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Abstract

In today’s world, a lot of information is accessible in a digital form. This is especially true
for images or music. To make use of this variety of data, it hasto be processed meaningfully
which leads to the task of information retrieval. The field ofmusic information retrieval
(MIR) allows the user to access and explore music. For example, the user could get additional
information about melodic and harmonic structures or rhythm and tempo. This is fruitful
information for music analysis. Another application is to find a convenient way to navigate
inside a piece of music. This could be realized by searching for structures like similar rhythmic
patterns or similar chord progressions and giving the user the opportunity to jump directly to
certain similar parts. However, such purely content-basedtasks are very tough.

For the context of this thesis, we focus on chord recognitionand onset detection and try
to enhance spectrograms that are computed from the music data. For chord recognition, we
have to enhance frequency contributions that belong to the notes in a chord at a certain time.
In contrast, in the context of onset detection it is important when an onset occurs, not which
frequencies contribute to it. In other words, vertical structures have to be enhanced for onset
detection.

We are looking at the different problems mainly from an imageprocessing viewpoint.
We apply several image processing methods to spectrograms where we want to investigate
whether we can improve the quality of the spectrogram for further processing by feature ex-
traction algorithms.
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Chapter 1

Introduction

A journey of a thousand miles begins with a single step.
— Lao-tzu

1.1 Motivation

In today’s world, a lot of information is accessible in a digital form. This is especially true
for images or music. Digital music is present in our everydaylife and the possibilities to
handle digital music enhanced dramatically. The field ofmusic information retrieval(MIR)
allows the user to access and explore music. But why are we interested in music information
retrieval? For example, the user could get additional information about melodic and harmonic
structures or rhythm and tempo. This is fruitful information for music analysis. Another appli-
cation is to find a convenient way to navigate inside a piece ofmusic. This could be realized
by searching for structures like similar rhythmic patternsor similar chord progressions and
giving the user the opportunity to jump directly to certain similar parts. However, such purely
content-based tasks are very hard. This is due to the complexity of music data.

Among the many challenges that arise with information retrieval in a piece of music, we
will focus onchord recognitionandonset detectionthat are further discussed in Chapter 2.

In image processing, there exists a wide variety of challenging tasks, such as face recog-
nition, image denoising or problems in optic flow, to name just a few. Image denoising is
concerned with enhancing the visual quality of an image as much as possible. Practical tasks
in image denoising are e.g. in medical imaging such as MRT or ultrasound.

An interesting question is what do both worlds have in common? Image processing and
music processing use the Fourier transform [6] as an important tool. Furthermore, the concept
of noise is also present in both settings whether the noise isglobal like Gaussian noise or
locally like a black spot in a color image or a cough in a piece of music. Looking deeper in
both approaches we can even find types of “noise” that are present (e.g. due to the acquisition
technique) but are not necessarily perceived as such. This could be in a digital image due
to the sensor of the camera or in music due to the sound produced by the mechanics of an
instrument. The noise produced by a camera sensor could leadto a deterioration of colors in
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CHAPTER 1. INTRODUCTION

an image while the sound of the instrument mechanics contributes to every frequency in the
spectrogram making applications in music processing probably much harder. Moreover, the
spectrogram representation (compare top of Figure 2.1) gives us – from an image processing
perspective – a convenient and familiar way to access the audio data. Thus, we have strong
evidence that image processing methods can also be applied to music data.

In this thesis, we are looking at the problems mainly from an image processing viewpoint.
We apply several image processing methods to spectrograms computed from the music data
where we want to investigate whether we can improve the quality of the spectrogram for
further processing by feature extraction methods.

Since we are investigating the topic from an image processing viewpoint, we also use the
terminology common in this field where terms to describe certain concepts – such as “noise” –
might probably differ. An in-depth introduction to music data processing is given by Meinard
Müller in [25].

1.2 Goals

In this thesis, we want to evaluate how image processing methods can contribute to the field
of music processing and analysis. We concentrate on enhancing spectrograms computed from
the music data such that the feature extraction process necessary for every MIR task will be
more convenient. Since the spectrograms are a graphical representation of the music data, al-
gorithms that are well understood in the image processing context, such as diffusion processes
[32] or non-local means [8] can be applied to the spectrograms.

To judge whether image processing algorithms help in this context, we mostly use them in
their basic form, meaning that no improvements or simplifications based on the knowledge of
music processing are involved. As a consequence, runtime isnot the main concern. Neverthe-
less, from a practical viewpoint, short response times (ideally, close to interactive behavior)
are desirable. Therefore, efficiency aspects will not be completely outside consideration, and
we will favor more efficient solutions wherever this is possible without serious compromises
in quality. In particular, it is often helpful to adapt the algorithms in a way that built-in fast
matrix operations of MATLAB can be exploited.

We will investigate real-world example such as songs by The Beatles or classical music
like Beethoven’s Fifth.

1.3 Contents

The structure of this thesis is as follows. Chapter 2 gives a short introduction to chord recog-
nition and onset detection as well as a common quality measure used in this context. Chapters
3, 4 and 5 introduce the methods that are used in the experiments, i.e. diffusion processes,
morphological operations and NL-means, respectively, where Chapter 6 gives insights in how
these algorithms can be modified to adapt to the setting of chord recognition or onset detec-
tion. Chapters 7 and 8 give a detailed overview of the experiments where different parameter
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1.3. CONTENTS

settings are compared as well as how good the methods performon the problem set. Chapter
9 concludes the thesis and gives ideas for future work. An overview of the testfiles used in
this thesis is given in Appendix A.
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Chapter 2

Tasks in Music Information Retrieval

If a composer could say what he had to say in words
he would not bother trying to say it in music.

— Gustav Mahler

Among others, chord recognition [20, 29, 10] and onset detection [21, 13, 12, 14, 17] con-
stitute topics of active research. They are important tasksin music processing and music
information retrieval (MIR) and are very helpful for the analysis of music data.

The first step in every music processing task – and thus in music information retrieval –
is to extract suitable features to obtain key aspects while ignoring irrelevant ones. We shortly
touch some key aspects of the feature extraction in the corresponding paragraph (2.1 and 2.2).

There exist different visual representations of the audio data, such as achroma-time rep-
resentation. We do not introduce these here in detail. Instead, the interested reader is referred
to the book by Meinard Müller [25]. Nevertheless, the basicintuition of these representations
is made clear.

Throughout the thesis, we focus on thespectrogram representation.

2.1 Chord Recognition

A musical chord is a set of simultaneous tones. Looking at thechords over time, we can
analyze the harmonic structure in a piece of music. Once the harmonic structure is known, a
sequence of chords can give insights on higher-level structures such as phrases. The harmonic
structure is also strongly related to perceived emotion. Thus, similar chord sequences can
be observed in songs that are close in genre or emotion. Automatic chord labelings are very
useful for people who want to do harmonic analysis of music and in applications like music
search.

The basic idea behind chord recognition is to inspect what frequencies are present at a cer-
tain time and match these to music notes. To achieve this, theaudio signal is decomposed into
spectral bands where each band corresponds to a pitch of the equal-tempered scale. Figure 2.1
shows how such representations could look like. The first image gives afrequency-time rep-
resentation. Each row in a frequency-time representation stands for a frequency in Hz. From
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CHAPTER 2. TASKS IN MUSIC INFORMATION RETRIEVAL

this representation we can go to apitch-time representation. In contrast to the frequency-time
representation, the pitch-time representation shows the different MIDI pitches corresponding
to the frequencies on the y-axis, instead of the frequenciesthemselves. A chroma-based rep-
resentation can be easily obtained from a pitch representation by adding up the subbands that
correspond to the same pitch class, meaning that the chroma-time representation accumulates
all occurrences of C, C♯, D, D♯ and so on in one row per pitch class. Please note that we are
assuming the equal-tempered scale as used in Western music,meaning that e.g. the notes D♯

and E♭ are considered the same. In other words, by use of the frequency-time representation
we are able to extract the pitches that are present at a certain time in a piece of music. Thus,
it is crucial that we can clearly distinguish between different frequencies. To achieve this,
we have to emphasize horizontal structures. Note that emphasizing vertical structures would
result in a blurring across frequency bounds.

Chord recognition comes with some challenges. The biggest challenge is rhythmic ac-
companiment in every form, be it drums or other percussion, because the sounds produced by
drums or percussion contribute to every single frequency. Let us assume that the third of a
chord is somehow noisy. This would prevent us from deciding between Major and Minor or
– even worse – would lead to a wrong decision.

A description of template-based chord recognition can be found in Konz et al. [19].

2.2 Onset Detection

Also an interesting task in music processing is onset detection. At first glance, this seems to
be a well-defined task: the aim is to find the starting time of each musical note. In contrast
to chord recognition, onset detection relies on vertical structures in the spectrogram. In other
words, we are interested in a good isolation of events for each point in time (i.e.whena con-
tribution happens) where it is not important to knowwhich frequencies make a contribution.
As a consequence, the goal is to enhance vertical structures.

In polyphonic music, where nominally simultaneous notes orchords might spread over
a few tens of milliseconds, we see that there is some blurringinvolved. Another difficult
scenario is whenever we have fluent note transitions which isoften the case for classical music
dominated by string instruments. These problems are depicted in Figure 2.2. For instruments
with long attack times it is difficult to define an unambiguousand precise onset time for the
notes they produce.

The presence of vertical structures can be seen very well in the top spectrogram of Figure
2.2, especially in the time frame from the beginning until approximately 3 seconds. But what
about the example on the bottom of Figure 2.2? There we don’t visually recognize any sharp
boundaries. And in fact, there are no sharp boundaries. Instead, listening to this excerpt
reveals that there is a melody which flows “above” the rhythmical accompaniment that acts
like some sort of blur. Due to this fact, it is even difficult atsome point to acoustically judge
where an onset lies. Thenovelty curvesof these two examples are given in Figure 2.3. A
novelty curve is a representation that depicts the changes in energy and is computed e.g. by
analyzing the signal’s spectral content. As a consequence,it is a suitable indicator for note
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2.3. QUALITY MEASURE

onsets. A more detailed introduction to novelty curves can be found in [16]. In Figure 2.3
we clearly see that in the second example (on the bottom) the novelty curve changes a lot. If
we look at e.g. what happens around the time 5 seconds and in the time frame from about 8
seconds to 10 seconds and compare this with the manually annotated ground truth (red lines),
we notice a lot of energy fluctuations – in other words onsets –where actually no onsets should
be.

This is a perfect example that the onset detection problem isby far not easy and not well-
defined. Further challenges are provided in [22].

Onset detection is an essential step towards advanced taskslike tempo analysis, beat track-
ing, music synchronization and automatic transcription aswell as non-linear time-scaling and
pitch-shifting. Due to the fact that music is event-based, the segmentation into individual note
events greatly helps in editing and analyzing audio.

2.3 Quality Measure

In the case that there is a ground truth available, we can measure the quality of a processing
step by investigating the quantitiesprecision, recall andF-measure, see also [3]. We introduce
the precisionP as

P =
|{relevant} ∩ {retrieved}|

|{retrieved}| , (2.1)

and the recallR as

R =
|{relevant} ∩ {retrieved}|

|{relevant}| . (2.2)

Note that precision measures how specific the detection is, while recall measures its ex-
haustiveness. None of these aspects can be neglected in the quality measurement. To give
nevertheless one single numerical measure of quality, it has been proposed to use a weighted
harmonic mean of precision and recall, the so-called Fβ-measure

Fβ = (1 + β2) · P ·R
β2 · P +R

. (2.3)

We stick to the caseβ = 1, i.e. the F1-measure, because precision and recall are evenly
weighted. For the sake of simplicity, we refer to the F1-measure as F-measure.

Compared to the arithmetic mean, the harmonic mean exaggerates the influence of lower
input values and thereby prevents a good F-measure rating when one of the two original
measures, precision and recall, is particularly poor.

7



CHAPTER 2. TASKS IN MUSIC INFORMATION RETRIEVAL

Figure 2.1: Frequency-time, pitch-time and chroma-time representation of “All My Lov-
ing” by The Beatles (see also number 1 in Table A.1).Top: Frequency-time represen-
tation. The rows correspond to frequencies in Hz. Colors correspond to the logarithmic
magnitude.Middle: Normalized pitch-time representation. The spectrogram iscropped
to show only the MIDI pitches 65 to 85 and is rescaled to fit the color coding. The MIDI
pitch 69 corresponds to the note A4.Bottom: Normalized chroma-time representation.
In this representation all the occurrences of a note (also shifted by octaves) are matched
to one corresponding row (corresponding pitch classes).
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2.3. QUALITY MEASURE

Figure 2.2: Two frequency-time representations.Top: Excerpt of the piano etude Op.
100, No. 2 by Friedrich Burgmüller (see also number 1 in Table A.2). Onsets are pretty
clear to spot. Bottom: Excerpt of the string quartet No. 2 (Notturno) by Alexander
Borodin (number 7 in Table A.2). Onsets are difficult to spot.
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CHAPTER 2. TASKS IN MUSIC INFORMATION RETRIEVAL

Figure 2.3: Novelty curves corresponding to Figure 2.2. Depicted are the changes in
energy as well as the manually annotated ground truth (red lines).
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Chapter 3

Diffusion

All science is either physics or stamp collecting.
— Lord Kelvin

Diffusion processes are motivated from physics. Diffusionequilibrates concentration differ-
ences by redistributing mass while preserving the total mass. This property is expressed by
Fick’s law

j = −D · ∇u. (3.1)

Equation (3.1) means that the concentration gradient∇u causes a fluxj which aims to com-
pensate the gradient. Thediffusion tensorD – usually a positive definite symmetric matrix
– describes the relation between∇u andj. We differentiate between two cases:isotropic
andanisotropic diffusion. If j and∇u are parallel, the diffusion is isotropic. In the general
anisotropic case,j and∇u are not parallel.

Since we know that a diffusion process preserves the total mass, we can express this fact
in thecontinuity equation

∂tu = −div j, (3.2)

wheret denotes time.
Plugging Fick’s law into the continuity equation we get

∂tu = div(D · ∇u). (3.3)

Equation (3.3) is calleddiffusion equationand in the case of heat transfer, it is calledheat
equation.

A detailed investigation of diffusion processes can be found in [32].

11



CHAPTER 3. DIFFUSION

3.1 The Structure Tensor

Thestructure tensorwas introduced by Förstner and Gülch [15] and is a well-known tool for
analyzing local orientation. Part of this analysis can be features like corners or edges.

Let us consider a matrixJ which results from the tensor product

J(∇uσ) := ∇uσ∇u⊤
σ (3.4)

where∇uσ is the gradient ofu presmoothed by a Gaussian kernel of sizeσ. ∇uσ is a vector-
valued structure descriptor. The matrixJ(∇uσ) has an orthonormal basis of eigenvectorsv1
andv2 with v1‖∇uσ andv2⊥∇uσ. For a grayscale image,J(∇uσ) is a matrix of rank 1 which
means that the eigenvalue in the direction of the eigenvector v2 is 0.

ConvolvingJ(∇uσ) component-wise with a Gaussian kernelKρ, we obtain the structure
tensor

Jρ(∇uσ) := Kρ ∗ (∇uσ∇u⊤
σ ) =

(

Kρ ∗ (u2
x) Kρ ∗ (uxuy)

Kρ ∗ (uxuy) Kρ ∗ (u2
y)

)

with ρ ≥ 0. (3.5)

The structure tensorJρ is symmetric and positive definite. Its orthonormal eigenvectorsv1 and
v2 specify the preferred structure directions within someintegration scaleρ. The correspond-
ing eigenvaluesµ1 andµ2 describe the average contrast along the eigendirections and allow
for a useful analysis of the local image structure. Thus, theintegration scaleρ should reflect
the characteristic window size over which the orientation is to be analyzed. Presmoothing in
order to obtain∇uσ makes the structure tensor insensitive to noise. The parameterσ is called
noise scale.

Let us assume thatµ1 ≥ µ2 ≥ 0. In this case we observe thatv1 is the orientation with the
highest gray level fluctuations andv2 points us to the preferred local orientation. Furthermore,
the eigenvalues tell us useful information for the analysisof the local structure: constant areas
are characterized byµ1 = µ2 = 0, straight edges byµ1 ≫ µ2 = 0, corners byµ1 ≥ µ2 ≫ 0
and the expression

(µ1 − µ2)
2 = (j11 − j22)

2 + 4j212

becomes large for anisotropic structures, i.e.(µ1 − µ2)
2 is a measure of anisotropy.

12



3.2. EDGE-ENHANCING DIFFUSION

3.2 Edge-Enhancing Diffusion

In the setting ofedge-enhancing diffusion(EED) [32, 31] we want to prevent the diffusion
process from diffusing across edges. Let us assumeµ1 andµ2 with µ1 ≥ µ2 be the eigenvalues
of the structure tensorJρ andv1 andv2 are the corresponding orthonormal eigenvectors.

Since the diffusion tensor should reflect the local image structure, it should be chosen such
that it has the same set of eigenvectorsv1 andv2 as the structure tensorJρ.

