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ABSTRACT

The frequency domain of signals is traditionally examined through techniques based
on the Fourier transform: These techniques give a linear view of the frequency spectrum in
Hertz, and are ideal for the numerical analysis and manipulation of spectra. In this work,

we propose a scheme suited to the analysis of musical signals: The Musical Spectrogram.

A four-stage system, the Musical Spectrogram consists of a tuning module, a 9 octave-
band filter bank, a 12 semitone-band filter bank array and an output system. The spectrum
of a musical signal is first decomposed into octave subbands, and each is separated into mu-
sical scale semitone subbands and plotted. New insights are offered by exploring the musi-
cal spectrograms of a number of test signals, and the commercial potentials of this new

analysis tool are explored.

Simulation results of a Musical Spectrogram system are presented. A complete MAT-
LAB implementation of this system is tested to prove the function and form of the system.
A limited real-time implementation of this system on the Analog Devices ADSP-2181
fixed-point digital signal processor is also presented which underscores the many difficul-
ties inherent in development for such platforms, and details several novel solutions devised
to address them. The numerous advantages and properties of the Musical Spectrogram sys-
tem are also presented and discussed, and a complete real-time software version is put for-

ward as future work.
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Chapter 1

Introduction

1.1 General

The proliferation of increasingly powerful desk-top computers has made possible
affordable audio editing software tools that yield excellent results in real-time. As the
technology of personal computers has advanced, the capabilities of digital multi-track
recording and processing software have kept pace. Today’s computer based hard-disk
digital recording systems have surpassed the quality of magnetic tape systems hun-
dreds of times their cost!. In addition they offer additional analysis and processing
functions far beyond the capabilities of such older analog equipment. Other advances
in the technology of music have seen the emergence of sophisticated digital audio
processing algorithms that filter and process signals based on musical parameters such
as key, scale, or tempo. Over the last decade, personal computer technology has
advanced to the point that affordable "digital audio workstation" PCs are now available
that can perform professional quality multi-track hard disk recording while running
multiple instances of complex audio software. In short, musical analysis and process-
ing algorithms have never been so commercially feasible or as applicable as they are

today.

1. Analog multi-track recording systems can cost hundreds of thousands of dollars, wheras a fully
equipped hard-disk recordingcomputer system can be had for under $10,000.



1.2 Motivation

Signal analysis is fundamentally scientific in nature. Pioneered by the mathematician
Jean Baptiste Joseph Fourier and his transform [1], this discipline employs mathemati-
cal transforms which yield frequency-domain representations of time-domain signals
that may be examined to gain insight into the signal’s vital characteristics. This thesis
describes the Musical Spectrogram, a signal analysis method based on an understand-
ing of human auditory perception and designed to transform audio signals to a more

intuitive and usable form for musicians and their applications.

While the intuitive visualization of musical signals remains the primary applica-
tion of this method, it is also well suited for use as a front end processor for other algo-
rithms which apply knowledge of harmonic structure and music theory in a human-like
fashion to perform polyphonic pitch detection, chord recognition, instrument identifica-

tion and musical scene analysis.

For most musical applications, the sampled signal describing sound pressure lev-
els reaching the ear is not an appropriate representation for analysis. When plotted on
an amplitude vs. time axis, this low level signal representation yields global attack and
decay envelopes and amplitude maxima and minima. Figure 1.1 illustrates a simple
musical signal as score notation, a MIDI event piano roll, and finally as a time-domain
“wave’’ signal created from the MIDI events when performed by a synthesizer. The
visual inspection of the sampled wave does not reveal which notes or how many are
being played at any one time, nor can the observer derive the nature of any instru-

ment(s) performing the part.
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Figure 1.1 A passage of music represented as

(a) music score, (b) MIDI piano roll, and (c) as a sampled wave.

Human auditory perception can be classified as a sequence of representations
from "low" to high" where low-level representations are roughly approximate to the
sound signal reaching the ear, and high-level representations are those to which we have
cognitive access. An example of a high-level representation would be: "A heavy metal
guitar solo in a pentatonic scale plays over analog synthesizer chords in the key of A,

while reverberant drums beating 4/4 time and a bass guitar riding the eighth notes back
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up the sound." [2]. Between these two extremes are a multitude of "mid-level" repre-
sentations which, as far as the mechanisms of the human brain are concerned, the scien-

tific community currently knows very little about.

Despite difficulties in directly determining the mid-level representations at work
within the human brain, a number of mid-level representations have been developed
within the field of music signal processing in the last two decades. These are now sum-

marized for the benefit of the reader.

Ellis and Rosenthal [2] presented a comprehensive tutorial paper on Mid-level
representations for auditory scene analysis that details the following desirable proper-
ties in auditory mid-level representations:

* Sound Source Separation - The capability of discerning different sound
sources.

» Invertibility - The property that the original signal may be recovered
from the mid-level representation.

» Component Reduction - The reduction of many harmonic components to
a single sound, much like the human ear which reduces sets of grouped
harmonics into sources with a fundamental frequency and logical har-
monic partials.

» Abstract salience of attributes - The features made explicit by a represen-
tation should approach the perceptual attributes of our final result.

« Physiological plausibility - To model and understand the auditory system
it is important to respect the functional physiological knowledge derived
from experimentation.

An analytic framework is put forward in this work in which auditory mid-level

representations are classified according to three conceptual axes:

» The choice between fixed and variable bandwidth of the initial frequency
analysis.

» Discreteness, corresponding to the degree in which the representation is
structured.



» The dimensionality of the representation - Some posess a third dimension
in addition to time and frequency.

Any given representation may be assigned a position on a cube as shown in Fig-

ure 1.2.
. / Wefts
fenomeriation Sinewave -
model
i Sinusoid
tracks
Multiple

dimensions / T
Correlogram
Fourier
transforms \ /

Variable Constant-Q
bandwidth transform

Figure 1.2 Analytic framework cube.

The fast and short-time Fourier transforms (FFT and DSTFT) are located in the
front lower-left corner of the framework cube. Used to efficiently compute spectro-
grams of musical signals, Fourier techniques are limited by their fixed time-frequency
resolution and were applied to the analysis and synthesis of musical signals by Piszczal-
ski in 1981 [3], and by Strawn in 1985 [4]. The fixed time-frequency difficulty is over-
come by moving along the variable bandwidth axis to the front lower-right of the
framework cube, which is occupied by the constant-Q transform. Implemented as a
bank of filters whose bandwidths vary in proportion to their center frequency, this tech-
nique yields an analysis quantitatively similar to that of the inner ear. Notable work
employing this technique was done by Izmirli in 1999 [5] and by Nawab et. al. in 2001
[6]. Both of the preceding two representations are limited in that no higher level struc-
ture is derived from the signal. The representations on the top face of the framework

cube are higher up the discrete representation axis than the FFT and constant-Q trans-
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form and therefore consist of discrete analysis objects in addition to these two trans-
forms. The front upper-left corner of the framework cube is occupied by sinusoidal
modeling, in which music signals are modeled as a sum of evolving sinusoids (called
partials) and combined with an additive noise component. These partials are based on
frame-by-frame Fourier transformations. Notable examples of work applying this tech-
nique were published by Serra in 1997 [7] and by Virtanen and Klapuri in 2000 [8]. The
front upper-right corner of the framework cube is occupied by the sinusoid tracks repre-
sentation, which is employs the constant-Q transform to generate contiguous regions of
local energy maxima in time-frequency. Sinusoid tracks were introduced by Ellis in
1993 [9]. Along the back face of the framework cube are representations that involve
another dimension beyond the time and space. The back lower-right corner is occupied
by the correlogram which was made popular by Slaney and Lyon in 1990 [10]. Based
upon a pitch detector that mimics the human auditory perceptual system, the correlo-
gram is computed by finding the short-time windowed autocorrelation of each output
of a cochlear (inner-ear) model, and works for a wide range of pitch effects. In addi-
tion, it is robust against a wide variety of distortions, unlike analysis based on Fourier
and constant-Q analyses. The third dimension in the correlogram is the lag time of
short-time autocorrelations applied to the energy envelopes of each band. At the back
upper-right corner is the weft representation which was put forth by Ellis and
Rosenthal in 1995 [2], which forms regions of spectral dominance that evolve over

time and serve as trajectories for the salient parameters of the correlogram.

The Musical Spectrogram presented in this dissertation is a new mid-level signal
representation based upon the wavelet transform. It is easily generated from a low-
level wave signal and yields a musically meaningful display of the signal’s spectral
energy across a multi-octave range subdivided into the 12 tone equal-tempered western
music scale. From this mid-level representation, higher level information such as pitch,
key, chordal and musical scene data can be derived via further information processing.

While such algorithms are beyond the scope of this thesis, it is worthwhile considering
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them when evaluating the utility of the Musical Spectrogram. Unlike many of the mid-
level representations cited above, the Musical Spectrogram is only an analysis tool and
does not explicitly seek to reconstruct the original signal from the derived parameters.
Consequently, many of the requirements such as an orthogonal wavelet basis for per-
fect reconstruction (Section 2.4.1 on page 34) or linear-phase response (Section 1.3.1
on page 10) may be safely ignored, thus facilitating implementation. More advanced
versions of the Musical Spectrogram will support signal resynthesis, but these fall

under the category of future work.



1.3 Digital Filters

Filters are used to modify the frequency spectrum of a signal. While analog filters per-
form this function electronically, digital filters use finite-precision arithmetic opera-
tions such as multiplication and addition on an input sequence of digital samples
(numbers) to achieve the desired spectral reshaping or modification. Not only are digital
filters more reliable, stable and easily modified than their analog counterparts, the
resources to implement them as real-time software are readily available on modern PC

workstation computers.
There are four stages in the design of a digital filter:
1. Approximation
2. Realization
3. Analysis of computational error
4. Implementation

Complete coverage of the filter design process is detailed in [13]. Additional
excellent sources of filter design and analysis theory are [14]-[16]. The approximation
stage is driven by the application requirements of the filter, and involves determining
the desired amplitude, phase and time-domain response specifications and generating a
transfer function to meet these criteria. The realization stage is where the transfer func-
tion is converted into a related network topology of functional units such as unit
delays, adders and multipliers. Many realization methods have been proposed which
lead to structures of varying complexity and characteristics, some of which seek to min-
imize the number of components required, while others minimize the sensitivity of the

filter network to the numerical errors introduced by finite-precision arithmetic.

