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Abstract

Pitch detection is of great value within the audio industry and is de-
fined as the perceived height of sound. In this paper, the challenging
task of determining pitch of tom drums is presented, known to have an
indefinite pitch. The aim of the study is to explore the possibility of de-
termining their pitch.

The thesis is divided into three phases, to further improve our knowledge
on the pitch of tom drums. The first phase concludes previous work on
pitch detection algorithms with regards to tom drums. The second phase
concludes a user study which tasks the test subjects to estimate the pitch
of different tom drums. The results of the two first phases are concluded
and further analyzed in the third phase where we improve upon the Nor-
malized Square Difference method to match the results of the user study.

The final algorithm uses an average peak amplitude algorithm with a
base in NSDF, it shows a 93% match towards the data set, however to
guarantee this result outside the data set further qualitative studies are
required.
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1 Introduction

In general, music producers and other professionals within the digital audio industry want
as much control over their music as possible. But they do not always have the opportunity of
recording their own drum pieces, as this requires both equipment for recording and a drum
kit. ToonTrack1 provides samples of professionally recorded drum kits to their customers.
There is more to be added within the bounds of customization on these pre-recorded sam-
ples. One example is the possibility to ease the process of changing the tone of a tom drum
to a specific key.

When tuning an instrument one must know its pitch, which is a qualitative measurement
of sound height [11] and has a direct relation to the frequencies within a signal. However
when approaching pitch detection of a percussive instrument [20], the complexity is in-
creased as it is generally known to have an indefinite pitch.

The thesis is divided into three different phases, each further expanding on the knowledge
from the previous phases;

• In the first phase the underlying theory is gathered and presented. Three previously
studied pitch detection algorithms (PDA) are presented. The first PDA is the ’McLeod
Pitch Method’ [12], which involves a normalized version of the Square Difference
Function (NSDF) combined with a peak picking algorithm. The second and third
PDAs method are based in autocorrelation (ACF) [15] and Fast Fourier Transform
(FFT) [1]. Both implemented with interpolation and a peak picking algorithm. The
mentioned methods is further detailed in Section 4.

• The second phase of the thesis concludes a user study which is used to determine how
to best apply these PDAs to match our perception. The user study is used to map the
pitch of our sample database and how it is perceived by the users, further information
regarding the user study is found in Chapter 5.

• The third phase is an experimental phase where the data from the user study was
compared to the estimations of the different PDAs, and the result of this comparison is
presented in Section 6.2. From the comparative data we conclude that there is no need
for estimations on the initial peak of the signal as the users estimations reside trough
out the latter part of the signal. Therefore three different algorithms are presented
with different approaches, one based in delay and two methods in decay, details of
these algorithms can be found in Section 6.3.

1ToonTrack Music AB: https://www.toontrack.com/
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1.1 Goals and purposes

The aim of this thesis is to explore the possibilities of pitch determination, more particularly
determining the pitch of tom drums, which are deemed indeterminable. The project intend
on answering the following questions:

• Can we estimate a single pitch to describe the tom drum?

• Which methods can be used to estimate the pitch?

• Does the extracted pitch match the human perception of the pitch?

1.2 Objective

Percussive instruments, as described further in Section 2.1 are deemed to have an indeter-
minable pitch. While the exact pitch is deemed indeterminable, there is still a need for esti-
mations. One of the problems is their inharmonious frequency spectrum, further explained
in section 4.3.2. The aim of this thesis is therefore to further inspect the indeterminable
pitch of tom drums and present different methods of estimating a perceived pitch, to be
used within the audio industry as a guideline when tuning recordings of tom drums. The
order in which the study is performed as follows;

• Compare different PDAs with regards to tom drums.

• Conduct user study to get an estimation of our pitch perception when considering tom
drums.

• Evaluate algorithms in respect to the user study.

• Construct an algorithm which is based in one of the PDA to further pinpoint the pitch
in respect to the user study.

This study conducts a literature review where different PDAs are compared and evaluated
with their ability to extract pitch of tom drums. As pitch is a measure of perception, a
user study is conducted where the subjects are tasked to estimate the pitch of a set of drum
samples. The results from the different PDAs are compared to the estimations from the user
test to pinpoint the most accurate PDA. That PDA is then further improved in an iterative
experimental phase.

1.3 Restrictions

Many ways of extracting pitch from sound sources have been ruled out of this study. For ex-
ample all methods involving harmonic analysis have been excluded due to the fact that tom
drums are inharmonious, see section 4.1. Additionally, methods involving real time estima-
tions have been excluded as the need for a more accurate method is preferred over an instant
feedback. Another restrictions is that there simply might not be a clear pitch on a tom drum
and that it is simply independent for each listener. In that case an estimate will be presented.
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Furthermore the results of this thesis might not be applicable in cases outside studio en-
vironments as all the tests and estimations are performed on studio recordings with minimal
noise and distortion. In our case there is no need for estimations of drums as a part of a
musical piece as we have the possibility to estimate drum samples separately.To further im-
prove the success rate of the algorithm the focus of the estimation lies within determining a
tone, disregarding which octave. As this is deemed irrelevant in this specific case.

1.4 Thesis overview

Chapter 2 - Background

Defines the definition of pitch, our perception and the characteristics of tom drums.

Chapter 3 - Method

Describes the procedure of this thesis, how the problem of estimation pitch is approached
and handled. The different parts of the method is divided into Chapters 4, 5 and 6 as these
are done in progression.

Chapter 4 - Phase 1: Theory

Concludes previous work on pitch detection algorithms and their respective results with
regards to tom drums.

Chapter 5 - Phase 2: User study

Contains the details on how the user test is designed, conducted and finally the results of
the user test is presented and discussed.

Chapter 6 - Phase 3: Experimental phase

We proceed with the results from the previous chapters, this is the experimental phase were
iterations of the NSDF method is conducted to further improve the accuracy of pitch detec-
tion on tom drums.