To achieve that we do not diffuse across edges, we reduce the diffusivity λ1 perpendicular
more and more asµ1 grows. This can be realized by choosing the eigenvalues of the diffusion
tensor such that

λ1(µ1) := g(µ1), (3.6)

λ2 := 1 (3.7)

with

g(s) :=

{

1 if s ≤ 0
1

1+s/λ2 if s > 0
, (3.8)

whereµ1 = |∇uσ|2 andλ > 0.
The application of edge-enhancing diffusion on a fingerprint image is depicted in Figure

3.1.

Figure 3.1: Example for an image processed with edge-enhancing diffusion. Left: Noisy
fingerprint image.Right: Same image processed using edge-enhancing diffusion:λ = 1,
σ = 0.5, τ = 0.25, t = 20.
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CHAPTER 3. DIFFUSION

3.3 Coherence-Enhancing Diffusion

In the context ofcoherence-enhancing diffusion(CED) [32, 33] we want to use the informa-
tion provided by the structure tensor to design an anisotropic filter that enhancesflow-like
structures. Again, the diffusion tensor should reflect the local image structure.

Let againµ1 andµ2 with µ1 ≥ µ2 be the eigenvalues of the structure tensorJρ andv1 and
v2 be the corresponding eigenvectors. If we want to enhance coherent structures, we have to
smooth preferably alongv2 with a diffusivity of λ2. This can be achieved by choosing the
eigenvalues of the diffusion tensor in the following way:

λ1 := α, (3.9)

λ2 :=

{

α if µ1 = µ2

α + (1− α) exp
(

−C
(µ1−µ2)2

)

else
, (3.10)

whereC > 0 acts as a threshold parameter andα ∈ (0, 1) is a small positive parameter.
The exponential function and the parameterα are introduced for theoretical reasons: The
exponential function ensures the smoothness of the diffusion tensor and the parameterα keeps
the diffusion tensor uniformly positive definite. In other words,α acts as a regularization
parameter.

The enhancement of a fingerprint image using coherence-enhancing diffusion is shown in
Figure 3.2.

Figure 3.2: Example for an image processed with coherence-enhancing diffusion. Left:
Noisy fingerprint image.Right: Same image processed using coherence-enhancing dif-
fusion:C = 1, σ = 0.5, ρ = 4, α = 0.1, τ = 0.25, t = 20.
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3.4. NUMERICAL METHOD

3.4 Numerical Method

We briefly mention how to realize a diffusion process algorithmically. The first step is to
rewrite the continuity equation (3.3), resulting in

∂tu = ∂x (D∂xu) + ∂y (D∂yu) . (3.11)

We use aforward differencefor the time derivative∂tu

∂tu ≈ uk+1
i,j − uk

i,j

τ
. (3.12)

To compute the structure tensor in each pixel(i, j), we discretize the spatial derivatives∂xu
and∂yu by central differences

(∂xu)
k
i,j ≈ uk

i+1,j − uk
i−1,j

2hx

, (3.13)

(∂yu)
k
i,j ≈ uk

i,j+1 − uk
i,j−1

2hy

, (3.14)

wherehx denotes the spatial grid size inx-direction andhy the spatial grid size iny-direction
(both usually set to 1). The diffusion tensor

Dk
i,j =

(

aki,j cki,j

cki,j bki,j

)

(3.15)

is computed using the structure tensor, compare Sections 3.2 and 3.3.
Furthermore, we use central differences twice with half thestep size for∂x(aux) and

∂y(buy).

(

∂x(aux)
)k

i,j
≈

(aux)
k
i+ 1

2
,j
− (aux)

k
i− 1

2
,j

hx
(3.16)

≈ 1

hx

(

aki+1,j + aki,j

2
· u

k
i+1,j − uk

i,j

hx

−aki,j + aki−1,j

2
· u

k
i,j − uk

i−1,j

hx

)

,

where(∂y(buy))
k
i,j can be computed analogously. Furthermore, we compute the mixed deriva-

tives by

uxy = (uξξ − uηη) ·
h2
x + h2

y

4hxhy

(3.17)
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using the unit vectors

ξ =
1

√

h2
x + h2

y

(

hx

hy

)

, (3.18)

η =
1

√

h2
x + h2

y

(

hx

−hy

)

. (3.19)

The discretization ofuξξ anduηη works analogously to the discretization above where the step
size is

√

h2
x + h2

y along the diagonal.
The resultingexplicit schemereads

uk+1
i,j = uk

i,j (3.20)

+ τ

(

(aki+1,j + aki,j)(u
k
i+1,j − uk

i,j)

2h2
x

− (aki,j + aki−1,j)(u
k
i,j − uk

i−1,j)

2h2
x

+
(bki,j+1 + bki,j)(u

k
i,j+1 − uk

i,j)

2h2
y

− (bki,j + bki,j−1)(u
k
i,j − uk

i,j−1)

2h2
y

+
(cki+1,j+1 + cki,j)(u

k
i+1,j+1 − uk

i,j)

4hxhy
− (cki,j + cki−1,j−1)(u

k
i,j − uk

i−1,j−1)

4hxhy

−(cki+1,j−1 + cki,j)(u
k
i+1,j−1 − uk

i,j)

4hxhy

+
(cki,j + cki−1,j+1)(u

k
i,j − uk

i−1,j+1)

4hxhy

)

.

This scheme is called explicit, sinceuk+1
i,j can be computed explicitly from the known values

at the time stepk.
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Chapter 4

Morphological Filters

Make everything as simple as possible, but not simpler.
— Albert Einstein

Mathematical morphology is one of the most successful classes of image analysis methods. It
analyzes the shape of objects in an image.

An interesting property is that morphological filters are invariant under monotone increas-
ing grayscale transformations. It holds that

MGf = GMf (4.1)

for an imagef , whereM is any morphological filter andG is any monotonically increas-
ing grayscale transformation. As a consequence, morphological methods do only take into
account thelevel sets

Lg(f) := {(x, y) | f(x, y) ≥ g} (4.2)

of an imagef . A detailed discussion of mathematical image analysis can be found in [28].
We now investigate the different building blocks of mathematical morphology.

4.1 Dilation and Erosion

Dilation is one of the basic operations in mathematical morphology. It uses a so-calledstruc-
turing element(also called mask) for probing and expanding the shapes contained in the input
image.

The dilation operation on a continuous imagef(x, y) using a structuring elementSE is
defined by

(f ⊕ SE)(x, y) := sup{f(x− x′, y − y′) |(x′, y′) ∈ SE}. (4.3)

Erosion is the opposite operation of dilation. It uses the structuring element to shrink the
shapes contained in the input image.

Analogously to the dilation operation, we can formulate theerosion of a continuous image
f(x, y) using a structuring elementSE by

(f ⊖ SE)(x, y) := inf{f(x+ x′, y + y′) |(x′, y′) ∈ SE}. (4.4)
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CHAPTER 4. MORPHOLOGICAL FILTERS

Figure 4.1: Left: The dilation of the dark-blue square by a disk, resulting in the light-
blue square with rounded corners.Right: The erosion of the dark-blue square by a disk,
resulting in the light-blue square.Source: Wikipedia [1].

In the discrete case, the maximum is used instead of the supremum and the minimum
instead of the infimum.

When applying dilation and erosion often convex structuring elements such as disks or
squares are used. Convex structuring elements have the advantage that they are scalable. This
means that a dilation/erosion with a structuring elementn · SE is equivalent to a dilation/ero-
sion with structuring elementSE appliedn times.

Figure 4.1 shows how a dilation and an erosion with a disk works.

4.2 Opening and Closing

Figure 4.2: Left: The opening of the dark-blue square by a disk, resulting in the light-
blue square with round corners.Right: The closing of the dark-blue shape (union of two
squares) by a disk, resulting in the union of the dark-blue shape and the light-blue areas.
Source: Wikipedia [1].

Opening and closing are morphological low pass filter. To perform the closing operation,
a dilation followed by an erosion is performed. The operation closes small gaps in bright
structures and is defined as

f • SE := (f ⊕ SE)⊖ SE. (4.5)
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4.3. NONFLAT MORPHOLOGY

The opening is the opposite operation to closing and is an erosion followed by a dilation.
Mathematically, it is defined as

f ◦ SE := (f ⊖ SE)⊕ SE. (4.6)

It closes small gaps in dark structures. A visualization of these operations is given in Figure
4.2.

4.3 Nonflat Morphology

In the previous sections, we saw examples of morphological operations with a disk which is a
flat structuring element. In the context of grayscale imagesalso nonflat structuring elements
can be used. Motivated by van den Boomgaard [30], we present modified versions of dila-
tion and erosion that use a parabola as structuring element (to be more precise astructuring
function) where we stick to the discrete case.

Theparabolic dilationreads as

fd(x, y) := max
i,j

(

f(i, j)−
(

sx · (x− i)2 + sy · (y − j)2
)

)

(4.7)

and theparabolic erosionas

fe(x, y) := min
i,j

(

f(i, j) +
(

sx · (x− i)2 + sy · (y − j)2
)

)

, (4.8)

where(x, y), (i, j) ∈ I andsx andsy are scaling parameters.
Using a parabolic structuring element introduces some challenges. Nonflat morphological

methods do not operate on level sets as given in (4.2). In other words, equation (4.1) is not
satisfied anymore. Another practical difficulty with nonflatmorphological operations arises
with spatial discretization. While parabolic dilation anderosion in their continuous formula-
tion retain the property that dilating or erodingn times with the same structuring element is
equivalent to dilating or eroding once with a structuring element rescaled ton times its hor-
izontal size, the same does not even approximately hold whenparabolic dilation and erosion
are carried out on a spatial grid. We will have to be considerate of this circumstance when
applying nonflat morphology for skeletonization in Section6.2.

4.4 Skeletonization

Skeletonization was already investigated in 1968 by Calabiand Hartnett [9] and is still a topic
of active research (e.g. Kimmel et al. [18]) where people arealso interested in fast algorithms
[35]. Skeletons are frequently used as shape descriptors, e.g. in character recognition.

We can think of the skeletonization as follows. Imagine somearbitrary shape. We set the
boundary of this shape afire. Then, the fire moves from the boundary into the shape where
theHuygens wavefrontsof the boundary points meet at theskeleton point. In other words, the
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CHAPTER 4. MORPHOLOGICAL FILTERS

skeleton point is located at the intersection of the normalsto the two boundary points and each
skeleton point corresponds to at least two boundary points.The distance between the skeleton
point to both boundary points is equal. Figure 4.3 shows two shapes and their corresponding
skeletons given as a thick black line.

Figure 4.3: Two shapes and their corresponding skeletons. Each skeleton is given as a
thick black line.Source: [5].

After having some intuition, let us formulate the skeletonization more mathematically.
The skeleton of a set can be expressed by erosions and openings. We have

S(f) :=

K
⋃

k=0

{

(f ⊖ k · SE)−
[

(f ⊖ k · SE) ◦ SE
]

}

, (4.9)

whereSE is the structuring element andK is the last iterative step beforef erodes to an
empty set. Please note that equation (4.9) works on binary images only.
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Chapter 5

Non-Local Means (NL-Means)

Science is always wrong. It never solves a problem without creating ten more.
— George Bernard Shaw

NL-means was proposed by Buades et al. [8]. The algorithm tries to replace a noisy pixel with
a weighted average of other pixels with similar neighborhoods. The basic idea is that images
contain self-similarities and many structures show up morethan once in the image where we
usually assume that noise in similar neighborhoods is uncorrelated. Thus, taking the average
of similar neighborhoods yields a version of the image with less noise.

5.1 Basic NL-Means

Given a discrete noisy imageu = {u(i) | i ∈ I}, the estimated valueNL[u](i) for a pixel
i = (i, j) is computed as a weighted average of all the pixels in the image:

NL[u](i) :=
∑

j∈I

w(i, j)u(j), (5.1)

where j = (i′, j′) ∈ I and the usual conditions0 ≤ w(i, j) ≤ 1 and
∑

j w(i, j) = 1 are
satisfied.

The similarity between two pixelsi and j depends on the similarity of the intensity gray
level vectorsu(Ni) andu(Nj), whereNi andNj denote the neighborhood of fixed size cen-
tered at pixeli andj, respectively. Pixels with a similar gray level neighborhood tou(Ni) have
larger weights in the average. The weights are defined as follows:

w(i, j) :=
1

Z(i)
exp

(

−‖u(Ni)− u(Nj)‖22,a
λ2

)

, (5.2)

whereZ(i) is a normalization constant

Z(i) :=
∑

j

exp

(

−‖u(Ni)− u(Nj)‖22,a
λ2

)

(5.3)
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andλ is the decay parameter of the exponential function. The expression‖u(Ni)− u(Nj)‖22,a
is an Euclidean distance, wherea > 0 is the standard deviation of the Gaussian kernel. In
other words, the parameterλ in equation (5.2) controls the weighting of the distances.

This weighting function penalizes structures which have less similarity in the geometrical
configuration of their neighborhood, see Figure 5.1.

Figure 5.1: Scheme of NL-means strategy. Similar pixel neighborhoods give a large
weight,w(p, q1) andw(p, q2), while much different neighborhoods give a small weight,
w(p, q3). Authors: A. Buades, B. Coll and J.-M. Morel [8].

5.2 Modifications and Refinements to NL-means

The main drawback of the basic NL-means algorithm is its highcomplexity, a fact that was
also noted by Buades et al. in [8]. To address this issue, manyideas were proposed to reduce
the complexity of the computation and thus also to reduce theruntime of the algorithm. In the
following, we introduce some of them.

5.2.1 Restricting the Search Space of NL-Means

In its very basic form, NL-means compares every pixel of the image with the pixel that should
be replaced to find a possible denoising candidate. This is computationally very expensive
and thus not very practical. To overcome this problem, Buades et al. [8] introduced a search
window (a neighborhood) which reduces the search space dramatically.

Let us assume thatN2 is the number of pixels of the image. Let us further assume that
the similarity window has the sizeW × W and the search window has sizeS × S. In its
basic form, the algorithm has complexityW 2×N2×N2. With the introduction of the search
window, the algorithm has complexityW 2 × S2 ×N2 whereS2 ≪ N2.
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5.2.2 Neighborhood Classification to Speedup NL-Means

Let us now explore how neighborhood classification can help to lower the algorithmic com-
plexity of NL-means. We look at a neighborhood classification that works with two com-
ponents. The first one is based onaverage neighborhood gray valuesand the second one is
based ongradient directions. We follow here the work proposed by Mahmoudi and Sapiro
[23].

Intuitively, similar neighborhoods should have similar average gray values. Letu(i) and
u(j) be the average gray value in the neighborhoods of pixelsi andj, respectively. Let further-
moreη1 < 1 andη2 > 1 be two constants close to 1. The weightw(i, j) has a non-zero value,
i.e. the neighborhood is only considered, if

η1 <
u(i)
u(j)

< η2 (5.4)

holds.
A second method to approximate the similarity between two neighborhoods is theirav-

erage gradient orientation. If ∇u(i) = (ux(i), uy(i)) is the image gradient then the average
gradient orientation around pixeli is defined as follows:

∇u(i) = (ux(i), uy(i)) , (5.5)

whereux(i) anduy(i) are the averagex and y derivatives in the neighborhood of pixeli.
Having this, we can formulate the difference of the average gradient orientations at pixelsi
andj:

θ(i, j) = ∠(∇u(i),∇u(j)). (5.6)

To find a threshold above whichθ is considered as outlier, Mahmoudi et al. propose to use
robust statistics, such as

σθ = 1.4826 · medianI×I

[

∣

∣|θ(i, j)| − medianI×I(|θ(i, j)|)
∣

∣

]

. (5.7)

To compute a threshold for the gradient, we do a similar computation:

σ∇ = 1.4826 · medianI×I

[

∣

∣|∇u|2 − medianI×I(|∇u|2)
∣

∣

]

. (5.8)

Plugging everything together, we end up with the following weighting

w(i, j) :=



























1
Z(i) exp

(

−‖u(Ni)−u(Nj)‖22,a
λ2

)

,
[

(‖∇u(i)‖ < σ∇)

or (‖∇u(j)‖ < σ∇)
or (|θ(i, j)| < σθ)

]

and(η1 <
u(i)
u(j) < η2)

0, otherwise

. (5.9)
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5.2.3 Locally Adaptive Weighting for NL-Means

Since the parameterλ in equation (5.2) controls the weighting of the distances, it is the most
important and crucial parameter of NL-means: Choosing it too low can lead to a noisy result,
choosing it too high can blur fine structures. Brox and Cremers [7] showed that there is in
general no global value forλ that is well suited for the whole image. In the following we look
at an idea proposed by Zimmer et al. [34].

Instead of using a fixedλ, a locally adaptive functionΛ(λ,B) is introduced. The authors’
first proposal is to use the standard deviationsB of a blockB. The standard deviation depends
on the block structure and on the amount of noise contained inB. Sharp structures usually
mean that there are few similarities, since sharp structures lead to a high variance. Thus, we
have to smooth more there compared to blocks where the variance is low. To avoid a too high
influence on the smoothing, Zimmer et al. propose to use a sub-linear functionΨ. Finally, we
end up with

Λ(λ,B) := λ ·Ψ(sB), (5.10)

whereΨ(sB) =
√
sB. Since this locally adaptive function replacesλ in equation (5.2), we

refer to it by a formulation likeadaptively chosen (distance weight)λ or adaptive (distance
weight)λ.
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Chapter 6

Modifications and Refinements

In the beginner’s mind there are many possibilities. In the expert’s mind there are few.
— Shunryu Suzuki

In this chapter, we want to investigate modifications and refinements to the algorithms intro-
duced in the chapters before. The modifications address drawbacks concerning runtime or
provide refinements that allow a better processing of spectrograms in the context of chord
recognition or onset detection.

