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Abstract

In today’s world, a lot of information is accessible in a da&iform. This is especially true
for images or music. To make use of this variety of data, ittbdse processed meaningfully
which leads to the task of information retrieval. The fieldnofisic information retrieval
(MIR) allows the user to access and explore music. For exantipd user could get additional
information about melodic and harmonic structures or rinyémd tempo. This is fruitful
information for music analysis. Another application is tadfia convenient way to navigate
inside a piece of music. This could be realized by searchuingtfuctures like similar rhythmic
patterns or similar chord progressions and giving the useppportunity to jump directly to
certain similar parts. However, such purely content-baaskk are very tough.

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

We are looking at the different problems mainly from an im@gecessing viewpoint.
We apply several image processing methods to spectrogrdresewe want to investigate
whether we can improve the quality of the spectrogram fahimrprocessing 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 dajiform. This is especially true
for images or music. Digital music is present in our everytiteyand the possibilities to
handle digital music enhanced dramatically. The fielgnaisic information retrieva(MIR)
allows the user to access and explore music. But why are weested in music information
retrieval? For example, the user could get additional mftron about melodic and harmonic
structures or rhythm and tempo. This is fruitful informatfor music analysis. Another appli-
cation is to find a convenient way to navigate inside a pieaawdic. This could be realized
by searching for structures like similar rhythmic patteonssimilar chord progressions and
giving the user the opportunity to jump directly to certaimigar parts. However, such purely
content-based tasks are very hard. This is due to the comptémusic data.

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

In image processing, there exists a wide variety of chalteptasks, such as face recog-
nition, image denoising or problems in optic flow, to named pgew. Image denoising is
concerned with enhancing the visual quality of an image ashnais possible. Practical tasks
in image denoising are e.g. in medical imaging such as MRTtasound.

An interesting question is what do both worlds have in comPénage processing and
music processing use the Fourier transfarm [6] as an impoidal. Furthermore, the concept
of noise is also present in both settings whether the noigéolzal like Gaussian noise or
locally like a black spot in a color image or a cough in a pietenasic. Looking deeper in
both approaches we can even find types of “noise” that areptés.g. due to the acquisition
technique) but are not necessarily perceived as such. ©hisl e in a digital image due
to the sensor of the camera or in music due to the sound prdducéhe mechanics of an
instrument. The noise produced by a camera sensor coulddesadeterioration of colors in
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an image while the sound of the instrument mechanics canésto every frequency in the

spectrogram making applications in music processing fmglbbauch harder. Moreover, the

spectrogram representation (compare top of Figure 2. Esgig — from an image processing
perspective — a convenient and familiar way to access the alada. Thus, we have strong
evidence that image processing methods can also be appinedsic data.

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

Since we are investigating the topic from an image procgssgwpoint, we also use the
terminology common in this field where terms to describeagertoncepts — such as “noise” —
might probably differ. An in-depth introduction to musictdgrocessing is given by Meinard
Muller in [25].

1.2 Goals

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

To judge whether image processing algorithms help in thiseod, we mostly use them in
their basic form, meaning that no improvements or simpliiices based on the knowledge of
music processing are involved. As a consequence, runtina the main concern. Neverthe-
less, from a practical viewpoint, short response timesa{lgeclose to interactive behavior)
are desirable. Therefore, efficiency aspects will not bepietaly outside consideration, and
we will favor more efficient solutions wherever this is pddsiwithout serious compromises
in quality. In particular, it is often helpful to adapt thegatithms in a way that built-in fast
matrix operations of MATLAB can be exploited.

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

1.3 Contents

The structure of this thesis is as follows. Chapier 2 givasostsntroduction to chord recog-
nition and onset detection as well as a common quality meased in this context. Chapters
[3,[4 and_5 introduce the methods that are used in the expasman diffusion processes,
morphological operations and NL-means, respectivelyre/idhapter 6 gives insights in how
these algorithms can be modified to adapt to the setting aflalezognition or onset detec-
tion. Chapter§l7 arld 8 give a detailed overview of the expamtsiwhere different parameter
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settings are compared as well as how good the methods peofothe problem set. Chapter
concludes the thesis and gives ideas for future work. Amvoew of the testfiles used in
this thesis is given in AppendixIA.
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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 diete¢21,/13,/ 12| 14, 17] con-
stitute topics of active research. They are important taskausic processing and music
information retrieval (MIR) and are very helpful for the &ss of music data.

The first step in every music processing task — and thus inannfgrmation retrieval —
Is to extract suitable features to obtain key aspects wiilering irrelevant ones. We shortly
touch some key aspects of the feature extraction in thegquoreling paragraph (2.1 andi2.2).

There exist different visual representations of the auditadsuch as ehroma-time rep-
resentation We do not introduce these here in detail. Instead, thedsted reader is referred
to the book by Meinard Muller [25]. Nevertheless, the basiaition of these representations
iIs made clear.

Throughout the thesis, we focus on #pectrogram representation

2.1 Chord Recognition

A musical chord is a set of simultaneous tones. Looking atctimds over time, we can
analyze the harmonic structure in a piece of music. Oncedam@adnic structure is known, a
sequence of chords can give insights on higher-level strestsuch as phrases. The harmonic
structure is also strongly related to perceived emotionusTlsimilar chord sequences can
be observed in songs that are close in genre or emotion. Aattoichord labelings are very
useful for people who want to do harmonic analysis of musttiarapplications like music
search.

The basic idea behind chord recognition is to inspect wiegffencies are present at a cer-
tain time and match these to music notes. To achieve thisuti® signal is decomposed into
spectral bands where each band corresponds to a pitch ajulaétempered scale. Figure2.1
shows how such representations could look like. The firsp@rgives drequency-time rep-
resentation Each row in a frequency-time representation stands foegugncy in Hz. From



CHAPTER 2. TASKS IN MUSIC INFORMATION RETRIEVAL

this representation we can go tpitch-time representatiaorin contrast to the frequency-time
representation, the pitch-time representation showsitfereht MIDI pitches corresponding
to the frequencies on the y-axis, instead of the frequenbesselves. A chroma-based rep-
resentation can be easily obtained from a pitch representay adding up the subbands that
correspond to the same pitch class, meaning that the chtiomeaepresentation accumulates
all occurrences of C,'CD, Df and so on in one row per pitch class. Please note that we are
assuming the equal-tempered scale as used in Western mesiojng that e.g. the notes D
and B are considered the same. In other words, by use of the fregittigne representation
we are able to extract the pitches that are present at arcéirtee in a piece of music. Thus,
it is crucial that we can clearly distinguish between d#f@rfrequencies. To achieve this,
we have to emphasize horizontal structures. Note that esigphg vertical structures would
result in a blurring across frequency bounds.

Chord recognition comes with some challenges. The bigdesdtenge is rhythmic ac-
companiment in every form, be it drums or other percussienabse the sounds produced by
drums or percussion contribute to every single frequen@t us assume that the third of a
chord is somehow noisy. This would prevent us from decidietgyvieen Major and Minor or
— even worse — would lead to a wrong decision.

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

2.2 Onset Detection

Also an interesting task in music processing is onset detecAt first glance, this seems to
be a well-defined task: the aim is to find the starting time aheausical note. In contrast
to chord recognition, onset detection relies on verticaicttires in the spectrogram. In other
words, we are interested in a good isolation of events fdn @amt in time (i.ewhena con-
tribution happens) where it is not important to knasuichfrequencies make a contribution.
As a consequence, the goal is to enhance vertical structures

In polyphonic music, where nominally simultaneous noteslmrds might spread over
a few tens of milliseconds, we see that there is some bluirimgived. Another difficult
scenario is whenever we have fluent note transitions whicfies the case for classical music
dominated by string instruments. These problems are dmpintFiguré 2.2. For instruments
with long attack times it is difficult to define an unambigu@usl precise onset time for the
notes they produce.

The presence of vertical structures can be seen very wdlkitofp spectrogram of Figure
2.2, especially in the time frame from the beginning untppaximately 3 seconds. But what
about the example on the bottom of Figlrel 2.2? There we d@utlly recognize any sharp
boundaries. And in fact, there are no sharp boundaries.eddstlistening to this excerpt
reveals that there is a melody which flows “above” the rhyttahaccompaniment that acts
like some sort of blur. Due to this fact, it is even difficultsstme point to acoustically judge
where an onset lies. Theovelty curveof these two examples are given in Figlrel 2.3. A
novelty curve is a representation that depicts the chamgesergy and is computed e.g. by
analyzing the signal’s spectral content. As a consequenisea suitable indicator for note
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onsets. A more detailed introduction to novelty curves carfdund in [16]. In Figuré 213
we clearly see that in the second example (on the bottom)dhelty curve changes a lot. If
we look at e.g. what happens around the time 5 seconds and tmth frame from about 8
seconds to 10 seconds and compare this with the manuallyatadground truth (red lines),
we notice a lot of energy fluctuations — in other words onsetkere actually no onsets should
be.

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

Onset detection is an essential step towards advanceditastesmpo analysis, beat track-
ing, music synchronization and automatic transcriptiowel as non-linear time-scaling and
pitch-shifting. Due to the fact that music is event-baskd gegmentation 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 canumedse quality of a processing
step by investigating the quantitipsecision recall andF-measuresee alsd [3]. We introduce
the precisionP as

{relevant N {retrieved|

|
P fry -
|{retrieved|

: (2.1)

and the recalR as .
_ |{relevan} N {retrieved|

|{relevant|

Note that precision measures how specific the detectionhidewecall measures its ex-
haustiveness. None of these aspects can be neglected indhiy qneasurement. To give
nevertheless one single numerical measure of qualitysiblean proposed to use a weighted
harmonic mean of precision and recall, the so-callgdarfeasure

(2.2)

P-R

F5:(1+52)-m.

(2.3)
We stick to the cas¢ = 1, i.e. the RF-measure, because precision and recall are evenly
weighted. For the sake of simplicity, we refer to therReasure as F-measure.

Compared to the arithmetic mean, the harmonic mean exaggelee influence of lower
input values and thereby prevents a good F-measure ratieg whe of the two original
measures, precision and recall, is particularly poor.
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Original Filterbank Pitch Representation
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Figure 2.1: Frequency-time, pitch-time and chroma-time represeoaif “All My Lov-
ing” by The Beatles (see also number 1 in Tdblel A Top: Frequency-time represen-
tation. The rows correspond to frequencies in Hz. Colorsespond to the logarithmic
magnitude.Middle: Normalized pitch-time representation. The spectrograanapped
to show only the MIDI pitches 65 to 85 and is rescaled to fit thieiccoding. The MIDI
pitch 69 corresponds to the note ABottom: Normalized chroma-time representation.
In this representation all the occurrences of a note (algtedhoy octaves) are matched

to one corresponding row (corresponding pitch classes).
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8000
7000 16
6000 -

5000

w 4000

3000

2000

1000

Time (sec)

Original Spectrogram
8000

7000

6000

5000

w 4000
3000
2000

1000 [

©o 5 10 15 20 25 30 35
Time (sec)

Figure 2.2: Two frequency-time representationsop: Excerpt of the piano etude Op.

100, No. 2 by Friedrich Burgmiiller (see also number 1 in @&RH). Onsets are pretty

clear to spot. Bottom: Excerpt of the string quartet No. 2 (Notturno) by Alexander
Borodin (number 7 in Table Al2). Onsets are difficult to spot.
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Novelty curve , Feature rate = 21.5332
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Figure 2.3: Novelty curves corresponding to Figurel2.2. Depicted aeectianges in
energy as well as the manually annotated ground truth (ned)i
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Chapter 3

Diffusion

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

Diffusion processes are motivated from physics. Diffusgpilibrates concentration differ-
ences by redistributing mass while preserving the totalsma$is property is expressed by
Fick's law

j=-D-Vu. (3.1

Equation[(3.1l) means that the concentration gracdiéntauses a flu¥ which aims to com-
pensate the gradient. Tlig#fusion tensorD — usually a positive definite symmetric matrix
— describes the relation betwe&n: andj. We differentiate between two casdsbtropic
andanisotropic diffusion If j andVu are parallel, the diffusion is isotropic. In the general
anisotropic case, andVu are not parallel.

Since we know that a diffusion process preserves the totasnvee can express this fact
in the continuity equation

Ou = —div j, (3.2)

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

dyu = div(D - V). (3.3)

Equation [(3.B) is callediffusion equatiorand in the case of heat transfer, it is callesht
equation
A detailed investigation of diffusion processes can be tbur{32].

11
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3.1 The Structure Tensor

Thestructure tensowvas introduced by Forstner and Gulchl[15] and is a wellvkméool for
analyzing local orientation. Part of this analysis can lag¢uees like corners or edges.
Let us consider a matriX which results from the tensor product

J(Vu,) :== Vu,Vu, (3.4)

whereVu, is the gradient ofi presmoothed by a Gaussian kernel of $iz&8/u,, is a vector-
valued structure descriptor. The matiixVu,) has an orthonormal basis of eigenvectors
anduv, with vy ||Vu, andv, L Vu,. For a grayscale imagd(Vu, ) is a matrix of rank 1 which
means that the eigenvalue in the direction of the eigenvests 0.