The third stage of digital filter design involves examining the filter topology gen-

erated in the realization stage and determining its vulnerability to finite-precision errors.
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Although filter coefficients generated during the approximation step are determined to
a high degree of precision, affordable digital hardware typically operates with a finite
precision dependent on the length of the registers used to store numbers. The type of
number system used and the type of arithmetic supported (fixed-point or floating point)
must be considered at this stage of the design. In cases where the filter is to be imple-
mented in terms of hardware, all filter coefficients must be quantized to the precision
of the target system and all changes (errors) to the proposed filter’s transfer function
(and therefore its amplitude and phase response) need to be examined fully to ensure
the design will remain within specifications once implemented. Another important
aspect of finite-precision target environments is that signals passing through them are
also quantized, and considerable care must be taken to ensure that the resulting quanti-
zation noise has negligible impact on the performance of the filter. Thorough steps
must also be taken to ensure that numerical overflows or underflows do not occur at any
points within the digital filter network if it is to be implemented in a fixed-precision
hardware environment. On modern PC audio workstations, however, software based
processes enjoy high resolution floating-point numerical representations and opera-
tions, which frees this implementation from many of the error sensitivity issues

detailed above.

Once analysis of the computational error stage is complete, the design may move
to the final stage of implementation. The filter can be implemented in software to run
on a general purpose processor such as a PC or Unix system, in firmware to run on a
specialized DSP chip, or in dedicated hardware as a custom VLSI chip. There is also
the trade-off between real-time and nonreal-time implementations to be considered
within the software environment: Real-time implementations must be optimized for

speed, while nonreal-time implementations have no such requirements.

In general, the time-domain relationship between the input and output sequences

of a general linear time-invariant digital filter is given by
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nl n2

y(UT) = Y, ax(iT-jT)~ Y, b,y(iT-mT) (1.1)
j=0 m=1

where T is the period between samples.

1.3.1 FIR Filters

1.3.1.1 FIR Time-Domain Representation

If all of the b,, coefficients in the second term of Equation 1.1 are zero, there is

no feedback path in the filter’s topology and the time-domain relationship simplifies to

nl
Y(T) = Y, ax(iT-jT) (1.2)
j=0
meaning the filter is nonrecursive. Filters of this type can be shown to have a finite-

duration impulse response and are therefore known as FIR filters.
The transfer function of a causal FIR filter is given as

N-1
H(z) = Y, h(n)z" (1.3)
n=0
An FIR filter with an impulse response of length N can have linear phase and
constant group delay provided its impulse response is symmetrical about the midpoint

between samples (N-2)/2 and N/2 for even N, or about sample (N—-1)/2 for

odd N. These linear-phase filters are advantageous in that they do not introduce phase
distortion into the signals they process and that their symmetrical coefficient character-
istic may be exploited to reduce the number of multiplications required by the filter.
Because there is no feedback loop in FIR filters (by definition), they cannot become

unstable and are usually insensitive to quantization errors. In addition, their realizations
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are simple, regular, and easily implemented as high-level language software, DSP

assembly code firmware or VLSI hardware.

On the downside, the lack of feedback in FIR filters means that their N—1 poles
are fixed at the origin of the z plane: High-selectivity can only be achieved with large

values of N, along with the associated penalty of increased processing delay and
implementation cost. However, the implementation efficiency of FIR filters can be
improved by using fast-Fourier transforms, owing to their finite duration impulse

response.

1.3.1.2 FIR Design Techniques

The approximation problem for FIR filters can be solved by using windowed Fou-
rier series or numerical-analysis formulas such as the Stirling central-difference for-

mula.

Although these closed-form solutions are easy to apply and involve low orders of
computation to derive, they lead to suboptimal designs in which the efficiency and
speed of filter operation could be improved. Optimization techniques [13] based on the
second method of Remez [17] address this issue: From an initial FIR design achieved
by closed-form approximation, an error function is formulated for the desired filter and
then minimized with an iterative procedure known as the Remez exchange algorithm
[18] that weighted-Chebyshev optimizes a linear combination of cosine functions that
control the error in different bands of interest. When the algorithm converges the error
function becomes equiripple, as in other types of Chebyshev solutions. A more robust
Remez method that is capable of designing multiband filters and other filter types is

presented in [19].
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1.3.2 IIR Filters

1.3.2.1 IIR Time-Domain Representation

When at least one of the b,, coefficients in the second term of Equation 1.1 is not

zero, this indicates a feedback path in the filter’s topology. The output of this filter is
computed from the input samples and previous output samples, which makes the filter
recursive. Although recursive filters that have finite-duration impulse response can be
realized, no practical advantage appears to be gained in using these filters instead of
nonrecursive ones. Consequently, for most practical purposes, recursive filters have an

infinite-duration impulse response and are also known as IIR filters.
The transfer function of a causal IIR filter obtained by using the z transform is

N

H(z) = 220 — (1.4)

where N<M.

For stability to be assured, the poles (roots of the denominator) must lie within
the unit circle of the z plane. Although this restriction is neccessary, it should be noted
that there is otherwise considerable freedom in the placement of the poles. This fact
can be exploited to yield high selectivitities that are impossible to achieve in FIR filters
of equivalent order because their poles are restricted to the origin of the z plane. On
average, comparisons have found that FIR filters require 5 to 10 times the filter order
to achieve the same selectivity as IIR filters of similar order (p. 305 in [13]). In one

case, an FIR filter of order 52 was found to be as selective as an IIR filter of order 8.
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The increased selectivity of IIR filters does not come without a cost, however. As
will be shown in the next section, only one of the five major analog filter approxima-
tions places any contraints on the group delay characteristic, which means that most
IIR filters based on these analog prototypes have a varying group delay and conse-
quently introduce phase distortion into the signals they process. While phase corrective
solutions do exist for IIR designs [20], these involve the design of a phase equalizer fil-
ter of equivalent order which can more than double the cost and processing delay of the
IIR filter. For high-selectivity applications where the delay characteristic is of second-

ary importance, IIR designs are the correct choice.

1.3.2.2 IIR Design Techniques

The approximation problem in IIR digital filters is handled by converting one of
five of the most frequently used analog-filter approximations into corresponding dis-
crete-time transfer functions. Each of these approximations brings the following spe-

cific characteristics to IIR digital filters based on them:

1. Butterworth: Monotonic passband and stopband, the simplest approxima-
tion.

2. Chebyshev: Equiripple passband but monotonic stopband.
3. Inverse-Chebyshev: Equiripple stopband but lopsided passband.

4. Elliptic: Equiripple passband and stopband, the most efficient approxi-
mation.

5. Bessel: Monotonic passband and stopband but an approximately constant
group delay.

While these approximations lead to complete solutions of the transfer function in
closed-form and lead to very efficient and precise designs as a consequence, they are
only applicable to the design of filters with piecewise-constant amplitude responses.

Filters with arbitrarily shaped passband and stopband characteristics are typically
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designed through optimization methods in which a discrete-time transfer function is
assumed and an error function is formulated based on the differences between the actual
and the desired amplitude and/or phase response. When this error function is iteratively
minimized with respect to the transfer function coefficients, the resulting amplitude
and/or phase response of the filter approaches the desired results. This technique is cov-
ered in numerous texts, but [13] is recommended to the interested reader. Novel optimi-

zation methods for such filters are introduced in [21].

1.4 Multirate Systems and Filter Banks

Traditional single-rate digital signal processing systems are schematically repre-
sented as interconnections of computational blocks such as multipliers, adders, and
delay elements. In Figure 1.3, a canonical second-order recursive digital filter imple-
mentation is schematically represented as a network of 2 unit delays, 2 adder and 5

multipliers.

X(z)

@ Multiplier @ Adder T | Unit Delay

Figure 1.3 A canonical second order IIR digital filter implementation.
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Multirate signal processing systems feature two more building blocks in addition
to those shown in Figure 1.3. These change the sampling rates of signals that pass
through them and are called the M-fold downsampler and the L-fold upsampler. They

are also represented by the symbols shown in Figure 1.4.

Figure 1.4 Schematic symbols for downsampler and upsampler blocks.

A downsampler is a device that reduces the sampling rate of a signal by an inte-
ger factor of M, while an upsampler is a device that increases the sampling rate of a sig-
nal by an integer factor of L. Complete coverage of multirate signal processing can be
found in [13], [22] and also in the foundational text [23]. Relevant topics are now cov-

ered here.

1.4.1 Downsamplers

The M-fold downsampler takes input sequence x(n) and produces output sequence

yp(n) = x(Mn) B
where M is an integer. Only samples that are multiples of M are allowed to pass through
the downsampler. This process divides the sampling rate by a factor of M and therefore
multiplies the sampling period 7" by M. An example of a continuous signal, its sampled

representation and the resulting signal after downsampling by a factor of 2 are shown

in Figure 1.5.
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Figure 1.5 A downsampled signal when M = 2.

A bandlimiting filter must preprocess any signal prior to downsampling in order

to avoid signal degradation in the form of aliasing. This filter is called a decimation fil-

ter, and should accompany the downsampler (unless the signal is already bandlimited)

before it can be correctly called a decimator. This requirement is now explained.



17

1.4.2 The Sampling Theorem

Shannon’s sampling theorem [24] states that when a continuous time signal is periodi-
cally measured (or sampled) at sampling rate f;, every frequency component of the

original signal is periodically replicated over the entire frequency axis with period

given by f,.
[ Original Spectrum Original Signal

Replicated Spectra
o B2 g

ofs JSrequency

|
2s & M
Figure 1.6 Spectrum replication caused by sampling.
Figure 1.6 demonstrates how the replicated spectra will not overlap the original
spectrum provided it is bandlimited within 0 and f;/2 . The sampling theorem states

that for accurate representation of a signal x(7) by its time samples x(n7), two condi-

tions must be met:

» The signal x(z) must be bandlimited: Its frequency spectrum may only
contain frequencies up to maximum frequency f, .. .

» The sampling rate f, must be chosen to be at least twice the maximum
frequency f,, .. : fs 2 2f,,4.- This is also referred to as the sampling theo-
rem rule.

If these conditions are not met, the spectral replicas will overlap resulting in alias-

ing, where spectral components above f,/2 are reflected into the baseband spectrum

resulting in distortion.