Chapter 7 - Conclusions

In this chapter we conclude the result of the three previous phases and list the limitations of
the scope and what further work lies ahead.
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Chapter ?? - Summary

This section summaries the experiences of the project, not the results. What could have
been done differently and how the experience matched the expectations.
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2 Background

This chapter details the underlying aspects for this thesis. An explanation of the concept
of pitch is presented, followed by a description of the characteristics of the tom drum, i.e.
how the sound is reproduced throughout the instrument. Thereafter a description on how
our perception of sound affects the outcome of the thesis is presented, followed by a small
summary of the MIDI format is concluded as its used throughout the thesis.

2.1 Pitch frequency

Pitch [16] is a qualitative measurement of how humans perceive sound. It is related to the
frequencies within a signal and describes the perceived height of a sound, i.e. the sensation
in which a listener assigns musical tones to relative positions on a musical scale. If you
would increase a frequency contained within a sound, the perceived pitch would increase.
The pitch frequency [11] Fp is defined as a pure sine wave which corresponds to the per-
ceived pitch of the sound. The Fundamental frequency F0 is defined as the inverse of the
pitch period length, P0 which represents the smallest repeating unit of a signal. In many
cases the pitch frequency and the fundamental frequency coincide, but not always. If the
signal is built up by multiple frequencies the pitch frequency is associated with the domi-
nant frequency.

For percussion instruments such as the tom drum, the pitch is known to be indefinable
[20]. This is due to its inharmonious spectrum, which is the deviation of its overtones.
The overtones do not follow a strict multiplicative pattern based in F0, which they do in an
instrument such as a piano.

2.2 Characteristics of a tom drum

There are multiple aspects [5] of the tom drum to consider when analyzing its waveform
and frequency spectrum. The most notable one being the radius of the circular membrane(s)
which regulates the way sound waves are formed and restricted, see Figure 1. The tension
of the circular membrane(s) alters the frequency spectrum upwards (higher) or downwards
(lower) by either heightening the tension or lowering it. The depth of the shell impacts
the sustain of the tones and also affects how the overtones reproduce throughout the drum.
These factors, in addition to how the drum is struck all affect the drums waveform and
frequency spectrum. This is the reason behind the challenge when determining a general
pitch of a tom drum, as there are several tones with their respective overtones that define the
sound of the drums characteristics [6, 14].
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Figure 1: Illustration of a tom drum

2.3 Auditory perception

Auditory perception [19], or the way humans perceive sound, is a key aspect when evalu-
ating sound in general. The human ear filters the received sounds and as these signals are
filtered, so is our perception of sound altered.

The filtration done in the combination of the outer and middle ear can be described by the
Equal-loudness contour. Equal-loudness contour [7] is the measurement of sound pressure,
defined on the frequency spectrum in between 20Hz-16kHz, for which a listener perceives
constant level of loudness. It is measured in phon, and by definition two sine waves that
have equal phons are equally loud. These differences in perception of frequencies should
be considered when regarding pitch detection [11].

2.4 Musical Instrument Digital Interface (MIDI)

During this thesis partial results are transposed from frequency to MIDI-notes, to be able to
compare results between the estimations of the algorithms and the response from the user
test in a more controlled way. Therefore this section explains what MIDI is and how it is
connected to the usage in this thesis.

MIDI or Music Instrument Digital Interface [19] is a control protocol and interface stan-
dard for electronic musical instruments. It is used world wide as means of communicating
events and other information. Within software it is used as a basis for controlling the gen-
eration of sound and external devices. Much of the musical information sent over MIDI
interfaces consist of two message types, note ON and note OFF, indicating when a note
should start and stop. Both messages consist of the start or stop message, the note number
and the velocity of the note .

In this thesis the MIDI note number is used to translate from frequencies to tones, instead of
having to deal with the regular musical scale which consists of letters. By having numbers
representing tones there is no need for translation between strings and integers.
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3 Method

In this chapter an explanation of the research plan is be presented. The main aspects of the
methodology are as follows; a literature review is conducted to present different methods
of pitch extraction. The methods are tested on a sampled data set of tom drums and sub-
sequently evaluated by an expert user. A user study is conducted to evaluate the perceived
pitch of the data set. The data from the user study was compared to the extracted pitch from
the literature review to form the conclusions necessary to proceed into the experimental
phase where the data is analyzed and used to form an algorithm for pitch extraction.

The verification process will consist of a quantitative comparison between the results of
the user study and the results of the algorithms presented in the experimental phase. The
quantitative verification is dependant on the data gathered from the user study. Therefore
the results of this thesis are in correlation to the user study.

The sample database used for this thesis consists of 30 recordings of tom drums varying
in size and tone. All of the recordings have been extracted from the ToonTrack Superior
drummer 31 collection.

3.1 Phase 1: Theory

As a foundation for this thesis a literature review was conducted on the subject of pitch
detection to evaluate the relevant methods for extracting pitch. All methods were evaluated
on their relevance when concerning tom drums, as this is the scope of the study. The most
important factor is precision before speed, as the need for real-time estimations is not neces-
sary in our case and presenting an accurate estimation is vital. So all presented methods in
the literature review will be evaluated first and foremost on their ability to estimating pitch
and if the method is presented as a fast method, how much accuracy is lost and if that loss
is acceptable.

3.2 Phase 2: User study

Performing user tests is necessary when concerning indeterminable pitches, as pitch is a
perceptive quality. To evaluate the different methods there is a need for comparative data,
i.e data on how the subjects perceive the pitch of the recordings from the sample database.