6.1 Diffusion

The diffusion tensorD is the tool to control a diffusion process. We make use of the structure
tensorJ to computeD

D =

(

a c

c b

)

, (6.1)

where the eigenvectors ofD are identical to those ofJ while the eigenvalues are recom-
puted to fit equations (3.6)–(3.8) for edge-enhancing diffusion or equations (3.9),(3.10) for
coherence-enhancing diffusion, respectively. Since we are interested in horizontal structures
in the context of chord recognition and in vertical structures in the context of onset detection,
we modify the diffusion tensor to prefer diffusion in a certain direction.

Multiplying the diffusion tensor with a matrix of the form

(

dα 0
0 dβ

)

from both sides introduces anisotropy controlled by the choice of dα anddβ. Themodified
diffusion tensorlooks as follows:

D′ =

(

dα 0
0 dβ

)(

a c

c b

)(

dα 0
0 dβ

)

=

(

d2αa dαdβc

dαdβc d2βb

)

. (6.2)
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The weightingsdα anddβ can be used to enhance or reduce the diffusion in one direction –
i.e. choosing a valuedα, dβ ≥ 1 or a value0 ≤ dα, dβ < 1, respectively. In this thesis, only
the values0 and1 are used to switch the diffusion process in a certain direction on or off.

6.2 Morphology

In Section 4.3, we stated that for the discrete version of parabolic dilation and parabolic ero-
sion the scalability property is not guaranteed anymore. Wenow present an approach to
overcome this problem.

To get rid of the violation of the scalability property, we modify the scaling parameterssx
andsy from equations (4.7) and (4.8) in every iteration step. We can do this by introducing
scaling parameterss′x ands′y such that it holds

s′x =
1

2k
· sx, (6.3)

s′y =
1

2k
· sy, (6.4)

wherek = 1, . . . , n is the current iteration andn is the total number of iterations.
By means of parabolic dilation and parabolic erosion as given in equations (4.7) and (4.8),

respectively, we can think of a new skeletonization approach: parabolic skeletonization.
Let SEk correspond to(s′x, s

′
y) = ( 1

2k
· sx, 1

2k
· sy). Then the parabolic skeletonization

reads as

S(f) =

n
∑

k=0

[

f ⊖ SEk − f ◦ SEk+1

]

+
, (6.5)

where we only sum up the positive contributions.
Note that this is not an exact generalization of the skeletonization algorithm (4.9) for bi-

nary images. The idea behind both algorithms is that in thek-th step (i.e.k-th summand)
those parts of the eroded signalf ⊖ SEk should be added to the skeleton which would be
destroyed in the next erosion stepf ⊖ SEk+1 “irreversibly”, i.e. cannot be restored by dila-
tion. In (4.9) these parts are detected by dilating back the signal f ⊖ SEk+1 to the level of
thek-th erosion and comparing withf ⊖ SEk: the subtrahend of (4.9) can as well be written
as(f ⊖ (k + 1)SE)⊕ SE. However, as we mentioned in Section 4.3, iterated application of
discretized parabolic dilations or erosions with the structuring functionSE does not approxi-
mate a discretized parabolic dilation or erosion with a scaled structuring function. This poses
an obstacle to direct translation of (4.9).

Our solution in (6.5) consists in dilating backf ⊖ SEk+1 in one step to the level of the
initial signalf and contributing to the skeleton those parts off⊖SEk which arenot even then
restored. Asf ◦ SEk+1 is not completely belowf ⊖ SEk, the restriction to the positive part
is necessary. As a consequence, (6.5) applied in a binary morphological setting would lose
substantial contributions as compared to (4.9). Experiments show, however, that in conjunc-
tion with parabolic structuring functions this approach retains enough signal contributions to
create a reasonable, moderately thinned version of image structures.
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Furthermore, we introduce an upper bound to keep the runtimeof the algorithm short. The
algorithm stops atn such that

max
(

f ⊖ SEn − f ◦ SEn+1

)

≤ threshold (6.6)

holds. In other words the algorithm stops if another step of the parabolic skeletonization
as described in equation (6.5) would not give a much better result compared to the higher
runtime.

6.3 NL-Means

In Section 5.2, we have seen some refinements that can be made to improve the NL-means
algorithm. Now, we introduce another modification that addresses special needs of chord
recognition and onset detection.

So far, we assumed for NL-means a quadratic search and a quadratic similarity window.
When it comes to applications like chord recognition or onset detection where we are inter-
ested in horizontal or vertical structures, respectively,a quadratic window is not an optimal
choice. The logical consequence is to change the windows in such a way that we can have
rectangular ones. Analogously to the notation in 5.2.1, we can introduce a similarity window
of sizeWx ×Wy and a search window of sizeSx × Sy. Naturally, the algorithm can also deal
with input images that are rectangular, i.e. images of sizeNx ×Ny.

As already stated, NL-means in its basic form is computationally very expensive and we
presented different approaches to address this drawback. Considering the change of the win-
dows as proposed in this section, the complexity of the algorithm is now(Wx ×Wy)× (Sx ×
Sy) × (Nx × Ny) which might also lead to a dramatically reduced runtime depending on the
window sizes.
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Chapter 7

Experiments in Chord Recognition

Celebrate any progress. Don’t wait to get perfect.
— Ann McGee Cooper

In this chapter, we will probe the various classes of image processing tools discussed in the
preceding chapters in the context of the chord recognition problem. Remember that emphasis
is laid here on horizontal structures in the spectrograms; accordingly, the algorithmic variants
with horizontal directional preference will receive special attention.

Before entering the experiments, let us say a few words on theexperimental setup. For all
the computation, MATLAB 7.8.0 (R2009a) was executed on a 2.66 GHz Apple iMac with 4
GB of RAM running Mac OS X 10.6. The largest part of the code wasimplemented using the
MATLAB programming language where in the case of CED and EED the C code provided by
the MIA group was used and slightly modified to compile as a MEXfile that allows C code
to run within the MATLAB environment [2].

The testfiles constitute excerpts of the songs referenced bytheir title and were annotated
by Mauch et al. [24]. The name and the length of the excerpt of each testfile is listed in Table
A.1. As a quality measure, precision, recall and F-measure as introduced in Section 2.3 are
used.

7.1 Diffusion

In this section, we show how diffusion algorithms perform onthe spectrograms for the task of
chord recognition.

In the first experiment, we look at the influence of using the diffusion tensor as introduced
in Section 6.1 with and without the preference for horizontal structures for a fixed number
of iterations. Secondly, we investigate the behavior of thealgorithm for different numbers of
iterations wheredα is set to 1 anddβ is set to 0, i.e. we prefer a horizontal diffusion.
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7.1.1 Edge-Enhancing Diffusion

Horizontal vs. no directional preference. Figure 7.1 shows the spectrogram of “Let It
Be” by The Beatles. The top spectrogram depicts the unprocessed data. In the bottom row,
the comparison of an edge-enhancing diffusion without and with directional preference for
horizontal structures is given. The bottom left spectrogram clearly shows that the diffusion
happened in every direction which results also in a verticalblurring of the structures, i.e. the
frequencies. In comparison to that, the version with directional preference turned on gives a
spectrogram where the diffusion process only acts in horizontal direction which means that it
does not blur other frequencies.

Figure 7.1: Spectrograms of “Let It Be” performed by The Beatles (number10 in Table
A.1). Top: Original spectrogram.Bottom left: Spectrogram after diffusion with EED
andλ = 1, σ = 0.5, τ = 0.25, t = 100 where no direction is preferred.Bottom right:
Spectrogram after diffusion with the same setting, but withhorizontal preference.

Table 7.1 also confirms the intuition that a diffusion process that diffuses in every direction
does not help in the context of chord recognition. In fact, the structures are blurred in such an
intense way that the processed spectrogram is much less suited for feature extraction than the
original, unprocessed spectrogram. Furthermore, the information which frequency contributes
at which time is completely blurred away. This stands in contrast to the results obtained by
the same computation but with preference for horizontal structures turned on. Here we can
clearly distinguish the different frequencies involved inthis music excerpt.
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Table 7.1: Comparison of precision, recall and F-measure for EED with and without
directional preference. Edge-enhancing diffusion was performed withλ = 1, σ = 0.5,
τ = 0.25 andt = 100. The values correspond to the processing depicted in Figure7.1.

Setting Precision Recall F-Measure
Original 0.496 0.496 0.496

No preference 0.021 0.021 0.021
Horizontal preference 0.585 0.585 0.585

Increasing the number of iterations. In addition to that, Figure 7.2 shows spectrograms
processed by edge-enhancing diffusion with directional preference for horizontal structures
where the impact of different numbers of iterations is compared. Obviously, the more itera-
tions are performed the stronger the smearing in time. In other words, long diffusion times
introduce an error since frequencies appear where they are actually not located. Table 7.2
shows that the higher the number of iterations the lower the F-measure of the result. Let us
take as an example the peak located at a frequency slightly below 102 that extends in time
from shortly before 5 to about 6 seconds. We see that this frequency contributes more and
more beyond the original boundaries of this time frame the highert gets. Fort = 500 we can
observe that a contribution is present almost at every time in this example.

Please also note that for this particular testfile the valuesfor precision and recall given in
tables 7.1 and 7.2 are the same – also resulting in the same value for the F-measure, compare
equation (2.3) – which does not hold in general.

Table 7.2: Comparison of precision, recall and F-measure for EED with different num-
bers of iterations and directional preference for horizontal structures whereλ = 1,
σ = 0.5 and τ = 0.25. The values correspond to the processing depicted in Figure
7.2.

Iterations Precision Recall F-Measure
0 0.496 0.496 0.496
50 0.634 0.634 0.634
100 0.585 0.585 0.585
500 0.475 0.475 0.475

7.1.2 Coherence-Enhancing Diffusion

Horizontal vs. no directional preference. Turning to coherence-enhancing diffusion, we
start by investigating the impact of steering the diffusiononly in horizontal direction in com-
parison to a diffusion process that diffuses in every direction like we did in the previous
section. Figure 7.3 depicts the corresponding spectrograms for “All You Need Is Love” by
The Beatles. On the bottom left spectrogram, we can see that unbiased anisotropic diffusion
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Figure 7.2: Spectrograms of “Let It Be” performed by The Beatles (number10 in Table
A.1). All diffusion processes are performed with a preference for horizontal structures.
Top left: Original spectrogram.Top right: Spectrogram after diffusion with EED and
λ = 1, σ = 0.5, τ = 0.25 andt = 50. Bottom left: t = 100. Bottom right: t = 500.

heavily blurs the structures in the spectrogram. It seems that in the top half of the spectrogram
every frequency contributes at every time. This result is far away from being useful which is
also affirmed by the quality measure, compare Table 7.3. Again, the change of the diffusion
tensor to only allow horizontal diffusion helps to get rid off this instance (Figure 7.3, bottom
right). Despite the presence of blurring in the top half of the spectrogram, we may see that the
frequencies in the bottom of the spectrogram are well preserved by this modified diffusion.

Increasing the number of iterations. Analyzing Figure 7.4 and the corresponding Table
7.4 we notice something counterintuitive. The more the bright, yellowish frequencies in the
bottom half of the spectrogram are blurred, the more enhanced is the result according to
the quality measure. We would expect a poor outcome for high iteration numbers, i.e. an
higher error with the increase of the number of iterations and thus smaller values for precision,
recall and F-measure, but receive the opposite. The reason is the following. Diffusion in
horizontal direction introduces the frequencies in the bottom of the spectrogram more and
more at every point in time the more iterations are performed. This results in the existence
of strong contributions of these frequencies where actual occurrences should be located while
the contributions that are spuriously introduced are smallsecuring the result a high quality
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Figure 7.3: Spectrograms of “All You Need Is Love” performed by The Beatles (number
2 in Table A.1). Top: Original spectrogram.Bottom left: Spectrogram after diffusion
with CED andC = 1, σ = 0.5, ρ = 5, α = 0.1, τ = 0.25, t = 500 where no direction
is preferred.Bottom right: Spectrogram after diffusion with the same setting, but with
preference for horizontal direction.

rating according to the precision, recall and F-measure criteria. This demonstrates that these
criteria are not always suitable as measures of quality, andtheir output should be taken with
some caution.
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Table 7.3: Comparison of precision, recall and F-measure for CED with and without
directional preference whereC = 1, σ = 0.5, ρ = 5, α = 0.1, τ = 0.25 andt = 500. The
values correspond to the processing depicted in Figure 7.3.

Setting Precision Recall F-Measure
Original 0.412 0.416 0.414

No preference 0.000 0.000 0.000
Horizontal preference 0.775 0.783 0.779

Table 7.4: Comparison of precision, recall and F-measure for CED (C = 1, σ = 0.5,
ρ = 5, α = 0.1 and τ = 0.25) with horizontal preference and different numbers of
iterations. The values correspond to the processing depicted in Figure 7.4.

Iterations Precision Recall F-Measure
0 0.412 0.416 0.414

100 0.569 0.575 0.572
500 0.775 0.783 0.779
1000 0.902 0.910 0.906
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Figure 7.4: Spectrograms of “All You Need Is Love” performed by The Beatles (number
2 in Table A.1). All diffusion processes are performed with apreference for horizontal
structures.Top left: Original spectrogram.Top right: Spectrogram after diffusion with
CED andC = 1, σ = 0.5, ρ = 5, α = 0.1, τ = 0.25, t = 100. Bottom left: t = 500.
Bottom right: t = 1000.
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7.1.3 Comparison of EED and CED

We have seen that EED and CED can perform similarly well in thesetting of chord recog-
nition. We conclude this section by comparing edge-enhancing diffusion and coherence-
enhancing diffusion head to head with similar parameter settings. Please note that the pa-
rameterα in CED is some sort of damping parameter for the diffusion process. If we scaleα
down by a factors, we have to performt · s iterations to get the same result. For the following
comparison, we setα = 1 to ensure that both EED and CED run with the same number of
iterations.

Visually, no difference between the spectrograms on the left and on the right of Figure
7.5 can be identified. Also the quality measurements given inTable 7.5 do not disclose any
differences. The natural question is why is this the case? The answer is simple. Coherence-
enhancing diffusion enhances flow-like (coherent) structures. In this context, these flow-
like structures have the same orientation as the edges. Thus, edge-enhancing diffusion and
coherence-enhancing diffusion compute a similar structure tensor which results in a similar
diffusion behavior.

Table 7.5: Comparison between EED withλ = 1, σ = 0.5, τ = 0.25, t = 100 and CED
usingC = 1, σ = 0.5, ρ = 5, α = 1, τ = 0.25, t = 100. The table corresponds to Figure
7.5.

Method Preference Precision Recall F-Measure
Original – 0.456 0.464 0.460

EED no 0.000 0.000 0.000
CED no 0.000 0.000 0.000
EED yes 0.562 0.573 0.567
CED yes 0.562 0.573 0.567
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Figure 7.5: Comparison between EED and CED.Top: Original spectrogram of “I Am
The Walrus” by The Beatles (number 8 in Table A.1).Middle left: Edge-enhancing
diffusion with λ = 1, σ = 0.5, τ = 0.25, t = 100 and no preference for horizontal
diffusion. Bottom left: Same setting with preference for horizontal diffusion.Middle
right: Coherence-enhancing diffusion withC = 1, σ = 0.5, ρ = 5, α = 1, τ = 0.25,
t = 100 and no preference for horizontal diffusion.Bottom right: Same parameters, but
directional preference for horizontal diffusion turned on.
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7.2 Morphology

This section deals with morphological operations. After experiments that show how the basic
building blocks of morphology, i.e. dilation and erosion aswell as opening and closing, work
on spectrograms we proceed by focussing on skeletonizationwhere the testfile “Baby’s In
Black” by The Beatles (depicted in Figure 7.6) is used.

Figure 7.6: Spectrogram of “Baby’s In Black” by The Beatles (number 4 in Table A.1).

7.2.1 Dilation and Erosion

First, we start by investigating the building blocks dilation and erosion using a rectangle and
a disk as structuring element. The top row of Figure 7.7 depicts the outcome of dilation
and erosion using a rectangle of height 1 and width 10 as structuring element where the top
row of Figure 7.8 shows the results for the same computation but with a disk of radius 10
as structuring element. It is clearly visible that dilationblurs the original spectrogram a lot
for both structuring elements. While the top left spectrogram in Figure 7.7 allows to guess
the original arrangement of frequencies, this informationis completely destroyed in the top
left spectrogram of Figure 7.8. The erosion which is depicted for a rectangle and a disk
as structuring element in the top right of Figure 7.7 and Figure 7.8, respectively, we find
out that this operation throws a lot of information away. Similarly to dilation with a disk,
erosion with a disk structuring element degenerates the final result in such a way that it is
practically not useful. In contrast, erosion with a rectangle removes almost every frequency
contribution while preserving the basic structure such that the most important frequencies for
chord recognition are still available, compare Table 7.6.