The minimum sampling rate allowed by the sampling theorem is therefore

Sy = 2fax - Whenever a signal is downsampled, its sampling rate f; is reduced,

which lowers the Nyquist frequency f,/2. Any signal must therefore be bandlimited
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within this lowered Nyquist interval prior to downsampling to ensure its frequency

spectrum is not overlapped (or aliased) by the spectral replicas generated as a conse-

quence. Figure 1.7 illustrates the aliasing introduced when f" = f/2 .

[ Original Spectrum [ Original Signal

Replicated Spectra
V%% A% 7%

4 3 o 820 B2 g oy 3y af
2fs £ 52 2  fs 2fs

frequency

Figure 1.7 Aliasing caused by downsampling a non-bandlimited signal.

1.4.3 Decimators

Because the sampling theorem requires that a signal to be bandlimited prior to down-
sampling, a downsampler will always be preceded by a lowpass filter to meet this

requirement. Such a combination of processing elements is referred to as a decimator

and is illustrated in Figure 1.8.

x(nT) LOWPASS FILTER x,(nT’)

cutoff frequency fc=fs /2M

Figure 1.8 An M-fold decimator.

1.4.4 Upsamplers

The L-fold upsampler takes an input sequence x(n) and produces the output sequence

x(n/L) if n is an integer multiple of L (1.6)

(n) =
8 { 0 Otherwise
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where L is an integer.

All samples of the signal x(n) are therefore present in the expanded signal y.(n),

and are separated by zero-valued samples. For this process to be correctly called inter-

polation, the upsampler must also be followed by a lowpass filter to replace the zero-

valued samples with interpolated values. Figure 1.9 demonstrates a signal x(n7) that

is upsampled by a factor of two to yield the signal x,(nT") and then lowpass filtered

to produce interpolated signal x,(nT”).

4—
®

3] °

® [ ] [ J
2-9 x(nT)
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0 1 2 3 4 5 6 7 8 9 10
4—
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2-9 x (nT")
- =
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0 1 2 3 4 5 6 7 8 9 10
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3
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01 2 3 4 5 6 7 8 9 10

Figure 1.9 Upsampling and interpolation for L = 2.

1.4.5 Interpolators

One way to view the requirement of lowpass filtering in the time domain is to

consider that the abrupt transitions between all zero valued samples and their neighbors
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manifest as unintended high-frequency components in the upsampled signal. This is
another example of aliasing, and is visually demonstrated in Figure 1.10, where the

bandlimited and sampled signal of Figure 1.6 is upsampled by a factor of 2.
[ Original Spectrum

Replicated Spectra Nyquist
Nyquist
T i T % T T /\ ZW
-2fs -fs -fs/2 0 fs/2 fs 2fs frequency
_fs' -fS' /2 fs'/2 fs'

Figure 1.10 Aliasing caused by upsampling a signal.

As can be seen, doubling the sample rate (f,” = 2f;) of the signal also doubles
the Nyquist interval which includes the lower half of the spectral replica centered
around (f;")/2. Unless the upsampler is followed by an interpolation filter to remove

the unwanted replica, the signal will remain aliased. Such a combination of processing

elements is referred to as a interpolator and is illustrated in Figure 1.11.

x(nT) LOWPASS FILTER x,(nT’)

cutoff frequency fc=fs’/2L i

Figure 1.11 An L-fold interpolator.

1.4.6 Rational Sampling Frequency Conversion

There are many applications where it is necessary to change the sampling rate of a sig-
nal by a non-integer factor. In such cases, a cascade arrangement of an L-fold interpola-
tor followed by an M-fold decimator will implement a rational sampling rate

conversionof R = L/M .
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LOWPASS FILTER
x(nT) x (nT")
cutoff frequency f =1/ 2M

or f=f'/2L

whichever is lower

Figure 1.12 L/M rational sampling rate converter.

When an interpolator and decimator are combined in this way, one of the
included filters will have a higher cutoff frequency and may be eliminated from the

design as shown in Figure 1.12. A more efficient implementation can be found in [22].

1.4.7 Digital Filter Banks

Digital filter banks are networks of digital filters with a common input or output. Both

cases are shown here:

xm) | —— '— 3w
O— Hy@) |—-xn)  yo(m)—~ Fyz) >0
a0l bxm - Fal— |
: Hyz) T‘*Xz(n) yz(n)»‘r Fyz) |~ :
| H@) |—»xn)  yy(n)—~ F@) -~ |
L | L |
Analysis Bank Synthesis Bank

Figure 1.13 Analysis and synthesis digital filter banks.
The analysis bank is composed of four digital filters characterized by the transfer
functions H(z) to H;(z) (for the sake of simplicity, these filters will be represented by

the symbols HO to H3). Typically, analysis filters are designed to have mutually exclu-

sive passbands. This implements a filter bank that splits an incoming signal x(n) into 4
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subband signals xy(n) to x;(n) which may be processed, coded and transmitted inde-

pendently depending on the application. The synthesis bank shown above is composed

of four digital filters FO to F3. These synthesis filters are application dependent, but

typically bandlimit their respective subband signals y,(n) to y;(n) to their prescribed
frequency ranges before they are combined into the output signal x(n) .

Filter banks are not restricted to single-rate digital signal processing. In fact,
most modern analysis/synthesis filter bank systems reduce the bandwidth and process-
ing requirements of each subband signal through decimation in analysis and interpola-
tion during synthesis. These techniques and their application to the Musical

Spectrogram are covered in more detail in the next chapter.
1.5 Musical Signal Analysis

It is important to distinguish the analysis of musical signals from the science of signal
analysis itself. Signal analysis can be described as the mathematical study and modifi-
cation of continuous and discrete variables of all dimensions, while musical signal anal-
ysis involves the application of signal analysis techniques to the study of musical
sound. On first glance, it is tempting to see the latter as merely a subset of the former,

but this is not the whole story, as will be shown.

As a science, signal analysis has many of its roots in the 16th century when the
scientists of that time were attempting to create mathematical descriptions of the physi-
cal phenomena around them: Early curve fitting and interpolation algorithms provided
ways to bring recorded data into the realm of mathematics for analysis and processing,
which in turn hastened the development of the calculus in the 17th century. In 1807,
the science of signal analysis entered a new stage with the introduction of the Fourier
series. Within the Fourier series, a signal is broken down into sinusoids of different fre-

quencies, and thereby transformed from the time-domain to the frequency-domain.
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Many of Fourier’s contemporaries (Laplace, Lagrange and Poisson to name only a
few) found the concept of expanding functions into trigonometric series extremely dif-
ficult to accept, and actively resisted its introduction [25]. As a consequence, this math-
ematical gateway to the frequency-domain went mostly unappreciated by 19th century
scientists. In the twentieth century, the Fourier transform gained acceptance and was in
common use by physicists and mathematicians by the end of the Thirties. The signal
processing community’s complete adoption of Fourier analysis occured when the fast-
Fourier transform (FFT) was put forth in 1965 [26]. This highly efficient numerical
algorithm made the analysis of analog and digital signals in the frequency-domain a
practical computational reality, and Fourier analysis became commonplace. Over the
four decades since, the science of signal analysis has driven the development of real-
time digital signal processing applications and accelerated communications and media

technology in countless ways.

Musical signal analysis also has a history: One that is older and more subjective,
but with a legacy no less profound than that of the science of signal analysis. Every
musical instrument ever made owes its design technology to the analysis of musical
sound, as does every aspect of music theory. It follows therefore that formal music itself
would not exist without the analysis of musical sound, for its composition is based on
music theory and its tonal library on the designed properties of musical instruments.
The elements of musical signals will now be detailed, along with theory and formulae

that represent them.

1.5.1 Musical Pitch

Pitch is the musical term analogous to the scientific frequency of a periodic
sound. Music is made from notes, and the primary note parameter is pitch. An estab-
lished musical standard is A-440 (or concert tuning), which equates the frequency 440
Hz to the musical note A located above Middle C on the piano keyboard, as shown by
Figure 1.14.
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Figure 1.14 A-440 on the piano keyboard.

Human auditory perception is not linear: Amplitudes are perceived in terms of

decibels and pitches in terms of octaves, both of which are logarithmic in nature [27].

The relationship between octaves and frequency is defined in terms of powers of
2. When midddle A is tuned to 440 Hz, the A note one octave higher corresponds to
880 Hz, while the A note one octave lower is 220 Hz. The octave is the common pitch
interval of every human musical system, including the Western musical scales, the
Asian, the Indian, the Arabic and Persian scales, as well as the tribal music of aborigi-

nal cultures.

1.5.2 Fundamental Frequency and Harmonics

While periodic musical sounds are considered to have a singular pitch, they are

actually composed of more than one harmonically related frequency. Called harmonics,

these frequency components are multiples of the fundamental frequency f, that vary in

amplitude and phase. Sounds with intense high-frequency harmonics sound bright or
shrill to the ear, while those with dominant low-frequency harmonics sound dull and
dark by comparison. Although the pitch of a periodic musical sound depends on its fun-
damental frequency, the timbre of the sound depends on the number and characteristics
of the harmonics accompanying the fundamental. According to the terminology of
music theory, harmonics are often referred to as the overtones of a sound. When the
fundamental frequency component is included with the harmonics for consideration,

they are referred to as the harmonic partials of the sound, where the fundamental is the
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1st harmonic partial and so on.

Pitch perception is a psychoacoustic phenomenon and it is not always directly
related to fundamental frequencies. For example, there are sounds whose harmonic
structure suggests a fundamental that is not apparent, and in these cases, the ear "hears"
a pitch corresponding to this missing component. This is referred to as virtual pitch, and
is considered to be the main mechanism for pitch perception by several well respected
researchers [29]. Further evidence supporting this theory comes from the observation
that there is an entire class of sounds that are not periodic by any scientific measure but
are still perceived to have a pitch. Bell tones, bands of noise and twanging sounds are
some examples of this class. The human ear can apparently analyze all of the harmonic
partials within a mixture of diverse sources, group the harmonically related partials
into separate sources and then assign a pitch to the logical fundamental for each source.
When a fundamental is present but no harmonics exist (as in sine waves, for instance),
human pitch perception is deprived of harmonic cues and the ear is less certain to place

the pitch and more likely to confuse which octave it belongs to.

It is natural that the octave serves as the fundamental interval of music. If a given
tone has a fundamental frequency f, then its harmonics are 2f, 3f, 4f and higher. Mean-
while, the same tone one octave higher at frequency 2f has harmonics at 4f, 6f, 8f and
higher. Every harmonic partial in the higher tone also exists in the lower tone, and they

are therefore perceived as virtually identical by the human ear.