The user test revolves around the task of determining the pitch of recordings within the
sample database. There are no right and wrong answers, it is purely based on their own

1Superior Drummer 3: https://www.toontrack.com/product/superior-drummer-3/
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preferences and experiences with similar situations. The application consisted of two parts,
a tone generator and recorded samples from the database. The user is tasked to determine
the pitch of the tom drums one at the time by altering the tone of the tone generator to match
the sound of the tom drum. When the user is satisfied it continues on to the next sample.
The results from the test is gathered to be used as means for evaluation.

3.3 Phase 3: Experimental phase

During the literature review and user tests some patterns and key aspects are discovered.
Aspects which requires further specification on how the current PDAs should be applied
when estimations of pitch are made on tom drums. Therefore an experimental phase was
conducted were these patterns and key aspects were converted into algorithms specific for
extracting pitch of tom drums. The experimental phase was conducted in an iterative process
described as follows;

1. Analyze results from literature review and user tests.

2. Develop methods from step 1.

3. Test the methods on the sample database.

4. Analyze results.

5. Repeat steps 2-4, with regards of the results from step 4.
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4 Phase 1: Theory

Since the aim of this thesis is to determine the pitch of tom drums, previous studies on
the topic is necessary, as well as an evaluation of previous work concerning pitch detection
algorithms(PDAs). In this section a brief summary of the related research is presented, fol-
lowed by a detailed introduction to the relevant PDAs.

The criterias of the PDAs are foremost precision over speed as there is no need for real
time evaluations. The PDAs can be divided into two major groups, time domain algorithms
that analyses periods within the signal to estimate pitch. The second group is frequency
domain algorithms that converts the signal from time domain to frequency domain before
estimating pitch. Frequency domain algorithms are more computationally demanding how-
ever in our case the computational demand is irrelevant.

4.1 Related research

Within the percussion family, instruments such as cymbals, snares or tom drums produce
sounds with complex overtones and a wide range of frequencies such that no single, defi-
nite pitch is discernible. However, classification of drum sounds have been made with high
accuracy [20]. Determining pitch of single ’voiced’ instruments such as wind and string
instruments have been proven possible with a variety of methods [1, 4, 11, 12, 15]. How-
ever, in practice it can be difficult to restrict a single voice on certain instruments, guitars
for example might have several strings ringing at the same time, which can cause unex-
pected results when regarding pitch determination [11]. Knowledge and implementations
that regards the human perception has a limited role in most music signal systems, even
though music exist purely to be heard[13]. Furthermore to this day the author cannot find
any studies with focus on mapping our perception of pitch on percussive instruments.

4.2 Time domain PDAs

Time domain algorithms process the signal data in its raw form, usually recorded via a
microphone and read trough a sound card. This data is the representation of how the signal
changes over time. In this section a variety of time domain pitch algorithms are presented.

4.2.1 Autocorrelation function

Autocorrelation (ACF) [9, 3] is the cross-product of a signal with itself. This is used to for
finding repeating patterns, such as the presence of a periodic signal or identifying F0 in a
signal affected by its harmonic frequencies. So the method consists of comparing a signal
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with a time-delayed version of itself, and in turn returns a measurement of the similarity
between observations as a function of the time lag between them. When the time-delayed
version of the signal matches the period of the original signal, a local maxima is produced
and this information can be used to extract F0. There are several usages of the ACF outside
the field of audio processing but for our purposes when regarding pitch it can be seen as a
way of searching for pitch hidden within the signal. ACF is defined as follows;

r′t(τ) =
t+W−1−τ

∑
j=t

x jx j+τ

An example of the ACF and the peaks exposed due to correlation can be seen in Figure 2.

Osbourne [15] presents a method to extract the pitch of the signal by analyzing the peaks of
the ACF. The delay at the first peak is considered the pitch of the signal frame. Thereafter
by using quadratic interpolation, a frequency is obtained and that output is determined as
the frequency output of the algorithm. Example of the result can be seen in Figure 2.

Figure 2: ACF over one window (left). Result of Osbournes application of peak picking
and interpolation on the ACF, each bar represent one window (right).

This method has been used to extract both musical notes [15] and determined effective when
analyzing the pitch of speech [17] as well as having the highest accuracy when regarding
singing [18].

4.2.2 Square difference function

The square difference function (SDF) [3] is based on the idea that if a signal is pseudo-
periodic, similarities can be seen in shape between two adjacent periods. When a waveform
is shifted by a full period most peaks and troughs will line up when comparing it to the
original signal. If the signal is shifted with an amount of τ, and the amount is not the period
of the original signal the differences will be greater, and increase the sum of the square
difference. SDF is defined as follows;

d′t(τ) =
t+W−1−τ

∑
j=t

(x jx j+τ)
2
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When τ equals the period of the original signal the square difference will end up in a local
minima. This is the largest difference between SDF and ACF, as ACF produces a local
maxima and it does not always coincide with the local minima of the SDF [8].

4.2.3 McLeod Pitch Method

McLeod Pitch Method [12] is used to find the continuous pitch in monophonic musical
sounds, by combine a normalized version of the SDF coupled with a peak picking algorithm.
The normalized version of the SDF takes into consideration that there is an ACF residing
within the SDF calculation and defines the following;

m′t(τ) =
t+W−1−τ

∑
j=t

(x2
j + x2

j+τ)

Which leads to the following conclusion;

d′t(τ) = m′t(τ)−2r′t(τ)

The definition of the Normalized Square Difference Function (NSDF) is defined as follows:

n′t(τ) = 1− m′t(τ)−2r′t(τ)
m′t(τ)

=
2r′t(τ)
m′t(τ)

The the range of this equation is between -1 and 1, where 1 means perfect correlation, 0
means no correlation and -1 means perfect negative correlation, irrespective of the wave-
form’s amplitude.

