 63percentagepoints between the training and CV

sets,and the KDE has a dif ferenceof 55percentagepoints. The CV �oor for the KDE is actually

lessthan chance.As with the frame accuracychart, theseobservations hint at overtraining.

9.3 Call Accuracy

When analyzing entire calls, an extra bit of processinghas to be done to determine the species

basedon a collection of frames. As mentioned earlier, either a simple vote count, or a chi-squared
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Figure 9.4: Single frame accuracyvs. rejection.

Figure 9.5: Single frame accuracy �oor .
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goodness-of-�t test can be used to achieve this. In this section, analysis concentrateson comparing

performance between thesetwo methods.

Figures9.6and 9.7show recognition accuracy for both types of postprocessing.In general, the

training set performs more poorly than the larger superset from which it was extracted. This

might appear paradoxical, but it is expected,for the calls in the training set do not have enough

frames (only 10,on average) to give a statistically good estimate of a confusion row, which itself

has 10columns.

Call Rejection

Frameshave a higher rejection rate than calls. For a call to be unclassi�ed, all frames composing it

also have to be unclassi�ed. The rejection rate for frames will be approximately proportional to

the amount of silenceor noise in the signal. Unless a call is completely �lled with low-con�dence

frames, it is unlikely to be rejected.Thus, rejection rates of calls are not plotted becausethey are

negligible. Supersetand CV set rejection is, at most, 2%. Training set rejection is higher, up to 20%.

This is not surprising becausethe training set is a small subsampled fraction (about 4%) of the

superset. On average,eachcall in the training set is composed of 3887/ 403 � 10 frames, so there

is a signi�cant probability that they might all be rejected.

Calls being postprocessedwith the chi-test will have zero rejects— every call is guaranteed to be

classi�ed, becausethe nearestmatching row in the confusion matrix is used.

For clarity, referencewill be made to the score of only the CV dataset,asthat is the one that is most

indicative of generalization ability .

9.3.1 Call Accuracy Comparison

Figures9.6and 9.7show accuracywith both postprocessors.With voting, the bestperformer is

NN-100 with a score of 82%.With the chi-test, the best is also NN-100, with a score of 82%.

With voting, accuracy is fairly even, except for the NN-20 and KDE classi�ers, which give results

similar to those of single frame accuracy (Figure 9.3).The calls have lessvariation and higher

accuracy than frames, which is probably due to the averaging effect of voting, and the fact that

there are more datapoints with which the classi�er can make its decision.

Figure 9.7shows accuracywith a chi-test postprocessor. The scoresof all systemshave become

more equalized. Even the two weaklings, NN-20 and KDE, now appear competitive with the best

NN and SVM classi�ers. The chi-test seemsto have impr oved accuracy. But, by how much?

Figure 9.8shows the accuracydif ferencebetween the two postprocessors.For the bestperformers,

NN-200, NN-500, and all SVMs, the chi-test offers only a negligible impr ovement, and in some
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Figure 9.6: Call accuracywith a voting postprocessor.

Figure 9.7: Call accuracywith a chi-test postprocessor.



CHAPTER 9. RESULTS 92

Figure 9.8: The dif ferencebetween call accuracywhen using voting asopposed to chi-test.

cases,a minor reduction of up to 2 percentagepoints. It impr oves the CV scoresof NN-20 and

KDE by 6 and 14percentagepoints, a moderate impr ovement, but nothing spectacular.

For overall accuracy, the chi-test gives only a moderate impr ovement for weak classi�ers.

9.3.2 Call Accuracy Floor

Figures9.9and 9.10show the accuracy �oor , which is the score of the single worst performing

species.The accuracy �oor with a voting postprocessoris shown in Figure 9.9.The scoreshave

degraded signi�cantly from the averageaccuracy (Figure 9.3). NN-20 and KDE show that one

species,ALFL, hasa 0% accuracy rate for all threedatasets(seealso Table 9.5). SVM-FAR hasa

score of 7% for ALFL — lessthan chance.Further inspection of Tables9.5and 9.3shows that

ALFLs accuracyscoreshave a greaterstandard deviation that other species(Table 9.5),and it hasa

slightly higher median rejection rate (Table 9.3),but ALFL does not appear to be a speciesthat is

inherently dif �cult to classify.