1.5.3 Consonant Intervals, Scales and Tunings

While the octave is the fundamental musical interval, the partitioning of this inter-
val into tones is what defines a scale. For a scale to be useful, the tone intervals must
be defined to facilitate the construction of harmonic structures whose frequency ratios
are pleasing to the ear. Such intervals are said to be consonant intervals. The ancient

Greek conviction that ratios govern beauty and science has roots in the work of
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Pythagoras, who was one of the first scientists of musical sound. Pythagoras studied
the length and pitches of plucked strings and found that all the consonant intervals to
be ratios of whole numbers. Some of these consonant intervals according to the modern
12 semitone scale, tuning and terminology are shown in Figure 1.15.

1 2 3
c# |l D#
Db Eb

clp|B

~-Major 3rd—~| J
4th i
Perfect 5th

Major 6th

Figure 1.15 Consonant intervals of C according to the modern scale.

Pythagoras determined that 3/2 and 4/3 ratios of string length produced the most
consonant intervals (these are perfect fifths and fourths according to modern musical
terminology, as shown in Figure 1.15). He then devised a 7-tone scale to facilitate the
production of these favored intervals. Unfortunately, ideal or perfect intervals with fre-
quency ratios defined by small integers such as 3/2, 4/3, 5/3, 5/4, 6/5 and 8/5 cannot all
be exactly realized in any one scale or system of tuning, and Pythagorean tuning did
not have the capacity to produce major thirds (5/4). This led to the development of later
tunings that favor certain consonant intervals at the expense of others. Ptolemaic (or
Jjust) tuning favors major thirds (5/4) and major sixths (5/3), at the expense of one of
the fifths, while mean-tone tuning favors major thirds. The fifths in mean-tone tuning

are still flattened, but this error is distributed better than Ptolemaic tuning allows.

Each of these three tunings implement a 7 note scale built from tones of varying
width that favor certain intervals but discriminate against others. Such scales may only
be used in specific musical keys, and even then certain note combinations are unaccept-

able because the harmonics produced are sufficiently out of tune as to sound dreadful.
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1.5.4 The Equal Tempered Scale

An ideal musical scale must satisfy two opposing criteria:
« True intonation: Notes exist that match the exact thirds, fourths, etc.

» Free modulation: Music may be transposed between all keys without any
change to its harmonic properties.

Pythagorean and Ptolemaic tunings address the first criteria at the expense of the
second and were used from ancient Greece until the late 15th century when Mean-tone
tuning appeared. Mean-tone tuning also favors true intonation over free modulation,
but its emphasis is on thirds instead of fifths. According to [30], Mean-tone tuning
encouraged composers to use major and minor thirds, to avoid the open perfect fifths
commonplace in Medieval music, and to stay within the first four steps of the central
key. Mean-tone tuning changed the rules of composition for the Baroque and Renais-

sance periods and consequently redefined the music as well.

A new tuning was developed during Johann Sebastian Bach’s lifetime (1685-
1750) that allowed composers and musicians to work in all 12 keys and did not make
certain triads of notes unplayable. The well-tempered tuning was defined for free modu-
lation and instrumental compatibility, but also retained minute concessions to intona-
tion. Each key in well-tempered tuning therefore has its own character, and Bach
capitalized on these differences when he wrote The Well-Tempered Clavier in all 24
major and minor keys [30]. Well-tempered tuning was used during the 18th and 19th
centuries in various forms, although gradually the intervals became more equal in tun-

ing and less concessionary to intonation.

By the 20th-century, progressively accurate tuning techniques based on frequency
measurement led to the equal tempered tuning. This scale is fully optimized for free
modulation and makes no special concessions any particular interval, consonant or oth-

erwise. The equal tempered scale has been the Western standard ever since, although
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there are those who argue that it renders the color of every musical key as uniform grey.
The equal tempered scale divides each octave into 12 semitone notes of logarith-

mically equal width, and the 7 tones inherited from earlier tunings are built from them.

Given a semitone at frequency f, and its next higher octave at 2f,, the center frequen-

cies of the equal tempered semitones between them are given in Figure 1.16.

fo /3 S10
S5 I J7 |f9 | Ju

Figure 1.16 The equal-tempered 12-tone scale.

Frequencies f;, to f|, are given as:

i 1.
fi=1f,2" where i= [1,11] e

Note that these frequencies denote the center of each semitone. The equal tempered
scale subdivides each semitone into 100 cents which are symmetrical about the center

frequency f; such that:

f(i—l)+50 cents
fi = { (1.8)

f(,-+ = 50 cents

Each octave is therefore divided into 1200 cents.

1.5.5 The Frequency Spectrum of Music

While the frequency spectrum of electromagnetic signals extends up into the Tera-
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Hertz range, audio signals occupy the baseband defined by the limits of human hearing
from about 20 Hz to around 16 kHz. The functional upper frequency limit of commer-
cial music is set at 22.05 kHz by the Compact Disc sampling rate of 44.1 kHz. Signal
analysis based on musical note information has a funadamental frequency range of
interest one fifth the size of the CD signal baseband. Figure 1.17 (below) shows the use-
ful frequency range of the piano and other extreme range instruments when the equal

tempered scale is tuned to A-440.
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Figure 1.17 The piano keyboard: Frequency intervals and instrumental ranges.

The highest note playable by piano and piccolo corresponds to 4.186 kHz, which
suggests an upper frequency bound only 20 percent that of the whole audio spectrum.
This figure only charts the fundamental frequencies produced by these instruments,

however and not the harmonics that are also produced. These issues are now explored.
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1.5.6 Harmonic Partials of Interest

The lowest note of the piano has a fundamental frequency of 27.5 Hz, which
means there could be up to 500 audible harmonic partials associated with this single
note. While comprehensive study of the partials required by the human ear is beyond
the scope of this work, an intuitive grasp on the subject may be gained by examining
the harmonics of three different piano notes spanning the keyboard (see Figure 1.18).
Each DFT plotted in Figure 1.18 was computed from the first 16384 samples of each
representative sound. At 44.1 kHz, the DFT analysis window therefore spans the first
372 milliseconds, covering the so-called attack of each note. Each x-axis grid is set for
each DFT plot to match the harmonic partial frequencies for the analyzed note, and the

following is apparent:

* CO0(fy = 32.703Hz ) has notable overtones at f, — f5, with lesser over-
tones clustered higher at progressively smaller amplitudes. Paradoxically,
there is no f;, detected here, which undescores the importance of harmon-
ics other than the fundamental for piano tones in this frequency range.

* C3ormiddle C (f, = 261.63Hz ) has notable overtones at f;, — f, .with
the last clear overtone at f;, .

+ C7(f, = 4168.00Hz ) exists almost entirely at the fundamental.

It can be seen from this limited data that low pitched piano sounds are composed
of more harmonic partials than midrange piano sounds, while the highest pitched piano
sounds have only one or two harmonic partials. This perception is supported by studies
of the response characteristics of the human cochlea’s basilar membrane (summarized
in [27] and [10]), which find that human hearing is unable to distinguish between har-
monic partials separated by more than a critical bandwidth. The critical bandwidth
begins at 100 Hz and gets progressively wider up the piano keyboard scale to high fre-
quencies (see Figure 1.19). It is natural that the piano’s tonal structure fits the model of
human hearing. Like all musical instruments, the piano was designed for human enjoy-

ment. In summary, harmonic partials are very important to the perceptions of pitch and
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timbre at lower frequencies. This importance diminishes for progressively higher
pitched sounds, to the point where only the fundamental is relevant at the highest

notes.

x(NT) =PianoWave(32.703 Hz), fs=44100 Hz, 16384 Point FFT
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Figure 1.18 The harmonic analysis of C0, C3 and C7.
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Figure 1.19 The critical bandwidth of human hearing.

1.5.7 Nonharmonic Partials

There exist spectral components related to the fundamental frequency by non-
integer factors, and these are called nonharmonic partials. While nonharmonic partials
are the main constituents of bell, chime and gong sounds, they also make up a noticea-
ble part of certain periodic musical signals and must always be considered by musical
analysis systems. Any system that resolves musical signals into their harmonic partials
will also resolve any nonharmonic partials present, so care must be taken when the par-
tials are sorted and grouped by higher level pitch and timbral detection algorithms.

Musical sounds are not guaranteed to have only harmonic components.
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1.5.8 Stochastic Components

Musical analysis-synthesis systems based on sinusoidal modeling [8], [33] and
[34], represent signals as the sum of a deterministic component (consisting of all har-
monic and nonharmonic partials), and a stochastic component which is a broadband
noise-like process. The presence of such a component in music signals is not surprising
since the breath noise in woodwinds, the bow noise in strings, and other fast attack tran-
sients with noise-like characteristics are common in musical sounds. Since the energy
of these components is distributed noise-like across a wide frequency spectrum, their
contributions to any one frequency band or harmonic are safely ignored by analysis sys-

tems like the Musical Spectrogram.

1.6 Musical Spectrogram Applications

The primary goal of mid-level music signal representation is to build a computational
model that can understand musical audio signals in a human-like fashion. The motiva-
tions is to produce music technologies that are intuitive for musicians and therefore
facilitate the creative process. The Musical Spectrogram represents the frequency con-
tent of music signals as an array of time varying subband signals, each of which maps
to a semitone of the equal tempered scale; this suggests a number of musical applica-

tions which are now described.

1.6.1 Wave Editor Visualization

An entire class of music software exists for editing and applying effects to digital sig-
nal data. Wave editors allow the user to select blocks of sample data from audio and
music tracks for selective processing such as pitch correction, dynamics compression,

equalization etc. As shown in Figure 1.1 on page 3, wave data does not provide the
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user with many cues as to its musical content other than amplitude envelopes, and the
Musical Spectrogram would provide a musical perspective to such applications in the

form of a scrolling view track synchronized with the currently displayed sample data.

1.6.2 Partial Synthesizer Plug-in Instruments

Partial synthesis is an analysis/synthesis system based on sinusoidal modeling that
uses the Musical Spectrogram as its front end processor. Partials detected by successive
analysis frames are grouped into trajectories which drive sinusoidal generators to cre-
ate synthetic sounds based on the original. Unlike sinusoidal modeling, which seeks to
recreate the original signal, partial synthesis is meant to be an audio synthesis and spe-
cial effect engine. The primary application for such an engine would be use in plug-in
instruments, which are software based music applets that plug into digital multi-track

recording and MIDI sequencing programs such as Cubase [35] and Sonar [36].