Generally speaking, using a disk as structuring element is not an optimal choice since a
disk destroys – by virtue of its shape – the frequency distribution in the spectrogram. This fact
is also supported by the quality measure, see Table 7.7.
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Figure 7.7: Morphological operations on the spectrogram of “Baby’s In Black” by The
Beatles with a rectangle of height 1 and width 10 as structuring element.Top left: Dila-
tion. Top right: Erosion.Bottom left: Closing.Bottom right: Opening.

Table 7.6: Morphological operations on the spectrogram of “Baby’s In Black” by The
Beatles with a rectangle of height 1 and width 10 as structuring element. See also Figure
7.7.

Method Precision Recall F-measure
Original 0.475 0.482 0.479
Dilation 0.438 0.445 0.442
Erosion 0.714 0.725 0.720
Closing 0.505 0.512 0.509
Opening 0.722 0.733 0.727
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Figure 7.8: Morphological operations on the spectrogram of “Baby’s In Black” by The
Beatles with a disk of radius 10 as structuring element.Top left: Dilation. Top right:
Erosion.Bottom left: Closing.Bottom right: Opening.

Table 7.7: Morphological operations on the spectrogram of “Baby’s In Black” by The
Beatles with a disk of radius 10 as structuring element. See also Figure 7.8.

Method Precision Recall F-measure
Original 0.475 0.482 0.479
Dilation 0.039 0.040 0.040
Erosion 0.017 0.018 0.017
Closing 0.204 0.207 0.206
Opening 0.067 0.068 0.067
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7.2.2 Opening and Closing

Figure 7.7 shows on the bottom the spectrograms resulting from applying closing and opening
to the spectrogram given in Figure 7.6. Let us recall that a closing operation is a dilation
followed by an erosion and an opening operation is the opposite (first erosion, then dilation).
Please note that viewing the spectrograms in Figure 7.7 column-wise gives in the top row
automatically the intermediate step for the operation depicted in the bottom row.

We investigate the closing in Figure 7.7 first. The blurring introduced by dilation is slightly
removed by the followed erosion resulting in an improvementof the outcome, compare Ta-
ble 7.6. We have seen before that applying erosion performs well for the chord recognition
process since it removes mainly noisy frequency contributions. Applying a dilation to the
erosion step brings some contributions back. This can be seen in the bottom right of Figure
7.7 where the opening on the spectrogram given in Figure 7.6 is shown. The improvement of
the opening over simply performing erosion is also supported by the values precision, recall
and F-measure given in Table 7.6.

As done in the section before, we briefly touch the result computed with the disk struc-
turing element as given in Figure 7.8. In this case we see thatclosing and opening cannot
improve the result very much. In fact, the results in Table 7.7 show that opening and closing
bring enhancements to the results computed by an erosion or dilation, but still do not improve
the final result compared to the original. This circumstanceis due to the situation already
mentioned before, i.e. that the disk shape destroys too muchinformation about the frequency
distribution.

7.2.3 Skeletonization

In the following, we focus on theparabolic skeletonizationalgorithm introduced in Section
6.2 and we refer to it by simply usingskeletonization. Thus, let us first show the application of
parabolic dilation and parabolic erosion on “Baby’s In Black” by The Beatles. The processed
spectrograms are given in Figure 7.9. We immediately noticethat neither the application of
parabolic dilation nor the application of parabolic erosion results in such extreme changes
of the structure in the spectrograms as investigated in Figures 7.7 and 7.8. Both, parabolic
dilation and parabolic erosion, blur the frequencies marginally where a small blow-up can
be noticed for parabolic dilation and a small shrinkage for parabolic erosion while basically
preserving the overall structure of the spectrogram.

MATLAB comes with a built-in skeletonization function (bwmorph) that only works on
binary images. The problem, though, with this approach is tofind a suitable threshold to
compute a binary version of the grayscale image. MATLAB alsoprovides a function for
this task (graythresh ) which computes a global image threshold following the method
proposed by N. Otsu [27]. The binary image can be computed using im2bw (also a MATLAB
function). Furthermore, the result can be slightly enhanced by using the color information of
the original spectrogram at the skeleton points. Figure 7.10 shows the binary image of the
“Baby’s In Black” spectrogram as well as its skeleton computed bybwmorph . The result of
this procedure is a skeleton with thin, sharp edges which is usually disadvantageous. Music
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Figure 7.9: Parabolic morphological operations on the spectrogram of “Baby’s In Black”
by The Beatles.Left: Parabolic dilation withsx = 0.1 andsy = 0.1. Right: Parabolic
erosion withsx = 0.1 andsy = 0.1.

is dependent on things like overtones that are removed by theapplication ofgraythresh .
Due to this fact, the result is – though it might be of good visual quality – not well suited for
chord recognition which can also be seen in Table 7.8.

Figure 7.11 compares the skeleton computed withbwmorph plus additional color in-
formation with the skeletons resulting from the application of the parabolic skeletonization
algorithm with different values forsx andsy. The difference between thebwmorph skeleton
and the parabolic ones is quite obvious: the skeletons computed with parabolic skeletoniza-
tion introduce some blurring while thebwmorph skeleton has thin, sharp edges. As already
mentioned, the parabolic skeletons preserve information necessary for music information re-
trieval. Comparing these skeletons among each other, hardly any difference can be seen. The
skeleton produced withsx = 1 andsy = 0.1 shows a little preference for horizontal structures
where the result usingsx = 0.1 andsy = 1 gives more a vertical preference.

Due to the quality measure, the parabolic skeletonization with sx = 0.1 andsy = 0.1 gives
the best result for this testfile, compare Table 7.8. However, the outcome depends on the input
data. For some files, an improved result forsx = 1 andsy = 0.1 can be seen, but in general,
sx = sy = 0.1 is a reasonable starting point.
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Figure 7.10: Skeletonization of “Baby’s In Black” by The Beatles.Top left: Original
spectrogram.Top right: Binary image of the original spectrogram generated using the
built-in MATLAB function im2bw with an automatically chosen threshold realized by
the built-in functiongraythresh . Bottom left: Skeleton computed with the MATLAB
functionbwmorph using the binary version of the original spectrogram.Bottom right:
Same skeleton with color information of the original spectrogram at skeleton points.

Table 7.8: Comparison of skeletonization algorithms on “Baby’s In Black” by The Beat-
les. The first two skeletonizations correspond to thebwmorph function that is built into
MATLAB. The binary image forbwmorph was generated usingim2bw with an auto-
matically chosen threshold realized bygraythresh . Last three are parabolic skele-
tonizations with a threshold of0.001 for different values forsx andsy.

Method sx sy Precision Recall F-measure
Original – – 0.475 0.482 0.479

MATLAB – – 0.419 0.425 0.422
MATLAB + color – – 0.433 0.440 0.437

Parabolic 0.1 0.1 0.537 0.545 0.541
Parabolic 1 0.1 0.515 0.522 0.519
Parabolic 0.1 1 0.433 0.440 0.437
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Figure 7.11: Different skeletonization approaches on “Baby’s In Black”by The Beat-
les. Top left: Skeleton computed withbwmorph and additional color information.Top
right: Parabolic skeletonization withsx = 0.1, sy = 0.1 and a threshold of0.001. Bot-
tom left: Same, butsx = 1, sy = 0.1. Bottom right: Same, butsx = 0.1, sy = 1.
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7.3 NL-Means

In Sections 5.2 and 6.3, we have seen that various improvements can be made to NL-means to
make the algorithm faster. These improvements also introduce assumptions and modifications
to the originally intended algorithm. We will investigate in this section how these assumptions
and changes influence the outcome of the NL-means algorithm for chord recognition. In our
experiments, we omit the usage of the Gaussian convolution of the Euclidean distance as
shown in equation (5.2). The influence of this modification onthe result is negligible because
the Gaussian convolution only slightly modifies the NL-means filter. In addition, the runtime
of the algorithm is a bit lower. Due to the computational complexity, we do not consider the
basic version where the search space for similar patches is not restricted.

In the following – and also in Chapter 8 – we stick to the termNL-meansif we do not
consider the modifications presented in Section 5.2.2 and tofast NL-meansif the modified
weighting function as given in equation (5.9) is used. For both approaches, NL-means and
fast NL-means, we consider all other improvements such as the locally adaptive weighting
and the modified search and similarity windows.

7.3.1 Improved NL-means

We start with the comparison between NL-means with and without adaptive weighting (see
Section 5.2.3) for different parametersλ.

No directional preference. In this experiment, no directional preference – i.e. a quadratic
similarity window and a quadratic search window – is used. Figure 7.12 shows the spectro-
grams of “Tell Me Why” by The Beatles. In the left column of thefigure, we see the resulting
spectrograms for different values ofλ without adaptive weighting. In the right column, exactly
the same computation was performed but with adaptively changing the values of the distance
weightλ according to equation (5.10). It is clearly visible that thealgorithm blurs structures
more if λ is not chosen adaptively. This coincides with the fact that aglobally chosenλ is
not always preferable, see also [7, 34]. The quality measuregiven in Table 7.9 shows that
for λ = 10 this does not hold for the examined testfile, but in general, an adaptively chosen
distance weightλ gives either the same result or improves it in comparison to the version
without adaptation.

The best result in Figure 7.12 is achieved forλ = 1 in conjunction with adaptive weight-
ing which can also be visually verified. Fine structures likesmall contributions in the top
quarter of the spectrogram are enhanced pretty well compared to the version without adaptive
weighting where detailed structures are unsharp after the application of the algorithm due to
the heavy blurring involved. Moreover, points where no or small contributions can be found
– i.e. the dark parts in the spectrograms – are filled up with contributions the higherλ gets.

Horizontal directional preference. In addition to the previous experiment, we have a look
at how a directional preference – i.e. a rectangular similarity window (compare Section 6.3) –
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Table 7.9: Comparison of choosingλ adaptively or not for NL-means with a21 × 21
search window and a7× 7 similarity window. This table corresponds to Figure 7.12.

λ Adaptive Precision Recall F-measure
Original – 0.213 0.221 0.217

1 no 0.142 0.147 0.145
1 yes 0.256 0.266 0.261
5 no 0.062 0.064 0.063
5 yes 0.071 0.074 0.072
10 no 0.059 0.061 0.060
10 yes 0.049 0.051 0.050

changes the result. We stick to the same experimental setting as in the experiment before, but
change the height of the similarity window to 3, i.e. we use a similarity window of size7× 3.
The spectrograms belonging to this experiment are given in Figure 7.13. Regarding this figure,
the first thing we notice is that horizontal structures dominate. Let us compare Tables 7.9 and
7.10. First, improvements are achieved when using a rectangular window in conjunction with
the usage of adaptive weighting. Second, for the setting where adaptive weighting is not used,
no differences between a7× 7 and a7× 3 similarity window can be found. An exception for
both cases isλ = 1.

The main reason to only restrict the similarity window – i.e.the inpainting window – is
to make the search for similar structures in the spectrogrammore reliable. Let us assume for
the moment a21× 3 search window and a7× 3 similarity window. We shortly give here the
corresponding values for precision, recall and F-measure for λ = 1. For the variant where
λ is not computed adaptively we have(P,R, F ) = (0.130, 0.135, 0.132) and for the variant
with adaptive weighting, we have(P,R, F ) = (0.198, 0.205, 0.201). Comparing these values
with the corresponding ones in Table 7.10, we notice higher values for precision, recall and
F-measure, meaning that the result computed with a21× 21 search window is advantageous.

Table 7.10: Comparison of choosingλ adaptively or not for NL-means with a21 × 21
search window and a7× 3 similarity window. This table corresponds to Figure 7.13.

λ Adaptive Precision Recall F-measure
Original – 0.213 0.221 0.217

1 no 0.151 0.157 0.154
1 yes 0.216 0.224 0.220
5 no 0.062 0.064 0.063
5 yes 0.114 0.119 0.116
10 no 0.059 0.061 0.060
10 yes 0.068 0.071 0.069
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Figure 7.12: Comparison of choosingλ adaptively or not for NL-means using the test-
file “Tell Me Why” by The Beatles (number 12 in Table A.1). All spectrograms were
computed using a21 × 21 search window and a7 × 7 similarity window. Top: Original
spectrogram.Left: λ is not chosen adaptively.Right: λ is chosen adaptively.Middle to
bottom: λ = 1, 5, 10.
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Figure 7.13: Same as in Figure 7.12, but with a21 × 21 search window and a7 × 3
similarity window.
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7.3.2 Fast NL-means

In this paragraph, let us discuss the fast NL-means algorithm (compare Section 5.2.2) with
and without adaptive weighting for differentλ.

No directional preference. We start again with a quadratic window for the search as well
as for the similarity window. Furthermore, we investigate how the two parametersη1 andη2
change the result. These parameters are a crucial thresholdin the fast NL-means algorithm
which can be seen in equation (5.9).

In Figure 7.14, the processing of “Tell Me Why” (number 12 in Table A.1) with fast NL-
means is shown. To compute these spectrograms,η1 = 0.9 andη2 = 1.1 are chosen. Except
for the computation withλ = 1 and adaptive weighting – which enhances the result compared
to the original – all the other parameter settings did not improve the spectrogram at all, see
Table 7.11. It is also clearly visible that in all the spectrograms that did not enhance the
original a lot of blurring is present that does not preserve the fine detailed structures.

Table 7.11:Comparison of choosingλ adaptively or not for fast NL-means with a21×21
search window, a7× 7 similarity window,η1 = 0.9 andη2 = 1.1. This table corresponds
to Figure 7.14.

λ Adaptive Precision Recall F-measure
Original – 0.213 0.221 0.217

1 no 0.179 0.186 0.182
1 yes 0.253 0.263 0.258
5 no 0.142 0.147 0.145
5 yes 0.160 0.167 0.164
10 no 0.142 0.147 0.145
10 yes 0.142 0.147 0.145

Figure 7.15 shows the same experiments by using a21 × 21 search window and a7 × 7
similarity window whereη1 = 0.5 andη2 = 1.5 are used. Intuitively, we know that similar
neighborhoods should have similar gray values. Increasingthe range given in equation (5.4)
means that we are more tolerant when it comes to deviations from the average gray value in
the two windows that are compared. Let us investigate the spectrograms in Figure 7.14 and
the corresponding spectrograms in Figure 7.15. We observe that forη1 = 0.5 andη2 = 1.5
the spectrograms are much more dense (smeared) in comparison to the ones computed with
η1 = 0.9 andη2 = 1.1. This visual observation is also supported by the measurement of
precision, recall and F-measure given in Table 7.11 and 7.12where the result has in general a
higher F-measure forη1 = 0.9 andη2 = 1.1 except forλ = 1 with adaptive weighting where
the version withη1 = 0.5 andη2 = 1.5 gives a slight improvement. Note that choosingη1
andη2 further away from 1 – as in the setting withη1 = 0.5 andη2 = 1.5 – may increase the
quality of the denoised version but can also introduce a higher error since more contributions
are considered to compute the averaged weighting.
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Table 7.12: Comparison of choosingλ adaptively or not for fast NL-means. A21 × 21
search window, a7 × 7 similarity window andη1 = 0.5, η2 = 1.5 is used. This table
corresponds to Figure 7.15.

λ Adaptive Precision Recall F-measure
Original – 0.213 0.221 0.217

1 no 0.173 0.179 0.176
1 yes 0.256 0.266 0.261
5 no 0.117 0.122 0.119
5 yes 0.136 0.141 0.138
10 no 0.108 0.112 0.110
10 yes 0.120 0.125 0.123

Horizontal directional preference. We finally look at the same setting as in the experi-
ments described before but use a rectangular7 × 3 similarity window, see Figures 7.16 and
7.17 with the corresponding Tables 7.13 and 7.14.

For a rectangular window, we observe exactly the opposite incomparison to a quadratic
one. For the combination ofη1 = 0.5 andη2 = 1.5, the results are advantageous in comparison
to the ones computed withη1 = 0.9 andη2 = 1.1. The reason for this issue can be explained
with the following intuition.

So far, we have seen several ingredients that influence the outcome of the NL-means algo-
rithm: the choice ofλ which controls the weighting, the change of the similarity window to
only perform inpainting with a preference for a certain direction and thefastNL-means algo-
rithm that only uses the weighting function under certain circumstances which is dependent
– among other conditions – on the choice ofη1 andη2. Making the interval given in (5.4)
bigger also means to include more pixels in the computation of the weighted averaging since
the algorithm is more tolerant concerning deviations from the average grayvalue of the two
windows that are compared. In some cases, narrowing the interval in (5.4) and using a rectan-
gular similarity window at the same time results in too few information for the inpainting step.
On the other hand, including too much information might alsonot be useful for the denoising
process.

This behavior described above cannot be seen with every testfile. It can also be observed
that for some input data the outcome is enhanced more forη1 = 0.9 andη2 = 1.1. Since
the result in this example does not differ much for the settingsη1 = 0.9, η2 = 1.1 andη1 =
0.5, η2 = 1.5, we stick toη1 = 0.9 andη2 = 1.1.
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Table 7.13:Comparison of choosingλ adaptively or not for fast NL-means withη1 = 0.9
andη2 = 1.1 where a21× 21 search window and a7× 3 similarity window is used. This
table corresponds to Figure 7.16.

