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Abstract

Noisy structures can appear in different variations in iegg hey might appear as noise that
is present in the whole image, like Gaussian white noise-aseal-pepper noise or speckle
noise. Speckle noise, for example, is caused by the measuate&han ultrasound image. But
noise can also appear locally in an image, e.g. as a blackrsgi¢ middle of a color image.
These concepts are also present in audio signals. On theaodeside one can have Gaussian
noise that degrades a whole signal or on the other hand sidlecise that appears locally,
for example a cough. Of course, noise in images and audialsigndifferent if one looks at
them in detail, but the basic ideas of noise are present imfiits. This thesis investigates
noise that appears locally as an isolated and intense evére audio signal.

In the last few years, research interest was focussed orlogah-algorithms in image
processing by many groups. Since these algorithms workdcane were very easy to un-
derstand in most cases, the investigation of those is siiiggon. An algorithm that is very
popular in that respect is the NL-means approach by Buadadtaad Morel [8]. Further-
more, non-local algorithms in image processing are baseldeosame assumptions that could
also be formulated for audio processing. An assumptionfismtbsimilar patches in an image
or audio signal by doing a Fourier transform and analyze pleetsum afterwards by an ap-
propriate similarity measurement. Having found similaichas, one can try to repair using a
non-local approach.

This thesis gives an overview of the modifications in ternthefFourier transform and the
NL-means approach that are necessary to adapt these mé&tiawis from image processing
to audio signals. Also, the usage of non-local inpaintinge—-d¢opying data already present
in the audio signal — and an averaging on a sample basis aoeliced. At the end, all the
presented methods are evaluated by experiments.
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Chapter 1

Introduction

1.1 Motivation

Post-editing and post-production of music becomes morenamig important in music in-
dustry. When recording a live performance it can happendleartain part is degraded that
cannot be re-recorded again, for example caused by a cough.

Another possible scenario could be a noisy playback, say fiegard player playing an
old vinyl. Here, the noise is due to the playback technigselfit

Naturally, one is interested in correcting noisy parts oéeording. To achieve this, one
tries to exploit the high redundancy in music. Typicallyeomould proceed manually as
follows: people would have to go through the whole piece obkimand acoustically judge
whether a certain part is similar to the noisy one. After hgMiound a possible candidate it
had to be (manually) copied at the location of the noisy da&cently, this work is supported
by spectrograms which represent the audio signal in a tthireensional way, giving the time
on the x-axis, the frequency on the y-axis and the intenditihe frequencies in a color
representation. But also other representations existxamele is shown in figurie7.1.

During this thesis, a preprint by A. Szlam [14] appeared Wiaiso studies the application
of the NL-means algorithm as proposed by [8] for audio dangisWhile Szlam investigates
speech as audio data where the whole signal is degraded sgi@awvhite noise, this thesis
covers music data — to be more precise: piano music — whenedikg events appear only
locally. Another difference is that the work by Szlam usesadhat is quite moderate while
the noise investigated in this thesis is very intense. Nbeérss, the averaging approach
which is the key of the NL-means algorithm is similar in bogfipeoaches, the one by Szlam
and the one here.

Both, image processing and audio processing use the Foramesform [7] to analyze the
corresponding data which gives some evidence that it is@dssible to adapt other image
processing methods to do audio processing. The conceptisé malso present in both
settings. Noise in an image can be something that degradéstiye as a whole — Gaussian
white noise or salt-and-pepper noise would be exampleshfsrt or can appear locally. A
local appearance of noise could be e.g. a black spot in thélenad someone’s face in a color
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Figure 1.1: Spectrogram representing a partegftit-mono.wav. x-axis: Time. y-axis:
FrequenciesColors: Intensity. The blue color stands for a high intensity goingraed
and yellow to white which stands for a low intensi¥fisualization: using RavenLite 1.0

[4].

image. Methods to repair a defect like the non-local inpagn¢see [10]) and the NL-means
algorithm [8] are well understood in image processing.

In audio files, these types of noise can also appear. One imégktto deal with Gaussian
white noise as well as with degradations that appear lotiglya cough. An in-depth intro-
duction to audio processing is given by M. Miller In]12]. ddadations like Gaussian white
noise are investigated by A. Szlam[14] and shortly toucherd hin this thesis, the main focus
lies on isolated noisy events.

1.2 Goals

Since itis relatively new to transfer ideas from image pssagg to audio data, a good founda-
tion should be established and evaluated whether diffeqgmtoaches from image processing
work for audio data and how well they perform on standard lemols where the runtime is
not in the main focus of this thesis.

The thesis deals with noise that can be represented as atedlut intense event, e.g. a
cough. Note that this is a restriction to a certain group aé&.0

For this purpose, a theoretical background shall be estadali and a software shall be
written to find similar patches in a piece of music. Using frésnework as a basis, different
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methods like non-local inpainting, averaging thbest results on a sample basis or non-local
means shall be evaluated.

The software is realized by a C program that is built from tetr@xcept for the code used
for the fast Fourier transform (FFT)[13] which was provided

As a first step in the analysis, the program should get syictigtgenerated data as a test
input where the result of the denoising can be easily verifidter having the knowledge that
the program runs correctly on these signals, real-worldngstes can be investigated.

1.3 Contents

The structure of this thesis is as follows. In Chajfer 2, atstweerview of the similarity
measurement is given. The modification that is needed tohes&durier transform on au-
dio signals is mentioned (secti@n2.1) as well as how passishilarity measurements are
computed (sectio 2.2).

Chapter B discusses shortly non-local algorithms in imagegssing. This builds the
basis for chaptdr 4, where the introduced methods are moddfiét the needs of audio pro-
cessing.

Chaptefb investigates different experiments. By first axmwhg two parameter settings
(section5.R), a few words are said about the memory reqeinésrof the algorithm{5.2.1)
and the runtime(5.2.2) under the different parametemggttiFurthermore, different methods
to repair noisy data are investigated, starting in se¢fi@n 5

Chaptefb concludes the thesis and gives ideas for possiblefwork.

The WAV file format — which is the file format used in this thesiss described in Ap-
pendixA where the file structure is givenlln_/A\.1 and a shortreiesv of the meaning of this
data is given in sectidn’Al.2. AppendiX B gives an overviewlbfte files used in this thesis
including their denoised versions.
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Chapter 2

Similarity Measurement

2.1 Prerequisites

Before the similarity measurement can be described, soenequisites have to be introduced.
These prerequisites are easy to understand since the m@asmage processing are only
slightly modified. Here it becomes evident that some pdesadigist between image processing
and audio processing.

2.1.1 Short-Time Fourier Transform

The short-time Fourier transform is a Fourier-relatedgfarm that deals with a problem of
the Fourier transform, namely that the latter makes norstaté about the spatial appearance
— in the case of this thesis "temporal appearance”, resgdgti- of the frequencies. Since a
temporal analysis is needed for a piece of music, the shoefourier transform is used to
compensate this disadvantage of the Fourier transform.

A signal can be subdivided into different frames which usuaterlap each other (see also
sectiofZ.113). The short-time Fourier transform takesaiitbese frames, multiplies it with
a window functiorw and repeats this step with the next frame until the end ofitgreat This
means that a window of a certain width is moved over the whigieas where each window
corresponds to one frame. The "classical” Fourier tramsfsr used to calculate the Fourier
coefficients for each window.