ConvolvingJ(Vu,) component-wise with a Gaussian ker€), we obtain the structure
tensor
Ky (uf) K, * (uuy)

xT

K, * (uguy) K, (ul)

J,(Vu,) = K, * (Vu,Vu)) = ( ) with p > 0.  (3.5)
The structure tensaf, is symmetric and positive definite. Its orthonormal eig@twesy; and
vy specify the preferred structure directions within santegration scalep. The correspond-
ing eigenvalueg; andu, describe the average contrast along the eigendirectiahaléow
for a useful analysis of the local image structure. Thusjribegration scale should reflect
the characteristic window size over which the orientat®toibe analyzed. Presmoothing in
order to obtairVu, makes the structure tensor insensitive to noise. The paeames called
noise scale

Let us assume that; > 15 > 0. In this case we observe thatis the orientation with the
highest gray level fluctuations amg points us to the preferred local orientation. Furthermore,
the eigenvalues tell us useful information for the analgéibe local structure: constant areas
are characterized by, = py = 0, straight edges by, > s = 0, corners by, > s > 0
and the expression

(b1 = p2)® = (jun — J22)” + 447

becomes large for anisotropic structures, (ig.— 12)? is a measure of anisotropy.

12
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3.2 Edge-Enhancing Diffusion

In the setting ofedge-enhancing diffusiofeED) [32,/31] we want to prevent the diffusion
process from diffusing across edges. Let us assuna@d;, with 111 > o be the eigenvalues
of the structure tensof, andv, andv, are the corresponding orthonormal eigenvectors.

Since the diffusion tensor should reflect the local imagecstire, it should be chosen such
that it has the same set of eigenvectarandv, as the structure tensdy.

To achieve that we do not diffuse across edges, we reducéftheidty A\, perpendicular
more and more as; grows. This can be realized by choosing the eigenvaluesditfusion
tensor such that

AMlpa) = g(m), (3.6)
Ao = 1 (3.7)
with f
1 if s <0
§) = e 3.8
o0 ={ S @9)

wherey; = |Vu,|> and\ > 0.
The application of edge-enhancing diffusion on a fingetpnrage is depicted in Figure

Figure 3.1: Example for an image processed with edge-enhancing difiuseft: Noisy
fingerprint imageRight: Same image processed using edge-enhancing diffusienti,
o=0.5,7=0.25,1¢t=20.

13
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3.3 Coherence-Enhancing Diffusion

In the context ottoherence-enhancing diffusi¢6ED) [32,[33] we want to use the informa-
tion provided by the structure tensor to design an anisatrbiper that enhancefiow-like
structures Again, the diffusion tensor should reflect the local imayecure.

Let againu; andpu, with 1, > 1, be the eigenvalues of the structure tengpandv; and
vy be the corresponding eigenvectors. If we want to enhancerenhstructures, we have to
smooth preferably along, with a diffusivity of \,. This can be achieved by choosing the
eigenvalues of the diffusion tensor in the following way:

No= a (3.9)

N o= 4 T i = i 3.10
S a+(1—a)exp<i> else ' (3.10)

(11 —p2)?

whereC' > 0 acts as a threshold parameter and= (0, 1) is a small positive parameter.
The exponential function and the parameteare introduced for theoretical reasons: The
exponential function ensures the smoothness of the diffiteinsor and the parametekeeps
the diffusion tensor uniformly positive definite. In othepmds, « acts as a regularization
parameter.

The enhancement of a fingerprint image using coherencenemupdiffusion is shown in
Figure[3.2.

Figure 3.2: Example for an image processed with coherence-enhandingidn. Left:
Noisy fingerprint imageRight: Same image processed using coherence-enhancing dif-
fusion:C =1,0 =0.5,p=4,a=0.1,7 = 0.25,t = 20.

14
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3.4 Numerical Method

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

Opu = 8, (DOu) + 0, (DO,u) . (3.11)

We use dorward differenceor the time derivative),u

ukJrl — uk

O e —L I (3.12)
T
To compute the structure tensor in each pixej), we discretize the spatial derivativésu
andd,u by central differences

k k
k Uit1,j — Ui
koo T ) 3.13
(81'u)2’j th b ( )
k k
koo Wig+1 — Wi
(ayu)i,j ~ o ) (3.14)

Y

whereh, denotes the spatial grid size:indirection andh, the spatial grid size ip-direction
(both usually set to 1). The diffusion tensor

af; o
k . 1, 1,

is computed using the structure tensor, compare Se¢ii@eans(3.8.
Furthermore, we use central differences twice with half step size ford, (au,) and
0y (buy).

k (au:v)irl i (aum)f,l j
(8m(aux)>' R 2 2 (3.16)
2] h/{L'
k koo k k
oL e Ui T U
ha 2 ha
k k k k
LG i Ui~ Ui
2 hy ’

where(9, (bu,))¥ ; can be computed analogously. Furthermore, we compute tesirderiva-
tives by

h% + h?

Ua:y = (ugg - unn) ’ 4hmhyy

(3.17)

15
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using the unit vectors

1 h,

N X ( hy ) ’ -
1 h,

"= ( _hy) (3.19)

The discretization of.. andu,,, works analogously to the discretization above where the ste

size is\/hz + h2 along the diagonal.
The resultingexplicit schemeeads

wyt o= (3.20)
Yo7 (a§+1,j + af,j)(ufﬂ,j - Ufj) _ (af,j + af—l,j)(uf,j - Uf—l,j)
2h2 2h2
(B + big) (i —wiy) (b + 05 (i — i)
2h§ 2h§
n (Cf+1,j+1 + Cﬁj)(“?ﬂ,jﬂ - Ufj) B (Cf,j + Cf—l,j—l)(uf,j - uf—l,j—l)
4hyh, 4hgh,
_ (C§+1,j—1 + Cf,j)(uf+1,j—1 - Ufj) n (Cf,j + Cf—l,j-}-l)(uﬁj - Uf—l,jﬂ)
4h,h, 4hyh, '

This scheme is called explicit, sinméjl can be computed explicitly from the known values
at the time step.

16



Chapter 4

Morphological Filters

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

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

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

MGf =GMf (4.1)

for an imagef, where M is any morphological filter andr is any monotonically increas-
ing grayscale transformation. As a consequence, morplualognethods do only take into
account theevel sets

Lo(f) == A{(z,9) | f(x,9) = g} (4.2)

of an imagef. A detailed discussion of mathematical image analysis edfiobnd in [28].
We now investigate the different building blocks of math&os morphology.

4.1 Dilation and Erosion

Dilation is one of the basic operations in mathematical rholpgy. It uses a so-callestruc-
turing elemenfalso called mask) for probing and expanding the shapesirat in the input
image.

The dilation operation on a continuous imagfer, y) using a structuring elemestr is
defined by

(f ® SE)(z,y) :==sup{f(z — 2",y —y) |(2',y) € SE}. (4.3)

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

Analogously to the dilation operation, we can formulateghesion of a continuous image
f(z,y) using a structuring elemenstr’ by

(fe SE)(x,y) :=inf{f(x+2",y+ ) |(«,y) € SE}. (4.4)

17
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Figure 4.1: Left: The dilation of the dark-blue square by a disk, resultingha light-
blue square with rounded corneRight. The erosion of the dark-blue square by a disk,
resulting in the light-blue squar&ource: Wikipedia [1].

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

When applying dilation and erosion often convex strucyihements such as disks or
squares are used. Convex structuring elements have thetadedhat they are scalable. This
means that a dilation/erosion with a structuring element £’ is equivalent to a dilation/ero-
sion with structuring elemerft £ appliedn times.

Figure[4.1 shows how a dilation and an erosion with a disk &ork

4.2 Opening and Closing

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

Opening and closing are morphological low pass filter. Tdgrer the closing operation,
a dilation followed by an erosion is performed. The operattoses small gaps in bright

structures and is defined as
feSE:=(f®SE)o SE. (4.5)

18



4.3. NONFLAT MORPHOLOGY

The opening is the opposite operation to closing and is asi@rdollowed by a dilation.
Mathematically, it is defined as

foSE:=(feSE)® SE. (4.6)

It closes small gaps in dark structures. A visualizatiorhefse operations is given in Figure
4.2.

4.3 Nonflat Morphology

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

Theparabolic dilationreads as

fala,y) = max (£(0.5) = (s (0= 02+ 5, (4 = 5)7)) (4.7)
and theparabolic erosioras
fola,y) = min (F(6.5) + (- (w = )% +5, - (4= 3)7) ) (4.8)

where(z,y), (¢, j) € I ands, ands, are scaling parameters.

Using a parabolic structuring element introduces somdeagds. Nonflat morphological
methods do not operate on level sets as givefiid (4.2). Iir etheds, equation (411) is not
satisfied anymore. Another practical difficulty with nonflabrphological operations arises
with spatial discretization. While parabolic dilation aaebsion in their continuous formula-
tion retain the property that dilating or erodingimes with the same structuring element is
equivalent to dilating or eroding once with a structuringreént rescaled to times its hor-
izontal size, the same does not even approximately hold wheabolic dilation and erosion
are carried out on a spatial grid. We will have to be consiges# this circumstance when
applying nonflat morphology for skeletonization in Secf@®a.

4.4 Skeletonization

Skeletonization was already investigated in 1968 by CalatiHartnett [9] and is still a topic
of active research (e.g. Kimmel et al. [18]) where peopleadse interested in fast algorithms
[35]. Skeletons are frequently used as shape descriptgrtsneharacter recognition.

We can think of the skeletonization as follows. Imagine samgtrary shape. We set the
boundary of this shape afire. Then, the fire moves from the deyninto the shape where
theHuygens wavefronisf the boundary points meet at thkeleton pointin other words, the
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CHAPTER 4. MORPHOLOGICAL FILTERS

skeleton pointis located at the intersection of the nortuetlse two boundary points and each
skeleton point corresponds to at least two boundary palitts.distance between the skeleton
point to both boundary points is equal. Figlrel 4.3 shows twapes and their corresponding
skeletons given as a thick black line.

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

After having some intuition, let us formulate the skelemation more mathematically.
The skeleton of a set can be expressed by erosions and opeWkdave

K

S(f)::U{(f@k:-SE)—[(f@k-SE)oSE]}, (4.9)

k=0

where SE is the structuring element and is the last iterative step beforgerodes to an
empty set. Please note that equat[oni(4.9) works on binaagasonly.
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Chapter 5

Non-Local Means (NL-Means)

Science is always wrong. It never solves a problem withaétarg ten more.
— George Bernard Shaw

NL-means was proposed by Buades et al. [8]. The algorithes td replace a noisy pixel with
a weighted average of other pixels with similar neighbodsd'he basic idea is that images
contain self-similarities and many structures show up ntlea@ once in the image where we
usually assume that noise in similar neighborhoods is wataied. Thus, taking the average
of similar neighborhoods yields a version of the image watslnoise.

5.1 Basic NL-Means

Given a discrete noisy image = {u(i) | i € I}, the estimated valu&'L[u|(i) for a pixel
i = (4,7) is computed as a weighted average of all the pixels in theémag

NL[u)(i) == w(i,j)u(j), (5.1)

jeI

wherej = (¢, ) € I and the usual conditions < w(i,j) < 1and}_ w(i,j) = 1 are
satisfied.

The similarity between two pixelisandj depends on the similarity of the intensity gray
level vectorsu(N;) andu(N]), whereN; and A denote the neighborhood of fixed size cen-
tered at pixel andj, respectively. Pixels with a similar gray level neighbastdo«(N;) have
larger weights in the average. The weights are defined asifsil

M —u(N] %a
wli) ::%exp (_uu( )~ A ) 52)
whereZ(i) is a normalization constant
w(NG) — u(N) I3,
2= " e (_n (M) A2( )l ) 53)

i
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CHAPTER 5. NON-LOCAL MEANS (NL-MEANS)

and)\ is the decay parameter of the exponential function. Theesgion||u(N;) — u(N)|]3,
is an Euclidean distance, whete> 0 is the standard deviation of the Gaussian kernel. In
other words, the paramet&iin equation[(5.2) controls the weighting of the distances.

This weighting function penalizes structures which hags kEmilarity in the geometrical
configuration of their neighborhood, see Figurég 5.1.

Figure 5.1: Scheme of NL-means strategy. Similar pixel neighborhoads g large
weight,w(p, g,) andw(p, d,), while much different neighborhoods give a small weight,
w(p, d;). 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 lugimplexity, a fact that was
also noted by Buades et al. in [8]. To address this issue, na@ag were proposed to reduce
the complexity of the computation and thus also to reduceuhtme 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 thage with the pixel that should
be replaced to find a possible denoising candidate. Thisngpatationally very expensive
and thus not very practical. To overcome this problem, Baadeal. [8] introduced a search
window (a neighborhood) which reduces the search spaceatiicathy.

Let us assume tha¥? is the number of pixels of the image. Let us further assume tha
the similarity window has the sizd” x W and the search window has sigex S. In its
basic form, the algorithm has complexifij> x N2 x N2. With the introduction of the search
window, the algorithm has complexity’? x S? x N? whereS? < N2,

22



5.2. MODIFICATIONS AND REFINEMENTS TO NL-MEANS

5.2.2 Neighborhood Classification to Speedup NL-Means

Let us now explore how neighborhood classification can helpwer the algorithmic com-
plexity of NL-means. We look at a neighborhood classificatibat works with two com-
ponents. The first one is based average neighborhood gray valuaad the second one is
based orgradient directions We follow here the work proposed by Mahmoudi and Sapiro
[23].