The McLeod algorithm at this point gives a value representing the correlation at integer
τ. The first major peak represents the fundamental frequency, which does not always cor-
respond to the pitch frequency. To further evaluate all useful local maxima are extracted
and their usefulness are determined by τ, which potentially represents the period associated
with the pitch frequency. For a more accurate determination of the position of these max-
ima a parabolic interpolation is used. This is done using the highest local value and its two
neighbouring values.

From the gathered maxima, a threshold is defined as the value of the highest maximum,
nmax, multiplied by a constant k.The constant k, is recommended to be between 0.8 and 1.0.
The first maximum which is above this threshold is gathered and assign its delay, τ , as the
pitch period. The pitch period is equal to the delay τ at the chosen maximum, by dividing
the sample rate with the pitch period the frequency can be obtained. An example of the
method can be seen in Figure 3.

This method [12] is proven efficient in determining pitch within a small frame of time,
surpassing the ACF in its efficiency and has been used to accurately estimate pitch and
clarity of violinists within the Tartini project.

4.3 Frequency domain PDAs

Frequency domain algorithms do not analyze the raw data from the signal. It translates the
signal from time space into frequency space via the Fourier transform, before further ana-
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Figure 3: Mcleods NSDF method illustration over one window (left). Result after peak
picking and interpolation , each bar represent one window (right).

lyzing its spectral components. In this section we present different approaches on analyzing
pitch in the frequency domain.

4.3.1 Fast Fourier transform

Auditory signals reside in the time domain as it reflects alterations over time. To be able to
convert the signal from time domain data to frequency space, the concept of Fourier trans-
formation is used [11, 2]. The continuous Fourier transform is defined as follows;

X( f ) =
∫

∞

−∞

x(t)e−2πi f tdt, f , t ∈ IR,

where f is the frequency and X denotes the Fourier transform of x. The Fourier transform
[11] breaks up the function x(t) into sinusodial components with their respective amplitude
and phase on a continuous frequency axis that contribute to the function. However, there are
rarely cases when a continuous function is presented, instead samples are measured from
this function. These samples are denoted xt and can be efficiently calculated via a Discrete
Fourier Transform(DFT). Defined as

X f =
∞

∑
t=−∞

xte−2πi f t , f , t ∈ Z

Fourier transforms [11] cannot generally be done on an infinite series of samples, but if the
series is periodic i.e repeats itself after a fixed number of samples the full infinite series can
be reproduced with a single period. This can be achieved with a set window size of W to
reproduce an exact representation of the periodic series, defined as follows:

X f =
W−1

∑
t=0

xte−2πi f t
W

Where X f is referred to as Fourier coefficients. One of the most popular form of calculation
of these Fourier coefficients is the Fast Fourier Transform (FFT), which re-expresses the
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DFT in a recursive way to reduce the computational time.
FFT can be used as means of obtaining the pitch frequency of the signal. Osbourne proposes
that computing the DFT of the frame via FFT, a magnitude spectrum is obtained and when
the peak of the magnitude spectrum is found a quadratic interpolation is applied to the peak
and adjacent points on the spectrum to find the interpolated frequency. The output from the
quadratic interpolation is determined as the frequency output of the algorithm. An example
of the result can be seen in Figure 4.

Figure 4: FFT over one window (left). Result of Osbournes application of peak picking
and interpolation on the FFT, each bar represent one window (right).

FFT as pitch detection algorithm [10] has proven to be accurate and robust in practice on
natural sounds such as voice and classic musical instruments.

4.3.2 Harmonic Product Spectrum method

The Harmonic Product Spectrum (HPS) [11], is a way of determining the fundamental
frequency, by measuring the higher harmonic components of the signal and finding the
common divisor among these harmonic frequencies. This divisor is determined by making
a down sample of the signals FFT magnitude plot by a multiple of n factors, to find the
first to nth overtone. The maximum value of the product of these down samples can be
considered to be the fundamental frequency. Octave errors [4] are a common problem in
pitch measurements from HPS, with estimations being too high if there is an error. The
basis of HPS method is analyzing the spectral pattern of the signals harmonics, however as
stated in Section 2.1 tom drums do not have a harmonic pattern. As such this method is
disregarded when considering tom drums.

4.4 Discussion of theory

All previous studies indicate that estimating pitch is possible for natural sounds such as
voice and different classic musical instruments. However, due to the inharmonious pattern
of the tom drum the drum is considered to have an indeterminable pitch. There is, to the
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knowledge of the author, no indications of studies which is based in estimating auditory
perception of the tom drum. All research is based in signal processing rather than under-
standing the human perception of the pitch. Therefore there is need for studies which focus
on gathering data on how we perceive tom drums and then estimate the pitch with regards
to this data.
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5 Phase 2: User study

In this chapter the details of the user study are presented. The task is to estimate the pitch of
recordings within the sample database. The test platform is constructed as a web-application
and the details can be found in Section 5.1. Section 5.2 explains how the test was conducted
and the result is presented in Section 5.3 and further discussed in Section 5.4.

5.1 Test platform

To be able to get a wider reach of the test a web-application was developed. The reasoning
behind this lies in how narrow the topic of the test is, as most people have no clue and no
interest in what defines pitch and how to estimate it. Therefore to be able to get enough
coverage to draw conclusions a web-based test was necessary.

The test was implemented with the Javascript library React.js1 and was connected to a
Firebase2 real-time database, to collect data troughout the test. React was chosen due to
its simplicity, as there was a limited time for development. Instead of having to implement
methods for playing the sampled drums and the sinusodial tones Mozilla web-audio API3

was used. As it contained the functionality we needed. Firebase also has its own React
package4 which makes handing the data sent to and from the database easy.

The test platform consisted of three parts, the different sampled tom drums, a frequency
controller and a row of buttons, as seen in Figure 5. The buttons exist to rate the subjects
estimations in three different categories, ”sure”, ”unsure” and ”indeterminable”, these key
values are used to evaluate the weight of each estimation.