Often used in music analysis, it can assist studio engirBedgpicting the frequencies of
a song with a spectrogram which has already been touchedtiosg.].

One drawback of the short-time Fourier transform is thattitex has a good frequency
resolution or a good time resolution, but not both. A wide daw gives better frequency
resolution while a narrow window gives good time resolution

A lot of possibilities exist for the window function. One ddwse a box function [2]
which would result in a too hard windowing at the boundarssce the amplitude would
change abruptly resulting in a broad spectrum in the fregqpelomain. Using a smooth
window function avoids this problem.
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2.1.2 Hamming Window

Since a windowed Fourier transform is used for the integti@t of the data, a window func-
tion is needed that is suitable for the analysis meaningtisasmooth and that every sample
in a certain time period should approximately make the saong&ibution. A Gaussian would
fulfill this property where here the problem arises that & hambe cut at the window bound-
aries — due to its infinite extend — which would result in sormelof approximation being
dependent on the point where the cutting is performed.

So one has to come up with another window which deals a bit roleseer with that
boundary problem. An example for such a window is the Hammimglow (cf. figure[Z]1)
which can be seen as a modified cosine window and is definedl@asdo

2mn
= 0. —0.46164
w(n) = 0.53836 — 0.46164 cos <N— 1)

whereN is the width of a discrete-time window function in samplagitally a power of 2)
andn an integer value withh <n < N — 1.

Window function (Hamming) . & Frequency response (Hamming)
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Figure 2.1: Hamming window. Left: Window function in the sample domairRight:
Frequency respons8ource: Wikipedia [2].

The frequency response depicts how a window deals with @ dheguency. A narrow
peak in the middle and nothing else is optimal since it wougmthat only the concrete fre-
guency one is interested in and nothing else is considendbelcase of the Hamming window
the actual frequency is represented quite well. It only ss&athe neighbor frequencies in a
quite moderate way.

Another possibility is the Hann window (cf. figureR.2). Aseotan see in the frequency
response, it doesn't deal that nicely with the frequency isnieterested in: the peak in the
middle is a bit broader. So it seems that the Hamming windosvgeod choice, because it
has a relatively narrow peak in the middle while not smeativggneighbor frequencies too
much, meaning the neighbor frequencies do not contribaentiuch to the sharp one like it
happens with the Hann window.
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Figure 2.2: Hann window. Left: Window function in the sample domaimight: Fre-
guency responsé&ource: Wikipedia [2].

2.1.3 Step Size and Window Width

As already known, the short-time Fourier transform is thg teeanalyze pieces of music.
Since it doesn’t deal with the signal as a whole but processklyssmall pieces, a step size has
to be specified which determines how big the steps are thdaalkea to go to the next input
frame for the short-time Fourier transform.

But also another parameter is of importance: the windowlwi&ince a Hamming win-
dow is applied to the data which is used for the Fourier tramsf it needs to know how much
data actually to consider. The window width should be a pa@rsince this is a requirement
of the fast Fourier transform (FFT).

Imagine to use the values 256 for the step size and 1024 fowith@ow width. This
would mean that every 256 samples a data window of width 182tmsidered. Note that
an overlap of 75% of the signal is present for this example.olerlap is in general a good
idea since it means that a lot of different frames contrilioténd results that are similar
to the reference frame. This becomes evident when requihiagevery acoustic event is
sufficiently represented in at least one window to guaratitaethe event will appear in its
frequency decomposition in the short-time Fourier tramafo

For a WAV file at 44100 Hz, a step size of 256 would mean to gauiihahe recording in
steps of 5.8 ms where a step size of 2048 would mean to prdeesata in steps of 46.4 ms.
The latter should be fine enough for most applications.

2.1.4 Frame — Time Conversion

The conversion from a frame number to the corresponding &nte vice versa is also an
important need for the whole analysis since the programfuses (cf. figur€AI3) to access
the locations in the audio data. The conversion from a fraomaber to the corresponding
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time can be calculated using the following formula

framex step size
sample rate [Hz]

time[s] =

or vice versa via the formula

__time [s] x sample rate [Hz]

frame n
step size

Calculating a frame number with the given formula can raswtnon-integer value. Since
the program only processes integer values for the frame atsnpbne has to round. Rounding
should be done in the following way: if an area of frames hdsetspecified, always a bigger
area should be covered to be on the safe side. This meansjeamg for example frames
82.9 until 85.1, the area should be specified by the user watinds 82 until 86. If only a
frame should be specified — say to specify the reference framme can round in the standard
mathematical sense.

2.2 Similarity Measurement

To find a frame that is similar to a given reference frame, sd\ossibilities for a similarity
measurement exist, e.g. the Euclidean distance of the peetra of these two frames can be
minimized or the scalar product of the power spectra of ttsdrames can be maximized.
The latter is a good solution for the similarity measurenanproposed by [9]. The power
spectrum is explained in a bit more detailed fashion in seffi2.

Minimizing the Euclidean distance would mean to compute

{ j

where| frefP denotes the power spectrum of the reference framé &aidhe power spectrum
of the frame currently compared to the reference frame.

The power spectrum can also be understood as a one-dimahgsmtor which carries all
the coefficients of the power spectrum. This makes it possdinaximize the scalar product,
i.e. computing

miin H|fi|2 - |f7"ef|2

. <A|f@-\2,\frif|2>
SR |1 el

where the scalar product is normalized by the standard vecion of the two vectorsf;|?
and| f,.;|>. This is used in the context of this thesis.

In both cases, the result is the indefor which the result is minimal or maximal, respec-
tively.
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2.3 Summary

In this chapter, the basic ideas for the similarity measemwere presented. The short-time
Fourier transform was introduced which adds a spatial/teaigomponent to the "classical”
Fourier transform. A window which is multiplied to a part bktsignal — where the Hamming
window was introduced as a suitable windowing function — @®ved over the entire signal
while performing the Fourier transform for each window técaate its Fourier coefficients.
The concepts of step size and window width were introduceldlae Hamming window and
the short-time Fourier transform were deepened in thisexdntJsing something else than a
hard windowing like a box function was pointed out as impirsance problems would arise
at the boundaries due to an abrupt change of the amplitugeprBEnequisites were concluded
with a formula to convert a frame number to the correspontimg and vice versa.

As a similarity measurement, two approaches were discugsedminimization of the
Euclidean distance or the maximization of the scalar produeere the latter one is used in
this thesis.
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Chapter 3

Non-Local Algorithms in Image
Processing

3.1 Overview

This chapter gives a short overview over several methodd fmsethe task of denoising in
image processing. With non-local inpainting, a method iontuced which (re-)uses patches
of the image to repair noisy parts. This method is followedNlhymeans, a currently hot topic
in image processing. This is due to the fact that it is easynttetstand and very powerful in
denoising structures.

3.2 Non-Local Inpainting

Inpainting is a method for repairing damaged pictures olongng unnecessary elements from
pictures. The key idea of non-local inpainting is to copycpas already present in an image
or blow up structures to repair missing, unnecessary oymata. To find possible candidates
for the repairing step, a suitable similarity measureme&nised. This could be the Euclidean
distance as introduced in sectionl2.2. When dealing withlooal inpainting the search is
even done on a whole neighborhood. After that, a candidatieishcategorized as similar
Is copied to the noisy position including a specified neighbod. The patch to be copied
doesn’t necessarily have to be the best match.