Intuitively, similar neighborhoods should have similaeeage gray values. Let(i) and
u(j) be the average gray value in the neighborhoods of pixatslj, respectively. Let further-
moren; < 1 andn, > 1 be two constants close to 1. The weighi, j) has a non-zero value,
I.e. the neighborhood is only considered, if

h < =< < N2 (5.4)

holds.

A second method to approximate the similarity between twighi®rhoods is theiav-
erage gradient orientationlf Vu(i) = (u.(i), u,(i)) is the image gradient then the average
gradient orientation around pixeis defined as follows:

V(i) = (@(i), 5,(1) . (5.5)

where, (i) andwu,(i) are the average andy derivatives in the neighborhood of pixel
Having this, we can formulate the difference of the averagelignt orientations at pixels
and;j:

0(i,1) = Z(Vu(i), Vu(j)). (5.6)

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

g = 1.4826 - mediaoxl[ﬂe(i,j)\ - medianx1(|9(i,j)\)]]. (5.7)
To compute a threshold for the gradient, we do a similar cdatn:
ov = 1.4826 - median; [HVu|2 - mediarjxl(WuP)”. (5.8)

Plugging everything together, we end up with the followingighting

(S exp (RS (9] < ov)
or (|[Vu(j)|| < ov)
w(i,j) = or (|0i.})| < op)] - (5.9)
and(m; < % < 1)
A otherwise
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CHAPTER 5. NON-LOCAL MEANS (NL-MEANS)

5.2.3 Locally Adaptive Weighting for NL-Means

Since the parametérin equation[(5.R) controls the weighting of the distanceis, the most
important and crucial parameter of NL-means: Choosingoiioav can lead to a noisy result,
choosing it too high can blur fine structures. Brox and Cranjéf showed that there is in
general no global value forthat is well suited for the whole image. In the following weko
at an idea proposed by Zimmer et al.[34].

Instead of using a fixed, alocally adaptive function\(\, B) is introduced. The authors’
first proposal is to use the standard deviatigrof a blockB. The standard deviation depends
on the block structure and on the amount of noise containgsl iSharp structures usually
mean that there are few similarities, since sharp strustieiad to a high variance. Thus, we
have to smooth more there compared to blocks where the eariamow. To avoid a too high
influence on the smoothing, Zimmer et al. propose to use diseéar function¥. Finally, we
end up with

AN, B) :=X-¥(sp), (5.10)

whereU(sg) = /sg. Since this locally adaptive function replacesn equation[(5.R), we
refer to it by a formulation likeadaptively chosen (distance weightpr adaptive (distance
weight) \.
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Chapter 6

Modifications and Refinements

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

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

6.1 Diffusion

The diffusion tensopD is the tool to control a diffusion process. We make use of theeture

tensorJ to computeD
a ¢
p-(05) 61

where the eigenvectors dp are identical to those of while the eigenvalues are recom-
puted to fit equationg (3.6)=(3.8) for edge-enhancing sliffo or equationd (3.9),(3.110) for
coherence-enhancing diffusion, respectively. Since warderested in horizontal structures
in the context of chord recognition and in vertical struetiin the context of onset detection,
we modify the diffusion tensor to prefer diffusion in a cémtdirection.

Multiplying the diffusion tensor with a matrix of the form

d, 0

0 dg
from both sides introduces anisotropy controlled by theiahof d, anddz. The modified
diffusion tensotooks as follows:

,  do O a c do 0\ d>a  dndge
D_<O dg)(C b)(O dg)_<dadﬁc d%b ’ (62)
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CHAPTER 6. MODIFICATIONS AND REFINEMENTS

The weightingsl,, anddsz can be used to enhance or reduce the diffusion in one direetio
I.e. choosing a valué,,ds > 1 or a valued < d,,dg < 1, respectively. In this thesis, only
the valued) and1 are used to switch the diffusion process in a certain dwaain or off.

6.2 Morphology

In Sectior 4.8, we stated that for the discrete version ddipalic dilation and parabolic ero-
sion the scalability property is not guaranteed anymore. né® present an approach to
overcome this problem.

To get rid of the violation of the scalability property, we dify the scaling parameteks
ands, from equations(4]17) and (4.8) in every iteration step. We @a this by introducing
scaling parameters, ands;, such that it holds

1
s = oF " So (6.3)
, 1
Sy = 35Sy (6.4)
wherek = 1, ..., nis the current iteration and is the total number of iterations.

By means of parabolic dilation and parabolic erosion asrgin@quations (4]7) and (4.8),
respectively, we can think of a new skeletonization apgroparabolic skeletonizatian

Let SEj, correspond tds),, s,) = (5r - 5o, 3¢ - Sy)- Then the parabolic skeletonization
reads as

S(f) =" |f© 5B~ foSEu) . (6.5)
k=0
where we only sum up the positive contributions.

Note that this is not an exact generalization of the skele&dion algorithm[(4.9) for bi-
nary images. The idea behind both algorithms is that inktile step (i.e.k-th summand)
those parts of the eroded signab SEj. should be added to the skeleton which would be
destroyed in the next erosion st¢m> SE, “irreversibly”, i.e. cannot be restored by dila-
tion. In (4.9) these parts are detected by dilating back idpeas f © SFE),; to the level of
the k-th erosion and comparing withe S Ej.: the subtrahend of (4.9) can as well be written
as(fo (k+1)SE) @ SE. However, as we mentioned in Sectlonl4.3, iterated apmicatf
discretized parabolic dilations or erosions with the gtrting functionS E does not approxi-
mate a discretized parabolic dilation or erosion with aestakructuring function. This poses
an obstacle to direct translation 6f (4.9).

Our solution in[(6.6) consists in dilating bagko SE),, in one step to the level of the
initial signal f and contributing to the skeleton those partg ef S ), which arenot even then
restored. Asf o SE, ;1 is not completely belowf & S F, the restriction to the positive part
is necessary. As a consequence,l(6.5) applied in a binarghulmgical setting would lose
substantial contributions as compared1a]l(4.9). Experimginow, however, that in conjunc-
tion with parabolic structuring functions this approactanmes enough signal contributions to
create a reasonable, moderately thinned version of imagetstes.
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Furthermore, we introduce an upper bound to keep the rurttirtines algorithm short. The
algorithm stops at such that

max (f © SE, — f o SE,.;) < threshold (6.6)

holds. In other words the algorithm stops if another stephef parabolic skeletonization
as described in equatioh (6.5) would not give a much betwrlreompared to the higher
runtime.

6.3 NL-Means

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

So far, we assumed for NL-means a quadratic search and aadigagimilarity window.
When it comes to applications like chord recognition or omktection where we are inter-
ested in horizontal or vertical structures, respectivalguadratic window is not an optimal
choice. The logical consequence is to change the windowsadh a way that we can have
rectangular ones. Analogously to the notatioh in 5.2.1, areintroduce a similarity window
of sizeW, x W, and a search window of sizg, x S,. Naturally, the algorithm can also deal
with input images that are rectangular, i.e. images of 8izex N,

As already stated, NL-means in its basic form is computatigivery expensive and we
presented different approaches to address this drawbaxisidering the change of the win-
dows as proposed in this section, the complexity of the &lgoris now(W, x W) x (S, x
Sy) x (N, x N,) which might also lead to a dramatically reduced runtime dejpey 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@ssing tools discussed in the
preceding chapters in the context of the chord recognittoblpm. Remember that emphasis
is laid here on horizontal structures in the spectrogracmyraingly, the algorithmic variants
with horizontal directional preference will receive sg@attention.

Before entering the experiments, let us say a few words oaxperimental setup. For all
the computation, MATLAB 7.8.0 (R2009a) was executed on & 2361z Apple iMac with 4
GB of RAM running Mac OS X 10.6. The largest part of the code ingdemented using the
MATLAB programming language where in the case of CED and E&G code provided by
the MIA group was used and slightly modified to compile as a Miethat allows C code
to run within the MATLAB environment [2].

The testfiles constitute excerpts of the songs referenceldmytitle and were annotated
by Mauch et al.[[24]. The name and the length of the excerpaoh eestfile is listed in Table
[A1l. As a quality measure, precision, recall and F-meassiiateoduced in Section 2.3 are
used.

7.1 Diffusion

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

In the first experiment, we look at the influence of using ttiidion tensor as introduced
in Section[6.11 with and without the preference for horizbsteuctures for a fixed number
of iterations. Secondly, we investigate the behavior ofalgerithm for different numbers of
iterations wherel,, is set to 1 andl is set to O, i.e. we prefer a horizontal diffusion.
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CHAPTER 7. EXPERIMENTS IN CHORD RECOGNITION

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 unpsededata. In the bottom row,

the comparison of an edge-enhancing diffusion without artd directional preference for

horizontal structures is given. The bottom left spectrogearly shows that the diffusion

happened in every direction which results also in a vertbairing of the structures, i.e. the

frequencies. In comparison to that, the version with diogetl preference turned on gives a
spectrogram where the diffusion process only acts in hot&@alirection which means that it

does not blur other frequencies.

Criginal Fikerbank Pitch Representation

Modified Spectrogram Modified Spectrogram

Figure 7.1: Spectrograms of “Let It Be” performed by The Beatles (hunmli&m Table
[AJ)). Top: Original spectrogramBottom left: Spectrogram after diffusion with EED
and\ = 1,0 = 0.5, 7 = 0.25, t = 100 where no direction is preferredottom right:
Spectrogram after diffusion with the same setting, but Wwithizontal preference.

Table[7.1 also confirms the intuition that a diffusion precbst diffuses in every direction
does not help in the context of chord recognition. In faat, structures are blurred in such an
intense way that the processed spectrogram is much lessl $oitfeature extraction than the
original, unprocessed spectrogram. Furthermore, thenrdton which frequency contributes
at which time is completely blurred away. This stands in @sttto the results obtained by
the same computation but with preference for horizontalcstres turned on. Here we can
clearly distinguish the different frequencies involvedhis music excerpt.
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Table 7.1: Comparison of precision, recall and F-measure for EED wittl @ithout
directional preference. Edge-enhancing diffusion wasopered withA = 1, ¢ = 0.5,
7 = 0.25 andt = 100. The values correspond to the processing depicted in Higdre

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, Figuré 7.2 shows spectrograms
processed by edge-enhancing diffusion with directionafgyence for horizontal structures
where the impact of different numbers of iterations is coraga Obviously, the more itera-
tions are performed the stronger the smearing in time. lerottords, long diffusion times
introduce an error since frequencies appear where theyctmally not located. Table 1.2
shows that the higher the number of iterations the lower tneeBsure of the result. Let us
take as an example the peak located at a frequency sligHoybe? that extends in time
from shortly before 5 to about 6 seconds. We see that thisiémecy contributes more and
more beyond the original boundaries of this time frame tigait gets. Fort = 500 we can
observe that a contribution is present almost at every tmtlis example.

Please also note that for this particular testfile the valaeprecision and recall given in
tabled 7.1 and 712 are the same — also resulting in the sane fealthe F-measure, compare
equation[(Z2.B8) — which does not hold in general.

Table 7.2: Comparison of precision, recall and F-measure for EED wifflerént num-
bers of iterations and directional preference for horiabstructures wheres = 1,

o = 0.5 and7 = 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 diffusomty in horizontal direction in com-
parison to a diffusion process that diffuses in every dioectike we did in the previous
section. Figuré 713 depicts the corresponding spectrogfantAll You Need Is Love” by
The Beatles. On the bottom left spectrogram, we can see tiédsed anisotropic diffusion
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Original Filkerbank Pitch Representation Modified Spectrogram
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Modified Spectrogram Modified Specrogram
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Figure 7.2: Spectrograms of “Let It Be” performed by The Beatles (hunmli&m Table
[AT)). All diffusion processes are performed with a prefeefor horizontal structures.
Top left: Original spectrogramTop right: Spectrogram after diffusion with EED and
A=1,0=0.5,7=0.25andt = 50. Bottom left: ¢ = 100. Bottom right: ¢ = 500.
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5 10 1
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heavily blurs the structures in the spectrogram. It seeatsrttthe top half of the spectrogram
every frequency contributes at every time. This resultif@ay from being useful which is
also affirmed by the quality measure, compare Table 7.3. Adhe change of the diffusion
tensor to only allow horizontal diffusion helps to get rid tifis instance (Figure_7.3, bottom
right). Despite the presence of blurring in the top half & $pectrogram, we may see that the
frequencies in the bottom of the spectrogram are well pvesdoy this modified diffusion.

Increasing the number of iterations. Analyzing Figurd 7.4 and the corresponding Table
[7.4 we notice something counterintuitive. The more theHirigellowish frequencies in the
bottom half of the spectrogram are blurred, the more enlthis¢he result according to
the quality measure. We would expect a poor outcome for hHigffation numbers, i.e. an
higher error with the increase of the number of iteratiordstans smaller values for precision,
recall and F-measure, but receive the opposite. The reasthe ifollowing. Diffusion in
horizontal direction introduces the frequencies in thedootof the spectrogram more and
more at every point in time the more iterations are performEBais results in the existence
of strong contributions of these frequencies where actualiwences should be located while
the contributions that are spuriously introduced are ss®dliring the result a high quality
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Original Filkerbank Pitch Representation

15 20 25 30
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Figure 7.3: Spectrograms of “All You Need Is Love” performed by The Beat{number

2 in Table[A.l). Top: Original spectrogramBottom left: Spectrogram after diffusion
with CED andC = 1,0 = 0.5, p = 5, « = 0.1, 7 = 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-measuterai This demonstrates that these
criteria are not always suitable as measures of qualitytlaeid output should be taken with
some caution.
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Table 7.3: Comparison of precision, recall and F-measure for CED witti @ithout
directional preference whefé = 1,0 = 0.5, p = 5, « = 0.1, 7 = 0.25 andt = 500. The
values correspond to the processing depicted in Figufe 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={ 1, ¢ = 0.5,
p =5, a = 0.1andr = 0.25) with horizontal preference and different numbers of

iterations. The values correspond to the processing dapintFigure 7.14.