The bestscorers are NN-100 and NN-500 at 27%each,still lessthan half their respectiveaccuracies

of 82%and 81%.

The chi-test postprocessorimpr oves the accuracy �oor scores,asshown in Figure 9.10.Here, the

low scoresare for NN-20 and KDE, both at 36%.The best is SVM-FAR, at a respectable63%.The

chi-test postprocessorclearly raisesthe accuracy �oor . Figure 9.11shows the dif ferencebetween

chi-test and voting postprocessing.The chi-test impr oves the �oor by at least 16percentagepoints
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Figure 9.9: Call accuracy �oors when using a voting postprocessor.

Figure 9.10:Call accuracy �oors when using chi-test postprocessor.
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Figure 9.11:Dif ferencein accuracy �oor with voting asopposed to chi-test.

for SVM-MID, and up to 56points for SVM-FAR. This chart has no negative values; on average,

the chi-test increasesthe �oor by 33points.

Accuracy Variance

You might have noticed that, although the accuracy �oor has increasedwith the chi-test, the

averagehaschanged very little (Figure 9.8). Does this say anything about how the maximum

accuracyvalue is affected by the chi-test? After all, if the minimum increases,but the average

remains the same,then that implies that the maximum value would have to come down to keep

the averageat the samespot. Figure 9.12shows that this is indeed the case.The chart shows the

standard deviation of the CV accuracyscoresfor eachclassi�er . With voting, the s value averages

29.6;with the chi-test, it is reduced by half, to 15.4.Thus, the chi-test postprocessordecreasesthe

variance of classi�er accuracy, making performance more predictable.

9.4 Median Confusion Matrices

The confusion matrices in Figures9.13and 9.14show the medians of the CV frame and call

accuraciesacrossall classi�ers. As such, it gives a meta-analysis of classi�er performance. The

cells are grayscalecoded, so that higher values are lighter in color, which makes problem areas

more obvious.

After perusing the CMs, someproblem speciespop out:
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Figure 9.12: Variance of accuracy, voting vs chi-test

Figure 9.13:Median confusion matrix of all classi�ers when recognizing frames.
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Figure 9.14:Median confusion matrix of all classi�ers when recognizing calls.

� The BCCH (black capped chickadee) is often mistaken for an ALFL (alder �ycatcher).

� The BAOR (Baltimor e oriole) is often mistaken for an AMRO (American robin).

� The BLJA (bluejay) is often mistaken for an AMRO (American robin).

Someof theseerrors can be explained by looking at the spectrograms and listening to the

recordings and observing that the calls are similar , such aswith the BAOR and AMRO. With some

other errors, such as the BLJA being confused for an AMRO, it is not clear where the sourceof the

problem is. The calls do not seemall that similar . Maybe the frequency rangesare about the same,

and the overall phrasing is close,but it is still clear (to a person) that they are dif ferent.

Sincethis confusion is common acrossall recognition methods, it must show a de�ciency with

something outside of the recognizers,in particular , with the preprocessingstage,which never

changes.Recall that, in a way, preprocessing“compr esses”data and extracts a small setof

features,and necessarilydiscards data that is not deemed important. Recognizererrors will occur

if the ability to distinguish two speciesdepends on somequality that was culled.

A solution to this would be to simply add more features,especially onesthat are good at

distinguishing the BLJA from the AMRO. However , with adding features,you increasethe

complexity of the problem, and come closer to colliding with the Curse of Dimensionality .

Another solution would be to train an auxiliary network that is beentrained to only distinguish

robins and bluejays. This network would be called into action whenever one of thesespeciesis

encountered, to add an extra “opinion” to the system. Yet again, that adds complexity. Sincethis

thesis was intended to investigate, rather than solve, a problem, the BLJA and AMRO

inadequaciesare left untouched, to serve asa datapoint to ponder.
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Figure 9.15: Figuresof merit for classi�ers.