The idea of non-local inpainting was used for example_ii [@@kre image texture is
synthesized.

3.3 NL-Means

Non-local means (or short NL-means) — proposed by [8] — israple as powerful in image
processing. The idea is to look for similar patches in an enayerage them and repair
the noisy data with the calculated averaging. This is dondirby finding pixels with the

11
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same grey value as the one to be repaired and compare thetgeahw®nfiguration of their
neighborhood.

For the weighting function, an exponential function is usduch has the following struc-
ture (in the discrete case):

1l WpI3,

w(7'7.7) = %6 n?

whereZ (i) is the normalizing constant

o W) —vWII3,

Z(i) = Z e

and the parametéracts as a degree of filtering.

This weighting function penalizes structures which hags kEmilarity in the geometrical
configuration of their neighborhood (cf. figurel3.1).

As a similarity measurement, NL-means uses the minimiraifdhe Euclidean distance.

Figure 3.1: Scheme of NL-means strategy. Similar pixel neighborhoadds g large
weight, w(p, ¢1) andw(p, ¢2), while much different neighborhoods give a small weight,
w(p, g3). Authors: A. Buades, B. Coll and J.-M. Morel][8].

12



Chapter 4

Non-Local Algorithms in Audio
Processing

4.1 Overview

This chapter is dedicated to the modifications done in theéestf this thesis to bring the
ideas introduced in chaptEr 3 to audio signals. It shows H@astmilarity measurement is
refined to match the needs to compare different frames felldvy an algorithm for non-local
inpainting, the modification to realize an averaging on aparbasis and a NL-means like
approach. In sectidn4.7, it is shortly discussed how stiieDare processed. Nevertheless,
this thesis concentrates on mono files.

4.2 Similarity Measurement

In chaptefR, all prerequisites were made to formulate timdaiity measurement used in this
thesis. The only thing that has to be done is computing wiredbrourier transforms by using
the Hamming window in the following way:

1. Take a part of the audio signal of length(/V: window width).
2. Apply the Hamming window.
3. Use a standard fast Fourier transform (FFT) on this winsloeompute the coefficients.
4. Compute the power spectrum for each window
7P = (Re(h) + (m(f)’
where Régf) denotes the real part and q;ﬁ the imaginary part of the Fourier trans-

formed signalf.

13



CHAPTER 4. NON-LOCAL ALGORITHMS IN AUDIO PROCESSING

5. Go step size many steps forward and repeat.

Note, this would mean for the example giverlin2.1.3 thaty2&6 samples a window of
width N = 1024 is considered. The number of frames classified as simildm®at the user
input which means if the user chooses to find 10 similar fratheas the number of frames
proposed as similar is at most 10 but could be less.

Furthermore, a few more refinements have been made to reaghex laccuracy of the
proposal of similar frames where all of the following refinemis are user inputs to provide
the highest flexibility possible in this context.

First of all, the noisy part of the data is excluded which isiobs since noise cannot be
trusted. This is especially important if one has a largeraldgtion of the data because the
accuracy is higher then. Of course, the user can also dexia exclude anything, but note
that in the case of this thesis, noise is an isolated but set@vent. The algorithm doesn’t
perform any automatic noise detection, the noisy locataesknown in advance.

Secondly not only the reference frame itself but a neighbodhs considered, so a non-
local approach is introduced as also doné&ld 3.2. This is itapbsince a certain tone or
musical event can appear in a lot of different contexts, xangple the tone A can be part of G
—A—-Baswellas C — F— A. Not considering the context couldlteésan unnatural listening
experience when replacing one "same” tone by another stramild sound different due to
its surrounding (cf. figur€4.1). In addition to that, one kasnake sure that the algorithm
doesn’t find similar frames that are very close to the refezeiname when performing the
search on a neighborhood. To overcome this problem, a midisi@nce for the search is
introduced. Let’s denote this minimal distance withnd the reference frame witla f. Then
only the frames that do not lie in the interyat f — d, re f +d] are considered for the similarity
search.

A third refinement is to require a certain distance betweenrélults in the similarity list
since it is expected that frames cluster around similar hestcThis distance is currently fixed
to 10 which gives good results.

)

o

N

o

Figure 4.1: Example for two different occurrences of the tonel&ft: G — A - B
(precisely: g'—a’ —b’).Right: C—-F — A (precisely: ¢”—f —a).

e
¢
e

4.3 Non-Local Inpainting
Non-local inpainting for audio signals is inspired by thead of [10]. After having found

frames that are similar to the reference frame, the progeqtaces the neighborhood — spec-
ified by an user input — around the reference frame incluciegeference frame itself by the

14



4.4. AVERAGING ON A SAMPLE BASIS

same neighborhood around the selected similar frame, mtsading this one. No mirroring
at the boundaries is used. Assuming mirroring boundaryiu'oneﬂ for an image processing
problem is fine, but in the case of audio signals, this is nobadgchoice. Instead, zero-
padding is used here, because when mirroring at the bowsg#ne music would be analyzed
in a "reverse order” when passing the boundary.

Suppose, the user specified a neighborhook fohmes. Then in totalk + 1 frames are
replaced:k frames left to the reference frame, the reference frami &sd i frames right to
the reference frame. To do so, the start and end point of feecrece frame and the similar
frame in the WAV data are calculated via the formulae

start.-ref = (ref —n) X step size

end_ref

start_frame

ref 4+ n) x step size

frame — n) x step size

(
(
(
(

end_frame = (frame+ n) x step size

whereref is the reference frameframe the similar frame and: the neighborhood. An
example shows how this works. Imagine to havga size = 256, the reference frame is at
14298 and the neighborhood to include should be 515. Thealgjogithm replaces the slots
start_ref until end_ref in the original WAV data:

start_ref = (14298 — 515) x 256
= 3528448

end-ref = (14298 4+ 515) x 256
= 3792128

This also holds for the following approache$1nl4.4] 4.5[afshce here only the data is
modified and not the method how to repair noisy parts.

4.4 Averaging on a Sample Basis

With non-local inpainting as explained In"%.3, only a sedécframe is filled in. Now, not
only a selected frame is used, but all the frames found adesiare averaged in the sense of
the arithmetic mean where the result of this is copied at tstijpn of the noisy signal, also
including a certain neighborhood.

This approach can be seen as a weighted averaging with a feigthtmg function

B 1
~ frames

w

where frames is the number of frames classified as similar.

for PDE-based methods these are Neumann boundary corsdition

15
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4.5 NL-Means

In principle, NL-means is a further development of averggim a sample basis introduced
in sectionf4K. Instead of using a fixed weighting functiom,aalaptive weighting with an
exponential function is used here.

Since the original NL-means algorithm uses the minimizabbthe Euclidean distance
where the maximization of the scalar product is used fortthesis, the weighting function
has to be slightly changed. The program gives a list of sirfrisanes with their corresponding
scalar products. These are used for the weighting functiding following way:

—A best—cur

w(cur) =e best

wherecur is the scalar product as statedinl 2.2 of the currently oleseirame pest the scalar
product of the best match (also in the sende_df 2.2))aadhreshold parameter.