λ Adaptive Precision Recall F-measure
Original – 0.213 0.221 0.217

1 no 0.253 0.263 0.258
1 yes 0.235 0.244 0.239
5 no 0.231 0.240 0.236
5 yes 0.238 0.247 0.242
10 no 0.228 0.237 0.233
10 yes 0.235 0.244 0.239

Table 7.14:Comparison of choosingλ adaptively or not for fast NL-means withη1 = 0.5
andη2 = 1.5. Furthermore, a21 × 21 search window and a7 × 3 similarity window is
used. This table corresponds to Figure 7.17.

λ Adaptive Precision Recall F-measure
Original – 0.213 0.221 0.217

1 no 0.238 0.247 0.242
1 yes 0.225 0.234 0.230
5 no 0.247 0.256 0.252
5 yes 0.241 0.250 0.245
10 no 0.247 0.256 0.252
10 yes 0.247 0.256 0.252
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Figure 7.14: Comparison of choosingλ adaptively or not for fast NL-means using the
testfile “Tell Me Why” by The Beatles (number 12 in Table A.1).All spectrograms were
computed using a21 × 21 search window, a7 × 7 similarity window, η1 = 0.9 and
η2 = 1.1. Top: Original spectrogram.Left: λ is not chosen adaptively.Right: λ is
chosen adaptively.Middle to bottom: λ = 1, 5, 10.
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Figure 7.15: Same as in Figure 7.14, but withη1 = 0.5 andη2 = 1.5.
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Figure 7.16: Comparison of choosingλ adaptively or not for fast NL-means using the
testfile “Tell Me Why” by The Beatles (number 12 in Table A.1).All spectrograms were
computed using a21 × 21 search window, a7 × 3 similarity window, η1 = 0.9 and
η2 = 1.1. Top: Original spectrogram.Left: λ is not chosen adaptively.Right: λ is
chosen adaptively.Middle to bottom: λ = 1, 5, 10.
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Figure 7.17: Same as in Figure 7.16, but withη1 = 0.5 andη2 = 1.5.
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7.4 Discussion and Summary

This section concludes the experiments on chord recognition by testing a standard parameter
set for EED, CED, skeletonization, NL-means and fast NL-means on all the testfiles. This is
useful since in real-world examples, a ground truth is generally not available. Thus, having a
reasonable starting point is crucial. Furthermore, standardized parameter settings are impor-
tant for the automated application of the methods. Since theimpact of the different methods
is visually demonstrated in the previous sections, only thetables giving precision, recall and
F-measure are proposed here.

For the computations, the following parameter sets are applied and preference for hori-
zontal structures is always used except for skeletonization.

• EED:
λ = 1, σ = 0.5, τ = 0.25, t = 100.

• CED:
C = 1, σ = 0.5, ρ = 5, α = 0.01, τ = 0.25, t = 1000.

• Skeletonization:
sx = 0.1, sy = 0.1, threshold =0.001.

• NL-means:
21× 21 search window,7× 3 similarity window,λ = 1, with adaptive weighting.

• Fast NL-means:
21 × 21 search window,7 × 3 similarity window, η1 = 0.9, η2 = 1.1, λ = 1, with
adaptive weighting.

Performance comparison across all approaches. In the following, we state the results of
the different methods applied to all testfiles with the use ofprecision, recall and F-measure.
The quality of the algorithmic treatment is given for each file in Tables 7.15 to 7.27.

As a general trend, we note that diffusion processes outperform skeletonization and NL-
means. The testfiles “Helter Skelter” and “Tell Me Why” are the only exceptions to this
finding, compare Tables 7.21 and 7.26, where none of the diffusion processes could beat one
of the other algorithms. On “Cry Baby Cry” and “You Can’t Do That” (see Tables 7.20 and
7.27) at least one of the diffusion processes was superior toall other algorithms. Furthermore,
we find that skeletonization beats both NL-means approacheson several testfiles (numbers 1,
3, 4, 6, 7 and 13). In addition, there exist cases where skeletonization is superior to NL-means,
but not fast NL-means, see Tables 7.16, 7.19, 7.24 and 7.25, and on one of the testfiles, the
application of skeletonization gives a higher F-measure compared to fast NL-means, but not
NL-means (Table 7.22).

Within the class of NL-means, we notice that the fast NL-means algorithm is superior to
the NL-means algorithm in almost every case. This observation supports the theory that too
much information leads to a significant error in the weightedaveraging. The only exception
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is the file “I Am The Walrus”, compare Table 7.22. In general, the fast NL-means algorithm
uses the weighting function in comparison to NL-means less often. For this concrete example
this may result in too few data for the inpainting step since the spectrogram is sparse in the
first half (0 to about 15 seconds). Thus, every time the weighting function is used, it consists
of few contributions from the inpainting neighborhood, i.e. the similarity window.

Runtime considerations. As already stated earlier, the runtime of the algorithms is not
the main concern of this thesis. Nevertheless, let us give for the sake of completeness one
example. Table 7.28 shows the runtime of the different algorithms on the file “Back In The
USSR” (number 5 in Table A.1). Let us mention that NL-means still needs a high runtime
even though the search space is restricted by the use of a quadratic search window.

Combination of different filters. It is also natural to combine different methods. Exem-
plarily, we investigate skeletonization as a preprocessing as well as a postprocessing step to
diffusion on the testfile “Cry Baby Cry”. Since edge-enhancing diffusion and coherence-
enhancing diffusion lead to approximately the same result under similar parameter settings,
we use edge-enhancing diffusion here. For the diffusion process as well as for the skeletoniza-
tion we stick to the parameters proposed earlier.

The spectrograms of this experiment where skeletonizationis applied before and after
edge-enhancing diffusion are given in Figure 7.18 and the corresponding values for precision,
recall and F-measure in Table 7.29.

Let us have a look at the spectrograms on the bottom of Figure 7.18. The visual quality of
both is different. The one on the right is very blurry which isnot the case for the spectrogram
on the left. Only judging the visual quality, we probably would say that the spectrogram on
the left is advantageous compared to the right one. Recalling our observation from Section
7.2.3, we can explain why this is not the case (see also Table 7.29). Skeletonization makes the
edges – i.e. frequency contributions – thinner. This also removes some important information
about the frequency composition that cannot be repaired by applying a diffusion process after-
wards. In contrast, applying the diffusion before skeletonization is desired since the diffusion
process enhances structures that should not be enhanced andskeletonization works as a sort
of correction step for this issue.

Limitations of chord recognition. To conclude the experiments on chord recognition, we
want to mention an interesting point. In every information retrieval task it can happen that
the feature extraction might extract something wrong. In the following example, the feature
extraction is – informally speaking – both right and wrong: right due to the input data (the
spectrogram) and wrong due to acoustical judgement. To illustrate this, we consider “And I
Love Her” by The Beatles (number 3 in Table A.1). Here it is convenient to look additionally
at the chroma-time representation and chord annotation. Figure 7.19 gives both the original
data as well as the processed data. Let us look at the bottom ofthe figure. This plot shows
in a color coding which chords are present at which time. Graystands for the chords that are
annotated, red for the retrieved chords. If both match, the color is white. The numbers on
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the y-axis identify the chords where numbers from 1 to 12 stand for C Major to B Major and
numbers from 13 to 24 for C Minor to B Minor. Let us look at the time frame 0 to 5 seconds on
the bottom right representation in Figure 7.19. The featureextraction detected F♯ Major (chord
number 7) where the annotation tells that it should be F♯ Minor (chord number 19). This is
one of the worst classification errors that can happen. Please note that this misclassification is
not introduced, but slightly enhanced by the diffusion process, see bottom row of Figure 7.19.
The question is why chord recognition severely fails here.

To answer this, we have to introduce a little bit of music theory. The chord F♯ Major
consists of the notes F♯, A♯ and C♯ where F♯ Minor consists of the notes F♯, A and C♯. The only
difference is the note in the middle. This must mean that the feature extraction detected an A♯

instead of A. And in fact, if we have a look at the chroma-time representation of the processed
data (middle right in Figure 7.19) at the point in time where the note F♯ is almost represented
in white, we notice that the note A♯ has a brighter color than A meaning that it is more intense
at this point in time. After listening to the testfile, the answer why chord recognition fails
on this file is obvious: at exactly this point, the percussiveelements start. The percussion
contributes to the frequencies corresponding to A♯ which makes it more intense than A. Thus,
the feature extraction doesn’t recognize the note A as important as the note A♯ meaning that
we do not end up with the notes F♯, A, C♯ as the most important notes at this time but with F♯,
A♯, C♯. Thus, the chord recognition algorithm concludes that the chord F♯ Major instead of F♯

Minor is played.

Final remark. As we have seen, image processing methods are able to significantly enhance
the spectrograms that were considered in this chapter and thus can contribute fruitfully to the
success of chord recognition.
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Table 7.15: Comparison of EED, CED, skeletonization, NL-means and fastNL-means
for “All My Loving” by The Beatles (file number 1 in Table A.1).

Method Precision Recall F-measure
Original 0.413 0.426 0.419

EED 0.557 0.574 0.566
CED 0.469 0.483 0.476

Skeletonization 0.413 0.426 0.419
NL-means 0.402 0.414 0.408

Fast NL-means 0.402 0.414 0.408

Table 7.16: Comparison of EED, CED, skeletonization, NL-means and fastNL-means
for “All You Need Is Love” by The Beatles (file number 2 in TableA.1).

Method Precision Recall F-measure
Original 0.412 0.416 0.414

EED 0.902 0.910 0.906
CED 0.569 0.575 0.572

Skeletonization 0.446 0.450 0.448
NL-means 0.308 0.311 0.309

Fast NL-means 0.468 0.472 0.470
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Table 7.17: Comparison of EED, CED, skeletonization, NL-means and fastNL-means
for “And I Love Her” by The Beatles (file number 3 in Table A.1).

Method Precision Recall F-measure
Original 0.461 0.484 0.472

EED 0.594 0.623 0.609
CED 0.480 0.503 0.491

Skeletonization 0.458 0.481 0.469
NL-means 0.421 0.442 0.431

Fast NL-means 0.424 0.445 0.434

Table 7.18: Comparison of EED, CED, skeletonization, NL-means and fastNL-means
for “Baby’s In Black” by The Beatles (file number 4 in Table A.1).

Method Precision Recall F-measure
Original 0.475 0.482 0.479

EED 0.695 0.705 0.700
CED 0.562 0.570 0.566

Skeletonization 0.537 0.545 0.541
NL-means 0.389 0.395 0.392

Fast NL-means 0.456 0.463 0.459

Table 7.19: Comparison of EED, CED, skeletonization, NL-means and fastNL-means
for “Back In The USSR” by The Beatles (file number 5 in Table A.1).

Method Precision Recall F-measure
Original 0.491 0.495 0.493

EED 0.613 0.619 0.616
CED 0.564 0.570 0.567

Skeletonization 0.500 0.505 0.502
NL-means 0.402 0.406 0.404

Fast NL-means 0.525 0.529 0.527
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Table 7.20: Comparison of EED, CED, skeletonization, NL-means and fastNL-means
for “Cry Baby Cry” by The Beatles (file number 6 in Table A.1).

Method Precision Recall F-measure
Original 0.335 0.335 0.335

EED 0.480 0.480 0.480
CED 0.369 0.369 0.369

Skeletonization 0.394 0.394 0.394
NL-means 0.305 0.305 0.305

Fast NL-means 0.351 0.351 0.351

Table 7.21: Comparison of EED, CED, skeletonization, NL-means and fastNL-means
for “Helter Skelter” by The Beatles (file number 7 in Table A.1).

Method Precision Recall F-measure
Original 0.141 0.142 0.142

EED 0.144 0.145 0.145
CED 0.154 0.155 0.154

Skeletonization 0.232 0.233 0.233
NL-means 0.110 0.110 0.110

Fast NL-means 0.179 0.180 0.179

Table 7.22: Comparison of EED, CED, skeletonization, NL-means and fastNL-means
for “I Am The Walrus” by The Beatles (file number 8 in Table A.1).

Method Precision Recall F-measure
Original 0.456 0.464 0.460

EED 0.562 0.573 0.567
CED 0.520 0.529 0.525

Skeletonization 0.483 0.492 0.488
NL-means 0.502 0.511 0.506

Fast NL-means 0.480 0.489 0.485

61



CHAPTER 7. EXPERIMENTS IN CHORD RECOGNITION

Table 7.23: Comparison of EED, CED, skeletonization, NL-means and fastNL-means
for “I’m Only Sleeping” by The Beatles (file number 9 in Table A.1).

Method Precision Recall F-measure
Original 0.352 0.357 0.354

EED 0.344 0.349 0.346
CED 0.386 0.391 0.389

Skeletonization 0.315 0.319 0.317
NL-means 0.323 0.327 0.325

Fast NL-means 0.333 0.338 0.336

Table 7.24: Comparison of EED, CED, skeletonization, NL-means and fastNL-means
for “Let It Be” by The Beatles (file number 10 in Table A.1).

Method Precision Recall F-measure
Original 0.496 0.496 0.496

EED 0.585 0.585 0.585
CED 0.606 0.606 0.606

Skeletonization 0.504 0.504 0.504
NL-means 0.430 0.430 0.430

Fast NL-means 0.532 0.532 0.532

Table 7.25: Comparison of EED, CED, skeletonization, NL-means and fastNL-means
for “Savoy Truffle” by The Beatles (file number 11 in Table A.1).

Method Precision Recall F-measure
Original 0.185 0.195 0.190

EED 0.370 0.390 0.380
CED 0.247 0.260 0.253

Skeletonization 0.222 0.234 0.228
NL-means 0.198 0.208 0.203

Fast NL-means 0.244 0.256 0.250
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Table 7.26: Comparison of EED, CED, skeletonization, NL-means and fastNL-means
for “Tell Me Why” by The Beatles (file number 12 in Table A.1).

Method Precision Recall F-measure
Original 0.213 0.221 0.217

EED 0.142 0.147 0.145
CED 0.204 0.212 0.208

Skeletonization 0.207 0.215 0.211
NL-means 0.216 0.224 0.220

Fast NL-means 0.235 0.244 0.239

Table 7.27: Comparison of EED, CED, skeletonization, NL-means and fastNL-means
for “You Can’t Do That” by The Beatles (file number 13 in Table A.1).

Method Precision Recall F-measure
Original 0.207 0.211 0.209

EED 0.247 0.252 0.249
CED 0.262 0.267 0.265

Skeletonization 0.253 0.258 0.255
NL-means 0.148 0.151 0.150

Fast NL-means 0.210 0.214 0.212

Table 7.28:Comparison of algorithm runtime for “Back In The USSR” by TheBeatles.

Method Runtime [s]
EED 1.734504
CED 49.354818

Skeletonization 75.949182
NL-means 4757.615534

Fast NL-means 270.311324

Table 7.29: Skeletonization as preprocessing or postprocessing step for diffusion. This
table gives the corresponding values for precision, recalland F-measure for the spectro-
grams given in Figure 7.18.

Application chain Precision Recall F-measure
Original 0.335 0.335 0.335

EED→ Skeletonization 0.486 0.486 0.486
Skeletonization→ EED 0.572 0.572 0.572
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Figure 7.18: Skeletonization as preprocessing or postprocessing step for diffusion.Top:
Original spectrogram of “Cry Baby Cry” by The Beatles (number 6 in Table A.1).Bottom
left: Application of a diffusion process followed by a skeletonization. Bottom right:
Application of a skeletonization followed by a diffusion process.
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Figure 7.19: Example where chord recognition is fooled by percussion.Top left: Origi-
nal spectrogram of “And I Love Her” by The Beatles (number 3 inTable A.1).Top right:
Edge-enhancing diffusion withλ = 1, σ = 0.5, τ = 0.25, t = 80 and directional pref-
erence for horizontal structures.Middle left: Chroma-time representation of the original
spectrogram.Middle right: Corresponding chroma-time representation of the modified
spectrogram.Bottom left: Representation of the original data that shows the chords that
are annotated and the chords that are retrieved in one image.Numbers from 1 to 12 rep-
resent the chords from C Major to B Major and from 13 to 24 the chords C Minor to B
Minor. Gray color denotes annotated chords, red color retrieved chords. If both match,
the color turns white.Bottom right: Same representation of the processed data.
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Chapter 8

Experiments in Onset Detection

Being able to quit things that don’t work is integral to beinga winner.
— Tim Ferriss

This chapter describes experiments for the task of onset detection where we are interested in
vertical structures. The same experimental setup as described in Chapter 7 is used. Again, the
quality of the experimental results is judged by using the concepts introduced in Section 2.3.

As already mentioned in Section 2.2, onset detection is not an easy task. While it seems
well-defined at first glance, it is difficult to locate the starting point of a musical note.

For the following experiments, we use the testfiles listed inTable A.2. The testfiles 1
to 8 are excerpts manually annotated by Peter Grosche and Meinard Müller (see [16]). The
testfiles 9 to 23 are taken from [4], except for 10, 21 and 22 that are not publicly available, see
also [22].

8.1 Diffusion

This section deals with diffusion processes that are performed on the spectrograms for the
task of onset detection. Since we are interested in verticalstructures, we first compare the
results of diffusion processes with and without a directional preference for a fixed number
of iteration steps. In a second experiment, we investigate the behavior of the algorithm for
different numbers of iterations wheredβ is set to 1 anddα is set to 0 which means that we
prefer vertical structures.