5.2 Experiment design

When the user enters the web application a brief introduction is presented, with the scope
of the study and some instructions on how to perform the test. As the test proceeds the user
listens to each drum sample in turn and alters the frequency controller up or down 1Hz or
10Hz at the time to match the pitch frequency of the samples. The user then decides on
how certain they are of their estimation, their answers are noted and collected after each
estimation. The user can abandon the test at any moment without question, data collected
up to that point is gathered and stored in the Firebase database.

1React - A JavaScript library: https://reactjs.org/
2Google Firebase: http://firebase.google.com
3Web Audio API: https://developer.mozilla.org/en-US/docs/Web/API/Web Audio API
4Npm Firebase : https://www.npmjs.com/package/firebase



18(45)

Figure 5: Layout of user test, the arrow keys increased the frequency with +1/-1 and +10/-
10.

5.3 Results

The test group had 30 participants, which consisted mainly of professionals within the au-
dio industry or had some background within the field of music. The majority of the subjects
were personally invited. The number of estimations varied for each user and for each sam-
ple an average of 20 estimations were collected and is presented in Appendix A. Each
estimation is an integer value representing the frequency extracted from the frequency con-
troller. Examples of this can be seen in Figure 6 and 7. The result is converted into midi
tones, presented on the right side in each estimation to group the individual estimations.
The reasoning behind the conversion to midi is explained in Section 2.4.

To further enhance the results all tones of Figures 6 and 7 are converted to the same oc-
tave to get the final product in Figure 8. The figure illustrates how different the estimations
can be on individual samples and also why it is difficult to make these estimations. These
two figures Illustrate the extremes of tom drums with minimal and maximum spread. In the
case of the right figure a clear midi tone is exposed in 48, on the left it is harder to get a clear
estimation. By comparing before and after the octave correction an estimation is made that
it’s more likely that the tone is around the tone 44 than 41 as the values surrounding 44 is
more concentrated. This procedure is applied for all samples and the midi peak is extracted
and noted in the table in Table 1.
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Table 1 Major midi tones, result of the user test.

User Test, pitch estimation
Drum name and size Midi tones peak
Ayotte Classic 9x10 53
Ayotte Classic 10x12 48
Ayotte Classic 12x13 45-46
Ayotte Classic 14x14 44
Ayotte Classic 16x16 48
Gretch 18x16 36
Gretch 9x13 43
Ludwig Concert 8x12 48
Ludwig Classic 8x10 49
Ludwig Classic 9x12 44
Ludwig Classic 10x14 42
Ludwig Classic 12x15 41-42
Ludwig Classic 16x18 33-34
Pearl Masterworks 9x12 45
Pearl Masterworks 10x13 39
Pearl Masterworks 15x16 39
Pearl Masterworks 16x18 33
Yamaha Beech custom 9x10 49
Yamaha Beech custom 10x12 45
Yamaha Beech custom 11x13 41
Yamaha Beech custom 14x16 37
Yamaha Beech custom 16x18 41

Figure 6: Example of result from user test, frequency result(left) and the transpose into
midi(right)

5.4 Summary

When analyzing the tom drums spectrum it consist of a wide variety of frequencies, and
this is a plausible reason for why there is such a spread in results in between the different
subjects of the user test. As discussed in the background, see Section 2.3, each individual
perceives different frequencies in different ways depending on the shape of their inner and
outer ear. If a subject answered a different frequency than the next subject it does not
conclude that their answer is wrong, as there exist a high probability that in the tom drums
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Figure 7: Example of result from user test, frequency result(left) and the transpose into
midi(right)

Figure 8: Example of octave compensation of midi-tones.

spectrum the frequency coincides to some extent. Therefore a conclusion can be drawn that
the user study is not sturdy enough to form a confident statement that there exist a distinct
pitch when concerning tom drums and percussive instruments. There are patterns within the
results of the user study that indicates that tom drums have tones that are more dominant
than others and the test subjects were able to some extent pinpoint these tones, these are
discussed in Section 6.2 where a comparison between the user study results and the theory
is presented.
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6 Phase 3: Experimental phase

The aim of this experimental phase is to establish a general algorithm that can be used to
further improve the results of the PDAs. Firstly in Section 6.1 an experiment is presented
where we analyze the characteristics of tom drums and gather data from the different PDAs
presented in Section 4. Section 6.1 concludes and compares the results from Section 6.2
and the user study to find patterns within the result. Thereafter three different extraction
methods are presented in this experimental phase. One based on delay and two in decay,
both which aim to find the optimal part of the signal for estimating a pitch which matches
that of the results from the users estimations.

6.1 Pitch extraction of PDAs

To be able to evaluate the different PDA a small experiment was conducted were the first
step is to analyze the characteristics of a tom drum with FFT. Furthermore, for each viable
method the pitch of our sample database was extracted and collected.
FFT gives an indication of what to expect when extracting pitch of a tom drum. As it gives
a clear visible indication of which methods might be usable. By using the FFT method
on different tom drums the following conclusions are made and affect which methods are
viable; The magnitude for which the tom drum is struck changes the pitch frequency and if
the magnitude is high, a set of secondary frequencies are reproduced trough out the drum as
seen in Figure 9. Another aspect that FFT reveals is how the frequency spectrum changes
throughout the resonance of the tom drum. Over time both the high magnitude recording
and the low magnitude coincide within the same musical tone, see Figure 10. This indicates
that a common frequency might be extracted by analyzing the sound as the impact resonance
is fading out and the more dominant frequency presents itself. The drawback which must be
analyzed further is how the change in initial tone for the higher magnitude recording affects
the overall perception. Both the McLeod and Osbournes PDAs are deemed viable, mainly
due to the fact that both have the possibility of expressing how the pitch changes over time,
as well as specifying the Fp rather than F0. Which coincides with the findings from visually
analyzing the FFT of several tom drums. Both methods also use interpolation which further
improve the quality of the estimation.