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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Original Filkerbank Pitch Representation

Modified Spectrogram
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Figure 7.4: Spectrograms of “All You Need Is Love” performed by The Beat{number
2 in Table[A.1). All diffusion processes are performed witpraference for horizontal
structures.Top left: Original spectrogramTop right: Spectrogram after diffusion with
CED andC =1,0 =0.5,p =5, a = 0.1, 7 = 0.25, t = 100. Bottom left: ¢ = 500.
Bottom right: ¢ = 1000.
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7.1.3 Comparison of EED and CED

We have seen that EED and CED can perform similarly well instéing of chord recog-
nition. We conclude this section by comparing edge-enmandiffusion and coherence-
enhancing diffusion head to head with similar parametdinget. Please note that the pa-
rametera in CED is some sort of damping parameter for the diffusiorcpss. If we scaler
down by a factor, we have to perform- s iterations to get the same result. For the following
comparison, we set = 1 to ensure that both EED and CED run with the same number of
iterations.

Visually, no difference between the spectrograms on thealed on the right of Figure
[7.5 can be identified. Also the quality measurements givefabie[7.5 do not disclose any
differences. The natural question is why is this the case® affswer is simple. Coherence-
enhancing diffusion enhances flow-like (coherent) stmaéstu In this context, these flow-
like structures have the same orientation as the edges., €dge-enhancing diffusion and

coherence-enhancing diffusion compute a similar strectensor which results in a similar
diffusion behavior.

Table 7.5: Comparison between EED with= 1, 0 = 0.5, 7 = 0.25, ¢ = 100 and CED

usingC =1,0 =0.5,p=5,a=1,7 = 0.25,t = 100. The table corresponds to Figure
[Z.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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Original Filkerbank Pich Representation
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Figure 7.5: Comparison between EED and CEIDnp: Original spectrogram of “I Am
The Walrus” by The Beatles (number 8 in Table |A.iddle left: Edge-enhancing
diffusion with A = 1, ¢ = 0.5, 7 = 0.25, t = 100 and no preference for horizontal
diffusion. Bottom left: Same setting with preference for horizontal diffusidviddle
right: Coherence-enhancing diffusion with= 1,0 = 0.5, p = 5, a« = 1, 7 = 0.25,

t = 100 and no preference for horizontal diffusidBottom right: Same parameters, but
directional preference for horizontal diffusion turned on
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7.2 Morphology

This section deals with morphological operations. Aftgperxments that show how the basic
building blocks of morphology, i.e. dilation and erosionvas| as opening and closing, work
on spectrograms we proceed by focussing on skeletonizatine the testfile “Baby’s In
Black” by The Beatles (depicted in Figure17.6) is used.

Criginal Fikerbank Pitch Representation

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

7.2.1 Dilation and Erosion

First, we start by investigating the building blocks ditettiand erosion using a rectangle and
a disk as structuring element. The top row of Figuré 7.7 dsplee outcome of dilation
and erosion using a rectangle of height 1 and width 10 aststing element where the top
row of Figure[7.8 shows the results for the same computatidrwith a disk of radius 10
as structuring element. It is clearly visible that dilatiolars the original spectrogram a lot
for both structuring elements. While the top left spectemgrin Figurd 7.7 allows to guess
the original arrangement of frequencies, this informatsonompletely destroyed in the top
left spectrogram of Figure_4.8. The erosion which is depidta a rectangle and a disk
as structuring element in the top right of Figlire] 7.7 and f&@IL8, respectively, we find
out that this operation throws a lot of information away. Eany to dilation with a disk,
erosion with a disk structuring element degenerates thé fesalt in such a way that it is
practically not useful. In contrast, erosion with a reclamgmoves almost every frequency
contribution while preserving the basic structure such it most important frequencies for
chord recognition are still available, compare Table 7.6.

Generally speaking, using a disk as structuring elemenbtsn optimal choice since a
disk destroys — by virtue of its shape — the frequency distidim in the spectrogram. This fact
is also supported by the quality measure, see Table 7.7.
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Modified Spectrogram

10°
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Modified Spectrogram

15 20 25 30 35
Tirne (sec)

Modified Spectrogram

Figure 7.7: Morphological operations on the spectrogram of “Baby’s ladg” by The
Beatles with a rectangle of height 1 and width 10 as struogueiementTop left: Dila-
tion. Top right: Erosion.Bottom left: Closing.Bottom right: Opening.

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

[7.4.

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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Modified Specrogram Modified Spectrogram w10

Time (sec)

Modified Spectrogram xi0?

Figure 7.8: Morphological operations on the spectrogram of “Baby’s ladg” by The
Beatles with a disk of radius 10 as structuring elemdiafp left: Dilation. Top right:
Erosion.Bottom left: Closing.Bottom right: Opening.

Table 7.7: Morphological operations on the spectrogram of “Baby’s ladR” by The
Beatles with a disk of radius 10 as structuring element. 8sefigurd 7.B.

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 resultimg &pplying closing and opening
to the spectrogram given in Figure I7.6. Let us recall thatosioh operation is a dilation
followed by an erosion and an opening operation is the opp{ist erosion, then dilation).
Please note that viewing the spectrograms in Figure 7.7/uolwise gives in the top row
automatically the intermediate step for the operationctediin the bottom row.

We investigate the closing in Figure 7.7 first. The blurringgeduced by dilation is slightly
removed by the followed erosion resulting in an improvenwdrthe outcome, compare Ta-
ble[7.6. We have seen before that applying erosion perforetisfar the chord recognition
process since it removes mainly noisy frequency contmimsti Applying a dilation to the
erosion step brings some contributions back. This can beisete bottom right of Figure
[7.1 where the opening on the spectrogram given in FiguiessBaown. The improvement of
the opening over simply performing erosion is also supgiotethe values precision, recall
and F-measure given in Talile17.6.

As done in the section before, we briefly touch the result astegbwith the disk struc-
turing element as given in Figuke ¥.8. In this case we seeclbaing and opening cannot
improve the result very much. In fact, the results in Tableshow that opening and closing
bring enhancements to the results computed by an erosidlatiod, but still do not improve
the final result compared to the original. This circumstaiscgue to the situation already
mentioned before, i.e. that the disk shape destroys too mémtmation about the frequency
distribution.

7.2.3 Skeletonization

In the following, we focus on thparabolic skeletonizatioalgorithm introduced in Section
and we refer to it by simply usirgkeletonizationThus, let us first show the application of
parabolic dilation and parabolic erosion on “Baby’s In Bdaby The Beatles. The processed
spectrograms are given in Figurel7.9. We immediately ndtiaé neither the application of
parabolic dilation nor the application of parabolic erosresults in such extreme changes
of the structure in the spectrograms as investigated inrégjid.Y and 718. Both, parabolic
dilation and parabolic erosion, blur the frequencies nmaily where a small blow-up can
be noticed for parabolic dilation and a small shrinkage farapolic erosion while basically
preserving the overall structure of the spectrogram.

MATLAB comes with a built-in skeletonization functiolfmorph) that only works on
binary images. The problem, though, with this approach ini a suitable threshold to
compute a binary version of the grayscale image. MATLAB gisovides a function for
this task graythresh ) which computes a global image threshold following the rodth
proposed by N. Otsui[27]. The binary image can be computedjuslbw (also a MATLAB
function). Furthermore, the result can be slightly enhdrimeusing the color information of
the original spectrogram at the skeleton points. Figurél 8Hows the binary image of the
“Baby’s In Black” spectrogram as well as its skeleton conepiutybwmorph. The result of
this procedure is a skeleton with thin, sharp edges whiclsuslly disadvantageous. Music
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Modified Spectrogram Modified Spectrogram

Figure 7.9: Parabolic morphological operations on the spectrogranBaby’s In Black”
by The BeatlesLeft: Parabolic dilation withs, = 0.1 ands, = 0.1. Right: Parabolic
erosion withs, = 0.1 ands, = 0.1.

is dependent on things like overtones that are removed bgghkcation ofgraythresh
Due to this fact, the result is — though it might be of good aisguality — not well suited for
chord recognition which can also be seen in Tablé 7.8.

Figure[7.11 compares the skeleton computed Withmorph plus additional color in-
formation with the skeletons resulting from the applicataf the parabolic skeletonization
algorithm with different values fos, ands,. The difference between thwvmorph skeleton
and the parabolic ones is quite obvious: the skeletons cteduith parabolic skeletoniza-
tion introduce some blurring while tHevmorph skeleton has thin, sharp edges. As already
mentioned, the parabolic skeletons preserve informatemessary for music information re-
trieval. Comparing these skeletons among each otheryhangl difference can be seen. The
skeleton produced with, = 1 ands, = 0.1 shows a little preference for horizontal structures
where the result using, = 0.1 ands, = 1 gives more a vertical preference.

Due to the quality measure, the parabolic skeletonizatitimsy = 0.1 ands, = 0.1 gives
the best result for this testfile, compare Tdble 7.8. Howekieroutcome depends on the input
data. For some files, an improved result $or= 1 ands, = 0.1 can be seen, but in general,
s, = s, = 0.1 is a reasonable starting point.
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Original Filkerbank Pitch Representation

Figure 7.10: Skeletonization of “Baby’s In Black” by The BeatleJop left: Original
spectrogram.Top right: Binary image of the original spectrogram generated usieg th
built-in MATLAB function im2bw with an automatically chosen threshold realized by
the built-in functiongraythresh . Bottom left: Skeleton computed with the MATLAB
function bwmorph using the binary version of the original spectrograddottom right:
Same skeleton with color information of the original spegtam at skeleton points.

Table 7.8: Comparison of skeletonization algorithms on “Baby’s Inddaby The Beat-
les. The first two skeletonizations correspond tolitwenorph function that is built into
MATLAB. The binary image fobwmorph was generated usinghi2bw with an auto-
matically chosen threshold realized gyaythresh . Last three are parabolic skele-
tonizations with a threshold @f001 for different values fos, ands,,.

Method s; 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 0537 0.545 0.541
Parabolic 1 01 0515 0.522 0.519

Parabolic 01 1 0.433 0.440 0.437
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Figure 7.11: Different skeletonization approaches on “Baby’s In Blatl’ The Beat-
les. Top left: Skeleton computed witbwmorph and additional color informationfop
right: Parabolic skeletonization with, = 0.1, s, = 0.1 and a threshold df.001. Bot-
tom left: Same, but, = 1, s, = 0.1. Bottom right: Same, but, = 0.1, s, = 1.

44



7.3. NL-MEANS

7.3 NL-Means

In Section$ 5.2 and 8.3, we have seen that various improvisroan be made to NL-means to
make the algorithm faster. These improvements also int®dasumptions and modifications
to the originally intended algorithm. We will investigatethis section how these assumptions
and changes influence the outcome of the NL-means algorithichibrd recognition. In our
experiments, we omit the usage of the Gaussian convolutigheoEuclidean distance as
shown in equatiori(5l2). The influence of this modificatiorttearesult is negligible because
the Gaussian convolution only slightly modifies the NL-m&#élter. In addition, the runtime
of the algorithm is a bit lower. Due to the computational céewjty, we do not consider the
basic version where the search space for similar patchex restricted.

In the following — and also in Chaptel 8 — we stick to the téMinrmeansf we do not
consider the modifications presented in Secfion b.2.2 aridstoNL-meansf the modified
weighting function as given in equation (5.9) is used. Fahlapproaches, NL-means and
fast NL-means, we consider all other improvements such eottally 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 witladaptive weighting (see
Sectior{ 5.2.3) for different parametexs

No directional preference. In this experiment, no directional preference — i.e. a qa@ar
similarity window and a quadratic search window — is usedyufe[7.1P shows the spectro-
grams of “Tell Me Why” by The Beatles. In the left column of thgure, we see the resulting
spectrograms for different values bithout adaptive weighting. In the right column, exactly
the same computation was performed but with adaptivelygingrthe values of the distance
weight A according to equation (5.110). It is clearly visible that #igorithm blurs structures
more if A is not chosen adaptively. This coincides with the fact thgtadally chosemn is
not always preferable, see also [7] 34]. The quality meagiven in Tableg_7.9 shows that
for A\ = 10 this does not hold for the examined testfile, but in generahdaptively chosen
distance weight\ gives either the same result or improves it in comparisorhéoviersion
without adaptation.

The best result in Figufe 7112 is achieved fo& 1 in conjunction with adaptive weight-
ing which can also be visually verified. Fine structures lkeall contributions in the top
quarter of the spectrogram are enhanced pretty well cordpgarthe version without adaptive
weighting where detailed structures are unsharp aftergpécation of the algorithm due to
the heavy blurring involved. Moreover, points where no oaBrmontributions can be found
—i.e. the dark parts in the spectrograms — are filled up witttrdmtions the higheki gets.