8.1.1 Edge-Enhancing Diffusion

Vertical vs. no directional preference. We start by investigating edge-enhancing diffusion
on the onset detection problem for the same number of iterations but once with and once
without preference for vertical directions. Figure 8.1 depicts the spectrograms of the “Happy
Birthday” testfile performed by a choir accompanied by a piano. The spectrogram after ap-
plying EED without directional preference is shown on the bottom left where the result of
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applying EED with vertical preference is given on the bottomright. The spectrogram on the
bottom left shows that diffusion happened also in horizontal direction resulting in the fact that
onsets cannot be clearly spotted. Comparing the values for the F-measure in Table 8.1, we ob-
serve that the diffusion process without vertical preference slightly enhances the result where
the process that diffuses only in vertical direction improves the quality of the computation
even further. The investigation of the spectrogram on the bottom right in Figure 8.1 supports
this since the structures are sharp and only enhanced in vertical direction. The results given
in Table 8.1 coincide with the intuition that a diffusion performed equally in every direction,
i.e. a blurring also in the time domain, does not give optimalresults with respect to the onset
detection problem.

In this context, we also want to recall an important aspect concerning the result given by
the quality measure. The diffusion process without a directional preference gives a higher
precision than the diffusion process with a directional preference but this comes at the cost of
a decrease in recall. The result for the process with (only) vertical diffusion improves not just
the precision but also the recall with respect to the original data. This example shows that we
always have to consider the quantities precision and recalltogether, compare Section 2.3.

Figure 8.1: Spectrograms of “Happy Birthday” (number 4 in Table A.2).Top: Original
spectrogram.Bottom left: Spectrogram after diffusion with EED andλ = 1, σ = 0.5,
τ = 0.25, t = 20 where no direction is preferred.Bottom right: Spectrogram after
diffusion with the same setting, but directional preference for vertical diffusion.

68



8.1. DIFFUSION

Table 8.1: Comparison of precision, recall and F-measure for EED with and without
directional preference. Edge-enhancing diffusion was performed withλ = 1, σ = 0.5,
τ = 0.25 andt = 20. The values correspond to the processing depicted in Figure8.1.

Setting Precision Recall F-Measure
Original 0.383 0.692 0.493

No preference 0.571 0.462 0.511
Vertical preference 0.455 0.769 0.571

Increasing the number of iterations. As we have seen in Table 8.1, diffusion with verti-
cal preference gives improved results in comparison to unbiased anisotropic diffusion. We
proceed by fixing the diffusion preference to vertical direction and investigate how increasing
the number of iterations influences the result. Figure 8.2 shows again the “Happy Birthday”
testfile. The spectrograms are processed by edge-enhancingdiffusion with different numbers
of iterations. The F-measure given in Table 8.2 suggests that the result for 100 iterations is
an outlier and the more iterations we perform the more the final result is enhanced. Consid-
ering all the quantities of the quality measures, we see thatthe high precision and the high
F-measure for 200 iterations comes with a low recall which isnot desired. For 20 iterations
we observe an improved result since we have an increase in precision as well as in recall in
comparison to the original data.

Table 8.2: Comparison of precision, recall and F-measure for EED with different num-
bers of iterations and directional preference for verticalstructures whereλ = 1, σ = 0.5
andτ = 0.25. The values correspond to the processing depicted in Figure8.2.

Iterations Precision Recall F-Measure
0 0.383 0.692 0.493
20 0.455 0.769 0.571
100 0.442 0.731 0.551
200 0.487 0.731 0.585

8.1.2 Coherence-Enhancing Diffusion

Vertical vs. no directional preference. In the context of coherence-enhancing diffusion,
we begin again by investigating the impact of diffusion onlyin vertical direction in com-
parison to unbiased anisotropic diffusion. Figure 8.3 shows the spectrograms of the testfile
“guitar3” after processing the original spectrogram with coherence-enhancing diffusion with
and without directional preference. In general, we have to note that the spectrogram of this
testfile is very dense. Thus, investigating the resulting spectrograms carefully is necessary to
spot the direction of the diffusion process. Nevertheless,having a look at the frequency con-
tributions (in yellow color) slightly below 5000, we see that they are also blurred in horizontal
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Figure 8.2: Spectrograms of “Happy Birthday” (number 4 in Table A.2). All diffusion
processes are performed with a preference for vertical structures. Top left: Original
spectrogram.Top right: Spectrogram after diffusion with EED andλ = 1, σ = 0.5,
τ = 0.25 andt = 20. Bottom left: t = 100. Bottom right: t = 200.

direction in the spectrogram on the bottom left where these contributions are not horizontally
extended in the version on the bottom right. Alternatively,we can investigate the frequencies
that are above 6000. In the original spectrogram there are thin vertical structures. These are
not only preserved but also enhanced by the diffusion algorithm with preference in vertical
direction where these structures are blurred away for the diffusion process that performs un-
biased anisotropic diffusion, compare the spectrograms onthe bottom right and bottom left
in Figure 8.3, respectively. Table 8.3 also shows that the setting with vertical preference is
superior to the setting without directional preference.

Increasing the number of iterations. We proceed by investigating how an increase in the
number of iterations influences the result of the coherence-enhancing diffusion where we fix
the process to only diffuse in vertical direction, see Figure 8.4. As already mentioned before,
the spectrogram of the “guitar3” testfile is very dense. Performing a large number of iterations
introduces an even higher density which does not enhance theoverall quality of the resulting
spectrogram, see Table 8.4. For 500 or 1000 iterations, the recall is lower than without any
processing which shows that the task of onset detection is more difficult for these spectro-
grams. In contrast, we notice that for 100 iterations, the result is slightly improved. In this
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Figure 8.3: Spectrograms of “guitar3” (number 15 in Table A.2).Top: Original spectro-
gram. Bottom left: Spectrogram after diffusion with CED andC = 1, σ = 0.5, ρ = 5,
α = 0.1, τ = 0.25, t = 100 where no direction is preferred.Bottom right: Spectrogram
after diffusion with the same setting, but directional preference for vertical diffusion.

case, information about the structure is still preserved where for 500 or 1000 iterations, this
information is blurred completely, compare e.g. the bottomof the corresponding spectrograms
(in bright yellow).
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Table 8.3: Comparison of precision, recall and F-measure for CED with and without
directional preference whereC = 1, σ = 0.5, ρ = 5, α = 0.1, τ = 0.25 andt = 100. The
values correspond to the processing depicted in Figure 8.3.

Setting Precision Recall F-Measure
Original 1.000 0.828 0.906

No preference 1.000 0.034 0.067
Vertical preference 1.000 0.845 0.916

Table 8.4: Comparison of precision, recall and F-measure for CED (C = 1, σ = 0.5,
ρ = 5,α = 0.1 andτ = 0.25) with vertical preference and different numbers of iterations.
The values correspond to the processing depicted in Figure 8.4.

Iterations Precision Recall F-Measure
0 1.000 0.828 0.906

100 1.000 0.845 0.916
500 1.000 0.810 0.895
1000 1.000 0.810 0.895
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Figure 8.4: Spectrograms of “guitar3” (number 15 in Table A.2). All diffusion processes
are performed with a preference for vertical structures.Top left: Original spectrogram.
Top right: Spectrogram after diffusion with CED andC = 1, σ = 0.5, ρ = 5, α = 0.1,
τ = 0.25, t = 100. Bottom left: t = 500. Bottom right: t = 1000.
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8.1.3 Comparison of EED and CED

We have seen in the previous sections that edge-enhancing diffusion and coherence-enhancing
diffusion behave similarly for onset detection: first, a process with directional preference is
superior to a process without directional preference and second, the more a process diffuses,
the worse gets the result. Like we did in Chapter 7, we compareEED and CED head to head
while using similar parameter settings. Please remember thatα in the CED algorithm is sort
of a damping of the diffusion process. To allow a similar behavior of both diffusion algorithms
for the same number of iterations, we have to setα = 1 for coherence-enhancing diffusion.

The original spectrogram of the testfile Op. 100 No. 2 by Friedrich Burgmüller is given
on the top of Figure 8.5. Below this, the spectrograms of the data processed with edge-
enhancing diffusion and coherence-enhancing diffusion are given side by side. In the middle
row, we compare EED and CED where no directional preference is used. Visually, the two
results look very similar, but – according to the quality measure given in Table 8.5 – the
spectrogram computed by the application of EED beats the onecomputed with CED. Please
note that both diffusion algorithms without directional preference worsen the result compared
to the original, unprocessed data which coincides with previous findings. The results of the
diffusion processes with directional preference for vertical structures is given on the bottom
of Figure 8.5. Again, the visual judgement reveals no differences between the spectrogram on
the bottom left and the one on the bottom right. In this case, also the quality measure given in
Table 8.5 shows that the two algorithms perform similarly.

But why do the two diffusion processes act in a similar fashion? To answer this, we refer
to Section 7.1.3. The explanation already given there for chord recognition also holds for
onset detection.

Table 8.5: Comparison between EED withλ = 1, σ = 0.5, τ = 0.25, t = 50 and CED
usingC = 1, σ = 0.5, ρ = 5, α = 1, τ = 0.25, t = 50. The table corresponds to Figure
8.5.

Method Preference Precision Recall F-Measure
Original – 0.979 0.676 0.800

EED no 0.941 0.235 0.376
CED no 0.800 0.176 0.289
EED yes 1.000 0.691 0.817
CED yes 1.000 0.691 0.817
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Figure 8.5: Comparison between EED and CED on the testfile Op. 100, No. 2 by
Friedrich Burgmüller (number 1 in Table A.2).Top: Original spectrogram.Middle left:
Edge-enhancing diffusion withλ = 1, σ = 0.5, τ = 0.25, t = 50 and no preference for
vertical diffusion.Bottom left: Same setting with preference for vertical diffusion.Mid-
dle right: Coherence-enhancing diffusion withC = 1, σ = 0.5, ρ = 5, α = 1, τ = 0.25,
t = 50 and no preference for vertical diffusion.Bottom right: Same parameters, but
directional preference for vertical diffusion turned on.
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8.2 Morphology

Similarly to Section 7.2, we start by investigating the basic building blocks of mathematical
morphology, i.e. dilation, erosion, closing and opening, with a rectangle as (flat) structuring
element before proceeding with a parabola (which is a nonflatstructuring element) used in
parabolic dilation, parabolic erosion and parabolic skeletonization. All methods are performed
on the spectrogram of “rock1” given in Figure 8.6.

Please note that we omit the usage of a disk since we have already seen in Section 7.2 that
a (flat) disk is not well suited for the processing of spectrograms.

Figure 8.6: Spectrogram of “rock1” testfile (number 20 in Table A.2).

8.2.1 Dilation and Erosion

In the top row of Figure 8.7, the results of a dilation (top left) and an erosion (top right) with a
rectangle of height 10 and width 1 are depicted. We notice that the dilation process introduces
a high amount of blurring in vertical direction in comparison to the original spectrogram, see
also Table 8.6. The problem is that such an enhancement mightalso give a higher impact to
contributions that are no real onsets (e.g. noise). In contrast, erosion with the same structuring
element reduces small contributions such that in general only strong contributions survive.
For onset detection this is advantageous, since only “true”onsets may be present. On the
other hand, actual onsets with a low contribution in the spectrogram may be eroded away.
Considering Table 8.6, the application of erosion improvesthe result more than the dilation
operation. The precision measure is slightly lower when erosion is applied, but the recall
measure is significantly higher which leads to a result with improved overall quality. Please
also note that the recall for erosion is not only higher in comparison to dilation but also to the
original data.
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Figure 8.7: Morphological operations on the spectrogram of “rock1” with a rectangle of
height 10 and width 1 as structuring element.Top left: Dilation. Top right: Erosion.
Bottom left: Closing.Bottom right: Opening.

Table 8.6: Morphological operations on the spectrogram of “rock1” with a rectangle of
height 10 and width 1 as structuring element. See also Figure8.7.

Method Precision Recall F-measure
Original 1.000 0.758 0.862
Dilation 1.000 0.710 0.830
Erosion 0.962 0.806 0.877
Closing 0.977 0.694 0.811
Opening 0.940 0.758 0.839
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8.2.2 Opening and Closing

In this section, we are concerned with the operations opening and closing. The closing op-
eration on the testfile “rock1” is depicted in Figure 8.7 on the bottom left and the opening
operation on the bottom right. Please note that the results on the bottom can be achieved by
the application of the opposite morphological operation onthe spectrograms in the top row. In
other words, the spectrogram on the bottom left of Figure 8.7can be computed by applying an
erosion operation with the same structuring element on the spectrogram depicted on the top
left (showing a dilation). Consequently, the spectrogram on the bottom right can be computed
by applying a dilation to the spectrogram on the top right.

Let us look at the closing in Figure 8.7 first. The blurring introduced by the dilation (see
top left spectrogram) is reduced. Nevertheless, the dilation operation already introduced a
high amount of blurring which cannot be compensated by the followed erosion. The opening
operation is depicted in Figure 8.7 on the bottom right. Herewe find that contributions that are
almost eroded away (compare top right spectrogram) are restored by the dilation step. This
also re-introduces noisy structures that were reduced by the previous erosion operation.

In Chapter 7 we have seen that the result of dilation was enhanced by applying erosion
afterwards and erosion was enhanced by the successive application of dilation. In other words,
the closing operation gave enhancements compared to pure dilation and the opening operation
improved the overall result compared to pure erosion. For the task of onset detection, this does
not seem to hold. The closing operation worsens the result incomparison to the dilation and
the opening in comparison to the erosion, see Table 8.6.

Please also note that only erosion was able to enhance the overall quality of the testfile.

8.2.3 Skeletonization

As we did in Section 7.2.3, we start by briefly looking at parabolic dilation and parabolic ero-
sion before proceeding to parabolic skeletonization. In addition, we compare the parabolic
skeletonization approach as introduced in 6.2 with the binary skeletonization available in
MATLAB.

Figure 8.8 shows parabolic dilation and parabolic erosion of “rock1”. In case of dense
spectrograms like in this example, parabolic dilation blurs even more than dilation with a
rectangle as structuring element. With parabolic erosion,we observe the opposite. Parabolic
erosion performs – in comparison to erosion with a rectangleas structuring element – stronger
thinning of the vertical structures.

As already mentioned, MATLAB provides a skeletonization function (bwmorph) which
only works on binary images. Thus, the first step is to convertthe grayscale image to a
binary version. We use again the functiongraythresh to compute a threshold forim2bw
which converts an image to a binary version of it. Details canalso be found in Section 7.2.3.
Figure 8.9 shows the original spectrogram and its binary version as well as the skeletonization
computed out of the binary version of the original spectrogram. If we take a look at the
spectrograms on the bottom, we see that the skeleton consists of a lot of thin, crisscross lines.
This makes it difficult to clearly determine onsets.
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Figure 8.8: Parabolic morphological operations on the spectrogram of “rock1”. Left:
Parabolic dilation withsx = 0.1 andsy = 0.1. Right: Parabolic erosion withsx = 0.1
andsy = 0.1.

Table 8.7: Comparison of skeletonization algorithms on “rock1”. The first two skele-
tonizations correspond to thebwmorph function that is built into MATLAB. The binary
image forbwmorph was generated usingim2bw with an automatically chosen threshold
realized bygraythresh . Last three are parabolic skeletonizations with a threshold of
0.01 for different values forsx andsy.

Method sx sy Precision Recall F-measure
Original – – 1.000 0.758 0.862

MATLAB – – 0.525 0.339 0.412
MATLAB + color – – 0.595 0.355 0.444

Parabolic 0.1 0.1 0.939 0.742 0.829
Parabolic 1 0.1 0.935 0.694 0.796
Parabolic 0.1 1 0.918 0.726 0.811

Figure 8.10 compares binary skeletonization as implemented in MATLAB with the parabolic
skeletonization proposed in Section 6.2. We notice immediately that both approaches are very
different in their outcome. Parabolic skeletonization keeps the overall structure intact while
thinning it at the same time where the skeletonization implemented in MATLAB gives very
thin lines that are not related to the original structure in any way. Like for chord recogni-
tion, the differences between the versions wheresx = sy = 0.1, sx = 1, sy = 0.1 and
sx = 0.1, sy = 1 are very small. Looking carefully, we can see a blurring in horizontal di-
rection for the spectrogram on the bottom left and an enhancement of vertical structures for
the spectrogram on the bottom right. It seems that less blurring is involved forsx = sy = 0.1
leading to the conclusion that this version – at least by judging visually – is the best out of the
three parabolic skeletonization examples. Table 8.7 supports this impression.
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Figure 8.9: Skeletonization of “rock1”. Top left: Original spectrogram.Top right:
Binary image of the original spectrogram generated using the built-in MATLAB func-
tion im2bw with an automatically chosen threshold realized by the built-in function
graythresh . Bottom left: Skeleton computed with the MATLAB functionbwmorph
for skeletonization using the binary version of the original spectrogram.Bottom right:
Same skeleton with color information of the original spectrogram at skeleton points.
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Figure 8.10: Different skeletonization approaches on “rock1”.Top left: Skeleton com-
puted withbwmorph and additional color information.Top right: Parabolic skeletoniza-
tion with sx = 0.1, sy = 0.1 and a threshold of0.01. Bottom left: Same, butsx = 1,
sy = 0.1. Bottom right: Same, butsx = 0.1, sy = 1.