The HPS method will be disregarded in the study due to its inharmonious nature, see Figure
11. For comparison the figure also presents an example of the harmonic pattern within a
guitars frequency spectrum, which has a distinct pattern with multiples of 220Hz.

All three methods are implemented into Matlab and for each sample the pitch progression
over time was analyzed, as seen in Figure 12. For all three methods a similar curve is ex-
posed. Furthermore, by inspecting the midi part of the figure a clear step wise progression
of the pitch is revealed as it’s divided into the head (H), center (C) and tail (T) of the pitch.
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Figure 9: Frequency response of tom drum when struck with low magnitude (left) and high
magnitude(right).

Figure 10: Resonance frequency response of tom drum when struck with low magni-
tude(left) and with high magnitude(right).

For each of the methods therefore these three vital parts of the signal were extracted for
each tom drum sample as seen in Table 2. The outcome the PDAs is then compared to each
other, in correlation to how each PDA estimates the pitch changes over time and later in
Section 6.2 how they correlate to the estimations from the user test. The pitch is shown to
be inconsistent over time. The head of the signal can for some samples be several tones
higher than the rest of the signal. Therefore, without estimation data from another source,
the conclusion would be that the pitch is indeterminable.
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Figure 11: Frequency response of a guitar playing a 220Hz tone(left) and tom drum (right).

Figure 12: Example of pitch estimation, frequency result(left) and the transpose into
midi(right)

6.2 Analysis of previous phases

Table 3 illustrates the combination of the tables from the user test data set and the collected
estimations from the different methods. The highlights indicate how well the algorithms
match the perceived pitch, green indicates a perfect estimation and the yellow ones indi-
cate an estimation that matches one of the minor peaks of the user test. A pattern emerges
where the head (H) is non-relevant to the estimation of the pitch and by further analysis we
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Table 2 Midi tones, result of the different methods.
Midi tone estimation with different methods(Tom drums only)

Drum name and size NSDF ACF FFT
H C T H C T H C T

Ayotte Classic 9x10 54 41 36 54 53 59 54 53 53
Ayotte Classic 10x12 50 48 48 50 48 48 49 48 48
Ayotte Classic 12x13 48 46 45 48 46 45 48 46 46
Ayotte Classic 14x14 46 44 44 46 44 44 46 44 44
Ayotte Classic 16x16 50 48 48 50 48 48 49 48 48
Gretch 18x16 53 37 36 53 37 36 40 37 37
Gretch 9x13 47 35 43 47 53 54 48 44 44
Ludwig Concert 8x12 50 48 47 50 48 48 49 48 48
Ludwig Classic 8x10 51 49 40 51 49 53 51 49 49
Ludwig Classic 9x12 47 45 44 47 45 44 48 44 44
Ludwig Classic 10x14 45 43 42 45 43 42 44 42 42
Ludwig Classic 12x15 44 42 40 44 42 40 44 42 40
Ludwig Classic 16x18 38 35 34 38 35 34 37 34 34
Pearl Masterworks 9x12 48 45 45 48 45 45 48 46 44
Pearl Masterworks 10x13 44 41 40 44 41 40 44 42 40
Pearl Masterworks 15x16 40 40 39 40 40 39 40 40 40
Pearl Masterworks 16x18 37 34 33 37 34 33 34 34 34
Yamaha Beech custom 9x10 51 49 48 51 49 48 51 49 48
Yamaha Beech custom 10x12 47 45 44 47 45 44 48 44 44
Yamaha Beech custom 11x13 45 42 41 45 42 41 44 42 42
Yamaha Beech custom 14x16 40 37 36 40 37 36 40 37 37
Yamaha Beech custom 16x18 54 31 41 54 31 52 34 34 34

can see that the pitch of the tom drum according to the test groups estimations lies within
the resonance trough out the tom drum(C,T). When comparing the data from the different
PDAs to the data from the user study the conclusion can be drawn that there exists a cor-
relation between the estimated pitch of the user study and the estimations made from the
PDAs. However, as discussed in Section 6.1 the estimated pitch varies a lot when analyzing
different parts of the tom drums signal. Therefore further experiments are need to establish
a method for pinpointing the theoretical pitch of tom drums.

However, there are some conclusions to be drawn that can be used to improve the results
in the experimental phase. Firstly, we can conclude that the head of the signal which indi-
cates when the tom drum is struck can be ignored when estimating the pitch. As it seldom
matches the estimations from the user test. Furthermore each of the methods are sufficient
enough to be able to get a good estimation on the pitch. Therefore if we further investigate
the data set we can purpose a way to pinpoint the pitch which matches the user study.
From the data NSDF was selected as method for further evaluation in this phase, as it yielded
the most continuous result and had the closest correlation towards the user test when com-
bining the full data of estimations. When combining the center and tail estimations of the
NSDF method it matches the user estimations in 91% of the samples, however there exist
no clear pattern on how to combine the two parts of the estimations to get the optimal result.
This is therefore the aim of the experimental phase.
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Table 3 Midi tones, result of the different methods compared to the result of the user test
(UTV). With a perfect match (Green) and a match with a minor peak(Yellow), tone that
octaves that match is also marked.