The threshold parametarcontrols how fast the exponential function decreases. iEhis
an important parameter since it determines in which way tmdas frames are considered
for the NL-means approach. Choosing a small valueXfoneans to consider more frames,
choosing it large means to consider less frames (since grenextial function decreases faster
for large)). Another aspect that should be considered is the choideeqidarameters step size
and window width (cf..C2.I13). Depending on them it could happhat\ has to be slightly
changed.

4.6 NL-Means on Continuous Noisy Signals

At the end of the development of this thesis, a preprint byndriSzlam appearef [14] which

is also concerned with using the NL-means algorithm on addia. In his work, he considers

the whole signal to contain moderate Gaussian white noisgenmnis thesis deals with iso-

lated noisy events. Nevertheless, it is possible to adatttiscsetting since both approaches
are similar.

The only modification is to perform the similarity search &ach frame using a small
neighborhood without excluding frames and iteratively gerothe whole signal frame by
frame. For each similarity list, the NL-means approach tge during this thesis is applied
for the denoising step where a special parameter settingndoyed to do so. This param-
eter setting is changed in two parameters: first of all, tgerghm should not consider any
neighborhood for the repairing, meaning to exchange om\cthrently observed frame, and
secondly not excluding any frames when doing the NL-meaasaging. The latter is due to
the fact that excluding (noisy) frames only makes senseeifitiise is an isolated event in the
audio file which is not the case here.

In all other parameters the algorithm behaves as explamseatiorf4pb.

16



4.7. STEREO FILES

4.7 Stereo Files

In a stereo file, both channels cannot be treated separatetp¥ious reasons. To simplify
this problem, the file is processed internally as a mono fites |6 done by averaging the two
channels in the sense of the arithmetic mean. Afterwardenwiriting back the file, the data
is doubled to both channels so that a (pseudo) stereo fileconotegain.

17



CHAPTER 4. NON-LOCAL ALGORITHMS IN AUDIO PROCESSING

18



Chapter 5

Experiments

5.1 Overview

This chapter summarizes the experiments done during thelamwent of this thesis. It de-
livers some insights in how the memory requirements anduheme behavior evolve under
two different configurations and shows methods that areidatek to repair defects in music.

Here is a list of files that are used for the experiments whesi torresponding degrada-
tion with an approximate time location in the audio file igsthin brackets.

e cyftit-mono-short_sine.wav (sine tone, time: 1:53.14 — 1:53.23),
e cyftit-mono-long_sine.wav (Sine tone, time: 1:20.01 — 1:25.00),

e cyftlt-long_sine.wav (sine tone, time: 1:20.01- 1:25.00),
(corresponding stereo file tyftlt-mono-long_sine.wav)

e pianol-mono-white.wav (white noise, time: 0:02.01 — 0:03.02),
e piano3-mono-sine.wav (sine tone, time: 0:03.75 — 0:04.70),
e piano3-mono-white.wav (white noise, time: 0:04.40 — 0:04.45)

The files listed above were all synthetically created by giie MIDI sequencer software
Propellerheads Reasonl4 [3] and edited afterwards with éitydfd] to insert the noise.

Also, two audio files from the CD "Elton John: A Piano Tributey Boko Suzuki are used
as real-world examples where they are also edited aftesnaittt Audacity. These are:

e candle_in_the_wind-mono-silence.wav (complete silence, time: 0:46.50 — 0:47.00)
e your_song-mono-white.wav (white noise, time: 1:31.80 — 1:32.60)

The type of degradation doesn’'t matter if the noisy part fsdat which is possible as
already mentioned in4.2. In current experiments, only @iausic was used.
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5.2 Parameter Selection for Step Size and Window Width

As already mentioned In2.1.3, the wave file is processed mggbrough the data in certain
steps while looking at a window of a certain width for eactpstBvo different configurations
have been explored. In the first configuration, the step se® set to 256 and the window
width to 1024, resulting in an overlap of 75%. It is referredthis configuration by using
confi gurationl. In the second configuration, the step size was set to 204&eanadin-
dow width to 4096, resulting in an overlap of 50%. It is regetto this configuration by using
confi guration2.

5.2.1 Memory Requirements

The first configuration with a step size of 256 and a window winft1024 works quite well.
Unfortunately it needs for a 21 MB wave file in mdhe4:04 minutes of piano music — about
300 MB of main memory which is pretty huge in comparison todffective file size.

The second configuration with a step size of 2048 and a windigthvaof 4096 works as
good as the first one, but the memory requirements drop faahee file as above from about
300 MB to about 165 MB.

With a straightforward implementation without doing anytiopzation, instead of the
aforementioned 300 MB even about 530 MB would be needed,vimutricks are used to
save memory. The first trick is not to use a small array for &d# part, a small array for the
imaginary part and a small array for the spectrum of the Eouransform for each window
but to store all the data in a large array for all the real partarge array for all the imaginary
parts and a large array for all the spectra. Using pointdmsshe state which values belong
to which window. This means that for each window three postge used in total: one for
the real part, one for the imaginary part and one for the spect All the data is arranged
in order which means that all the values between two poinrtdargluding the first one of
the two — belong to the same window. It is expected that mensosgved in this way since
the compiler always "rounds” to the next power of 2 when atomy memory. Allocating
three arrays containing 513 slots of floats each resultdagating three times 1024 slots of
floats. Allocating one big array would result in 2048 slotfioftd instead of 3072 slots. This
becomes even more important if this allocation step is dooeerthan 1,000 or 10,000 times.

The second trick is based on the fact that the Fourier trams®symmetric. The symme-
try makes it possible to throw away half of the data and readmji later when needed. For
this thesis, the recomputation will not be necessary.

The resulting memory requirements are in fact expected. efdyvthis, an exemplary
calculation is made fazonf i gur at i on1 wherecyftit-mono-long_sine.wav is used as input

Leyftlt-mono-long_sine.wav was used in this example.
23 x 513 = 1539 ~~ 2048
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file. The effective data size of this file is 21,520,800 byted & has 16 bits per sample.

21520800 , bits per sample =8

datasize = 21520800/2 , bits per sample = 16
21520800/3 , bits per sample =24
arraysize = datasize/step size
= 10760400/256

= 42032.8125 ~ 42033
width = 1024
ftsize = (width/2)+1 =513

Now it is possible to calculate the whole memory requirenienthis file which is given in
table[5.1. Furthermore, the operating system needs somaespetce for the memory manage-

Table 5.1: Example calculation for the memory requirement offtlt-mono-
long_sine.wawv.

Description Size [bytes]
WAV data array datasize x sizeof(float) 43041600
real part of FT data arraysize X ft_size x sizeof(float) + 86251716
imaginary part of FT data arraysize x ft_size x sizeof(float) + 86251716
spectra of FT data arraysize X ft_size x sizeof(float) + 86251716
array with similar frames| how_many_similar_frames x sizeof(int) + 40
array with distances how_many_similar_frames x sizeof(float) + 40
= 301796828
~ 287.82MB

ment which increases the calculated requirement (287.82tMB real memory requirement
of 288.66 MB. To conclude this example it has to be mentiohed & few helper arrays are
created for computational purposes and destroyed imnedgl@fter the computation. These
are in the range of about 80 MBvhich increases the whole main memory requirement to a
worst case maximum of 400 MB (again including space used &ypgperating system for the
memory management) during program run for this file.