9.5 A Final Figure of Merit

Given all thesenumbers, is there some way to combine a few of them to createan informative

�gur eof merit (FOM)? A good FOM would probably ignore the scoresof the training setand

superset — the CV set is the one that everyone is interestedin. It would have to include both the

accuracyand accuracy �oor . Adding them together would not be very useful; you would get the

samevalue for (100,0)and (50,50).A good FOM should penalize very low accuracyor �oor

values. Multiplying the two gives a better result. Thus, the �gur e of merit used here is the

geometric mean, or

FOM =
q

(CV Accuracy) � (CV Accuracy Floor) (9.1)

Figure 9.15shows the CV FOMs of all classi�ers for both voting and chi-test postprocessing.As

shown earlier, chi-test works better than voting. However , if you were forced to choosea classi�er

that used voting, then SVM-MID is the bestwith a FOM of 57,and NN-100 is secondwith a score

of 47. With chi-test, the threeSVM classi�ers score better than the rest,with SVM-FAR having the

highest score at 70,which is the geometric mean of 79%for accuracyand 63%for the �oor . This is

not the best accuracyof the lot (it comesthir d) but it is the highest �oor .

In summary, NN-100, NN-500, and all threeSVMs performed the best. NN-20 and KDE were

worse, yet far better than a random predictor, with averageaccuraciesof seventimes chance.
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9.6 Speed Issues

The previous portion of this chapter ignored the practical matter of classi�er speed. In this section,

computational requirementsare brie�y analyzed.

9.6.1 Training and Classi�cation Speed

Both the NN and SVM models required several hours of training to produce the best results. After

training, the classi�cation time was longer with the SVM. The KDE model hasno training phase

whatsoever, but, like the SVM, was also slow.

Using the parameters that gave the best results, an estimate can be made for classi�cation times.

In the following table, A is the time required for an addition operation, M is the time for a

multiplication, and j is the time for an exp(�). Experimentation showed that A, M and j

relatively took times of 1, 1 and 10approximately.

System Complexity Values at BestAccuracy Total

NN-100 ( M + A)(nhid(nin p + nout ))) + nhid j 2(100(20+ 10)) + 1000 7000

SVM-MID M (nSV(2+ nin p)) + A(2 � nSV ) + nSV j 3000(22) + 6000+ 60000 132000

KDE nt rain j + Ant rain + ( M + A)(nt rain + nin p) 39000+ 3900+ 2(3900+ 20) 50740

The neural network classi�er is faster than an SVM or KDE, by far. This is just a crude

approximation though. Optimizations, such asusing a fastGausstransform(Greengard and Strain,

1991)could speedup the KDE, asexplained in (Elgammal et al., 2003),and possibly also the SVM.

9.6.2 Backpropagation Speed

The standard delta rule worked well for NNs. No embellishments were needed to speedup the

training. Perhaps speedtweaking of the delta rule is a relic of the early days of backpropagation,

becauseof the increasingpower of computers. A quick calculation with Moor e's law � shows that

the computers of today (2005)are � 6000times more powerful than the computers when

Rumelhart and McClelland releasedParallelDistributed Processingin 1986.To put this in

perspective, a 1 CPU-hour trial today would have taken 8 CPU-months in 1986.Perhaps the days

of backpropagation tweaks are numbered, becauseincreasingCPU speedswill make plain

backpropagation fast enough for most applications.

� A common interpr etation of Moore's law is that CPU speedsdouble every 18months.
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Conclusion

This thesis investigated the ability of pattern recognition techniques to make an automated

determination of bird speciesbasedon audio recordings of calls. Inspiration was drawn from

earlier research on musical instrument recognition.

In this project,short-term tonal characteristicsalone were used as features,asopposed to global

qualities that have beencommonly used in earlier research.

Eachbird call was separated into frames of 512samples. Well-known spectral and cepstral pitch

characteristics,aswell asthe short term amplitude envelope, were extracted and used asfeatures.

Thesefeatureswere chosenin part becauseof their resistanceto noise. Spectraland cepstral

analysis together allowed pitch determination of signals ranging from pur e sinusoids to those rich

in harmonics. Global characteristics,such asthe duration, structure, and order of sounds, were

ignored.

Threepattern classi�cation techniques were evaluated: arti�cial neural networks (ANN) with

backpropagation; the more recently invented support vector machines (SVM); and kernel density

estimation (KDE), an old statistical technique.

Eachof theserecognizerswere trained to convert a single frame into a speciesestimate. A high

discrimination threshold was selectedby automatic inspection of the receiver operating

characteristic (ROC) curve which allowed the ANN and SVM to rejectlow-con�dence frames.