Midi tone estimation with different methods
Drum name and size NSDF ACF FFT UTV

H C T H C T H C T
Ayotte Classic 9x10 54 41 36 54 53 59 54 53 53 53
Ayotte Classic 10x12 50 48 48 50 48 48 49 48 48 48
Ayotte Classic 12x13 48 46 45 48 46 45 48 46 46 45-46
Ayotte Classic 14x14 46 44 44 46 44 44 46 44 44 44
Ayotte Classic 16x16 50 48 48 50 48 48 49 48 48 48
Gretch 18x16 53 37 36 53 37 36 40 37 37 36
Gretch 9x13 47 35 43 47 53 54 48 44 44 43
Ludwig Concert 8x12 50 48 47 50 48 48 49 48 48 48
Ludwig Classic 8x10 51 49 40 51 49 53 51 49 49 49
Ludwig Classic 9x12 47 45 44 47 45 44 48 44 44 44
Ludwig Classic 10x14 45 43 42 45 43 42 44 42 42 42
Ludwig Classic 12x15 44 42 40 44 42 40 44 42 40 41-42
Ludwig Classic 16x18 38 35 34 38 35 34 37 34 34 33-34
Pearl Masterworks 9x12 48 45 45 48 45 45 48 46 44 45
Pearl Masterworks 10x13 44 41 40 44 41 40 44 42 40 39
Pearl Masterworks 15x16 40 40 39 40 40 39 40 40 40 39
Pearl Masterworks 16x18 37 34 33 37 34 33 34 34 34 33
Yamaha Beech 9x10 51 49 48 51 49 48 51 49 48 49
Yamaha Beech 10x12 47 45 44 47 45 44 48 44 44 45
Yamaha Beech 11x13 45 42 41 45 42 41 44 42 42 41
Yamaha Beech 14x16 40 37 36 40 37 36 40 37 37 37
Yamaha Beech 16x18 54 31 41 54 31 52 34 34 34 41

6.2.1 Reevaluating the data set

From the estimations from the users a sub data set was created. Where the users explicitly
picked one tone as the major pitch, this resulted in a data set of 14 tom drums with their
respective estimations seen in Table 4, graphs concluded in Appendix A.1. The intention
behind this data set is to evaluate the different methods from this phase, as a conclusion
cannot be drawn for the other estimations. By treating the data set as key values and having
a zero tolerance level an measurement on the accuracy of the methods can be achieved.

6.3 Pitch extraction methods

Below different approximation methods are presented which are based in different ways of
analyzing the signal in the time domain, to approach finding the optimal part of the signal
for pitch detection. The different methods are compared to the results of the user study in
Section 6.4 for verification.
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Table 4 The comparitive data set with their respective estimations.

User Test, pitch estimation (data set)
Drum name and size Midi tones peak
Ayotte Classic 9x10 53
Ayotte Classic 10x12 48
Ayotte Classic 16x16 48
Gretch 18x16 36
Ludwig Concert 8x12 48
Ludwig Classic 8x10 49
Ludwig Classic 9x12 44
Ludwig Classic 10x14 42
Pearl Masterworks 9x12 45
Pearl Masterworks 10x13 39
Pearl Masterworks 15x16 39
Pearl Masterworks 16x18 33
Yamaha Beech custom 10x12 45
Yamaha Beech custom 11x13 41

6.3.1 Delay based extraction

In this section we describe the method in which the pitch is estimated after different time-
delays from the initial peak to avoid involving the peak in the estimation, shown in Figure
13. The aim is to find a delay that yields the best result when compared to the estimations
in the user test. The aim is to establish an algorithm which finds the peak of the signal, then
estimates the median pitch within two different points x and y. x and y are the variables to
be determined in this phase. The algorithm is as follows:

1. Find peak of signal

2. Establish a point x, which indicates the first delay in milliseconds from the peak.

3. Run PDA from point x until point y, where y is a determined time in milliseconds.

4. Return median value of the estimation over period (x,y).

The process of evaluating the optimal values of x and y is determined by step wise changing
the values of x and y from 50-300ms. For each value change we estimate the pitch of the
sample database and compare these estimations to that of the user study to get the accuracy
of the method.

6.3.2 Initial peak decay based extraction

By establishing a threshold and estimating the pitch at the point where the mean value of
the signal has decayed to said threshold, there exist a threshold such as the estimation of the
pitch is equal to that of the user study. An example is shown in Figure 14.As the threshold
is based on a percentage of the initial peak, the first step is to find the peak. Thereafter, a
point in the signal is found where the mean value of the signal is below a percentage of the
peak. That point indicates the starting point of the estimation. As we know that the pitch
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Figure 13: Example of signal delay method. The first vertical line indicates the delay in
milliseconds from the inital peak and the second line indicates the delay in
which the estimation stops, the red part of the plot indicates the part of the
signal which is used to estimate the pitch.

changes over time we therefore add a second point to indicate where to stop estimating. That
point needs to be determined as well as the optimal threshold. This results in the following
algorithm:

1. Extract all peak values of the signal, and take the absolute value of each.

2. Find the major peak of the signal

3. Establish a threshold which is a percentage of the major peaks amplitude.

4. Find point x, where the mean value of the peaks surrounding x is equal to or close as
possible to the threshold.

5. Run PDA from point x until point y, where y is a determined time in milliseconds.

6. Return median value of the pitch estimation over period (x,y).

The result is calculated by step wise changing the value of x from 20% up to 70% of the
peak amplitude. And for each step of x we estimate the peak on the interval (x,y) where y
is between 10-500ms, the result is presented in Section 6.4.2.

6.3.3 Mean amplitude decay based extraction

The theory behind this method is the same as in Section 6.3.2, seen in Figure 13. The differ-
ence is that instead basing the threshold on the peak amplitude of the signal, the threshold is
based on a percentage of the average amplitude of the signal. This results in the following
algorithm:
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Figure 14: Example of signal decay method. The horizontal line indicates the threshold
of decay and the vertical line indicates the delay in which the estimation stops.
The red part of the plot indicates the part of the signal which is used to estimate
the pitch.