5.2.2 Runtime

The runtime of the program clearly depends on several factbhe most important one is
the dependency on the problem itself, i.e. the size of théélag processed, the size of the
neighborhood, the extent of the noise, whether a certaihipaxcluded and so on. The
measurements here should give a flavor of how fast the progmoroximately is. All files

3effective data sizex sizeof(float) = 21520800 bytes 4 = 86083200 bytes: 82 MB
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have been processed on an Apple MacBook Pro with a 2.2 GHzGotre 2 Duo and 2 GB
of RAM.

Table[5.2 corresponds to the wave file already mentionedeab®ease note that the
approximate location in the piece of music is stated in be&ck the format (mm:ss). Table
shows the same scenario for a 700 KB wave file.

Table 5.2: Processing ofyftlt-mono-long_sine.wav, duration: 4:04 minutes (size 21 MB).

step size / window width | 256 / 1024 | 2048/ 4096

Reference frame 14298 (1:23) 1787 (1:23)

Minimal search distance | 10 2

Search neighborhood 515 (= 3 sec.) 65 (~ 3 sec.)

Frames to exclude 13781 — 14643 (1:20 — 1:25)1723 — 1830 (1:20 — 1:25)
Replacement neighborhoodb15 65

Runtime ~ 28 seconds ~ 7 seconds

Table 5.3: Processing opiano3-mono-sine.wav, duration: 0:08 minutes (size 700 KB).

step size / window width | 256 / 1024 | 2048/ 4096

Reference frame 861 (0:05) 107 (0:05)

Minimal search distance | 10 2

Search neighborhood 525 ( 3 sec.) 65 (~ 3 sec.)

Frames to exclude 646 — 810 (0:03.75-0:04.7)81 — 101 (0:03.76 — 0:04.7)
Replacement neighborhoadl75 22

Runtime ~ 2 seconds ~ 0.5 seconds

Furthermore the program should give the 10 best resultshenlbst result was chosen for
the replacement using non-local inpainting. Of coursey titd computation time is measured.

Note, that the coarser scale is about four times faster wnimg the same listening
experience in the result.

5.3 Non-Local Inpainting

If the similarity measurement provides a good result, rawal inpainting performs well from
a musical point of view. In some cases, non-local inpaintiag even reconstruct the noisy
part such that one cannot tell a big difference to the originan-noisy sound file except
for a small click at the cutting points that could be avoidgdiking a cross-fade which can
be understood as a weighting function. A cross-fade is tipiiGgtion of two functions to a
signal where one function linearly goes from 1 to O (fade}ant the other linearly from O to
1 (fade-in). Having this, a smooth transition between tvgmal parts is created whose result
makes the discontinuity at a cutting point in most cases rogmible.
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5.3. NON-LOCAL INPAINTING

Figured 5]l and 5.4 show exemplarily how a noisy signal ldigksand how it might look
after performing non-local inpainting.

As already explained in secti@n¥.3, a similar patch is seat@nd inserted using a spec-
ified neighborhood that is also copied.

In the experiments it turned out that the inpainting appnda&s a disadvantage in some
settings which is depicted fgsiano3-mono.wav in figure[5.4: it either cannot completely
repair the defect or starts repairing at the beginning ofrtbise, resulting in a shift of the
inserted data to the left. Figure’b.2 shows a schematic dga@fihow the non-local inpainting
approach works if a part of the noise is untouched. As one eansdme information cannot
be filled in due to the fact that the patch used for the inpagnstep overlaps to a region where
no data is present. Figureb.3 shows how the non-local itipgimorks if the repairing starts
at the beginning of the noise. The type of repairing depemdsie selection of the reference
frame and the neighborhood used for the replacement.

Consideringyftit-mono-long_sine.wav, no problems in repairing the defect appeared. Here
itis important to choose a neighborhood which is on the omel therge enough to find a frame
that is similar and on the other hand large enough to repaintmole defect. Note, it must
always be satisfied that the replacement neighborhood igneater than the search neigh-
borhood. The parameters that worked best in the experinagatstated in table3.2. These
parameters also work for the fibgftlt-long_sine.wav which is in stereo.

Both, cyftlt-mono-long_sine.wav andpiano3-mono-sine.wav, are somehow extreme exam-
ples. In the case dfyftit-mono-long_sine.wav about five seconds of data is completely de-
stroyed and should be reconstructed which is a pretty toag}h tn the case gfiano3-mono-
sine.wav the difficulty clearly lies in the fact that the best matchjpafch for the defect is
exactly at the beginning of the file. From this viewpoint, Hooal inpainting works great
with the right parameter setting. Unfortunately, finding tight parameter setting requires a
lot of "tweaking the knobs” for some files at the moment sirtee program currently asks a
lot of parameters that give various possibilities to expent. This has also been encountered
with the file pianol-mono-white.wav.

In the following, the performance of the algorithm on moralistic problems is inves-
tigated. These experiments stand in contrast to the inttamu of distortions of artificial
character, like long defectpiano3-mono-white.wav is an example where only a short distor-
tion by white noise of size 0.05 seconds is present. To repaffile is not difficult, but in
confi gur ati onl some clicking noise of low intensity is introduced at thedtian where
the inpainting is performed. loonf i gur at i on2, one can also hear clicking noise, butitis
very short in its extent and even lower in its intensity in gamson toconf i gur at i onl.

When having short noisy parts it is also worth to investighgsituation where no frames
are excluded. In most cases, the results are comparablelityqw the ones created with
an exclusion of the noisy part. Among others, not excludingtl@ing was tested with the
two files candle_in_the_wind-mono-silence.wav andyour_song-mono-white.wav. For the file
candle_in_the_wind-mono-silence.wav, the results are better when excluding the noisy frames
where for the test filgour_song-mono-white.wav it is interestingly the other way round. In
the latter case, the version where the noise is not excludedds more "natural”. This
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Figure 5.1: Correction with non-local inpainting fayftit-mono.wav (4:04 minutes)Top
left: Original file. Top right: Original degraded with a sine tone of 440 Hgf(lt-mono-
long_sine.wav). Bottom left: Corrected version with a step size of 256 and a window
width of 1024.Bottom right: Corrected version with a step size of 2048 and a window

width of 4096.Visualization: using RavenLite 1.0 [4].

is due to the fact that the noise is in the middle of a part timy oontains a piano chord

which decreases in volume. The algorithm finds — if no frammeseacluded — similar frames

located around the noisy part, so low structures are repemtiuNevertheless, this repairing
is accompanied by low clicking noise.