1.6.3 Musical Pitch Detection Software

While robust pitch detection methods are common for monophonic musical signals,
polyphonic signals have proved very difficult to process reliably. Many promising poly-
phonic pitch detector algorithms have been put forward that use human pitch percep-
tion models as their front end [32], and the Musical Spectrogram is also of this type.
Since it produces analysis data that corresponds to musical terminology, the Musical
Spectrogram is also compatible with blackboard software algorithms [32] that integrate
various forms knowledge for the purpose of solving ill-posed problems. For handling
the ill-posed problem of polyphonic pitch detection, many forms of musical and har-
monic knowledge must be applied heuristically to the analysis data. It is therefore a
great advantage that no translation is required between the Musical Spectrogram and

blackboard components of any proposed polyphonic pitch detection system.
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1.6.4 Automatic Transcription

The goal of producing an automatic transcription system that extracts note pitches and
onset/offset times from any polyphonic music signal has been pursued by musicians
and engineers for over 25 years. Should a working polyphonic pitch detector be devel-
oped with the Musical Spectrogram, one of the major applications would be transcrip-
tion software capable generating of musical scores and MIDI sequence data from
individual instrument recordings. Such software would detect key, scale, chord progres-
sion and tempo information from the notes being scored, providing automatic classifi-
cation services for music catalogues and features for generating simpler forms of
musical notation such as guitar tablature and so-called fake books. Such documents
allow musicians with poor sight-reading skills to play popular music without any form

of preparation, and are in great demand.

1.6.5 Musical Scene Analysis

Musical scene analysis involves the separation of musical signals into their constituent
instrumental sources such as bass, piano, strings and drums. This problem is even more
intractable than polyphonic pitch detection in that sophisticated timbral analysis is
required to recognize and separate instrumental sounds that span similar frequency
ranges. Some commercial uses of such musical scene analysis algorithms are auto-
matic content classification for musical catalogues, multi-instrumental automatic tran-
scription systems, and as intelligent front ends for advanced CD mastering and live

performance equalization systems.
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1.7 Thesis Organization

The design and implementation of the Musical Spectrogram requires diverse knowledge
from the fields of engineering, musical theory and psychoacoustics. Chapter 1 provided
a complete overview of these theories and facts while explaining both the histories of

signal analysis and of musical sound.

Chapter 2 develops the background of wavelet theory sufficently to introduce
dyadic multi-rate filter bank designs that implement cost-effective implementations of
the discrete wavelet transform. With this design, audio signals may be decomposed
into octave sub-bands that are analogous to the logarithmic frequency spacing of the

human auditory system.
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In Chapter 3, the architecture of the Musical Spectrogram is detailed. There are

four stages to the design:
1. Tuning resampler,
2. 9 octave band filter bank,
3. 12 semitone band filter bank array, and
4. threshold detector
Each of these stages is proposed and then developed into a functional design.

Unlike the Fourier spectrogram, which plots signal spectra along a linear fre-
quency scaled x-axis, the Musical Spectrogram plots signal spectra according to an
equal-tempered 12-tone musically scaled y-axis. This makes it a powerful analysis tool
for musicians who lack the sufficient scientific background to understand or easily
appreciate the analysis tools available to scientists and engineers. The Musical Spectro-
gram is also very efficient. The design is critically sampled, which means that every
stream of data processed and output by this algorithm is at the lowest possible sam-
pling rate permitted by the sampling theorem. This maximizes the processing speed
and minimizes the buffering requirements without any degradation in analysis quality.
The architecture of the Musical Spectrogram is also conceptually elegant. A total of
three digital filter designs provide the customized bandlimiting and separation required

to separate a musical audio signal into 108 perfectly tuned semitone signals.

The main disadvantage inherent in the Musical Spectrogram proposed here is that
it does not have a synthesis component. Any parameters derived by this analysis can not
be amalgamated to reconstruct the original audio. This is a consequence of the use of
elliptic filters in the Musical Spectrogram design. This was deemed to be an acceptable

trade-off, given the far greater selectivity and efficiency of this filter type.

Chapter 4 covers the functional implementation details of the Muscial Spectro-

gram. The first implementation is complete MATLAB simulation which serves as the
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proof-of-concept and also as the complete implementation of an offline batch process-
ing system. A full suite of test signals were applied to the MATLAB Musical Spectro-
gram and their results plotted and discussed. Many of the musical theory introduced in
chapter 1 are found to be relevant to the interpretation of these experimental results, and
therefore they are discussed and possible solutions and enhancements to the Musical

Spectrogram are reviewed.

The second implementation of the Musical Spectrogram is a fixed-point DSP
hardware implementation on the Analog Devices ADSP-2181 Fixed-point processor.
Although incomplete, this second implementation provided many examples of sample-
processing optimizations of the Musical Spectrogram that were neccessary given the
practical constraints of this real-time system. Among the new theories developed for
this implementation are a filter-coefficient scaling algorithm that groups transfer func-
tion poles by their proximity and reorders the stages of processing in such a way that
signal overflow and underflow cannot occur. Since fixed-point DSPs are cheap and uni-

versally used, this single innovation is of considerable value.

Chapter 5 summarizes the more important results presented here, and suggests a
new implementation of the Musical Spectrogram as a real-time software module run-
ning within the graphical control language environment called Infinity. The benefits and
capabilities of audio software ‘plugins’ are also presented here and a plugin version of

the Musical Spectrogram is proposed.
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Chapter 2

The Discrete Wavelet Transform

2.1 Introduction

The Fourier transform computes analysis coefficients which are inner products of the
signal with sinusoidal basis functions of infinite duration. This analysis is based on the
assumption that the analyzed signal is stationary, and therefore has statistical properties

that do not change over time [37].

A version of the Fourier transform adapted for nonstationary signals was intro-

duced by Gabor in 1946 called the short-time Fourier transform (STFT) [38], which
introduces a time dependent parameter T. The STFT depends on a window function

g (1) of limited extent over which the nonstationary signal is assumed to be stationary.
This limitation makes the STFT inappropriate for musical signals, as they are typically
composed of nonstationary low-frequency components of long duration (bass notes, for
example) and nonstationary high-frequency components of short duration (such as

attack transients and percussion).

A more recent transform was introduced in 1989 whose window function g(7)
varies in width and amplitude across the frequency axis. The continuous wavelet trans-
form (or CWT) [42] employs a scale factor a in addition to time parameter T. This

transform is well suited to frequency-dependent nonstationary signals.

Discretization of the CWT a and t parameters yields the discrete wavelet trans-
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Sform (DWT), which is applicable to digitally sampled signals. While direct computation
of the DWT is possible, there are much more efficient implementations based in the
construction of iterated filter banks. These discrete-time case methodologies were
developed separately and independently of wavelet theory, but lead naturally to DWT
designs which are critically sampled (i.e. require only a minimum number of samples)
and easily implemented as DWT filter banks. DWT filter banks are specialized quadra-
ture mirror-image filter (QMF) multiresolution filter banks with dyadic tree structures.
A DWT filter bank provides octave decomposition within the Musical Spectrogram; a
general treatment of wavelet theory supporting the DWT is therefore presented. The
ordering and development of these formulae and theories is based on tutorial papers

[39] and [40].

2.2 Nonstationary Signal Analysis

The Fourier transform [1] computes analysis coefficients X(f) as inner products

of the signal with complex sinusoidal basis functions of infinite duration:

X = [ x)e ™ ar 2.1)

Since the basis functions employed by the Fourier transform are infinite in dura-
tion, they are not well suited for the representation of nonstationary or statistically time-
dependent signals. Any abrupt changes in the analyzed signal are erroneously spread
out on the entire frequency axis in X(f). One way to modify the Fourier transform to
allow the meaningful analysis of nonstationary signals is to introduce time dependency
to the transform without sacrificing linearity. This is achieved by introducing a “local
in time” parameter ¢ which governs a windowing operation on the transformation proc-
ess, allowing multiple “local” Fourier transforms to be evaluated across the frequency

axis. Each of the local Fourier transforms treats the signal as stationary for the length
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of the window about the T parameter.

2.3 Scale Versus Frequency

2.3.1 STFT: Fixed Resolution Analysis

The modified Fourier transform described above is formally known as the short-

time Fourier transform (STFT) [38], and is given by:

oo

STFT(x,f) = [ x(1)g* (- T)e-2mtdt 2.2)

—00

Some inspection of the STFT formula reveals that the window function g(7) is
shifted by the T parameter to allow a time-localized Fourier transformation to be

performed centered at time location T. The parameter f is similar to the Fourier
frequency and many properties of the traditional Fourier transform hold true for the

STFT but the general STFT characteristics are dependent on the choice of window

function g(7) . There are two alternate ways to view the STFT’s effect on input x(7):

» A succession of Fourier transforms of a windowed signal, or

« amodulated analysis filter bank.
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Both of these views are illustrated in Figure 2.1.
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Figure 2.1 The two alternate views of the STFT.

When the time parameter T is held constant and the frequency parameter f is var-

ied, the STFT appears as a traditional Fourier transform of a windowed version of x(z)
centered about time T (illustrated as the vertical bars STFT(tlf) and STFT(t2f) in
Fig. 1). Conversely, when T is varied and f is held constant, the STFT appears as a
bandpass filter modulated to frequency f (the horizontal bars STFT(tfl) and
STFT(tf2)) (38]. From this dual interpretation of the STFT, a fundamental drawback
related to its time and frequency resolution can be developed. Given a window function
g(#) and its corresponding Fourier transform G(f), the RMS bandwidth of the win-

dow’s transfer function Af is given by

[ PlGpi2ar
] — 2.3)
[1G(Izar

—00

while the window’s spread in time is given by
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f 2|g(1)|%dt
Y ) o — 2.4)

[ 1go)\2di

—00

From these expressions, it can be seen that the frequency resolution of the STFT
is given by Af and that the STFI’s time resolution is given by Az. It follows intui-
tively then, that any two frequencies closer than Af to each other in the frequency

domain or closer than Af to each other in the time domain will not be distinguishable

from each other.