Sincean entire bird call is composed of dozens of frames, two postprocessingmethods were used

to condensea groups of estimatesinto a single estimate for the complete call.

The �rst method was simple voting. Eachframe, when processed,gave a “most likely” species.

When all frames of a call had beenprocessed,the specieswith the most votes was selectedas the

winner .

99
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The secondmethod relied on the chi-squared goodness-of-�t test. After the speciesvotes were

tallied for all frames in a call, what remained was a multinomial distribution (or “confusion row”)

that could be matched to a row in the confusion matrix of the training set. The row that gave the

lowest c2 value was the winner .

Both methods gave similar averageaccuracyscores,with the chi-test giving moderate

impr ovements for the weaker classi�ers.

The bene�cial effectsof the chi-test was seenwhen examining the accuracy �oor , which is the

accuracyof the worst-performing speciesfor a classi�er . The accuracy �oor is an indication of

worst-caseperformance expectations. The chi-test raised the �oor for all classi�ers. For the

weaker classi�ers, the increasewas signi�cant. The chi-test also reduced the variance of

per-speciesaccuracy, making performance more predictable.

To evaluate overall performance, the geometric mean of averageaccuracyand accuracy �oor was

used asa �gur e of merit. Basedon this �gur e, the best classi�ers were the support vector

machines (with SVM-FAR having a CV accuracyof 79%and a �oor of 63%)followed by the neural

networks and kernel density estimation.

In summary, the threemost interesting results of this thesis are:

� Short-term tonal qualities, which ignore global characteristicsof a call, are adequate for

speciesrecognition;

� Multiple speciesestimatesfrom a call can be combined using a voting algorithm or

goodness-of-�t test to give a good accuracyscore;

� The chi-square goodness-of-�t test can be used to impr ove the accuracyof weak classi�ers,

and also reducesthe variance of accuracyacrossclassi�ers.

10.1 Future Directions

During the development of this project, there were many occasionswhen variations could have

beenapplied to the techniques being evaluated. Unfortunately , due to time constraints, these

could not be investigated here — those journeys will have to wait for futur e research projects.

Following is a description of some of the potential areasof investigation.

10.1.1 More Species

Curr ently, this project investigates the classi�cation of only ten species.What would happen if this

were increasedto �fty (a number which was the original goal) or more?How will the current
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classi�ers degrade with additional species?If they are made more powerful by adding neurons or

support vectors, how will performance change?What will happen if hundr eds of speciesare

trained for? Will recognition be tenable, or will a hierarchical system be needed that does a crude

classi�cation �rst, then one or more additional classi�cations to �ne-tune the recognition?

10.1.2 Dif ferent Features

There is always an urge to usea large number of featuresfor the classi�ers, but restraint was

deliberately exercised here in an attempt to keep dimensionality under control. One particular

feature which cameto light after the fact was a frequency modulation parameter. This would be

an analysis of the short-term pitch by taking the peak frequency and determining its periodicity .

This might be a useful feature for birds that emitted warbling sounds.

One of the goals of this work was to useonly local or instantaneous features.An obvious question

is then, how would performance impr ove if global characteristics,such assyllable durations,

inter -syllable spacings,and total call duration, were used?

Finally, are any of the current featuresredundant or uselessfor recognition? Maybe pruning

algorithms can be used to determine which featuresare salient.

10.1.3 Preprocessing Robustness

Good featuresare of utmost importance. ANNs and SVMs may be powerful, but they are not

telepathic; if given a feature that is no dif ferent from a random variable due to noise, there are

limits to what can be deduced from it.

Featureswere chosenbasedon many criteria, but one aspectwas robustnessagainst noise. Do

there exist other types of local or global featuresthat are asrobust (if not more) than the onesused

here?

10.1.4 Musical Instruments and Beyond

The featuresused in this projectwere inspir ed by research into recognition of musical instruments.

How would the system developed here fare against other classi�ers for musical instruments?

How would this system perform when recognizing other sounds altogether, such asnon-bir d

animals, insects,etc.,or mechanical sounds?
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10.1.5 Continuous Processing

The current system classi�es birds on a per-�le basis.Could it be modi�ed to operate continually ,

aswould be required in a real-world monitoring situation? Perhaps a several-second“sliding

window” would work.