5.4 Averaging on a Sample Basis

Since only different data is used for the repairing stepimapproach, it also suffers from the
shifting problem that was exemplarily described fiamo3-mono-sine.wav in sectior 5.B.
When performing averaging on a sample basis with the samghivear every sample
point, the number of the data to be averaged plays an imgadign Experiments have shown
that the algorithm is relatively good in reconstructing stining harmonically close to the
original while on the other hand providing an unnaturaklishg experience. For the test file
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5.4. AVERAGING ON A SAMPLE BASIS

Figure 5.2: Schematic of how the non-local inpainting approach workthan case of
piano3-mono-sine.wav. The crossed areas denote the beginning and the end of the mus
file. The chords are denoted by numbers, where same colacaiedsame chords. The
red box denotes the noise where the green one denotes tloé ausic that could be used
for the inpainting stepTop: Noisy music file with marked candidate for inpainting. One
can see that some information cannot be filled in due to tti¢tfatthe green box overlaps

to a region where no data is preseBbttom: Same file after non-local inpainting when
not repairing the whole defect.

cyftlt-mono-long_sine.wav and the corresponding stereo versmfftlt-long_sine.wav the task
of averaging similar frames results in something that cacdiled chaotic when expecting
something musical: different pieces of music overlap thaindt really fit together. The
chaotic behavior can sometimes be compared to having a fesicians playing different
parts of a piece of music at the same time. For the case thes tirless similar frames are
considered, the result is repairing the noisy part from aicaliziewpoint in a better way
whereas the problem exists that some frames are a littldified. The listening experience
can be compared to a chorus effect the mono case foconf i gur ati onl and to the
impression that a few melodies run in parallel dmnf i gur at i on2 (also in mono) as well
as forconfi gur ati onl in the stereo case. loonf i gur ati on2, the repairing of the
stereo file gives a quite "normal” playback.
In confi gurationl, the filescandle_in_the_wind-mono-silence.wav and your_song-

mono-white.wav are restored harmonically pretty well while still givingethchaotic behavior”

4chorus: the perception of similar sounds from multiple sesras a single, richer sound.
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Figure 5.3: Schematic of how the non-local inpainting approach workgha case of
piano3-mono-sine.wav. The crossed areas denote the beginning and the end of the mus
file. The chords are denoted by numbers, where same colacatadame chords. The
red box denotes the noise where the green one denotes tloé pausic that could be used
for the inpainting stepTop: Noisy music file with marked candidate for inpainting. One
can see that some information cannot be filled in due to thi¢tfatthe green box overlaps

to a region where no data is preseBbttom: Same file after non-local inpainting when
starting to repair the defect at the beginning of the noise.

as mentioned above. Interestingly, it doesn’t make a bigmdihce whether the noisy frames
are excluded or not: one cannot judge which type of repaisitige better one. Similar results
were achieved when usingftit-mono-short_sine.wav or piano3-mono-white.wav as test files.

In generalconfi gur at i on2 gives the same listening experience as already described
for conf i gur ati onl, except fompiano3-mono-sine.wav whereconf i gur at i on2 gives
better results thaoonf i gur ati onl.

From a musical point of view, the listening experience isliketone would expect a song
to be. One problem is that the rhythmic structures of thediffit frames don’t match, another
one that parts with different melodies are mixed. Since tbgiam doesn’t have any previous
knowledge of musical structures, it cannot fit the differdntithmic and melodic structures.
From a computer science point of view the algorithm worksdvehan expected since it finds
structures that fit in terms of their tuning (harmonicalliot knowing the song might result
in acceptance of the repairing, except for the fact that oigltnagain perceive a small click
at the point where the new data is connected to the old datzhwvelan be avoided as explained
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Figure 5.4. Correction with non-local inpainting fgsiano3-mono.wav (0:08 minutes).
Top left: Original file. Top right: Original degraded with a sine tone of 330 Hizafo3-
mono-sine.wav). Middle left: Corrected version with a step size of 256, a window width
of 1024 and a replacement neighborhood of 1viiddle right: Corrected version with

a step size of 2048, a window width of 4096 and a replacemeghberhood of 22.
Bottom left: Corrected version with a step size of 256, a window width dl4.@nd a
replacement neighborhood of 26Bottom right: Corrected version with a step size of
2048, a window width of 4096 and a replacement neighborhé88.0
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in sectiof5.B.

Also, it was encountered that the averaged patch turns nmorenare quiet the more sim-
ilar frames are specified to consider. Averaging the five tesilts is louder than averaging
the 50 best results if all other parameters stay unaltereid. lappens due to the cancellation
of waveforms with different phases.

5.5 NL-Means

Since the NL-means approach is a further development ofwbeging on a sample basis
method, it basically suffers from the same problems desdribsectiofi5]4. Also, the shifting
problem investigated in secti@n’b.3 still exists. This iaiaglue to the fact that just the data
used for the repairing step is different.

Experiments have shown that the threshold paramet&gnificantly contributes to the
final result by also partially overcoming the problems like tchaotic behavior” as mentioned
in sectionfah. Choosing a higher threshold results in aebettfor an image one would
say "sharper” — denoising. Of course, choosmipo large almost results in the non-local
inpainting approach presented in secfiod 4.3 since thereqg@l function weights the best
match always with B while all other matches receive weights close to 0 (becatideedarge
A).

The volume problem as presented at the end of seCfidn 5.4 'tappear with this ap-
proach. This is due to the fact that the exponential functiam be scaled using and this
strongly influences the weighting of the different samp{@soosing a small decredisaf the
function — i.e. a very tolerant threshold parameter —, tre# §iamples of the list get a high
weight, resulting in an almost unweighted addition of a# guggested frames. If a lot of
frames with distances close to each other cluster in cortibmaith a small decrease of the
exponential function, this can result in over- and undesshicappearing as oversteer in the
sound file.

Choosing a higher decrease of the exponential functioshpuld be larger) clearly per-
forms better than the averaging on a sample basis not onlgrinst of the tuning of the
different frames but also in terms of their "fitting”. This abvious since choosing a more
radical weighting function almost doesn’t consider frartieg are not on the first positions in
the similarity list, i.e. frames that do not have a high samitl.

Having a sound file that contains a lot of loud structureshould be chosen higher,
because adding high values (loud structures) and weigtitarg with an exponential function
using a small results in over- and undershoots quite fast. The opposékscstrue: having
a sound file that has not much loud structureshould be chosen smaller. Furthermore it
always has to be considered which configuration of the stapasid window width is used.
Depending on that, differences in choosixigan appear, too. This point is also discussed in
the following experiments.

Sexp(—\ - best=cur) — 1 for best = cur
5This exponential function is decreasing because of thetivegsign in the exponent of the exponential

function (cf. sectiolfi 4]5).
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First, let’s investigateonf i gur at i onl. The filescyftlt-mono-short_sine.wav, pianol-
mono-white.wav andpiano3-mono-white.wav are denoised quite well. Nevertheless, one can
hear an abrupt "discontinuity” in the melody. Besides, ieslot make a big difference
whether one excludes the noisy part or not since one candgejwhich result is the bet-
ter one — they are both convincing.

For candle_in_the_wind-mono-silence.wav and your_song-mono-white.wav one achieves
also good denoising results. With these two files it is imgirto choose a large since
both files are very loud and dense in comparison to other Blgted during the development
of this thesis. Forandle_in_the wind-mono-silence.wav, A > 80 is a good choice and for
your_song-mono-white.wav, A > 100 is a good point to start with. Also, for these two files it
is possible to denoise without excluding noisy frames. D&ngyour_song-mono-white.wav
gives again better results when not excluding the noisydsa(af. results in sectidn’®.3).

cyftlit-mono-long_sine.wav can be denoised with similar parameters as stated in faBle 5.
and\ > 30 very well. For the stereo fileyftlt-long_sine.wav one can use the same parameters
but has to choosg > 60 to achieve the same result as for the mono case. This mighide d
to the basic averaging approach done for stereo files aslinteal in section 417.