81



CHAPTER 8. EXPERIMENTS IN ONSET DETECTION

8.3 NL-Means

As we have seen in Section 7.3, the modifications introduced in Sections 5.2 and 6.3 introduce
assumptions that influence the outcome of the NL-means algorithm. Please remember that we
stick to the termNL-meansto refer to an algorithm incorporating improvements from 5.2 and
6.3 but not the modified weighting function from (5.9), whereasfast NL-meansstands for the
algorithm that additionally uses this modified weighting function.

In the case of NL-means and chord recognition, we had to be careful choosing what we are
inpainting. As a consequence, we had to make the search window and the similarity window
large enough to ensure this. Please note that NL-means has a high memory consumption,
especially for large window sizes. This might lead to the exhaustion of system capacities very
quickly. Experiments for onset detection with the same window sizes as for chord recognition
have led to a poorer outcome. Let us show the difference on twoexamples. NL-means with a
21 × 21 search window, a similarity window of size3 × 21, λ = 1 and nonadaptive distance
weighting as well as fast NL-means withη1 = 0.5 andη2 = 1.5 were used where all other
parameters remained untouched. NL-means gives on Op. 100 No. 2 by Friedrich Burgmüller
(P,R, F ) = (1.000, 0.632, 0.775) for precision, recall and F-measure where fast NL-means
gives (P,R, F ) = (1.000, 0.647, 0.786). For the testfile “classic3”, NL-means ends with
(P,R, F ) = (0.438, 0.583, 0.500) and fast NL-means with(P,R, F ) = (0.526, 0.833, 0.645).
Comparing those results with the corresponding ones in Tables 8.14 and 8.25, respectively,
we notice that a larger window size is not suitable for this task. As a consequence, we stick to
a smaller search window of size11× 11 and a smaller similarity window (11× 11 or 3× 11,
respectively). As a side effect, the smaller window sizes save some system resources.

8.3.1 Improved NL-means

We start with the comparison between NL-means with and without adaptive weighting (see
Section 5.2.3) for different parametersλ.

No directional preference. Figure 8.11 shows on the left the output spectrograms of NL-
means without adaptive weighting and on the right the spectrograms that are computed with an
adaptively chosen distance weightλ. First of all we may see that the spectrograms where NL-
means was applied without adaptively chosenλ are a little more blurred than the spectrograms
where NL-means with adaptive weighting was used. However, the changes between the left
spectrogram and its corresponding version on the right are minimal. As a general trend we
observe that the higherλ is chosen, the more blurring is involved in the spectrogramsleading
to poorer results with the increase ofλ. Table 8.8 verifies these observations. Furthermore,
the table shows that forλ = 5 andλ = 10, a larger difference between the version without
and with adaptive weighting is present. Let us exemplarily study the two spectrograms for
λ = 5. More precisely, we have a look at the “vertical peak” at approximately 7.5 seconds.
Especially at the frequencies around 3500 to 4000 we may see that NL-means without an
adaptive distance weightλ blurs very much in contrast to the version with adaptive weighting
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Table 8.8: Comparison of choosingλ adaptively or not for NL-means. A11× 11 search
window and a11× 11 similarity window is used. This table corresponds to Figure8.11.

λ Adaptive Precision Recall F-measure
Original – 0.917 0.805 0.857

1 no 0.971 0.829 0.895
1 yes 0.917 0.805 0.857
5 no 1.042 0.610 0.769
5 yes 1.037 0.683 0.824
10 no 0.520 0.317 0.394
10 yes 0.591 0.317 0.413

that preserves the vertical structure quite well. Similar investigations can be made e.g. at
approximately 10.5 seconds for the frequencies around 2500to 3000.

Except forλ = 1 without adaptive weighting, the result of NL-means is not enhanced in
comparison to the original data.

Vertical directional preference. Let us proceed by exploring whether it helps to use a rect-
angular similarity window instead of a quadratic one. In Figure 8.12 we have again the spec-
trograms of “guitar2”, but we use now a similarity window of size3× 11 instead of11× 11.
On the left side, the spectrograms for ascendingλ and nonadaptive weighting are shown from
top to bottom where on the right side the spectrograms for thesame values ofλ but with
adaptive weighting are depicted. Visually, hardly any differences can be spotted comparing
the spectrograms on the left and on the right, but the F-measure values in Table 8.9 give a
significant change between nonadaptive and adaptive weighting for λ = 5 andλ = 10.

Please note that in Section 7.3 we have given a reason that a rectangular search window
is not well suited which is also true for this task. Of course,it might be that the usage of a
rectangular search window improves the outcome of the algorithm, but this highly depends on
the testfile that is considered.

Table 8.9: Comparison of choosingλ adaptively or not for NL-means. A11× 11 search
window and a3× 11 similarity window is used. This table corresponds to Figure8.12.

λ Adaptive Precision Recall F-measure
Original – 0.917 0.805 0.857

1 no 1.032 0.780 0.889
1 yes 0.970 0.780 0.865
5 no 0.963 0.634 0.765
5 yes 1.036 0.707 0.841
10 no 0.588 0.488 0.533
10 yes 0.767 0.561 0.648
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Figure 8.11: Comparison of choosingλ adaptively or not for NL-means using the testfile
“guitar2” (number 14 in Table A.2). All spectrograms were computed using a11 × 11
search window and a11 × 11 similarity window. Top: Original spectrogram.Left: λ is
not chosen adaptively.Right: λ is chosen adaptively.Middle to bottom: λ = 1, 5, 10.
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Figure 8.12: Same as in Figure 8.11, but with a11 × 11 search window and a3 × 11
similarity window.
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8.3.2 Fast NL-means

We now turn our attention to the fast NL-means algorithm thatuses the modified weighting
function as given in equation (5.9). In this context, we compare again the results for fast NL-
means with and without directional preference for the similarity window. In addition to that,
we use two different parameter sets forη1 andη2 where the first one isη1 = 0.9, η2 = 1.1 and
the second one isη1 = 0.5, η2 = 1.5.

No directional preference. Let us start with a search window of size11×11 and an equally
sized similarity window. Figure 8.13 compares the impact ofusing the adaptive weighting
function for different values ofλ. Furthermore,η1 = 0.9 andη2 = 1.1 were used for this
example. The results of the same setting but withη1 = 0.5 and η2 = 1.5 can be found
in Figure 8.14. Since visually these figures do not differ significantly, let us focus on the
results given by the quality measure. These results can be found in Table 8.10 and Table 8.11,
respectively.

First of all, we note that the outcome of the fast NL-means algorithm without and with
adaptive weighting slightly differs. Furthermore, both parameter sets forη1 andη2 give the
same trend concerning the increase ofλ, i.e. the higherλ is chosen the worse is the result.
This fact can be seen on the bottom row of Figures 8.13 and 8.14where the spectrograms are
blurred very much. Another regularity seems to be that the version with adaptive weighting is
superior in comparison to the version without adaptive weighting for higherλ.

Table 8.10: Comparison of choosingλ adaptively or not for fast NL-means with a11 ×
11 search window, a11 × 11 similarity window, η1 = 0.9 and η2 = 1.1. This table
corresponds to Figure 8.13.

λ Adaptive Precision Recall F-measure
Original – 0.917 0.805 0.857

1 no 0.943 0.805 0.868
1 yes 0.919 0.829 0.872
5 no 1.000 0.659 0.794
5 yes 0.966 0.683 0.800
10 no 0.625 0.488 0.548
10 yes 0.767 0.561 0.648

Vertical directional preference. We now turn to the case that the similarity window has a
rectangular shape, i.e.3× 11.

Figure 8.15 contains the spectrograms computed by the application of the fast NL-means
algorithm usingη1 = 0.9 andη2 = 1.1. Figure 8.16 gives the results for fast NL-means with
η1 = 0.5 andη2 = 1.5. The first thing we notice in both figures is that hardly any blurring is
involved in the result. Nevertheless, with a higherλ also the blurring increases.
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Table 8.11: Comparison of choosingλ adaptively or not for fast NL-means. A11 × 11
search window, a11 × 11 similarity window andη1 = 0.5, η2 = 1.5 is used. This table
corresponds to Figure 8.14.

λ Adaptive Precision Recall F-measure
Original – 0.917 0.805 0.857

1 no 0.944 0.829 0.883
1 yes 0.919 0.829 0.872
5 no 1.000 0.659 0.794
5 yes 1.000 0.683 0.812
10 no 0.429 0.293 0.348
10 yes 0.483 0.341 0.400

Let us assume thatη1 = 0.9 andη2 = 1.1 are chosen. In Table 8.12, we see thatλ = 5
without adaptive weighting gives the highest F-measure. This outcome is not expected, since
the computation withλ = 1 results in less blurring in the spectrograms compared to theother
values ofλ. The fact that the computation withλ = 5 gives together with a higher precision
also a lower recall compared to the original data supports our intuition that this result should
be taken with care. In contrast, forλ = 1 we have an increase in precision together with the
same recall as for the original data. Ifη1 = 0.5 andη2 = 1.5 are used, the result forλ = 1
without adaptive weighting is superior to all other results, compare Table 8.13.

But why is there hardly any blurring involved in this setting? This circumstance results
from the usage of the rectangular similarity window which limits the amount of inpainting in
horizontal direction and thus reduces blurring.

Table 8.12:Comparison of choosingλ adaptively or not for fast NL-means withη1 = 0.9
andη2 = 1.1 where a11 × 11 search window and a3 × 11 similarity window is used.
This table corresponds to Figure 8.15.

λ Adaptive Precision Recall F-measure
Original – 0.917 0.805 0.857

1 no 0.971 0.805 0.880
1 yes 0.943 0.805 0.868
5 no 1.032 0.780 0.889
5 yes 1.000 0.780 0.877
10 no 1.000 0.780 0.877
10 yes 1.000 0.780 0.877
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Table 8.13:Comparison of choosingλ adaptively or not for fast NL-means withη1 = 0.5
andη2 = 1.5. Furthermore, a11 × 11 search window and a3 × 11 similarity window is
used. This table corresponds to Figure 8.16.

λ Adaptive Precision Recall F-measure
Original – 0.917 0.805 0.857

1 no 1.000 0.805 0.892
1 yes 0.971 0.805 0.880
5 no 0.969 0.756 0.849
5 yes 1.033 0.756 0.873
10 no 0.889 0.585 0.706
10 yes 0.929 0.634 0.754

88



8.3. NL-MEANS

Figure 8.13: Comparison of choosingλ adaptively or not for fast NL-means using the
testfile “guitar2” (number 14 in Table A.2). All spectrograms were computed using a
11 × 11 search window, a11 × 11 similarity window, η1 = 0.9 andη2 = 1.1. Top:
Original spectrogram.Left: λ is not chosen adaptively.Right: λ is chosen adaptively.
Middle to bottom: λ = 1, 5, 10.
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Figure 8.14: Same as in Figure 8.13, but withη1 = 0.5 andη2 = 1.5.
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Figure 8.15: Comparison of choosingλ adaptively or not for fast NL-means using the
testfile “guitar2” (number 14 in Table A.1). All spectrograms were computed using a
11×11 search window, a3×11 similarity window,η1 = 0.9 andη2 = 1.1. Top: Original
spectrogram.Left: λ is not chosen adaptively.Right: λ is chosen adaptively.Middle to
bottom: λ = 1, 5, 10.
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Figure 8.16: Same as in Figure 8.15, but withη1 = 0.5 andη2 = 1.5.
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8.4 Discussion and Summary

This section concludes the experiments for the onset detection problem. We do so by using
a standard parameter set for EED, CED, skeletonization, NL-means and fast NL-means on
all the testfiles and compare for each file how well the algorithms perform. Like in Section
7.4, we are interested in a reasonable starting point concerning the choice of parameters for
the algorithms under investigation, since in real-world examples, usually no ground truth is
available. As it is for the chord recognition problem, standardized parameter sets are crucial
for an automated application of the methods. Since the impact of the algorithms is visually
demonstrated in the previous sections, we omit to give the spectrograms like we did in Section
7.4.

For the computations, the following parameter sets are applied and preference for vertical
structures is always used except for skeletonization.

• EED:
λ = 1, σ = 0.5, τ = 0.25, t = 20.

• CED:
C = 1, σ = 0.5, ρ = 5, α = 0.01, τ = 0.25, t = 200.

• Skeletonization:
sx = 0.1, sy = 0.1, threshold =0.01.

• NL-means:
11× 11 search window,3× 11 similarity window,λ = 1, no adaptive weighting.

• Fast NL-means:
11 × 11 search window,3 × 11 similarity window, η1 = 0.5, η2 = 1.5, λ = 1, no
adaptive weighting.

Performance comparison across all approaches.Concerning diffusion, we should keep
in mind the following. The spectrograms of the testfiles for onset detection investigated in
this thesis are in most cases very dense. Thus, we have to be very careful when choosing the
diffusion time; choosing it too large might lead to unwantedresults.

The outcome of the processing by the algorithms investigated in this thesis is given for
each testfile in Tables 8.14 to 8.36. As a general trend, we note that the class of diffusion
processes beats the class of NL-means algorithms on the testfiles, compare e.g. Tables 8.19 to
8.22. Also, skeletonization outperforms both NL-means approaches on several testfiles, e.g.
on the testfile “jazz3” (see Table 8.30). Please note that for“jazz3”, skeletonization also beats
diffusion. Furthermore, the NL-means algorithm that does not use the weighting function as
given in equation (5.9) gives better results in comparison to the fast NL-means. Interestingly,
NL-means and fast NL-means beat diffusion on testfiles wheremainly vocals are present,
compare Tables 8.17 and 8.18, respectively. In contrast, diffusion gives a slightly higher F-
measure for “classic2” even though this file also contains vocals, compare Table 8.24. The
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reason might be that the singing starts at approximately half of the audio excerpt where the first
half contains only piano. In addition, the low frequencies on the bottom of the spectrogram are
already blurred throughout the unprocessed testfile, compare also the corresponding original
spectrogram in Figure A.4.

So far, we compared the algorithms among each other. Considering the overall improve-
ment, i.e. whether it is beneficial to apply one of the algorithms on the testfiles, we notice that
for some examples no improvement according to precision, recall and F-measure is achieved
at all, see Tables 8.16, 8.20, 8.21, 8.24, 8.25, 8.29, 8.31 and 8.33.

Runtime considerations. Even if runtime is not in the main focus of this thesis, we don’t
want to leave it out of consideration. Table 8.37 gives the runtime of the algorithms inves-
tigated in this thesis on the testfile “cello1” (number 9 in Table A.2) using the respective
parameter sets as they are given before. In general, the runtime of the algorithms is lower than
for the chord recognition problem, compare Table 7.28, because we are using less iterations
for diffusion or use smaller window sizes in the NL-means algorithms.

Combination of different filters. A natural idea (like in the case of chord recognition) is
to combine two of the methods to further enhance the spectrograms. Since diffusion and
NL-means surpass skeletonization on the problems, we combine EED and fast NL-means.
Applied on its own, edge-enhancing diffusion needs in general few iteration steps to enhance
a spectrogram for the task of onset detection. In combination with fast NL-means, the small
changes of the diffusion process are somehow compensated bythe non-local inpainting which
gives a result very similar to the one for fast NL-means alone. Thus, we modify the param-
eter set proposed earlier in this section by increasing the number of iterations for the EED
algorithm tot = 200 while leaving the rest of the EED parameter set and the parameters for
fast NL-means untouched. Table 8.38 shows the results of fast NL-means as preprocessing or
postprocessing operation for edge-enhancing diffusion. Figure 8.17 contains the correspond-
ing spectrograms. For the sake of readability, we useFNLM instead of fast NL-means in Table
8.38.

The first thing we notice when looking at the spectrograms in Figure 8.17 is that the
application of EED, be it either as preprocessing, postprocessing or alone, introduces some
amount of blurring. Secondly, the spectrograms on the middle left and on the bottom look
quite similar. Thus, it is difficult to say by visual comparison why EED is superior to the
versions where fast NL-means is used once as preprocessing and once as postprocessing step.
Except for pure EED, the results are quite close based on the values for precision, recall and
F-measure given in Table 8.38.

Final remark. Onset detection seems to be insensitive to noise that appears locally which
is the type of noise we try to reduce by image processing methods. Thus, we are only able to
slightly enhance the spectrograms.
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Table 8.14: Comparison of EED, CED, skeletonization, NL-means and fastNL-means
for Op. 100 No. 2 by Friedrich Burgmüller (file number 1 in Table A.2).

Method Precision Recall F-measure
Original 0.979 0.676 0.800

EED 1.000 0.691 0.817
CED 0.979 0.676 0.800

Skeletonization 0.979 0.676 0.800
NL-means 1.000 0.662 0.796

Fast NL-means 1.000 0.662 0.796

Table 8.15: Comparison of EED, CED, skeletonization, NL-means and fastNL-means
for Beethoven’s Fifth in a Bernstein interpretation (file number 2 in Table A.2).