Horizontal directional preference. In addition to the previous experiment, we have a look
at how a directional preference —i.e. a rectangular sijlaindow (compare Sectidn 8.3) —

45



CHAPTER 7. EXPERIMENTS IN CHORD RECOGNITION

Table 7.9: Comparison of choosing adaptively or not for NL-means with 21 x 21
search window and a x 7 similarity window. This table corresponds to Figlre 7.12.

A 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 getsim the experiment before, but
change the height of the similarity window to 3, i.e. we usevalarity window of size7 x 3.
The spectrograms belonging to this experiment are giveigure 7. 18. Regarding this figure,
the first thing we notice is that horizontal structures daaten Let us compare Tables]7.9 and
[7.10. First, improvements are achieved when using a regtangindow in conjunction with
the usage of adaptive weighting. Second, for the settingevieaptive weighting is not used,
no differences between7ax 7 and a7 x 3 similarity window can be found. An exception for
both cases ig = 1.

The main reason to only restrict the similarity window — tlee inpainting window — is
to make the search for similar structures in the spectrogname reliable. Let us assume for
the moment 21 x 3 search window and a x 3 similarity window. We shortly give here the
corresponding values for precision, recall and F-measure f= 1. For the variant where
A is not computed adaptively we hay®, R, F') = (0.130,0.135,0.132) and for the variant
with adaptive weighting, we have®, R, F') = (0.198, 0.205, 0.201). Comparing these values
with the corresponding ones in Tal)le 4.10, we notice higléres for precision, recall and
F-measure, meaning that the result computed with a 21 search window is advantageous.

Table 7.10: Comparison of choosing adaptively or not for NL-means with 21 x 21
search window and a x 3 similarity window. This table corresponds to Figlre 7.13.

A 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 choosing adaptively or not for NL-means using the test-
file “Tell Me Why” by The Beatles (number 12 in Talle_A.1). Alpsctrograms were
computed using a1 x 21 search window and @ x 7 similarity window. Top: Original
spectrogramLeft: A is not chosen adaptivelRRight: ) is chosen adaptivelyiddle to
bottom: A = 1,5, 10.
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Figure 7.13: Same as in Figure 7.2, but with2a x 21 search window and @ x 3
similarity window.
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7.3.2 Fast NL-means

In this paragraph, let us discuss the fast NL-means algor{tompare Section 5.2.2) with
and without adaptive weighting for differeit

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

In Figure[7.14, the processing of “Tell Me Why” (number 12 &ble[A.1) with fast NL-
means is shown. To compute these spectrograms, 0.9 andrn, = 1.1 are chosen. Except
for the computation withh = 1 and adaptive weighting — which enhances the result compared
to the original — all the other parameter settings did notrowp the spectrogram at all, see
Table[Z11. It is also clearly visible that in all the spegtams that did not enhance the
original a lot of blurring is present that does not preseheefine detailed structures.

Table 7.11:Comparison of choosing adaptively or not for fast NL-means wita x 21

search window, & x 7 similarity window,n; = 0.9 andn, = 1.1. This table corresponds
to Figure[7.14.

A 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 usidg a 21 search window and @ x 7
similarity window wheren; = 0.5 andrn, = 1.5 are used. Intuitively, we know that similar
neighborhoods should have similar gray values. Increasiegange given in equation (5.4)
means that we are more tolerant when it comes to deviations fine average gray value in
the two windows that are compared. Let us investigate thetsggams in Figuré 7.14 and
the corresponding spectrograms in Figure [7.15. We obsbatddrn, = 0.5 andn, = 1.5
the spectrograms are much more dense (smeared) in comp#riiee ones computed with
m = 0.9 andn, = 1.1. This visual observation is also supported by the measureofe
precision, recall and F-measure given in Table[7.11 andwltiete the result has in general a
higher F-measure fof; = 0.9 andn, = 1.1 except for\ = 1 with adaptive weighting where
the version withy; = 0.5 andrn, = 1.5 gives a slight improvement. Note that choosifng
andr), further away from 1 — as in the setting withh = 0.5 andn, = 1.5 — may increase the
quality of the denoised version but can also introduce adrighror since more contributions
are considered to compute the averaged weighting.
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Table 7.12: Comparison of choosing adaptively or not for fast NL-means. A x 21
search window, & x 7 similarity window andn; = 0.5, n, = 1.5 is used. This table
corresponds to Figufe 7J15.

A 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 rectangutar3 similarity window, see Figurds 7.116 and
[7.17 with the corresponding Tables 7.13 &nd17.14.

For a rectangular window, we observe exactly the oppositmmparison to a quadratic
one. Forthe combination gf = 0.5 andn, = 1.5, the results are advantageous in comparison
to the ones computed withh = 0.9 andn, = 1.1. The reason for this issue can be explained
with the following intuition.

So far, we have seen several ingredients that influence toberoe of the NL-means algo-
rithm: the choice of\ which controls the weighting, the change of the similaritpdow to
only perform inpainting with a preference for a certain diren and thdastNL-means algo-
rithm that only uses the weighting function under certaincwinstances which is dependent
— among other conditions — on the choicergfandn,. Making the interval given in((54)
bigger also means to include more pixels in the computatidgheoweighted averaging since
the algorithm is more tolerant concerning deviations frowv@ &verage grayvalue of the two
windows that are compared. In some cases, narrowing theahia (5.4) and using a rectan-
gular similarity window at the same time results in too fefonmation for the inpainting step.
On the other hand, including too much information might alsbbe useful for the denoising
process.

This behavior described above cannot be seen with evefildes$t can also be observed
that for some input data the outcome is enhanced more;fet 0.9 andn, = 1.1. Since
the result in this example does not differ much for the sg#in = 0.9,7, = 1.1 andn; =
0.5,7m, = 1.5, we stick ton; = 0.9 andn, = 1.1.
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Table 7.13: Comparison of choosing adaptively or not for fast NL-means with = 0.9

andn, = 1.1 where &1 x 21 search window and ax 3 similarity window is used. This
table corresponds to Figure 7116.

A 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 choosing adaptively or not for fast NL-means with = 0.5

andn, = 1.5. Furthermore, 1 x 21 search window and @ x 3 similarity window is
used. This table corresponds to Figure 7.17.

A 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 choosing adaptively or not for fast NL-means using the
testfile “Tell Me Why” by The Beatles (number 12 in Table A. Al spectrograms were
computed using @1 x 21 search window, & x 7 similarity window, n; = 0.9 and
n, = 1.1. Top: Original spectrogramleft: X is not chosen adaptivelyRight: X is
chosen adaptivelMiddle to bottom: A = 1,5, 10.
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Figure 7.15: Same as in Figurfie 7.114, but with = 0.5 andn, = 1.5.
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Figure 7.16: Comparison of choosing adaptively or not for fast NL-means using the
testfile “Tell Me Why” by The Beatles (number 12 in Table A. Al spectrograms were
computed using @1 x 21 search window, & x 3 similarity window, ; = 0.9 and
n, = 1.1. Top: Original spectrogramleft: X is not chosen adaptivelyRight: X is
chosen adaptivelMiddle to bottom: A = 1,5, 10.
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Figure 7.17: Same as in Figufle 7.1L6, but with = 0.5 andn, = 1.5.
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7.4 Discussion and Summary

This section concludes the experiments on chord recogriyatesting a standard parameter
set for EED, CED, skeletonization, NL-means and fast NLim3aan all the testfiles. This is
useful since in real-world examples, a ground truth is galhenot available. Thus, having a
reasonable starting point is crucial. Furthermore, statizd parameter settings are impor-
tant for the automated application of the methods. Sincéntipact of the different methods
is visually demonstrated in the previous sections, onlytéiies giving precision, recall and
F-measure are proposed here.

For the computations, the following parameter sets areiegpind preference for hori-
zontal structures is always used except for skeletonizatio

e EED:
A=1,0=0.5,7=0.25t=100.

e CED:
C=10=05p=5a=0.01,7=0.25t = 1000.

e Skeletonization:
s, = 0.1, s, = 0.1, threshold =0.001.

e NL-means:
21 x 21 search window7 x 3 similarity window, A = 1, with adaptive weighting.

e Fast NL-means:
21 x 21 search windowy x 3 similarity window,n; = 0.9, o, = 1.1, A = 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 useretision, recall and F-measure.
The quality of the algorithmic treatment is given for each il Table$ 7,15 tb 7.27.

As a general trend, we note that diffusion processes outperékeletonization and NL-
means. The testfiles “Helter Skelter” and “Tell Me Why” are thnly exceptions to this
finding, compare Tablés 7.21 and 7.26, where none of thesiliffiprocesses could beat one
of the other algorithms. On “Cry Baby Cry” and “You Can'’t Do ath (see Tablek 7.20 and
[7.27) at least one of the diffusion processes was superal dther algorithms. Furthermore,
we find that skeletonization beats both NL-means approamhesveral testfiles (numbers 1,
3,4, 6, 7 and 13). In addition, there exist cases where skeiggttion is superior to NL-means,
but not fast NL-means, see Tables 7[16, 7.19,]17.24 and 7n250m one of the testfiles, the
application of skeletonization gives a higher F-measurepgared to fast NL-means, but not
NL-means (Table7.22).

Within the class of NL-means, we notice that the fast NL-nsegigorithm is superior to
the NL-means algorithm in almost every case. This obsematupports the theory that too
much information leads to a significant error in the weighdedraging. The only exception
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is the file “I Am The Walrus”, compare Table 7]22. In generhg fast NL-means algorithm
uses the weighting function in comparison to NL-means I&&noFor this concrete example
this may result in too few data for the inpainting step sirfee $pectrogram is sparse in the
first half (0 to about 15 seconds). Thus, every time the weigttnction is used, it consists
of few contributions from the inpainting neighborhood, tlee similarity window.

Runtime considerations. As already stated earlier, the runtime of the algorithmsas n
the main concern of this thesis. Nevertheless, let us giv¢hi® sake of completeness one
example. Tablé 7.28 shows the runtime of the different dtigmis on the file “Back In The
USSR” (number 5 in Table_All). Let us mention that NL-meaiisrsteds a high runtime
even though the search space is restricted by the use of eafjeastarch window.

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

The spectrograms of this experiment where skeletonizasiapplied before and after
edge-enhancing diffusion are given in Figure 7.18 and tieesponding values for precision,
recall and F-measure in Taljle 71.29.

Let us have a look at the spectrograms on the bottom of Figd& The visual quality of
both is different. The one on the right is very blurry whichn@ the case for the spectrogram
on the left. Only judging the visual quality, we probably Wesay that the spectrogram on
the left is advantageous compared to the right one. Regadur observation from Section
[7.2.3, we can explain why this is not the case (see also Talg. Skeletonization makes the
edges —i.e. frequency contributions — thinner. This alawores some important information
about the frequency composition that cannot be repairegplyimg a diffusion process after-
wards. In contrast, applying the diffusion before skeletation is desired since the diffusion
process enhances structures that should not be enhancs#éiedatbnization 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 informatietrieval task it can happen that
the feature extraction might extract something wrong. mftillowing example, the feature
extraction is — informally speaking — both right and wronght due to the input data (the
spectrogram) and wrong due to acoustical judgement. Tstilite this, we consider “And |
Love Her” by The Beatles (number 3 in Table A.1). Here it isvamient to look additionally

at the chroma-time representation and chord annotatiayur€fi7.19 gives both the original
data as well as the processed data. Let us look at the bottdine digure. This plot shows

in a color coding which chords are present at which time. Gtapds for the chords that are
annotated, red for the retrieved chords. If both match, tlerds white. The numbers on
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the y-axis identify the chords where numbers from 1 to 12dstanC Major to B Major and
numbers from 13 to 24 for C Minor to B Minor. Let us look at thmé frame 0 to 5 seconds on
the bottom right representation in Figlire 7.19. The feaduteaction detectedMajor (chord
number 7) where the annotation tells that it should b&for (chord number 19). This is
one of the worst classification errors that can happen. leai® that this misclassification is
not introduced, but slightly enhanced by the diffusion gss; 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 tlyecThe chord F Major
consists of the notes FA* and C where F Minor consists of the notesFA and C. The only
difference is the note in the middle. This must mean thatéaéuie extraction detected ah A
instead of A. And in fact, if we have a look at the chroma-timpresentation of the processed
data (middle right in Figure_7.19) at the point in time whdre hote Fis almost represented
in white, we notice that the note*Aas a brighter color than A meaning that it is more intense
at this point in time. After listening to the testfile, the ams why chord recognition fails
on this file is obvious: at exactly this point, the percussl@ments start. The percussion
contributes to the frequencies corresponding tavAich makes it more intense than A. Thus,
the feature extraction doesn’t recognize the note A as itapbas the note Ameaning that
we do not end up with the note$, A, C* as the most important notes at this time but with F
Af, Cf. Thus, the chord recognition algorithm concludes that tleead F Major instead of F
Minor is played.

Final remark. As we have seen, image processing methods are able to sagtiifienhance
the spectrograms that were considered in this chapter aisccdn contribute fruitfully to the
success of chord recognition.
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Table 7.15: Comparison of EED, CED, skeletonization, NL-means and fistneans
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
0.419

Skeletonization 0.413 0.426
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 Kdstneans
for “All You Need Is Love” by The Beatles (file number 2 in TaBell).