When denoisingiano3-mono-sine.wav with the same parameters as given in tdblé 5.3 and
A > 30, one can hardly tell a difference between the NL-means agbrand the non-local
inpainting.

Let’'slook atconf i gur at i on2. Interestingly, the filepianol-mono-white.wav, piano3-
mono-white.wav andcyftlt-mono-short_sine.wav give better denoising results in comparison to
confi gurati onl when using a smallex. Choosing\ around 10 already suffices to get
a result that better fits the volume of the patch inserted mparison to the whole piece of
music. When expecting the repaired files to sound converoeet has to chooske > 40 for
cyftlt-mono-short_sine.wav.

With the two filescandle_in_the_wind-mono-silence.wav andyour_song-mono-white.wav,
one can achieve a better denoising for a smatio. candle_in_the_wind-mono-silence.wav
can already be denoised acceptably using= 10 where a\ around 25 is needed to re-
pair the defect inyour_song-mono-white.wav quite well. Nevertheless, one has the feeling
that something is used for the denoising that really dodgriere in terms of the melodic
structure. Better results can be achieved when choosin@5 for candle_in_the_wind-mono-
silence.wav and\ > 80 for your_song-mono-white.wav.

As expected, it is also possible with this approach to nolugbecany noisy frame in case
of the test files with a short degradation. Again, it cannojugged which denoising variant
is the better one.

For piano3-mono-sine.wav, the parameters in table’b.3 also work here whean be
chosen relatively small: something around 10 is a good goistart with.

The file cyftit-mono-long_sine.wav can be denoised by the same parameters as stated in
table[5.2. For\ = 20, one can already get a good result andXor 30 the result for the NL-
means approach is that good that it almost cannot be decidether the non-local inpainting
or the NL-means approach is used in the denoising step. iSungdy, A = 30 is also adequate
for the stereo caseftlt-long_sine.wav) in this configuration.
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5.6 NL-Means on Continuous Noisy Signals

The preprint by Szlam deals with files that are completelyraged by moderate Gaussian
noise. After running the algorithm on this kind of data, o® perceive that the Gaussian
noise is reduced, but also a lot of clicking noise is intratlicThis might be due to the fact
that the algorithm is not optimized for such problems. les¢ingly, the clicking noise is not
always reduced when iterating a few times. It can even beabe that the more iterations are
done, the more clicking noise is introduced. This can bea®pt by the following situation.
The algorithm runs over the whole signal for the first time.teAfthat, a few appearances
of clicking noise can be noticed in the result. If the algumitis iterated, it can happen that
such a clicking noise is in the (small) search neighborhddtie currently observed frame,
meaning that a frame is searched that contains noise. Assegoance, this noise contributes
to the averaging used to repair the current frame, probaslylting in more noise, depending
on how the noisy frames are weighted.

5.7 Summary

This chapter investigated the memory requirements anduthiégmre of the developed algo-
rithm under two different parameter settings. The first pai@r setting introduced an 75%
overlap of the data where the other one a 50% overlap of tlee @ae memory requirements
were exactly expected in this way which was shown in a simaleutation. Concerning the
runtime, it turned out that the parameter setting with th&5erlap was four times faster
than the other one by giving approximately the same results.

Furthermore, three methods to repair noisy data were iigatet in detail: non-local
inpainting, averaging on a sample basis and NL-means. netuout that all the methods
strongly depend on the proposals made by the similarity oreasent. Non-local inpainting
works well, if the proposal was good. Sometimes it even caonstruct the noisy part in such
a way that the repaired signal comes very close to the otigioa-noisy) file.

With the approach to average on a sample basis one can gebinaaity good results.
The problem from a musical point of view is that the approagbretty sensitive as far as the
number of similar frames to search for is concerned.

The NL-means approach works good as long as the threshadaneger) is chosen in
such a way that the involved exponential function decretsts®nough.

Also, an approach similar to the one by Szldmi [14] is inved&d in the experiments.
Here one can perceive sudden appearances of clicking oisere detailed investigation of
this phenomenon could not be carried out within the time &afnthis thesis.
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Chapter 6

Conclusion and Future Work

6.1 Conclusion

As presented in this thesis, image processing ideas careofrustfully to analyze music. It
was presented how the tools like the Fourier transform haetchanged to fit the needs of
audio analysis. By windowing and going forward in time, maydifferent windows overlap
each other (sliding window) to get more than one contributmthe currently observed part,
one can subdivide the whole signal into separate windowsantpute the power spectrum
for each window. Of course, computing the power spectrumlieapo perform a Fourier
transform using the data of the corresponding window astinpu

Having the basic ingredients like the short-time Fouriansform as the modification of
the "classical” Fourier transform and the Hamming windovaagndowing function, one can
interpret the power spectrum of each window as a one-diraeakvector which can be used
for the similarity measurement. In a first step, the scaladpct of two vectors — the power
spectrum of the reference frame and the power spectrum afutrently observed frame —
was normalized using the vector norm of both vectors. To fimdwhich frames are similar,
the distances between the scalar product of the refereangefand the currently observed
frame were computed where two frames are similar if theiatise is maximal.

This work showed that it is possible to use methods known fimage processing and
modify them to do audio processing. It turned out that naalanpainting works well if
the proposed similar frame is good, averaging on a sample t&gsirs the defect at least in
a harmonic sense and that the NL-means approach is codtiplla threshold parametear
which significantly contributes to the result:Xfis chosen well the results are good.

6.2 Future Work

So far, only the maximization of the scalar product is used signilarity measurement. This
approach is sensitive to loud structures, in other wordsetgps them. If a melody appears
at a certain location very muted and at another locatiortypletd, the latter one would be
preferred. Here, some efforts can be made to make the sityilaeasurement more robust
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against the volume of the different patches. Maybe alsordinglarity measurements exist
that can be used to find similar frames. The use of a similardirix as proposed by [11] and
used for example iri.[9] might be an intuitive possibility.

Also, repairing multiple degradations at the same time —ineone run — could be a
possibility to make the denoising process more comfortaBl®asic approach would be to
use an iteration during the program run. This might not batbet efficient way, but would
work.

The short-time Fourier transform has some drawbacks,leagthe frequency resolution is
not sufficient to separate musical notes of low frequencyogsfble remedy is to use several
short-time Fourier transforms that work at different samgptates with different window sizes
to increase the frequency resolution for lower notes, sedE/].

It would also be possible to do an alternative approach bysioig the short-time Fourier
transform, but to use a wavelet-based approach: it givesod tjme resolution for high-
frequency events and a good frequency resolution for l@gtfency events.

Another possible work for the future is to make the softwageruser-friendly. Maybe
the number of parameters can be reduced. This might be possikestablishing a depen-
dency between the neighborhood which is considered foreheck and the neighborhood
which is effectively replaced then.