10.1.6 More KDE

Although KDE was shown to be a poor performer, the sheersimplicity of the method is, in itself,

appealing. Investigating the various bandwidth selection techniques could be an interesting

project unto itself.



Appendix A

SpeciesDescription

Ten speciesof North American birds were used in this thesis. All thesespeciescan be found in

Manitoba, with the exception of the black-crestedtitmouse, which is limited to Texas.This section

shows pictur esof the birds, along with a spectrogram to give an impr essionof how they might

sound. Audio �les of most of thesecalls can be found on the internet, at

http://www.antiqu ark .c om/bi rd s. The images in this section were obtained from Wikipedia:

The FreeEncyclopedia, at http://www.wikipe di a.o rg .

Figure A.1: Alder Flycatcher (ALFL) Picture and Spectrogram
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Figure A.2: American Crow (AMCR) Picture and Spectrogram

Figure A.3: American Gold�nch (AMGO) Picture and Spectrogram

Figure A.4: American Redstart (AMRE) Picture and Spectrogram
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Figure A.5: American Robin (AMRO) Picture and Spectrogram

Figure A.6: Baltimor e Oriole (BAOR) Picture and Spectrogram

Figure A.7: Black-Capped Chickadee (BCCH) Picture and Spectrogram
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Figure A.8: Black-CrestedTitmouse (BCTI) Picture and Spectrogram

Figure A.9: Barred Owl (BDOW) Picture and Spectrogram

Figure A.10: Blue Jay(BLJA) Picture and Spectrogram



Appendix B

Choosing Features

The background work for this thesis, involved experimentation with many preprocessingmethods

to try to determine which oneswere best suited for use in a pattern recognition context. Most of

the experiments failed, but in the processseveral rules of thumb were built up, to help qualify and

choosefeatures.Here, for the reader's interest, is a list of theserules, in no particular order.

B.1 Use Well-Known Pre-ProcessingMethods

You should use tried-and-tr ue techniques for preprocessing.It might be possible to invent a novel

and innovative feature,but if you do so, then it is necessaryto analyze this new technique, prove

that it works, then implement it and show that the implementation works. Transferring your

creativity and inventiveness to the problem that comesafter the pre-processingstagewill simplify

the overall task (Chen, 1973).

B.2 Noise Rejection

A feature should be immune (or at least resistant) to variations in background noise or other

extraneous forms of interfer ence(Devijver and Kittler , 1982).

B.3 Features Should be Reversible

Given a set of features,you should be able to reconstruct (to some extent) the original signal

(Devijver and Kittler , 1982).This shows that the featuresyou have chosenretain much of the key

107



APPENDIX B. CHOOSING FEATURES 108

information of the original, just in a dif ferent format. A perfect example of this is the Fourier

transform, which can be inverted to produce the original signal.

B.4 Dimensionality Reduction

You should make efforts to reduce the number of dimensions of the input signal. This will help

the subsequentprocessingstagesavoid the Curse of Dimensionality (Bishop, 1995).Some

literatur e indicates that about 10–20dimensions is the maximum useful dimensionality for a

feature space(Scott,1992).An obvious solution would be to simply use fewer features.Another

workar ound is to project a number of featuresonto a lower -dimensional space,a technique that

has its share of problems (Scott,1992).

B.5 Invariance to Amplitude Changes

A feature should be invariant to changesin amplitude Both weak and strong signals of the same

category should produce the samevalue for a given feature (Winston, 1984).(Although, in the

caseof this thesis, the signals were largely normalized for amplitude becauseof auto-gain circuitry

in the recording devices,and manual gain control by the people operating the equipment.)

B.6 Input/Output SpaceSmoothness and Continuity

A transformation that converts a point in the input spaceto a feature should be smooth and

continuous. Similar points in the input spaceshould produce featureswith similar values

(Devijver and Kittler , 1982).To further illustrate, here is an example.

Assume that your input spaceis a seriesof samples from an audio signal. If you were to apply the

Fourier transform asa meansto �nd the peak frequency component, you might get a result as

shown in Figure B.1. Here,similar input frequencieswill produce similar value for the extracted

peak frequency.

Consider the casewhere you now have a more complicated signal with multiple peaks in the

frequency domain, asshown in Figure B.2.