Method Precision Recall F-measure
Original 0.552 0.296 0.386

EED 0.538 0.389 0.452
CED 0.500 0.352 0.413

Skeletonization 0.429 0.278 0.337
NL-means 0.565 0.241 0.338

Fast NL-means 0.524 0.204 0.293
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Table 8.16: Comparison of EED, CED, skeletonization, NL-means and fastNL-means
for Hungarian Dance by Brahms (file number 3 in Table A.2).

Method Precision Recall F-measure
Original 0.983 0.731 0.838

EED 0.950 0.731 0.826
CED 0.966 0.731 0.832

Skeletonization 0.966 0.731 0.832
NL-means 0.964 0.692 0.806

Fast NL-means 0.964 0.692 0.806

Table 8.17: Comparison of EED, CED, skeletonization, NL-means and fastNL-means
for “Happy Birthday” (file number 4 in Table A.2).

Method Precision Recall F-measure
Original 0.383 0.692 0.493

EED 0.455 0.769 0.571
CED 0.426 0.769 0.548

Skeletonization 0.306 0.577 0.400
NL-means 0.556 0.769 0.645

Fast NL-means 0.556 0.769 0.645

Table 8.18: Comparison of EED, CED, skeletonization, NL-means and fastNL-means
for “In Frankrijk buiten de poorten” (file number 5 in Table A.2).

Method Precision Recall F-measure
Original 0.500 0.737 0.596

EED 0.517 0.789 0.625
CED 0.500 0.737 0.596

Skeletonization 0.483 0.737 0.583
NL-means 0.583 0.737 0.651

Fast NL-means 0.560 0.737 0.636
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Table 8.19: Comparison of EED, CED, skeletonization, NL-means and fastNL-means
for Beethoven’s Fifth as MIDI file (file number 6 in Table A.2).

Method Precision Recall F-measure
Original 1.133 0.405 0.596

EED 1.161 0.429 0.626
CED 1.097 0.405 0.591

Skeletonization 0.903 0.333 0.487
NL-means 1.040 0.310 0.477

Fast NL-means 1.045 0.274 0.434

Table 8.20: Comparison of EED, CED, skeletonization, NL-means and fastNL-means
for String Quartet No. 2 by Alexander Borodin (file number 7 inTable A.2).

Method Precision Recall F-measure
Original 0.396 0.462 0.426

EED 0.346 0.462 0.396
CED 0.389 0.449 0.417

Skeletonization 0.372 0.449 0.407
NL-means 0.372 0.372 0.372

Fast NL-means 0.373 0.359 0.366

Table 8.21: Comparison of EED, CED, skeletonization, NL-means and fastNL-means
for Waltz No. 2 from Jazz Suite No. 2 by Dmitri Shostakovich (file number 8 in Table
A.2).

Method Precision Recall F-measure
Original 0.971 0.878 0.922

EED 0.980 0.861 0.917
CED 0.970 0.852 0.907

Skeletonization 0.939 0.800 0.864
NL-means 0.961 0.852 0.903

Fast NL-means 0.970 0.835 0.897
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Table 8.22: Comparison of EED, CED, skeletonization, NL-means and fastNL-means
for “cello1” (file number 9 in Table A.2).

Method Precision Recall F-measure
Original 0.932 0.846 0.887

EED 0.984 0.938 0.961
CED 0.948 0.846 0.894

Skeletonization 0.930 0.815 0.869
NL-means 0.981 0.785 0.872

Fast NL-means 0.962 0.769 0.855

Table 8.23: Comparison of EED, CED, skeletonization, NL-means and fastNL-means
for “clarinet1” (file number 10 in Table A.2).

Method Precision Recall F-measure
Original 0.170 0.211 0.188

EED 0.196 0.237 0.214
CED 0.174 0.211 0.190

Skeletonization 0.143 0.184 0.161
NL-means 0.205 0.237 0.220

Fast NL-means 0.196 0.237 0.214

Table 8.24: Comparison of EED, CED, skeletonization, NL-means and fastNL-means
for “classic2” (file number 11 in Table A.2).

Method Precision Recall F-measure
Original 0.625 0.714 0.667

EED 0.623 0.673 0.647
CED 0.596 0.694 0.642

Skeletonization 0.630 0.694 0.660
NL-means 0.646 0.633 0.639

Fast NL-means 0.644 0.592 0.617
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Table 8.25: Comparison of EED, CED, skeletonization, NL-means and fastNL-means
for “classic3” (file number 12 in Table A.2).

Method Precision Recall F-measure
Original 0.588 0.833 0.690

EED 0.290 0.750 0.419
CED 0.435 0.833 0.571

Skeletonization 0.462 0.500 0.480
NL-means 0.556 0.833 0.667

Fast NL-means 0.556 0.833 0.667

Table 8.26: Comparison of EED, CED, skeletonization, NL-means and fastNL-means
for “distguit1” (file number 13 in Table A.2).

Method Precision Recall F-measure
Original 0.833 0.750 0.789

EED 0.833 0.750 0.789
CED 0.842 0.800 0.821

Skeletonization 0.833 0.750 0.789
NL-means 0.824 0.700 0.757

Fast NL-means 0.824 0.700 0.757

Table 8.27: Comparison of EED, CED, skeletonization, NL-means and fastNL-means
for “guitar2” (file number 14 in Table A.2).

Method Precision Recall F-measure
Original 0.917 0.805 0.857

EED 0.970 0.780 0.865
CED 0.919 0.829 0.872

Skeletonization 0.882 0.732 0.800
NL-means 1.032 0.780 0.889

Fast NL-means 1.000 0.805 0.892
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Table 8.28: Comparison of EED, CED, skeletonization, NL-means and fastNL-means
for “guitar3” (file number 15 in Table A.2).

Method Precision Recall F-measure
Original 1.000 0.828 0.906

EED 1.000 0.810 0.895
CED 0.980 0.845 0.907

Skeletonization 1.000 0.793 0.885
NL-means 1.000 0.879 0.936

Fast NL-means 1.000 0.879 0.936

Table 8.29: Comparison of EED, CED, skeletonization, NL-means and fastNL-means
for “jazz2” (file number 16 in Table A.2).

Method Precision Recall F-measure
Original 0.900 0.482 0.628

EED 0.897 0.464 0.612
CED 0.900 0.482 0.628

Skeletonization 0.862 0.446 0.588
NL-means 0.923 0.429 0.585

Fast NL-means 0.889 0.429 0.578

Table 8.30: Comparison of EED, CED, skeletonization, NL-means and fastNL-means
for “jazz3” (file number 17 in Table A.2).

Method Precision Recall F-measure
Original 1.026 0.639 0.788

EED 1.027 0.623 0.776
CED 1.026 0.639 0.788

Skeletonization 1.000 0.672 0.804
NL-means 0.955 0.344 0.506

Fast NL-means 0.963 0.426 0.591
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Table 8.31: Comparison of EED, CED, skeletonization, NL-means and fastNL-means
for “piano1” (file number 18 in Table A.2).

Method Precision Recall F-measure
Original 1.000 1.000 1.000

EED 1.000 1.000 1.000
CED 1.000 1.000 1.000

Skeletonization 1.000 0.950 0.974
NL-means 1.000 1.000 1.000

Fast NL-means 1.000 0.950 0.974

Table 8.32: Comparison of EED, CED, skeletonization, NL-means and fastNL-means
for “pop1” (file number 19 in Table A.2).

Method Precision Recall F-measure
Original 0.771 0.844 0.806

EED 0.818 0.844 0.831
CED 0.794 0.844 0.818

Skeletonization 0.688 0.688 0.687
NL-means 0.794 0.844 0.818

Fast NL-means 0.800 0.875 0.836
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Table 8.33: Comparison of EED, CED, skeletonization, NL-means and fastNL-means
for “rock1” (file number 20 in Table A.2).

Method Precision Recall F-measure
Original 1.000 0.758 0.862

EED 1.000 0.726 0.841
CED 1.000 0.758 0.862

Skeletonization 0.939 0.742 0.829
NL-means 1.000 0.710 0.830

Fast NL-means 1.000 0.710 0.830

Table 8.34: Comparison of EED, CED, skeletonization, NL-means and fastNL-means
for “sax1” (file number 21 in Table A.2).

Method Precision Recall F-measure
Original 0.500 0.800 0.615

EED 0.500 0.900 0.643
CED 0.471 0.800 0.593

Skeletonization 0.500 0.800 0.615
NL-means 0.500 0.800 0.615

Fast NL-means 0.588 1.000 0.741

Table 8.35: Comparison of EED, CED, skeletonization, NL-means and fastNL-means
for “trumpet1” (file number 22 in Table A.2).

Method Precision Recall F-measure
Original 0.976 0.683 0.804

EED 0.953 0.683 0.796
CED 0.956 0.717 0.819

Skeletonization 0.909 0.667 0.769
NL-means 0.976 0.683 0.804

Fast NL-means 0.953 0.683 0.796
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Table 8.36: Comparison of EED, CED, skeletonization, NL-means and fastNL-means
for “violin2” (file number 23 in Table A.2).

Method Precision Recall F-measure
Original 0.909 0.506 0.650

EED 0.933 0.532 0.677
CED 0.932 0.519 0.667

Skeletonization 0.905 0.481 0.628
NL-means 1.000 0.481 0.650

Fast NL-means 1.000 0.481 0.650

Table 8.37:Comparison of algorithm runtime for “cello1”.

Method Runtime [s]
EED 0.693905
CED 19.238360

Skeletonization 104.406383
NL-means 229.284294

Fast NL-means 151.289294

Table 8.38: Fast NL-means as preprocessing or postprocessing step for diffusion. This
table gives the corresponding values for precision, recalland F-measure for the spectro-
grams given in Figure 8.17.

Application chain Precision Recall F-measure
Original 1.026 0.639 0.788

EED 1.028 0.607 0.763
FNLM 0.963 0.426 0.591

EED→ FNLM 0.964 0.443 0.607
FNLM → EED 0.962 0.410 0.575
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Figure 8.17: Fast NL-means as preprocessing or postprocessing step for diffusion. Top:
Original spectrogram of “jazz3” (number 17 in Table A.2).Middle left: Spectrogram
after applying EED with 200 iterations.Middle right: Fast NL-means with a11 × 11
search window and a3×11 similarity window,η1 = 0.5, η2 = 1.5, λ = 1 and no adaptive
weighting. Bottom left: Application of a diffusion process followed by fast NL-means.
Bottom right: Application of fast NL-means followed by a diffusion process.
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Chapter 9

Conclusion and Future Work

If you’re not prepared to be wrong, you’ll never come up with anything original.
— Sir Ken Robinson

9.1 Conclusion

The goal of this thesis was to show whether methods from imageprocessing can help to en-
hance spectrograms that are further used for feature extraction. We investigated two tasks,
chord recognition and onset detection. The image processing methods considered in the
scope of this thesis included diffusion processes (edge-enhancing diffusion and coherence-
enhancing diffusion), mathematical morphology (dilation, erosion, closing, opening and skele-
tonization) as well as NL-means in various forms. Furthermore, we used the algorithms in
their basic form which means that no knowledge of audio processing was included in the
algorithmic design. In the case of NL-means, several approaches already available in the liter-
ature were implemented where their main purpose is to speed up the runtime of the NL-means
algorithm that is computationally expensive. In addition to that, we proposed a new approach
to skeletonization: parabolic skeletonization.

Modified versions that use a directional preference when processing a spectrogram were
also implemented for all algorithms. This modification is important since chord recognition
relies on horizontal structures and onset detection on vertical structures. For NL-means, this
directional preference can be realized by changing the similarity window from a quadratic
shape to a rectangular one. For diffusion processes, we introduced a modified diffusion tensor
to make sure that a certain direction is preferred.

For chord recognition, image processing algorithms could significantly improve the spec-
trograms in most of the cases according to the quality measure under consideration. The task
of onset detection is more difficult. As a consequence, only marginal improvements were
achieved. For some of the testfiles, even none of the algorithms investigated here could im-
prove the result. In fact, image processing methods usuallytry to repair noise that appears
locally. Since onset detection seems to be insensitive to this kind of deterioration, image pro-
cessing methods cannot fruitfully serve as a preprocessingstep and the focus should lie in
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improving the algorithms used for onset detection.
Usually no ground truth is available in case of chord recognition as well as for onset

detection. Thus, we proposed for each image processing algorithm a corresponding parameter
set that can be used as a guideline for the application on real-world data.

In our experiments, we have seen that mainly diffusion algorithms with preference for
horizontal or vertical direction (depending on the problem) can enhance the spectrograms
where algorithms without directional preference did in general not succeed to do so.

9.2 Future Work

The image processing algorithms investigated in this thesis were used in their basic form. Be-
sides slight modifications to meet certain requirements in the experiments, no further knowl-
edge is involved. Incorporating knowledge about music and audio processing into the algo-
rithms might enhance the overall result and may lead to a smaller runtime due to assumptions
or simplifications potentially introduced by this knowledge. But also knowledge from mu-
sic theory could be helpful to adapt the behavior of algorithms, e.g. usual chord progression
patterns for chord recognition to reduce the impact of progressions that are unlikely.

It is also interesting to investigate how various image processing algorithms perform when
applied consecutively on the chord recognition or onset detection problem. Such processing
chains were shortly touched in Chapters 7 and 8. However, a deep analysis on the impact of
such chains would have been beyond the scope of this thesis. At least for the task of chord
recognition, improvements can be expected by the consecutive application of two or more
algorithms.

NL-means produces state-of-the-art results for image denoising tasks and many improve-
ments have been contributed. To provide a wide variety of different image processing meth-
ods in the context of this thesis, only some of the approachesto improve NL-means were
investigated [34, 23] and others were left out of consideration, e.g. [26]. While the algo-
rithm proposed by Mahmoudi et al. [23] is one of the best NL-means speed-up strategies,
the approach is somewhat heuristic. Orchard et al. [26] suggest to use the singular value de-
composition (SVD) and to make use of its statistical properties. Their experiments showed
that this method significantly improves the denoising effect due to a refined discrimination
between similar and dissimilar pixel neighborhoods. It would be interesting to explore how
this approach performs on spectrograms. At least for chord recognition, a changed similarity
measure might give better inpainting results.

The algorithms presented in this thesis rely on several parameters. While we have fixed
most of them, it might be possible to achieve better results by tweaking some parameters
or by choosing them adaptively in a similar fashion like the locally adaptive weighting for
NL-means. This task may also incorporate knowledge from audio processing to find better
parameter settings.

Beyond image processing algorithms, the usage of PLP curvesas introduced in [16] in-
stead of novelty curves as onset detector might give advantages since a PLP curve is more
robust to outliers and reveals musically meaningful information.
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Testfiles

In this thesis, several examples where used in the context ofchord recognition and onset
detection. Table A.1 gives an overview of the files used for chord recognition and Table A.2
lists the files used for onset detection. The spectrograms ofthe testfiles for chord recognition
are given in Figures A.1 and A.2 and the spectrograms of the testfiles for onset detection in
Figures A.3 to A.6.

Table A.1: Testfiles for chord recognition.

Duration
Number Title [s]

1 All My Loving 25
2 All You Need Is Love 30
3 And I Love Her 29
4 Baby’s In Black 37
5 Back In The USSR 30
6 Cry Baby Cry 30
7 Helter Skelter 29
8 I Am The Walrus 30
9 I’m Only Sleeping 34
10 Let It Be 26
11 Savoy Truffle 29
12 Tell Me Why 29
13 You Can’t Do That 29
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Figure A.1: Spectrograms of testfiles for chord recognition.Left to right, top to bottom:
Testfiles 1 to 6, compare Table A.1.
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Figure A.2: Spectrograms of testfiles for chord recognition.Left to right, top to bottom:
Testfiles 7 to 13, compare Table A.1.
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Table A.2: Testfiles for onset detection.

Duration
Number Title [s] Remarks

1 Friedrich Burgmüller: Piano etude Op. 100, No. 2 17 l’Arabesque
2 Ludwig van Beethoven: 5th Symphony 21 Bernstein interpretation
3 Johannes Brahms: Hungarian Dance Op. 39, No. 5 15
4 Happy Birthday 21 Choir accompanied by a piano
5 In Frankrijk buiten de poorten 8 Dutch folk song, female singing, see [11]
6 Ludwig van Beethoven: 5th Symphony 21 MIDI file
7 Alexander Borodin: String Quartet No. 2 38 Notturno
8 Dmitri Shostakovich: Waltz No. 2 30 Jazz Suite No. 2, Yablonsky interpretation
9 cello1 14
10 clarinet1 30
11 classic2 20
12 classic3 14
13 distguit1 6
14 guitar2 15
15 guitar3 15
16 jazz2 14
17 jazz3 11
18 piano1 15
19 pop1 15
20 rock1 15
21 sax1 12
22 trumpet1 14
23 violin2 15

1
1

0



Figure A.3: Spectrograms of testfiles for onset detection.Left to right, top to bottom:
Testfiles 1 to 6, compare Table A.2.
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Figure A.4: Spectrograms of testfiles for onset detection.Left to right, top to bottom:
Testfiles 7 to 12, compare Table A.2.

112



Figure A.5: Spectrograms of testfiles for onset detection.Left to right, top to bottom:
Testfiles 13 to 18, compare Table A.2.
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Figure A.6: Spectrograms of testfiles for onset detection.Left to right, top to bottom:
Testfiles 19 to 23, compare Table A.2.
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