Arthur Szlam proposes in [14] to run the NL-means algorithmspeech where Gaussian
noise is used for the degradation of the whole signal. Simseditempts to include the idea
by [14] didn’'t work well so far, it could be worth to invest meeffort into changing the
algorithms to perform better on such a setting. This was assible within the time frame of
this thesis.
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Appendix A

Wave Files

A.1 Wave File Format

The wave file format [6] was developed by Microsoft and IBM amdowadays the standard
audio file format for storing an uncompressed audio file ormamder. Itis based on the RIFF
bitstream format [5] which allows to store the data in difier chunks. The default bitstream
encoding is the Microsoft Pulse Code Modulation (PCM) farmanfortunately, the format
of a wave file is not uniquely defined because it can have a loustiom chunks. This thesis
only considers the following format where all other typelofinks are not processed:

Table A.1: The WAV file format. Adapted from: Wikipedia [6].

Position | Field Name Field Size| Description / Contents

[bytes] [bytes]

0 Chunk ID 4 "RIFF”

4 File Size 4 Entire File Size - 8

8 File Format 4 "WAVE”

12 SubChunk1ID |4 "fmt ” (header signature)

16 SubChunkl Size| 4 16 for PCM files.

20 Audio Format 2 1 for uncompressed audio.

22 Num of Channels 2 1 =mono, 2 = stereo, ...

24 Sample Rate 4 44100 Hz for CD quality

28 Byte Rate 4 Sample Ratex Block Alignment

32 Block Alignment | 2 Num of Channels< Bits Per Sample- 8
34 Bits Per Sample | 2 8,16 0r24

36 SubChunk2ID | 4 "data” (header signature)

40 Data Size 4 Number of bytes following the header.

DATA

In figure[Ad, an example for a possible data arrangement of\d filé is depicted.
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Subchunk1Size = 16 MumChannels = 2

ChunkSize = 2064 AudioFormat = 1 (PCM) \
chunk descriptor ¥ fmtsubchunk « Y ¥
52 49 46 455? 41 56 45|66 6d 74 20
R I F F W & ¥ E[f m t []
ByteRate = 53200 i =
T w . BitsPerSample =16 g\ hunkeSize = 2048
ampleRate = 22050 ) BlockAlign = 4(_/
< ¥ data subchunk ¥
d a t a [ —
sample 1
L - _,r* L. - _.r% L. - _.r* *L - i fx_ - i fx_ - i
sample 2 sample 3 sample 4 sample 5 sample & sample 7

right channel samples left channel samples

Figure A.1l: First 72 bytes of an example WAV file.Source: http://ccrna.
st anf ord. edu/ cour ses/ 422/ pr o] ect s/ WaveFor nat /|

A.2 Meaning of the Data

A WAV file is a discrete version of an audio signal and desaibee development of an
oscillation in time. The quality of a wave file is determinedthe sample rate. An example
for a common visualization of a WAV file is given in figure_A.2.

Assuming to have a stereo file — i.e. having two channels —d#ta of a WAV file is
arranged as depicted in figure_A.3. Here can be seen that tamehsamples are combined
to build a sample and N samples are combined to build one frame

In the audio sector, the "channel samples” in fidurd A.3 arerofalled "samples” and the
"samples” in figurd’AB are called "frames”. Since one needataral expression that builds
on top of these two concepts, the renaming is performed iprbsented way.

WAV files are stored in general in little endian where the teagnificant bit stands at the
first position. If the length cannot be divided by 8, a zerdgiag is applied. FigurE“Al4
shows this nicely.

For a more detailed description of the waveform represiemasee section 2.1.2 ih [12].
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A.2. MEANING OF THE DATA

10 A

8

6

4

24
0,000 +
2 1

4 A

6

-8
-10
kU : i i

0,000 |
kHz o 0.01 0.02 0.03

Figure A.2: Example for a visualization of a WAV file with a sampling rate42100
Hz. Left: First three chords ofyftlt-mono.wav. Right: Zoom into the first chord of the
same file.Top: Waveform representation. The x-axis depicts the time iosés where
the y-axis shows the amplitud®ottom: Frequency representation. The x-axis depicts
the time in seconds where the y-axis shows the frequencgildison. Colors give the
intensity of a certain frequency. The blue color stands foiga intensity going over red
and yellow to white which stands for a low intensity.
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Frame M
Sample 0 1 N
Channel Sample  [cho] [chi] [cho] [ch1]

Figure A.3: Difference betweeframes samplesandchannel samplefor a stereo WAV
file. In case of this thesis, M starts with 1 and N is the windowttv. Adapted from:
Wikipedia [6].

coo0oo0o1o001T1 01 1 1 0 1 1
< > < >

Bits 0-3 Bits 4-15

Figure A.4: Example for the bit alignment of a 12-bit sample. The 12 hiespadded by
zeros to get 16 bits (which can be divided by 8purce: Wikipedia [6].
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Appendix B
DVD Contents

The attached DVD contains all the files used for this thegikiaing their denoised versions.
These are located in the foldexper i ment s which contains the following subfolders:

experinments
— audi o_sources
— avg_sanpl es
— 2048-4096
— 256-1024
— nl _.i npai nting
2048- 4096
256- 1024
— nl _nmeans
— 2048-4096
— 256-1024
— nl _nmeans- szl am
— 2048-4096
— 256-1024

The folderaudi o_sour ces contains all the input files used in the experiments.
In the subfolders ofl _means- szl am the following files can be found (except for the clean
version):

clean version noisy version denoised version iteration
pianol-mono.wav | pianol-mono-noisy.wav | pianol-mono-noisy-corr-il.wav 1

pianol-mono-noisy-corr-i2.wav
pianol-mono-noisy-corr-i3.wav
piano3-mono.wav | piano3-mono-noisy.wav | piano3-mono-noisy-corr-il.wav
piano3-mono-noisy-corr-i2.wav
piano3-mono-noisy-corr-i3.wav

WIN| L WN
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Each subfolder chvg_sanpl es, nl _i npai nti ng andnl _-means contains the following
denoised versions:

noisy version denoised version
cyftlt-mono-short_sine.wav cyftlt-mono-short_sine-corr.wav
cyftlt-mono-short_sine.wav cyftlt-mono-short_sine-corr-1.wav
cyftlt-mono-long_sine.wav cyftlt-mono-long_sine-corr.wav
cyftlt-long_sine.wav cyftlt-long_sine-corr.wav
pianol-mono-white.wav pianol-mono-white-corr.wav
piano3-mono-sine.wav piano3-mono-sine-corr-versionl.wav
piano3-mono-sine.wav piano3-mono-sine-corr-version2.wav
piano3-mono-white.wav piano3-mono-white-corr.wav
piano3-mono-white.wav piano3-mono-white-corr-1.wav
candle_in_the_wind-mono-silence.wav | candle_in_the wind-mono-silence-corr.wav
candle_in_the_wind-mono-silence.wav | candle_in_the wind-mono-silence-corr-1.wav
your_song-mono-white.wav your_song-mono-white-corr.wav
your_song-mono-white.wav your_song-mono-white-corr-1.wav

Files in this table that carry a1” at the end of their name are generated without excluding
noisy frames where all others are created with the exclusidime noisy part.

The parameter settings can be found in the files that hauetadttached to the name of the
denoised version, for exampdandle_in_the_wind-mono-silence-corr.wav.txt.
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