2.3.2 Bounded Time-Bandwidth Product

Heisenberg’s uncertainty principle states that given a particle’s uncertainty of its
x-position Ax and the uncertainty of its momentum Ap, the product of these two varia-

bles can never be less than a number of the order of Planck’s constant, i.e.

h
AxAp > ’;‘" (2.5)

Specifically, the uncertainty principle implies a trade-off between Ax and Ap, in
that one quantity cannot be reduced without a corresponding gain in the other. The
uncertainty principle applies to the time-frequency resolution of the STFT in the fol-

lowing way:

AtAf> %t (2.6)

Since the time-bandwidth product ArAf is bounded from below, Heisenberg’s
uncertainty principle states that the time resolution of the STFT is only enhanced at the

expense of its frequency resolution, and vice-versa.
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Once a window is specified for the STFT, the time-frequency resolution is fixed
over the entire time-frequency plane since the same window is merely shifted for use at
all frequencies in this transform. In order to minimize the time-bandwidth product
AtAf, Gaussian windows are often chosen since they meet Equation (2.6) with equality

[38].
2.3.3 CWT: A Multiresolution Analysis

Although perfectly acceptable in some cases, the fixed time-frequency resolution
of the STFT is a significant drawback. This is because most practical signals are com-
posed of high-frequency components of short duration and low-frequency components
of long duration. When analysis is viewed in terms of a filter bank, it is understood that

the successively higher-frequency filters require successively higher time resolutions.

To meet this requirement, the frequency bandwidth Af is defined to be proportional to

f:

A7f =c 2.7)

where c is a constant. This requirement results in a transform which can be viewed as a
filter bank with constant relative bandwidth (“constant-Q”) in which the bands of the
analysis filters are evenly spaced in a logarithmic scale along the frequency axis.
Human auditory perception also follows a log-2 spacing, so this is a fortuitous develop-

ment towards a transform adapted to the analysis of musical signals.

When the requirement of Equation (2.7) is satisfied, Az and Af still satisfy the
Heisenberg inequality of Equation (2.6), but the analysis now exhibits a time resolution
that improves at higher frequencies and a frequency resolution that improves at lower
frequencies. The transform under development must do more than simply shift the fre-
quency spectrum of the window function g(z) along the frequency axis, however. A

changing frequency bandwidth proportional to the analysis frequency requires that the
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time-domain window function contract at higher frequencies and dilate at lower fre-

quencies.

The CWT implements this property by defining a mother wavelet h(t), which is
shifted, compressed and dilated by scaling to create the individual window functions

ha, ’r(t) for each analysis filter evaluated by the transform
h (l) }l( ) (2 8)
a,T m a .

The complete CWT [42] is therefore given by

CWT,(a,7) = J_fx(t)h*( )dt 2.9)

2.4 Wavelet Analysis and Synthesis

Wavelet analysis via the CWT formula of Equation (2.9) results in a set of wave-
let coefficients which indicate how close the signal x(7) is to the set of basis functions
defined by the mother wavelet 4(#) . Any signal can therfore be represented as a decom-
position of wavelets of constant shape but differing size and amplitude. The flexibility
inherent in the CWT is that the choice of mother wavelet (and therefore set of basis
functions) is up to the user of the transform. The criteria of this choice is now dis-

cussed.
2.4.1 Orthogonal Basis Functions

The wavelets h, .(¢) generated by the mother wavelet i(z) must behave like an

orthogonal basis in order for the CWT to be effective for most analysis and resynthesis
tasks. Generally speaking, the decomposition of a signal onto an orthogonal basis guar-

antees that two fundamental conditions have been met:
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1. The signal’s content is perfectly partitioned into a set of sub-signals
(basis functions) without any data redundancy between them, and

2. all of the sub-signals must be included in the resynthesis (or inverse-
transform) operation for the original signal to be perfectly reconstructed.

Since the CWT is defined for continuously varying a and T parameters, the func-
tions h, .(¢) are in fact very redundant, and so the first condition cannot be fulfilled by

any choice of mother wavelet. Fortunately, any basis generated by the CWT is said to

behave as an orthogonal basis if the following energy reconstruction formula holds true:

o oo

dadt here c is a constant, and
x() = ¢| [ewr@on, (0% Y e

—00 —00

(2.10)

This reconstruction formula is always satisfied whenever the mother wavelet h(z)
is of finite energy and has a bandpass characteristic in the frequency domain. Further-
more, if the mother wavelet is further assumed to be sufficiently regular, the energy

reconstruction condition simplifies further to

oo

[ n(ryde =0 2.11)

It is important not to confuse the perfect reconstruction of a signal’s energy
described in Equation (2.10) and Equation (2.11) with the perfect reconstruction of the
signal as a whole that is guaranteed by a true orthogonal basis: The generation of these

will be covered in the case of the DWT in following sections.

2.5 Discrete Wavelet Transform

When two scales ag<a; roughly correspond to two frequencies f;,>f;, the

wavelet coefficients at scale a; can be downsampled at (f,/f; )th the rate of the coeffi-
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cients at scale a), according to the sampling theorem rule. The parameters @ and T are

therefore discretized according to the dyadic sampling grid shown in Figure 2.2 [43].
T
>

90000 OOOIOGOOINOOINOEONOINOEOINOPEOSOIOOTPOSDS
L] L L] L] L] L] L] L] L] L] L]

Figure 2.2 Dyadic sampling grid of the DWT.

The discretization of @ and T of the DWT are mathematically given by:

4= (2.12)

b=n(ay )T
Where m and n are integers and 7 is the sampling period. This definition leads to

wavelets defined by

iy (1) = ith— b) 2.13)

Ja
with corresponding wavelet coefficients

oo

Con = | X0, ()t (2.14)

m,n

If ay=1, and T is sufficiently small, the resulting DWT will approximate the
CWT nearly perfectly, and the CWT’s non-restrictive conditions on the mother wavelet
(Equation (2.11)) will apply. On the other hand, if a, is chosen to be a more useful
value such as 2 (to allow octave by octave computation of the wavelet coefficients), the

sampling is said to be sparse, and a true orthonormal basis is only possible by careful

choice of the mother wavelet.
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2.5.1 Signal Scale, Decimation and Interpolation

In the context of wavelet analysis, the scale parameter ranges from small to large,
where smaller scales of analysis mean contracted wavelets (and consequently greater
signal detail) in the time domain, and larger scales mean dilated wavelets operating on

subsampled signals (global views of signal subbands).

The effects of halfband filtering, decimation and interpolation on the signal’s

scale and resolution are as follows:

1. Halfband filtering results in the same number of samples representing
half of the original frequency bandwidth. Scale is unchanged but resolu-
tion is halved.

2. Halfband filtering followed by subsampling by two (2-fold decimation)
results in half the original number of samples representing half of the
original frequency bandwidth. Scale is doubled but resolution is still
halved.

3. Upsampling by two followed by halfband filtering (2-fold interpolation)
results in twice the original number of samples representing half of the
original frequency bandwidth. Scale is halved but resolution is
unchanged (The upsampling process doubles the resolution, but the half-
band filtering halves it.).

These effects and the half-band decimation property shown above are exploited
in multiresolution pyramid [44] and subband coding [45] schemes to produce efficient

digital filter structures naturally suited to implementing DWT analysis.

2.6 Multiresolution Pyramid

Consider a discrete-time signal x(n) which is downsampled by 2 and halfband
filtered. The signal’s scale is doubled by the downsampling process, while its resolu-

tion is halved by the lowpass filtering process. The resulting signal y(n) is given by
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oo

y(n) = Y g(k)x(2n-k) (2.15)

k= —oo

where g(n) is the impulse response of the halfband filter.

In order to obtain approximation a(n) of the original signal from y(n), we must
first upsample it by a factor of two and then halfband filter the upsampled signal to

remove any aliasing introduced. This signal is therefore given by

oo

a(n) = Y, g'(k)y(n-k) (2.16)

k = =00
where g’(n) is the impulse response of the second halfband filter and y’(n) is the
expanded version of y(n). If both halfband filters characterized by impulse responses
g(n) and g’(n)1 are assumed to be ideal (i.e. passband amplitude=1 and stopband

amplitude=0), a(n) would be a perfect halfband lowpass approximation to x(n).

Once the lowpass halfband approximation of x(n) has been computed, a differ-
ence signal d(n) can be simply derived by subtracting the sample values of a(n) from

the sample values of x(n) as
d(n) = x(n)-a(n) 2.17)

This results in a decomposition of x(n) into a halfband approximation a(n) and an

additional detail signal d(n) which can be added to reconstruct x(n) .

This scheme is relevant to the implementation of the DWT because of two notable fea-

tures:

1. These filters are henceforth represented by symbols g and g, respectively



50

1. a(n) is synthesized from the downsampled signal y(n), which has dou-
ble the scale and half the resolution of the original (hence the term mul-
tiresolution).

2. d(n) canbe downsampled by a factor of two without penalty since itis a
highpass halfband approximation of x(n), resulting in a second double
scale / half resolution signal.

The multiresolution scheme described does not downsample d(n), so one stage of
this scheme leads to both a half-rate low-resolution signal and a full rate difference sig-

nal, increasing the number of samples by 50%. Figure 2.3 gives an example of one

. @ y'(n) ) a(n)

stage of this scheme.

—>»{9(n)

é—o x(n)

x(n) o——4¢

Figure 2.3 One stage of multiresolution scheme.

This scheme can be iterated on y(n) to create hierarchically shorter subband sig-
nals. Such multistage schemes are called signal or image pyramids [44] because of this

successive stacking of shorter signals.

2.7 Subband Coding via the QMF Filter Bank

Although the multiresolution pyramid scheme lends itself to implementation of
the DWT, it is characterized by a redundancy in the sample data brought about by the
fact that the difference signal d(n) is not sampled at the lowest possible frequency by

the sampling theorem rule. We now examine a scheme that has no such flaws.
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Subband Coding schemes [45] obtain a lowpass halfband downsampled version
of x(n) exactly as the multiresolution pyramid does, but the highpass halfband compo-
nent of the signal is derived instead by a highpass filter & characterized by impulse
response h(n) in parallel with lowpass filter g characterized by impulse response

g(n). The highpass halfband signal is then downsampled by two, exploiting its lower
bandwidth according to the sampling theorem rule. Figure 2.4 gives an example of one

stage of this scheme.