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
0.448

Skeletonization 0.446 0.450
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 Ndstneans
for “And | Love Her” by The Beatles (file number 3 in Talile’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 fistneans
for “Baby’s In Black” by The Beatles (file number 4 in Taljle 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 Ndstneans
for “Back In The USSR” by The Beatles (file number 5 in Tdble)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
0.502

Skeletonization 0.500 0.505
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 Kdstneans
for “Cry Baby Cry” by The Beatles (file number 6 in Taltle 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
0.394

Skeletonization 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 fistneans
for “Helter Skelter” by The Beatles (file number 7 in TableJA.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 Kdstneans
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
0.488

Skeletonization 0.483 0.492
NL-means 0.502 0.511 0.506
Fast NL-means 0.480 0.489 0.485
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Table 7.23: Comparison of EED, CED, skeletonization, NL-means and Ndstneans
for “I'm Only Sleeping” by The Beatles (file number 9 in TableT)\

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 fistneans
for “Let It Be” by The Beatles (file number 10 in Talille 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 Ndstneans
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
0.228

Skeletonization 0.222 0.234
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 Ndstneans
for “Tell Me Why” by The Beatles (file number 12 in Talle’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
0.235 0.244 0.239

Fast NL-means

Table 7.27: Comparison of EED, CED, skeletonization, NL-means and Ndstneans
for “You Can't Do That” by The Beatles (file number 13 in TabIelA

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 TBeatles.

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 stapiffusion. This
table gives the corresponding values for precision, reoadl 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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Criginal Fikerbank Pitch Representation

Tirme (s&¢)

Figure 7.18: Skeletonization as preprocessing or postprocessing stefiffusion. Top:
Original spectrogram of “Cry Baby Cry” by The Beatles (hum&@ Tabld A.1).Bottom
left: Application of a diffusion process followed by a skeletatian. Bottom right:
Application of a skeletonization followed by a diffusionogess.
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Original Filkerbank Pich Representation Modified Spectrogram
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Figure 7.19: Example where chord recognition is fooled by percussiap left: Origi-

nal spectrogram of “And | Love Her” by The Beatles (number JableA.1). Top right:
Edge-enhancing diffusion with = 1, 0 = 0.5, 7 = 0.25, t = 80 and directional pref-
erence for horizontal structuredliddle left: Chroma-time representation of the original
spectrogramMiddle right: Corresponding chroma-time representation of the modified
spectrogramBottom left: Representation of the original data that shows the choats th
are annotated and the chords that are retrieved in one inhagaebers from 1 to 12 rep-
resent the chords from C Major to B Major and from 13 to 24 therde C Minor to B
Minor. Gray color denotes annotated chords, red colorawtd chords. If both match,
the color turns whiteBottom 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 beiagvinner.
— Tim Ferriss

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

As already mentioned in Sectign R.2, onset detection is masay task. While it seems
well-defined at first glance, it is difficult to locate the sitag point of a musical note.

For the following experiments, we use the testfiles listedable[A.2. The testfiles 1
to 8 are excerpts manually annotated by Peter Grosche anthMeMuller (seel[16]). The
testfiles 9 to 23 are taken from [4], except for 10, 21 and 2Ratenot publicly available, see
also [22].

8.1 Diffusion

This section deals with diffusion processes that are pexdoron the spectrograms for the
task of onset detection. Since we are interested in veritattures, we first compare the
results of diffusion processes with and without a diredigoreference for a fixed number
of iteration steps. In a second experiment, we investigaebehavior of the algorithm for

different numbers of iterations whetk is set to 1 andi, 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 iteratbut once with and once
without preference for vertical directions. Figlrel8.1 idepthe spectrograms of the “Happy
Birthday” testfile performed by a choir accompanied by a piafihe spectrogram after ap-
plying EED without directional preference is shown on théttm left where the result of
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applying EED with vertical preference is given on the botteght. The spectrogram on the
bottom left shows that diffusion happened also in horiziitaction resulting in the fact that
onsets cannot be clearly spotted. Comparing the valuebddfimeasure in Table 8.1, we ob-
serve that the diffusion process without vertical prefeeeslightly enhances the result where
the process that diffuses only in vertical direction im@ethe quality of the computation
even further. The investigation of the spectrogram on thiwhboright in Figurd 811 supports
this since the structures are sharp and only enhanced icalaiirection. The results given
in Table[8.1 coincide with the intuition that a diffusion femed equally in every direction,
I.e. a blurring also in the time domain, does not give optirealilts with respect to the onset
detection problem.

In this context, we also want to recall an important aspenteming the result given by
the quality measure. The diffusion process without a diveel preference gives a higher
precision than the diffusion process with a directionafgnence but this comes at the cost of
a decrease in recall. The result for the process with (ordyfjaal diffusion improves not just
the precision but also the recall with respect to the origilaga. This example shows that we
always have to consider the quantities precision and remgdither, compare Section P.3.

Original Specrogram

w 4000

Modified Spectrogram Modified Specrogram

Figure 8.1: Spectrograms of “Happy Birthday” (number 4 in Table]A.Zpp: Original
spectrogramBottom left: Spectrogram after diffusion with EED and= 1, o = 0.5,
T = 0.25, t = 20 where no direction is preferredBottom right: Spectrogram after
diffusion with the same setting, but directional prefeefar vertical diffusion.
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Table 8.1: Comparison of precision, recall and F-measure for EED witl @ithout
directional preference. Edge-enhancing diffusion wasopered withA = 1, ¢ = 0.5,
7 = 0.25 andt = 20. The values correspond to the processing depicted in Figylire

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 toasda anisotropic diffusion. We
proceed by fixing the diffusion preference to vertical dil@t and investigate how increasing
the number of iterations influences the result. Figuré 8a@®vshagain the “Happy Birthday”
testfile. The spectrograms are processed by edge-enhatitfirgjon with different numbers
of iterations. The F-measure given in Table| 8.2 suggeststiearesult for 100 iterations is
an outlier and the more iterations we perform the more thé fesalt is enhanced. Consid-
ering all the quantities of the quality measures, we seethi®high precision and the high
F-measure for 200 iterations comes with a low recall whichasdesired. For 20 iterations
we observe an improved result since we have an increase dgisjoe as well as in recall in
comparison to the original data.

Table 8.2: Comparison of precision, recall and F-measure for EED wifflerént num-
bers of iterations and directional preference for vertstalctures whera = 1,0 = 0.5
andr = 0.25. The values correspond to the processing depicted in FHgdre

lterations 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 omyvertical direction in com-
parison to unbiased anisotropic diffusion. Figurd 8.3 shitve spectrograms of the testfile
“guitar3” after processing the original spectrogram wittherence-enhancing diffusion with
and without directional preference. In general, we havedte that the spectrogram of this
testfile is very dense. Thus, investigating the resultirecgpgrams carefully is necessary to
spot the direction of the diffusion process. Neverthelkasing a look at the frequency con-
tributions (in yellow color) slightly below 5000, we see tliaey are also blurred in horizontal
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Qriginal Spectrogram Modified Spectrogram
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Figure 8.2: Spectrograms of “Happy Birthday” (number 4 in Table]A.2).l diffusion
processes are performed with a preference for verticattsires. Top left: Original
spectrogram.Top right: Spectrogram after diffusion with EED and= 1, o0 = 0.5,
7 = 0.25 andt = 20. Bottom left: ¢t = 100. Bottom right: ¢ = 200.

direction in the spectrogram on the bottom left where thesgributions are not horizontally
extended in the version on the bottom right. Alternativelg,can investigate the frequencies
that are above 6000. In the original spectrogram there amevéhtical structures. These are
not only preserved but also enhanced by the diffusion algoriwith preference in vertical
direction where these structures are blurred away for tfiesiton process that performs un-
biased anisotropic diffusion, compare the spectrogramheroottom right and bottom left
in Figure[8.8, respectively. Table 8.3 also shows that thingewith 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 coheremtexncing diffusion where we fix
the process to only diffuse in vertical direction, see F&fi4. As already mentioned before,
the spectrogram of the “guitar3” testfile is very dense. étening a large number of iterations
introduces an even higher density which does not enhanaavéhrall quality of the resulting
spectrogram, see Takle B.4. For 500 or 1000 iterations ettadlris lower than without any
processing which shows that the task of onset detection re mhfficult for these spectro-
grams. In contrast, we notice that for 100 iterations, tisailtas slightly improved. In this
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Original Spectrogram
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Figure 8.3: Spectrograms of “guitar3” (number 15 in Table A.Zpp: Original spectro-
gram. Bottom left: Spectrogram after diffusion with CED ardd = 1, 0 = 0.5, p = 5,
a = 0.1, 7 = 0.25,t = 100 where no direction is preferre@ottom right: Spectrogram
after diffusion with the same setting, but directional prehce for vertical diffusion.

case, information about the structure is still preservedretior 500 or 1000 iterations, this
information is blurred completely, compare e.g. the bottdte corresponding spectrograms
(in bright yellow).
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Table 8.3: Comparison of precision, recall and F-measure for CED witti @ithout
directional preference whefé = 1,0 = 0.5, p = 5, = 0.1, 7 = 0.25 andt = 100. The

values correspond to the processing depicted in Figufe 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={ 1, ¢ = 0.5,

p = 5,a = 0.1 andr = 0.25) with vertical preference and different numbers of iteyas.
The values correspond to the processing depicted in Higdre 8

lterations 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 difion processes
are performed with a preference for vertical structuresp left: Original spectrogram.
Top right: Spectrogram after diffusion with CED atd= 1,0 = 0.5, p = 5, a = 0.1,

7 = 0.25,¢t = 100. Bottom left: ¢ = 500. Bottom right: ¢ = 1000.
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8.1.3 Comparison of EED and CED

We have seen in the previous sections that edge-enhandfugjain and coherence-enhancing
diffusion behave similarly for onset detection: first, agess with directional preference is
superior to a process without directional preference andrsk the more a process diffuses,
the worse gets the result. Like we did in Chapier 7, we comB&ie and CED head to head
while using similar parameter settings. Please rememia¢éntin the CED algorithm is sort
of a damping of the diffusion process. To allow a similar hetweof both diffusion algorithms
for the same number of iterations, we have toset 1 for coherence-enhancing diffusion.

The original spectrogram of the testfile Op. 100 No. 2 by FreddBurgmdller is given
on the top of Figuré 8l5. Below this, the spectrograms of th& ghrocessed with edge-
enhancing diffusion and coherence-enhancing diffusiergaren side by side. In the middle
row, we compare EED and CED where no directional preferemeeseéd. Visually, the two
results look very similar, but — according to the quality sw@@ given in Tablé 815 — the
spectrogram computed by the application of EED beats theeomputed with CED. Please
note that both diffusion algorithms without directionaéfarence worsen the result compared
to the original, unprocessed data which coincides withipres/findings. The results of the
diffusion processes with directional preference for \waltstructures is given on the bottom
of Figure[8.5. Again, the visual judgement reveals no défifiees between the spectrogram on
the bottom left and the one on the bottom right. In this calse, 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 fas@ido answer this, we refer
to Section 7.1]3. The explanation already given there fardhlecognition also holds for
onset detection.

Table 8.5: Comparison between EED with= 1, 0 = 0.5, 7 = 0.25, ¢t = 50 and CED
usingC = 1,0 =0.5,p =5,a = 1,7 = 0.25,t = 50. The table corresponds to Figure
B.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 Burgmuller (number 1 in Takle A.Z)op: Original spectrogramMiddle left:
Edge-enhancing diffusion with = 1, 0 = 0.5, 7 = 0.25, t = 50 and no preference for
vertical diffusion.Bottom left: Same setting with preference for vertical diffusiduid-

dle right: Coherence-enhancing diffusion with= 1,0 =0.5,p =5,a = 1,7 = 0.25,

t = 50 and no preference for vertical diffusiolBottom right: Same parameters, but
directional preference for vertical diffusion turned on.
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8.2 Morphology

Similarly to Sectior 7.2, we start by investigating the bdsiilding blocks of mathematical
morphology, i.e. dilation, erosion, closing and openinghwva rectangle as (flat) structuring
element before proceeding with a parabola (which is a nosftatturing element) used in
parabolic dilation, parabolic erosion and parabolic doglization. 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 havelpkean in Section 7.2 that
a (flat) disk is not well suited for the processing of speatangs.

Criginal Spechogram

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

8.2.1 Dilation and Erosion

In the top row of Figuré 817, the results of a dilation (tof)leihd an erosion (top right) with a
rectangle of height 10 and width 1 are depicted. We noticetigedilation process introduces
a high amount of blurring in vertical direction in compansio the original spectrogram, see
also Tablé 8J6. The problem is that such an enhancement ailgghgive a higher impact to
contributions that are no real onsets (e.g. noise). In astiterosion with the same structuring
element reduces small contributions such that in genelgl sirong contributions survive.
For onset detection this is advantageous, since only “tamsets may be present. On the
other hand, actual onsets with a low contribution in the Bpgecam may be eroded away.
Considering Tablé 816, the application of erosion imprabesresult more than the dilation
operation. The precision measure is slightly lower whersierois applied, but the recall
measure is significantly higher which leads to a result witprioved overall quality. Please
also note that the recall for erosion is not only higher in panson to dilation but also to the
original data.
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Figure 8.7: Morphological operations on the spectrogram of “rock1hatrectangle of
height 10 and width 1 as structuring elemefap left: Dilation. Top right: Erosion.
Bottom left: Closing.Bottom right: Opening.