1. Extract all peak values of the signal, and take the absolute value of each.

2. Find the mean peak amplitude of a portion of the signal.

3. Establish a threshold which is a percentage of the mean amplitude in step 2.

4. Find point x, where the mean value of the peaks surrounding x is equal to or close as
possible to the threshold.

5. Run PDA from point x until point y, where y is a determined time in milliseconds.

6. Return median value of the pitch estimation over period (x,y).

The portion presented in the algorithm will be handled as a variable and presented as part
of the result in Section 6.4.3. The result is calculated by step wise changing the value of x
from 30% up to 100% of the mean amplitude. For each step of x we estimate the peak on
the interval (x,y), where y is between 10-500ms. The result is presented in Section 6.4.3.

6.4 Results

The following results are the collection of estimations on the sample database using the
NSDF PDA, with three different additional algorithms. Firstly, the results of the delay
estimation algorithm is presented which uses a varying delay to specify which part of the
signal is optimal for pitch detection. Following that, the results of the two different decay
methods are presented, both which have a threshold indicating the section of the signal to
run the PDA on.
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6.4.1 Delay method

The results of the delay method, shown in Figure 15 indicate that there are parts of the
signal that yield a 77% accuracy result at best towards the data set. Which can be found at
the delay 150-300ms with a 200-500ms estimation size depending on the initial delay.

Figure 15: Result of delay method, each data point represents different estimation variables
of initial delay, and estimation size their corresponding accuracy on the z-axis..

6.4.2 Initial peak decay method

In Figure 16 an estimation based of the peak of the signal is presented, the results have a lot
of variety and the optimal estimation space is narrow. The best result with 86% accuracy
can be found with an threshold set at 55-70% of the initial peak with an estimation size of
400-500ms.

6.4.3 Average amplitude decay method

The results of Figure 17 show the accuracy of the estimations based on the mean decay
method. The results indicate strong correlation between a threshold based in the mean value
of the signal and the data set. The highest accuracy of this method is 93%. In Appendix
B the full set of estimations can be found, the different figures illustrate how changing the
way amplitude is calculated affects the result. The figures denote that there is no increase in
accuracy in changing this variable, only a change in how the threshold must be calibrated
to match the data set.
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Figure 16: Result of peak decay method, each data point represents different variables of
threshold and estimation size their corresponding accuracy on the z-axis.

Figure 17: Result of mean decay method, each data point represents different variables of
threshold and estimation size their corresponding accuracy on the z-axis.

6.5 Summary

The results of the experimental phase concludes that a delayed based method of extracting
pitch is not suitable as it is mere coincidence. There are no two tom drums that have the
same intensity and resonance, therefore a strict delay based method would yield completely
different results between different drum samples. Therefore, it is natural that it yields an
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inconsistent result. Furthermore, a method that yields unique estimations for each sample is
necessary, which shows itself in the decay based methods. Both of the decay based methods
yield results that are acceptable, however there are some major differences in their stability.

The initial peak method bases its threshold on the amplitude of the initial peak. If the
initial peak is low the estimation is pushed further towards the end of the signal. On the
other side of the scale if the signal has a high peak the estimation is earlier in the signal,
which makes the outcome vary depending on the tom drums characteristics.

The average amplitude method provides a more stable outcome as it is based on the mean
amplitude, rather than the extremes of the signal. Its results are therefore more stable, and
with a more stable result it is easier to find the optimal variables for estimating the pitch.
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7 Conclusion

The aim of this thesis has been to examine the possibility of determining a single pitch
to describe tom drums, which methods can be used and how well does the extracted pitch
the human perception. This has been done by implementing different PDAs on a sample
database and comparing the results to a user study. The findings of the thesis conclude
that determining pitch of tom drums is plausible, however further studies are required for
providing proof on the subject. The user study shows that when determining pitch of tom
drums, the initial frequency which indicates the striking of the tom drum can be excluded.
The focus of the pitch detection should therefore focus on the latter part of the signal as the
pitch stabilizes.

The portion of the signal were the pitch stabilizes is unique to each sample. Therefore,
a method which is adaptable to each unique samples is required. From the experimental
phase an algorithm which uses the average peak amplitude of the signal is presented, the
algorithm is as follows;

1. Extract all peak values of the signal, and take the absolute value of each.

2. Find the mean peak amplitude of the first 30% of the signal.

3. Establish a threshold which is a 60% of the mean amplitude in step 2.

4. Find point x, where the mean value of the peaks surrounding x is equal to or close as
possible to the threshold.

5. Run PDA from point x until point y, where y is between 10 and 300 milliseconds.

6. Return median value of the pitch estimation over period (x,y).

This algorithm is tested with the NSDF PDF and yielded 93% accuracy towards the data set
presented in Appendix A.1.

7.1 Limitations

As the conclusion of this study is formed around a limited user study, the results should be
seen as recommendations for further research on the subject. As no qualitative evaluation
was made of the final algorithm these result cannot be guaranteed outside the data set.



34(45)

7.2 Future work

Further user studies are required to draw better conclusions on the subject, as there is still
need for larger mapping of our perception when regarding percussive instruments. The
studies should also be complemented by qualitative studies and/or case studies focusing on
how we perceive the auditory information within percussive instruments.

The algorithm from the experimental phase needs further evaluation on a larger data set,
and rather than a quantitative evaluation it should be qualitative. Where each estimation
should be controlled towards musical notes and/or musical pieces to see if the pitch is cor-
rectly estimated.

The experimental phase could be extended further with algorithms resided in the frequency
domain, such as finding the point in the signal where the pitch stabilizes by comparing the
PDAs output over time.
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A User test estimations

A.1 Data set for experimental phase
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A.2 Other estimations
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B Additional average amplitude method data

Figure 18: Result of mean decay method, with a mean peak value of 20% of the signal.

Figure 19: Result of mean decay method, with a mean peak value of 30% of the signal.
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Figure 20: Result of mean decay method, with a mean peak value of 40% of the signal.

Figure 21: Result of mean decay method, with a mean peak value of 50% of the signal.
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Figure 22: Result of mean decay method, with a mean peak value of 70% of the signal.