() |22 o—(t2—[h(n)

d(n)
x(n) o——4 é—oi(‘(n)
a(n)

> [s}+@D—"> oD—{gM)

Figure 2.4 Single stage subband coding scheme.

If the assumption is made that 4 and g are ideal halfband filters (highpass and
lowpass respectively), the single stage subband coding scheme is one step of a DWT
decomposition since the original signal is decomposed into two subsignals at twice its
scale. In addition, the ideal characteristics of these halfband filters ensure that the

DWT implemented is identical to the CWT.

Since ideal filters do not exist in practice, there exist restrictions on the filters %,

g, h’ and g’ that must be met before the output signal x(n) can be identical to x(n).
Filter bank structures which meet this criteria are said to exhibit the perfect reconstruc-

tion property.
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A popular type of subband coding structure with the potential for perfect
reconstruction is the quadrature mirror-image filter bank, which is identical to the sub-

band coding scheme of Figure 2.4 with the following time-domain restrictions on fil-

ters h, g, h’ and g":

h(n) = (-1)"g(n)
h'(n) = -[(-1)"g(n)]
g'(n) = (-1)"h(n)
In the z-domain, these restrictions impose the following constraints on the trans-

fer functions of filters i, g, A" and g”:

H(z) = G(-2)
H'(z) = -G(-2) (2.18)
G'(z) = H(-z)

In Equation 2.18, H(z) is the transfer function of a lowpass halfband filter with even

length N and a symmetrical impulse response.

2.8 DWT Filter Bank

Having established that a single stage subband coding scheme such as the two-
channel QMF filter bank (with perfect reconstruction) implements one step of a wavelet
decomposition, we would like to extend the scheme to an arbitrary number of steps in
such a way that implements the complete DWT [22]. Such a multistage structure is pos-
sible by iterating the two-channel QMF structure on the lower halfband signal as

shown in Figure 2.5 :
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x(n)
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Figure 2.5 Dyadic tree QMF filter bank: 4 octave wavelet decomposition.

The first iteration of this structure creates a new low-band that corresponds to the
lower quarter of the frequency spectrum of x(n); each further iteration is characterized
by a low-band which has a width that is half of the previous iteration’s lowband, and a
high-band which corresponds to the difference between the previous iteration’s low-
band and the current one (effectively a passband). The frequency bands that result from
a structure such as the dyadic tree structured QMF filter bank of Figure 2.5 correspond

to those of the wavelet transform, and appear as shown by Figure 2.6.

Y,(n) vy, () Y,(n) y,(n)
f, 2 4, 8f, e

Figure 2.6 Frequency resolution of 4 octave wavelet decomposition.

The dyadic-tree structured QMF filter bank is a remarkably efficient computa-
tional structure. However, the complexity of the structure is linear in the number of
input samples with a constant factor dependent on the length of the filter g . This is true

regardless of the depth of the tree. The total complexity of this structure is related to
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the number of operations per input sample C, in the following way:

C
Copser = CO+%’+ZQ+...<2CO (2.19)

total

Equation 2.19 illustrates the efficiency of the DWT algorithm implemented by this
structure; the delay associated with this structure grows exponentially as the tree depth

is increased.
2.9 Iterated Filters and Regularity

The fundamental difference between the DWT algorithm of the dyadic tree QMF
structure and the CWT is that the former scales the signal x(n) for convolution with a
filter whose impulse response i(n) is constant for all stages, while the latter scales the
mother wavelet h(z) for windowing of a constant scale signal x(z). Since the CWT’s
wavelets are exact scaled versions of one another, it therefore follows that the octave
band filters that arise from the cascading of successive lowpass and highpass filter com-
ponents in the DWT are required to be scaled versions of each other. Although the
octave band filters are not really scaled versions of one another, the QMF structure can

converge to this result provided the condition of regularity is met by the prototype fil-
ter i, which guarantees that the DWT implemented by the structure is the basis for the

construction of continuous time compactly supported wavelet bases [43].

One of the multiresolution signal flow noble identities [22] states that signal deci-
mation by a factor of two followed by a filter g characterized by transfer function G(z)

is equivalent to filtering the signal by a corresponding filter with transfer function

G(zz) followed by 2-fold downsampling (see Figure 2.7).
X(n) O—H{M 0y, = x(n)o—d[ G") —>{W)—ov,m)

Figure 2.7 The decimation noble identity.
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Consider the signal path that results in the lowest octave band filter arising from
dyadic tree QMF structure with a depth of three. Successive applications of the identity

on this signal path result in the 3-step simplification shown by Figure 2.8.
x(n)

A)

Hre— @40
B) ‘ G(z) G(z2 ) |»(4)

@40

x(N) O—

C) [ G(z2) G(z2) Gz* ) | »8)—»¥(M

Figure 2.8 Simplification of the lowest octave band signal path.

By induction, the lowest octave band filter’s transfer function G,(z) can be

defined for any arbitrary tree-depth i as given by

i-1
G(2) = [T 6> el

k=0

followed by a decimation of 2. This definition also applies to the time domain in that

the impulse response of the filter is given by g,(n), which is the inverse-z transform of

its transfer function G,(z).

2.9.1 Convergence Properties of G,(z)

As the depth of any dyadic tree QMF filter bank infinitely increases, the impulse
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response g,(n) of the lowest octave band filter becomes infinitely long. This increas-

ing set of impulse response values plays a key role in ascertaining whether or not the
octave band filters are scaled versions of one another, and therefore whether or not the

filter is regular.
Since the property of self-similarity is easily ascertained from continuous-time
signals, a continuous-time mapping of the impulse response g;(n) is developed as

follows:

1. A staircase function f;(x) is defined for each i, in which the step-width is
1/2¢, and

2. the value of each sample in g;(n) is mapped sequentially to each step of

fi(x).
The continuous-time impulse response f;(x) is therefore supported on the inter-

val [0, N-1], where N is the length of the “prototype” filter g. It can be seen that

this interval is constant for all values of i, since the larger number of impulse response
values for deeper tree structures are mapped to smaller step-widths in the correspond-

ing definition of f;(x). As the depth (i) of the tree goes to infinity, f;(x) will do one of
three things:

1. It will converge to a continuous function with compact support g.(x),

2. it will converge to finitely discontinuous or fractal function, or

3. it will fail to converge at all.

In order to demonstrate how this convergence depends on the choice of filter
impulse response g(n), consider a MATLAB function Reg_Chek (See Appendix 1)
written to compute and plot the continuous-time impulse response function f;(x) for

succeeding values of i.
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When this program is called to compute and plot f;(x) from i = 1...6 for

g(n) = [1 33 1:| , the convergence of f;(x) to a smooth continuous function g.(x) is

remarkably swift, as shown by Figure 2.9.

fO(x): Step=0.5 f(x): Step=0.25 f2(x): Step=0.125 3(x): Step=0.0625
3 6 20 50
2 4 - <
30
10
1 > 20
5 10
0 0 0 0
0o 2 4 0 2 4 0o 2 4 0o 2 4
f4(x): Step=0.03125 5(x): Slep=0.01563 f6(x): Step=0.007813 f7(x): Step=0.003906
150 400 1500 4000
300 3000
100 1000
200 2000
50 500
100 1000
0 0 0 0
0o 2 4 0o 2 4 0o 2 4 0 2 4

Figure 2.9 Convergence of f(x)

The function g .(x) is said to be regular because it is not only continuous, but is

continuously differentiable at least once. In contrast to g(n)’s convergence to g .(x),

consider f;(x) fromi = 1...6 for g(n) = [_1 33 _1] as shown by Figure 2.10.
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Figure 2.10 Divergence of fi(x).

f;i(x) does not converge to a regular function at all. Instead, f;(x) diverges into

fractal behaviour. In terms of filter theory, the regularity criterion may be viewed as a
flatness condition on the spectrum of the frequency response of filter g at the Nyquist

frequency f,/2 - where the degree of flatness is defined by the number of zeros of the

derivative Z’%F (ei ®Y. FIR and IIR Filters which meet this condition are characterized

by having an arbitrary number of zeros at 7, and as a consequence are of even order’.

2.10 Iterated Filter Scaling Functions and Wavelets

Whenever f;(x) converges to a continuous function g (x), it is referred to as a

scaling function because it is used to go from a finer scale to a coarser one. Since this
scaling function is the product of the iterated lowpass filters of the dyadic binary QMF

filter bank, it satisfies the following two-scale difference equation:

1. Odd length filters have zeros at 7. The order of the filter is N-1, where N is the length.
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oo

g(x) = Y g(n)g.(2x-n) (2.21)

n = —oco
In effect, this equation states that the impulse response of the filter can be
convolved with the scaling function at twice its scale to yield the scaling function at its

own scale. Self-similarity of the scaling function is satisfied.

The analysis of the higher octave band filters of the DWT for regularity and
self-similarity are similar to the lowest octave band filter with one exception. The last

filter in the iterated structure is highpass rather than lowpass (see Figure 2.5), which
results in the continuous function %, (x) which satisfies the following two-scale

difference equation:

oo

ho(x) = Y, h(n)g (2x—n) (2.22)

n = —oo

The function A (x) is related to itself in different scales through convolution with the

scaling function g_.(x) and is referred to as the wavelet function of the DWT.

If the impulse responses g(n) and h(n) form an orthonormal set, then the contin-
uous functions g.(x) and A (x) also form an orthonormal set [43]. These continuous
functions both satisfy two scale difference equations, so the set of all scaled and trans-
lated versions of the wavelet (h.(27"x—-n) where m and n are integers) form an

orthonormal basis for the set of square integrable functions.
2.11 Conclusions

The wavelet transform is a fully invertable transform that is ideally suited to the analy-
sis of nonstationary signals. Musical signals are nonstationary in nature, and are there-

fore prime candidates for wavelet analysis. The multiple resolutions of the wavelet
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transform allows large scales of analysis to be applied to low-frequency signal compo-
nents of long duration while also allowing small scales of analysis to be applied to high-
frequency components of short duration. The subband decomposition applied by the
DWT results in an octave by octave separation of frequency spectra, which corre-
sponds to the octaves of the musical scale. This chapter has shown how regular filters
in QMF perfect reconstruction filter banks may be used to generate orthonormal wave-

let bases. The converse operation is also possible, and is detailed in [43] and [46].
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Chapter 3

The Musical Spectrogram

3.1 Introduction

The objective of the Musical Spectrogram is to visualize signal spectra in a musically
meaningful way. Music is composed of pitched events (or notes) which occur in time
and at varying amplitudes (volumes). A well known example of a musically meaning-
ful visualization is the musical score notation as shown in Figure 3.1. This visualiza-
tion of music signals conveys pitch data concisely while the timing data is subject to the
defined performance tempo and time signature of the piece. The volumes of these notes
are left entirely to the interpretation of the reader based on global volume cues such as

piano, forte, etc.

fa
[— 5

2

X 1o
L8,
217

b
. - =

188
L 180

| 180
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B

Figure 3.1 Musical score notation.