If the threepeaks in the frequency domain are closein magnitude, then a simple peak detection

algorithm could produce one of several results, depending on small variations in the original

signal causedby noise. For example, if the peakswere 100Hz apart, then the detected frequency

could be either 100,200or 300Hz.
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Figure B.1:Simple spectral feature extractor.

Figure B.2:Simple spectral feature extractor with ambiguous result.

The solution to this particular problem is to add another transform and �nd the cepstrumof the

signal (Section3.3). The cepstrum will convert a comb-like structure in the frequency domain into

a single peak (Figure B.3).

Figure B.3:Simple cepstral feature extractor.

This peak value, 100Hz, is much more resistant to noise. The magnitude of the peaksafter the

initial Fourier transform can vary, but the cepstral estimate of the spacing between the peakswill

remain stable.

B.7 Avoid Binning or Thresholds

This is related to the previous item on smoothnessand continuity (Devijver and Kittler , 1982).It

might appear to be simplifying things if data is broken down into bins before being passedto a
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classi�er . For example, a signal level could be separated into “weak” and “str ong” bins before

processing.Information is lost if this is done. A “str ong” signal that is almost straddling the

boundary will be in the samebin asthe strongest signal in the dataset. It is better to simply pass

the signal level to the classi�er .

B.8 Easeof Implementation

A feature extractor is worthless if you cannot get it to operate properly. If you plan to code an

algorithm from scratch, it is a good idea to chooseone that can be implemented and tested in a

timely manner, and with somecon�dence that it actually works (Chen, 1973).

B.9 Avoid Conceptual Cross-Contamination

If you plan to compare the performance of, say, neural networks to SVMs, then the preprocessor

should contain neither NNs nor SVMs. If it does, then it is more dif �cult to isolate performance

dif ferences.This rule-of-thumb cameto mind when investigating pitch detection methods for the

preprocessingstage,and it was discovered that neural networks have beenused for that purpose.

B.10 Con�rm Assumptions with Experiment

It is possible to proposefeatureswhich, at �rst glance,and even after a longer, harder look, appear

ideal for extracting useful information. Only through subsequent testing on real data do the

limitations of the proposed method becomeapparent. One example of such a caseis using the

standard deviation of the frequency spectrum. The standard deviation (or s) should provide an

indication of the overall “shape” of the spectrum. A spectrum with a sharp, well-de�ned peak

would have a small s, but a spectrum with a spread-out peak, or with multiple harmonics, would

give a larger s. Intuitively , this appears to be a useful measure.

In reality however, the s of the spectrum is uselessfor describing the shapeof the peak. In a

laboratory environment, s would indeed be useful, but in real-life signals with background noise,

s turns out to be little better than a random variable.

In an outdoor environment, the background noise typically has more energy at lower frequencies,

and is similar to pink or greennoise which hasa 1/ f distribution. Figure B.4shows the type of

spectrum that might be found in a real signal.

As can be seenby inspecting the resulting spectrum of Figure B.4,the s value will vary depending

on:
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Figure B.4: Effect of ambient noise on signal.

� The frequency of fo;

� The amplitude of fo;

� The amplitude of the background noise;

� The harmonics of fo.

To belabour this point: one should not assumethat a feature is useful; one should showthat a

feature is useful.

B.11 Con�dence Metric

Every good feature should have an extra value that gives an indication of how “r eliable” it is. For

example, if you have a frequency estimate of somesignal, you would like to know if it is the result

of a strong component, or merely a random blip of noise. The magnitude of the component is a

good con�dence metric, but that would fail if the signal is composed only of loud noise. A better

metric, one that is used in this thesis, is to normalize the peak energy by dividing it by the energy

of the frame. This indicates the magnitude of the peak relative to the restof the signal, and will

produce a lower value if noise is present.
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B.12 Automated Feature Selection

There are many methods for automatically selecting a subsetof featuresfrom a large featuresset.

An exhaustive search is impossible, as it increasesasd! where d is the size of the feature set.

Heuristics have to be used instead. Thesemethods were not utilized, asthey require the

classi�er(s) to be retrained dozens of times, which, for this project,would have taken months of

CPU time. A good comparison of feature selection algorithms is by Jainand Zongker (1997).
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