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

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 ogean closing. The closing op-
eration on the testfile “rock1” is depicted in Figlrel8.7 or thottom left and the opening
operation on the bottom right. Please note that the resnlta®bottom can be achieved by
the application of the opposite morphological operatioth@nspectrograms in the top row. In
other words, the spectrogram on the bottom left of Figure8rvbe computed by applying an
erosion operation with the same structuring element ongleetsogram depicted on the top
left (showing a dilation). Consequently, the spectrogranth@ bottom right can be computed
by applying a dilation to the spectrogram on the top right.

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

In Chaptef 7 we have seen that the result of dilation was exgtbhy applying erosion
afterwards and erosion was enhanced by the successiveatpiiof dilation. In other words,
the closing operation gave enhancements compared to patieniand the opening operation
improved the overall result compared to pure erosion. F®takk of onset detection, this does
not seem to hold. The closing operation worsens the resatinmparison 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 thadlapeality of the testfile.

8.2.3 Skeletonization

As we did in Sectiof 7.2]3, we start by briefly looking at padabdilation and parabolic ero-
sion before proceeding to parabolic skeletonization. lditazh, we compare the parabolic
skeletonization approach as introduced_inl 6.2 with the rigirskeletonization available in
MATLAB.

Figure[8.8 shows parabolic dilation and parabolic erosibfrackl”. In case of dense
spectrograms like in this example, parabolic dilation §laven more than dilation with a
rectangle as structuring element. With parabolic erosampbserve the opposite. Parabolic
erosion performs — in comparison to erosion with a rectaaglgtructuring element — stronger
thinning of the vertical structures.

As already mentioned, MATLAB provides a skeletonizationdtion (owmorph) which
only works on binary images. Thus, the first step is to contregtgrayscale image to a
binary version. We use again the functigraythresh  to compute a threshold fam2bw
which converts an image to a binary version of it. Details akso be found in Sectidn 7.2.3.
Figure 8.9 shows the original spectrogram and its binargigaras well as the skeletonization
computed out of the binary version of the original spectaogr If we take a look at the
spectrograms on the bottom, we see that the skeleton cen$tot of thin, crisscross lines.
This makes it difficult to clearly determine onsets.
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Figure 8.8: Parabolic morphological operations on the spectrogranrtadkl”. Left:
Parabolic dilation withs, = 0.1 ands, = 0.1. Right: Parabolic erosion with, = 0.1
ands, = 0.1.

Table 8.7: Comparison of skeletonization algorithms on “rockl”. Thrstfiwo skele-
tonizations correspond to thwvmorph function that is built into MATLAB. The binary
image forbwmorph was generated usingi2bw with an automatically chosen threshold
realized bygraythresh . Last three are parabolic skeletonizations with a threshol
0.01 for different values fos, ands,,.

Method s, s, 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 01 0.939 0.742 0.829
Parabolic 1 01 0.935 0.694 0.796

Parabolic 01 1 0.918 0.726 0.811

Figure8.10 compares binary skeletonization as implendant& ATLAB with the parabolic
skeletonization proposed in Sectlonl6.2. We notice imnteljizhat both approaches are very
different in their outcome. Parabolic skeletonizationpgeeéhe overall structure intact while
thinning it at the same time where the skeletonization imglieted in MATLAB gives very
thin lines that are not related to the original structureny aay. Like for chord recogni-
tion, the differences between the versions where= s, = 0.1, s, = 1,5, = 0.1 and
s, = 0.1,s, = 1 are very small. Looking carefully, we can see a blurring imizantal di-
rection for the spectrogram on the bottom left and an enlraanéof vertical structures for
the spectrogram on the bottom right. It seems that lessibtuis involved fors, = s, = 0.1
leading to the conclusion that this version — at least byijglgisually — is the best out of the
three parabolic skeletonization examples. Table 8.7 suppus impression.
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Figure 8.9: Skeletonization of “rockl1”. Top left: Original spectrogram.Top right:
Binary image of the original spectrogram generated usiegbthlt-in MATLAB func-
tion im2bw with an automatically chosen threshold realized by thetfuifunction
graythresh . Bottom left: Skeleton computed with the MATLAB functidowmorph
for skeletonization using the binary version of the origisi@ectrogram.Bottom right:
Same skeleton with color information of the original spegtam at skeleton points.
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Figure 8.10: Different skeletonization approaches on “rockTop left: Skeleton com-
puted withbwmorph and additional color informatiorfop right: Parabolic skeletoniza-
tion with s, = 0.1, s, = 0.1 and a threshold 0f.01. Bottom left: Same, but, = 1,
s, = 0.1. Bottom right: Same, but, = 0.1, s, = 1.
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8.3 NL-Means

As we have seen in Sectibn 7.3, the modifications introdut&egction§ 512 arid 6.3 introduce
assumptions that influence the outcome of the NL-meansitdigarPlease remember that we
stick to the termNL-meango refer to an algorithm incorporating improvements ffo@ &nd
but not the modified weighting function from (5.9), whestast NL-meanstands for the
algorithm that additionally uses this modified weightingdtion.

In the case of NL-means and chord recognition, we had to lefudahoosing what we are
inpainting. As a consequence, we had to make the search wiadd the similarity window
large enough to ensure this. Please note that NL-means higé anemory consumption,
especially for large window sizes. This might lead to theasdtion of system capacities very
quickly. Experiments for onset detection with the same wimgizes as for chord recognition
have led to a poorer outcome. Let us show the difference orekamples. NL-means with a
21 x 21 search window, a similarity window of sizZex 21, A\ = 1 and nonadaptive distance
weighting as well as fast NL-means with = 0.5 andn, = 1.5 were used where all other
parameters remained untouched. NL-means gives on Op. 10D IjoFriedrich Burgmiller
(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 withP, R, F') = (0.526, 0.833, 0.645).
Comparing those results with the corresponding ones ine§aBIl# and 8.25, respectively,
we notice that a larger window size is not suitable for thektaAs a consequence, we stick to
a smaller search window of sizé x 11 and a smaller similarity windowi( x 11 or3 x 11,
respectively). As a side effect, the smaller window size® S@me system resources.

8.3.1 Improved NL-means

We start with the comparison between NL-means with and witlaolaptive weighting (see
Sectior{ 5.2.3) for different parametexs

No directional preference. Figure[8.11 shows on the left the output spectrograms of NL-
means without adaptive weighting and on the right the spgims that are computed with an
adaptively chosen distance weightFirst of all we may see that the spectrograms where NL-
means was applied without adaptively chogeare a little more blurred than the spectrograms
where NL-means with adaptive weighting was used. Howelierchanges between the left
spectrogram and its corresponding version on the right anémal. As a general trend we
observe that the higheris chosen, the more blurring is involved in the spectrogriaading

to poorer results with the increase kf Table[8.8 verifies these observations. Furthermore,
the table shows that fox = 5 and A = 10, a larger difference between the version without
and with adaptive weighting is present. Let us exemplatilgg the two spectrograms for

A = 5. More precisely, we have a look at the “vertical peak” at agpnately 7.5 seconds.
Especially at the frequencies around 3500 to 4000 we mayhsgeNL_-means without an
adaptive distance weightblurs very much in contrast to the version with adaptive \wgigy
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Table 8.8: Comparison of choosing adaptively or not for NL-means. Al x 11 search
window and al1 x 11 similarity window is used. This table corresponds to Fidg8iuEl.

A 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. Simitarestigations can be made e.g. at
approximately 10.5 seconds for the frequencies around 258000.

Except for\ = 1 without adaptive weighting, the result of NL-means is ndtamced 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. InU&8.12 we have again the spec-
trograms of “guitar2”, but we use now a similarity window @fes3 x 11 instead ofl1 x 11.
On the left side, the spectrograms for ascendir@gnd nonadaptive weighting are shown from
top to bottom where on the right side the spectrograms forséimee values ol but with
adaptive weighting are depicted. Visually, hardly anyeti#inces can be spotted comparing
the spectrograms on the left and on the right, but the F-nmealues in Tablé 819 give a
significant change between nonadaptive and adaptive wegglar A = 5 and\ = 10.

Please note that in Sectibn 7.3 we have given a reason thataagelar search window
is not well suited which is also true for this task. Of cournsenight be that the usage of a

rectangular search window improves the outcome of the goy but this highly depends on
the testfile that is considered.

Table 8.9: Comparison of choosing adaptively or not for NL-means. Al x 11 search
window and & x 11 similarity window is used. This table corresponds to FigBuE2.

A 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 choosing adaptively or not for NL-means using the testfile
“guitar2” (number 14 in Table_Al2). All spectrograms weremgauted using d1 x 11
search window and &l x 11 similarity window. Top: Original spectrogramLeft: X is
not chosen adaptivelRight: A is chosen adaptivelyiddle to bottom: \ = 1,5, 10.
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Figure 8.12: Same as in Figure 8.111, but withla x 11 search window and & x 11
similarity window.
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8.3.2 Fast NL-means

We now turn our attention to the fast NL-means algorithm thess the modified weighting
function as given in equatiof (5.9). In this context, we cangpagain the results for fast NL-
means with and without directional preference for the snty window. In addition to that,

we use two different parameter sets fprandr, where the first one ig; = 0.9,7, = 1.1 and
the second one ig; = 0.5,7, = 1.5.

No directional preference. Let us start with a search window of sitéx 11 and an equally
sized similarity window. Figuré 8.13 compares the impacusihg the adaptive weighting
function for different values oh. Furthermorey; = 0.9 andrn, = 1.1 were used for this
example. The results of the same setting but with= 0.5 andn, = 1.5 can be found
in Figure[8.14. Since visually these figures do not diffendigantly, let us focus on the
results given by the quality measure. These results canurelfim Tablé 8700 and Takle 8111,
respectively.

First of all, we note that the outcome of the fast NL-mean®rigm without and with
adaptive weighting slightly differs. Furthermore, bothrgraeter sets fon, andn, give the
same trend concerning the increase\pf.e. the higher\ is chosen the worse is the result.
This fact can be seen on the bottom row of Figlres|8.13 anivhede the spectrograms are
blurred very much. Another regularity seems to be that thsior with adaptive weighting is
superior in comparison to the version without adaptive Weing for higher\.

Table 8.10: Comparison of choosing adaptively or not for fast NL-means withld x
11 search window, d1 x 11 similarity window,n; = 0.9 andrn, = 1.1. This table
corresponds to Figufe 8]13.

A 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.8.x 11.

Figure[8.15 contains the spectrograms computed by thecaypipin of the fast NL-means
algorithm using); = 0.9 andn, = 1.1. Figure[8.16 gives the results for fast NL-means with
n = 0.5 andn, = 1.5. The first thing we notice in both figures is that hardly anyrbhg is
involved in the result. Nevertheless, with a highaalso the blurring increases.
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Table 8.11: Comparison of choosing adaptively or not for fast NL-means. Al x 11

search window, a1 x 11 similarity window andy; = 0.5, 7, = 1.5 is used. This table
corresponds to Figute 8]14.

A 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 thaf = 0.9 and7, = 1.1 are chosen. In Table 8112, we see that 5
without adaptive weighting gives the highest F-measurés ditcome is not expected, since
the computation withh = 1 results in less blurring in the spectrograms compared totiner
values of\. The fact that the computation with= 5 gives together with a higher precision
also a lower recall compared to the original data suppontsnduition that this result should
be taken with care. In contrast, far= 1 we have an increase in precision together with the
same recall as for the original data.7if = 0.5 andrn, = 1.5 are used, the result for = 1
without adaptive weighting is superior to all other resuttsmpare Table 8.13.

But why is there hardly any blurring involved in this settth@ his circumstance results

from the usage of the rectangular similarity window whicghits the amount of inpainting in
horizontal direction and thus reduces blurring.

Table 8.12: Comparison of choosing adaptively or not for fast NL-means with = 0.9

andn, = 1.1 where all x 11 search window and & x 11 similarity window is used.
This table corresponds to Figure 8.15.

A 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 choosing adaptively or not for fast NL-means with = 0.5

andn, = 1.5. Furthermore, a1 x 11 search window and & x 11 similarity window is
used. This table corresponds to Figlure 8.16.

A 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
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Figure 8.13: Comparison of choosing adaptively or not for fast NL-means using the
testfile “guitar2” (number 14 in Table_A.2). All spectrogramwere computed using a
11 x 11 search window, d1 x 11 similarity window,n; = 0.9 andn, = 1.1. Top:
Original spectrogramLeft: X is not chosen adaptivelRight: ) is chosen adaptively.
Middle to bottom: )\ =1, 5, 10.
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Figure 8.14: Same as in Figurie 8.1.3, but with = 0.5 andn, = 1.5.
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Figure 8.15: Comparison of choosing adaptively or not for fast NL-means using the
testfile “guitar2” (number 14 in Table_A.1). All spectrogramwere computed using a
11 x 11 search window, & x 11 similarity window,n; = 0.9 andn, = 1.1. Top: Original
spectrogramLeft: A is not chosen adaptivelRight: ) is chosen adaptivelyiddle to
bottom: A = 1,5, 10.

91



CHAPTER 8. EXPERIMENTS IN ONSET DETECTION

Modified Spectrogram

8000

7000

G000

5000

w 4000

3000

2000

1000

Tirme (s&¢)

Modified Spectrogram

w 4000

Tirme (s&¢)

Modified Spectrogram

w 4000

Tirme (s&¢)

Figure 8.16: Same as in Figurie 8.1L5, but with = 0.5 andn, = 1.5.
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8.4. DISCUSSION AND SUMMARY

8.4 Discussion and Summary

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

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

e EED:
A=1,0=057=0.25¢t=20.

e CED:
C=1,0=05p=5a=0.01,7=0.25¢ = 200.

e Skeletonization:
s, = 0.1, s, = 0.1, threshold =0.01.

e NL-means:
11 x 11 search window3 x 11 similarity window, A = 1, no adaptive weighting.

e Fast NL-means:
11 x 11 search window3 x 11 similarity window,n; = 0.5, 5, = 1.5, A = 1, no
adaptive weighting.

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

The outcome of the processing by the algorithms investiatehis thesis is given for
each testfile in Tablds 8114 fo 8136. As a general trend, we thatt the class of diffusion
processes beats the class of NL-means algorithms on tfieetestompare e.g. Tables 8119 to
[B8.22. Also, skeletonization outperforms both NL-meansrepphes on several testfiles, e.qg.
on the testfile “jazz3” (see Takle 8130). Please note thdjdar3”, skeletonization also beats
diffusion. Furthermore, the NL-means algorithm that doesuse the weighting function as
given in equation (5]9) gives better results in comparisainé fast NL-means. Interestingly,
NL-means and fast NL-means beat diffusion on testfiles wheainly vocals are present,
compare Tablels 8,17 and 8.18, respectively. In contraffisebn gives a slightly higher F-
measure for “classic2” even though this file also containsalgy compare Table 8.24. The
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reason might be that the singing starts at approximatefyphtie audio excerpt where the first
half contains only piano. In addition, the low frequenciagtte bottom of the spectrogram are
already blurred throughout the unprocessed testfile, coargdao the corresponding original
spectrogram in Figurie Al.4.

So far, we compared the algorithms among each other. Congidée overall improve-
ment, i.e. whether it is beneficial to apply one of the aldonis on the testfiles, we notice that
for some examples no improvement according to precisiaallrand F-measure is achieved

at all, see Tablds 8,16, 8120, 8.P1, 8/24,8.25,/18.29] 8.8 B3

Runtime considerations. Even if runtime is not in the main focus of this thesis, we don’
want to leave it out of consideration. Talble 8.37 gives thdinoe of the algorithms inves-
tigated in this thesis on the testfile “cellol” (number 9 irblEdA.2) using the respective
parameter sets as they are given before. In general, theneiaf the algorithms is lower than
for the chord recognition problem, compare T&ble I7.28, beeave are using less iterations
for diffusion or use smaller window sizes in the NL-meansalims.

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 speetneg Since diffusion and
NL-means surpass skeletonization on the problems, we ec@ibED and fast NL-means.
Applied on its own, edge-enhancing diffusion needs in garfew iteration steps to enhance
a spectrogram for the task of onset detection. In combinatith fast NL-means, the small
changes of the diffusion process are somehow compensatid hpn-local inpainting which
gives a result very similar to the one for fast NL-means alofeus, we modify the param-
eter set proposed earlier in this section by increasing timeber of iterations for the EED
algorithm toz = 200 while leaving the rest of the EED parameter set and the pasasior
fast NL-means untouched. Talble 8.38 shows the results Ofifasneans as preprocessing or
postprocessing operation for edge-enhancing diffusiagqure[8.17 contains the correspond-
ing spectrograms. For the sake of readability, weRIEM instead of fast NL-means in Table
8.38.

The first thing we notice when looking at the spectrogramsigufe[8.17 is that the
application of EED, be it either as preprocessing, posgssing or alone, introduces some
amount of blurring. Secondly, the spectrograms on the raitift and on the bottom look
quite similar. Thus, it is difficult to say by visual compamswhy EED is superior to the
versions where fast NL-means is used once as preprocesgirgnae as postprocessing step.
Except for pure EED, the results are quite close based onaflnes for precision, recall and
F-measure given in Table 8]38.

Final remark. Onset detection seems to be insensitive to noise that agpfmealy which
is the type of noise we try to reduce by image processing nasthbhus, we are only able to
slightly enhance the spectrograms.
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Table 8.14: Comparison of EED, CED, skeletonization, NL-means and fistneans
for Op. 100 No. 2 by Friedrich Burgmdiller (file number 1 in Tala.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
0.800

Skeletonization 0.979 0.676
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 Kdstneans
for Beethoven’s Fifth in a Bernstein interpretation (filenmoer 2 in Tablé A.R).

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
0.337

Skeletonization 0.429 0.278
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 Ndstneans
for Hungarian Dance by Brahms (file number 3 in Tdble 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 fistneans
for “Happy Birthday” (file number 4 in Table’AlL2).

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 Ndstneans
for “In Frankrijk buiten de poorten” (file number 5 in TalhleZ).

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
0.583

Skeletonization 0.483 0.737
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 Ndstneans
for Beethoven'’s Fifth as MIDI file (file number 6 in TalleA.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 fistneans
for String Quartet No. 2 by Alexander Borodin (file number TablelA.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 Ndstneans
for Waltz No. 2 from Jazz Suite No. 2 by Dmitri Shostakovicte(fiumber 8 in Table

A2).

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 Kdstneans
for “cellol” (file number 9 in Table’AlR).

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 fistneans
for “clarinet1” (file number 10 in Tablg_Al2).

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 Ndstneans
for “classic2” (file number 11 in Table’Al.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
0.660

Skeletonization 0.630 0.694
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 Kdstneans
for “classic3” (file number 12 in Table Al.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
0.480

Skeletonization 0.462 0.500
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 fistneans
for “distguit1” (file number 13 in TablE"Al2).

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 Ndstneans
for “guitar2” (file number 14 in Tablg Al2).

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
0.800

Skeletonization 0.882 0.732
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 Ndstneans
for “guitar3” (file number 15 in TableAl2).

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 fistneans
for “jazz2” (file number 16 in Table"Al2).

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 Ndstneans
for “jazz3” (file number 17 in Table"Al2).

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
0.804

Skeletonization 1.000 0.672
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 fistneans
for “pianol” (file number 18 in Table’Al2).

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 Ndstneans
for “popl” (file number 19 in Table"Al2).

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 Ndstneans
for “rock1” (file number 20 in TablE/Al2).

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 fistneans
for “sax1” (file number 21 in TablgAl2).

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 Ndstneans
for “trumpetl” (file number 22 in Table’Al2).

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
0.769

Skeletonization 0.909 0.667
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 Ndstneans
for “violin2” (file number 23 in Tabl€’AR).

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 “cellol1”.

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 steffft@miah. This
table gives the corresponding values for precision, resall F-measure for the spectro-

grams given in Figure 8.17.

Application chain Precision Recall F-measure
1.026 0.639 0.788

Original
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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Qriginal Spectrogram

Tirne (sec)

Modified Specrogram Modified Spectrogram

Time {sec) Time (sec)

Modified Specrogram Modified Spectrogram

Time {sec) Time (sec)

Figure 8.17: Fast NL-means as preprocessing or postprocessing stefftmiah. Top:
Original spectrogram of “jazz3” (number 17 in Table A.2)liddle left: Spectrogram
after applying EED with 200 iterationgMliddle right: Fast NL-means with a1 x 11
search window and &x 11 similarity window,n; = 0.5, 7, = 1.5, A = 1 and no adaptive
weighting. Bottom left: Application of a diffusion process followed by fast NL-ma&an
Bottom right: Application of fast NL-means followed by a diffusion proses
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Chapter 9

Conclusion and Future Work

If you're not prepared to be wrong, you'll never come up wittything original.
— Sir Ken Robinson

9.1 Conclusion

The goal of this thesis was to show whether methods from inpageessing can help to en-
hance spectrograms that are further used for feature éxinacd\NVe investigated two tasks,
chord recognition and onset detection. The image procgssethods considered in the
scope of this thesis included diffusion processes (edgesaing diffusion and coherence-
enhancing diffusion), mathematical morphology (dilatierosion, closing, opening and skele-
tonization) as well as NL-means in various forms. Furtheemave used the algorithms in
their basic form which means that no knowledge of audio @sicg was included in the
algorithmic design. In the case of NL-means, several aghemalready available in the liter-
ature were implemented where their main purpose is to sgedteuuntime of the NL-means
algorithm that is computationally expensive. In additioriat, we proposed a new approach
to skeletonization: parabolic skeletonization.

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

For chord recognition, image processing algorithms coigidiicantly improve the spec-
trograms in most of the cases according to the quality measuter consideration. The task
of onset detection is more difficult. As a consequence, ordygmnal improvements were
achieved. For some of the testfiles, even none of the algasithvestigated here could im-
prove the result. In fact, image processing methods ustigilio repair noise that appears
locally. Since onset detection seems to be insensitivasdihd of deterioration, image pro-
cessing methods cannot fruitfully serve as a preprocesgtamand 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 recogmias well as for onset
detection. Thus, we proposed for each image processingtalgoa corresponding parameter
set that can be used as a guideline for the application orwedd data.

In our experiments, we have seen that mainly diffusion atigars with preference for
horizontal or vertical direction (depending on the problesan enhance the spectrograms
where algorithms without directional preference did ing@hnot succeed to do so.

9.2 Future Work

The image processing algorithms investigated in this gh@sre used in their basic form. Be-
sides slight modifications to meet certain requirementléneixperiments, no further knowl-

edge is involved. Incorporating knowledge about music amtiaprocessing into the algo-

rithms might enhance the overall result and may lead to alemrahtime due to assumptions
or simplifications potentially introduced by this knowledgBut also knowledge from mu-

sic theory could be helpful to adapt the behavior of algonghe.g. usual chord progression
patterns for chord recognition to reduce the impact of pFsgions that are unlikely.

It is also interesting to investigate how various image pssing algorithms perform when
applied consecutively on the chord recognition or onsetatetn problem. Such processing
chains were shortly touched in Chapters 7 @nd 8. Howeverep dealysis on the impact of
such chains would have been beyond the scope of this thesigagt for the task of chord
recognition, improvements can be expected by the consecafpiplication of two or more
algorithms.

NL-means produces state-of-the-art results for imageidengptasks and many improve-
ments have been contributed. To provide a wide variety d¢idiht image processing meth-
ods in the context of this thesis, only some of the approatheésnprove NL-means were
investigated|([34, 23] and others were left out of considenate.g. [26]. While the algo-
rithm proposed by Mahmoudi et al. [23] is one of the best NLangespeed-up strategies,
the approach is somewhat heuristic. Orchard et al. [26] ssiggg use the singular value de-
composition (SVD) and to make use of its statistical prapert Their experiments showed
that this method significantly improves the denoising dffiue to a refined discrimination
between similar and dissimilar pixel neighborhoods. It {ddee interesting to explore how
this approach performs on spectrograms. At least for chexdgnition, a changed similarity
measure might give better inpainting results.

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

Beyond image processing algorithms, the usage of PLP caswvastroduced in [16] in-
stead of novelty curves as onset detector might give adgastaince a PLP curve is more
robust to outliers and reveals musically meaningful infation.
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Appendix A

Testfiles

In this thesis, several examples where used in the conteghafd recognition and onset
detection. Table_All gives an overview of the files used fardhecognition and Table A.2
lists the files used for onset detection. The spectrograrttsedkstfiles for chord recognition
are given in Figures_Al1 and A.2 and the spectrograms of #télés for onset detection in
Figured A.B t4 A6.

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 | 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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Criginal Filterbank Pitch Representation Criginal Fikerbank Pitch Representation

15
Tirme (s&¢) Tirne (sec)

Original Filkerbank Pitch Representation Criginal Fikerbank Pitch Representation

15
Tirme (s&¢) Tirne (sec)

Original Filkerbank Pitch Representation Criginal Fikerbank Pitch Representation

15 15
Tirme (s&¢) Tirne (sec)

Figure A.1: Spectrograms of testfiles for chord recognitibeft to right, top to bottom:
Testfiles 1 to 6, compare Talle A.1.
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Figure A.2: Spectrograms of testfiles for chord recognitibeft to right, top to bottom:
Testfiles 7 to 13, compare Taljle A.1.
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Table A.2: Testfiles for onset detection.

Duration
Number Title [s] Remarks
1 Friedrich Burgmiller: Piano etude Op. 100, No. 2 17 I'Aeafue
2 Ludwig van Beethoven: 5th Symphony 21 Bernstein integbi@b
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, femalegang, seel[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, Yaklgninterpretation
9 cellol 14
10 clarinetl 30
11 classic2 20
12 classic3 14
13 distguitl 6
14 guitar2 15
15 guitar3 15
16 jazz2 14
17 jazz3 11
18 pianol 15
19 popl 15
20 rockl 15
21 sax1l 12
22 trumpetl 14
23 violin2 15
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Figure A.3: Spectrograms of testfiles for onset detectibeft to right, top to bottom:
Testfiles 1 to 6, compare Talle A.2.
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Figure A.4: Spectrograms of testfiles for onset detectibeft to right, top to bottom:
Testfiles 7 to 12, compare Talile A.2.
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Figure A.5: Spectrograms of testfiles for onset detectibeft to right, top to bottom:
Testfiles 13 to 18, compare Talle A.2.
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Figure A.6: Spectrograms of testfiles for onset detectibeft to right, top to bottom:
Testfiles 19 to 23, compare Talile’A.2.
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