A more modern and precise form of music visualization is MIDI piano-roll, which
is based on the punched-paper rolls used to control the mechanical player-pianos of the
early twentieth century. In this visualization, note events are represented as rectangular
shapes whose placement and length determine the pitch of each note along with it’s
start, sustain and end times. The same passage of music shown in Figure 3.1 is shown

as MIDI piano roll in Figure 3.1.
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+I

I

Figure 3.2 MIDI Piano-roll notation.

Piano-roll notation is an innovation of the MIDI sequencer software industry, and as
such its form varies between manufacturers. Common to all versions are the representa-
tion of notes as rectangular shapes and the definition of a master clock that time-stamps
each event. Many other parameters such as volume are also available for inspection in
this visualization, but they require interaction with the software displaying the piano-

roll.

The Musical Spectrogram visualizes audio data in a manner similar to MIDI
piano-roll. The y-axis measures out the semitones of the equal-tempered musical scale
while the x-axis demarcates time. Unlike the piano-roll, however, events are not merely
rectangles. Instead, they are plotted signals of varying amplitude that correspond to the
musical signal’s spectral energy at the pitch and time (X,y) coordinates. This amplitude
can be scaled and plotted vertically within the semitone band height, or it can be plot-

ted as a color or greyscale-mapping in the z-axis depending on the application.

Deriving the visualization described above from audio signal wave data is not a
trivial task. It involves a great deal of careful signal filtering and sampling-rate adjust-
ment, as will be shown. This chapter presents and develops each of the following four

stages of this process:

1. Tuning Resampler

2. 9-OBF Bank
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3. 12-SBF Bank Array
4. Output System

In its entirety, the Musical Spectrogram is an analysis tool that processes digital
audio signals (such as instrumental recordings, for instance) to produce time varying-
spectral plots meaningful to those with music theory knowlege and training. The Musi-
cal Spectrogram is both a joint analysis [34] and a mid-level [2] signal representation,

and is a fresh perspective on musical signals.

3.2 Musical Spectrogram Architecture

The four stages of processing involved in the Musical Spectrogram are sequential in

application. The high-level architecture is shown in Figure 3.3.

Audio In
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Figure 3.3 The Musical Spectrogram system architecture.

Stage 1 (the tuning resampler) adjusts the incoming musical signal to the rate

required for correct tuning of the algorithm. Stage 2 (the 9-OBF Bank) separates the
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resampled musical signal into 9 octave-band signals. Stage 3 (the 12-SBF Bank Array)
separates each of the 9 octave-band signals into 12 semitone-band signals spaced
according to the equal-tempered scale. Finally, stage 4 (the Output System) processes
and plots each of the resulting 108 semitone-band signals as either a time-dependent
amplitude or as a gate signal triggered whenever a specified threshold value has been

exceeded.

3.3 Audio Filter Design Criteria

Each stage of the Musical Spectrogram is composed of digital filters varying in form
and function. Although these filters differ in design, their common purpose is the
processing of musical audio signals which exist within the parameters of human hear-
ing. The following relaxed criteria therefore apply to the Musical Spectrogram’s filters:

» Selectivities are not required to be greater than the frequency resolution
of the equal-tempered musical scale.

» Since the Musical Spectrogram lacks a synthesis component, its outputs
are not meant to be heard. This means that a linear phase response is not
of critical importance.

 Filter orders (and processing delays) must be small enough to ensure
real-time operation with acceptable latency under 10 ms [46].

These relaxed criteria encourage the use of IIR recursive filter designs in many cases

where FIR designs would otherwise be desirable.

3.4 Tuning Resampler

From a practical perspective, the Musical Spectrogram must be tunable to a reference
pitch other than A-440 and operate within DSP environments that support variable sam-
pling rates. For example, typical electronic guitar tuners support the range A-436 to A-

445 Hz, while common DSP hardware and software processing environments support a
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subset of the following sampling rates: 8000, 9600, 11025, 12000, 16000, 22050,
24000, 32000, 44100, 48000, 88200 and 96000 Hz. The Musical Spectrogram there-
fore has two parameters called environment sampling rate (f;) and reference A (fy).
These variables are required by the tuning resampler in order for it to correctly filter
and downsample incoming audio to the system sampling rate (f) required by the suc-

ceeding stages of the Musical Spectrogram algorithm.

The Musical Spectrogram system sampling rate is calculated from the reference

A frequency as follows:

f, = 2f,2"* 3.1)

where i is the number of equal-tempered quarter-tones from f, , the reference A.

In Equation 3.1, negative values of i yield frequencies below f, , while positive values

of i return frequencies above it. Although quarter-tones are not explicitly used in the
equal-tempered tuning, they correspond to the boundary frequencies between notes of

this scale. According to Equation 3.2, even values of i yield the center frequencies of

equal-tempered semitone notes, while odd values of i return the boundary frequencies
of equal-tempered semitones. Figure 3.4 illustrates the quarter-tone frequencies across

the Musical Spectrogram’s 9 octave range.

N

-115

C|D|E|F|G(A|B|C|D|E|F|G|A|B|C|D|E|F|G|A|B|C|D|E|F|G|A|B|C|D|E|F|G B|C|D|E|F|G|A|B

l—— Octave I—+— Octave 2——+~— Octave 3+ Octave 4—+— Octave 5 —-lL— Octave 6—~~— Octave 7+— Octave 8«-‘—— Octave 9——|

Figure 3.4 Quarter-tone frequencies across 9 octaves.
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Table 3.1 lists the standard reference tunings A-436 to A-445 and the system sam-

pling rates associated with them.

Table 3.1. Reference Tunings and System Sampling Rates.

Reference A f, (Hz) System Sampling Rate f, (Hz)

432.768 16000.00
436 16119.48
440 16267.37
445 16452.22

A direct observation of Table 3.1 is that any host DSP environment must sup-
port the minimum standard sampling frequency of 22.05 kHz to avoid signal aliasing
within the Musical Spectrogram. A lower cost musical spectrogram may be designed by
reducing the number of octaves to 8, which reduces the required sampling rates to half
of those in Table 3.1. The trade-off inherent with this cost reduction is that the first har-
monic partials of all notes within the highest octave of the piano keyboard are then out-
side the analysis range of the 8 octave musical spectrogram, and this is usually not

acceptable.

Given standard environment sampling rates of 22.05 kHz and beyond, the tuning
resampler must apply fractional decimation to the incoming audio signal. The sampling

ratio is computed from the system and environment sampling rates as

J
=7 (3.2)

Some representative values of R are given in Table 3.2.

Table 3.2. Fractional Decimation Ratios.

Reference A 22050.00 Hz 24000.00 Hz 32000.00 Hz 44100.00 Hz
436 0.7310421769 0.671645 0.50373375 0.365521088
440 0.7377490237 0.6778069154 0.50835519 0.368874512
445 0.7461325353  0.6855092668 0.51413195 0.373066268
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When the ratios of Table 3.2 are examined as rational numbers in Table 3.3, it can

be seen that sample rate conversion techiques as described in Section 1.4.6 will not be

very efficient to implement because the upsampling and downsampling factors

required are simply too large.

Reference A
436
427
438
439
440
441
442
443
444
445

Table 3.3. Upsampling / Downsampling Ratios.

22050.00 Hz
617/ 844
1597217
5537733
25117341
256 /347
43717591
2297309
283 /381
705 /947
241/323

24000.00 Hz
45/ 67
241/ 358
307 /455
681 /1007
284 /419
125/ 184
399 /586
101/ 148
145 /212
194 /283

32000.00 Hz
1357268
1557307
2931579
3177625
2137419
1347263
383 /750
386/719
336/655
382/743

44100.00 Hz
670/ 1833
159 /434
300/ 817
1527413
128 /347
166 / 449
229/618
27017727
386/1037
241/ 646

Fortunately, an effective alternative method of fractional sample rate conversion

exists for ratios such as these. This technique is now discussed.

3.4.1 Quartic Interpolation

A low-cost fractional sampling-rate conversion can be achieved through a quartic inter-

polator based on the Stirling central-difference formula [41]. According to this for-

mula, if a fourth-order polynomial passes through 5 equally spaced points as shown in

Figure 3.5, the interpolated sample at # = (n— )7 can be expressed as

x(n— o) = Cpx(n=2)+Cx(n-1)+ Cox(n) + C_jx(n+ 1)+ C_,x(n+2) (3.3)

where
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Figure 3.5 Quartic interpolation.

The delay parameter o is calculated for each output sample based on the difference
between the input and output sampling grids. Figure 3.6 illustrates 3 values of o that
result from fractional sampling-rate conversion ratio of R = 8/3. The next step of

interpolation (at time ¢ = (n+ 1)T) will see o calculated twice, and so on. New C;

coefficients are calculated according to Equation 3.4 for each value of o, and the out-
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put sample is calculated as the vector product of the C; and input samples.

0.375, R=28/3
T’=(3/8)*T = 0.375*T
P
| I | t
x(n)
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- o,T sz
T
="
(@-2)T (n-1)T aT (@+1)T @2)T

Figure 3.6 Calculation of o for 3 output samples.

Quartic interpolation based on Stirling’s central-difference formula implements a
fourth-order time-dependent FIR filter that performs rational sampling rate conversion.
Although this filter is deemed to be an interpolator by numerical analysis theory, it is

not a true interpolator by multi-rate signal processing standards because

« It operates as a decimator when the fractional sample-rate conversion
factor is less than unity, and

+ It does not bandlimit signals prior to decimation.

All signals must therefore be bandlimited to be within the baseband' of the output sam-
pling rate before they can be processed by this numerical interpolator for fractional dec-

imation (see Figure 3.7).

1. The baseband is defined as the frequency range between —f,/2 and f./2 .
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Figure 3.7 Tuning resampler architecture.

3.4.2 Anti-Alias Filter Design

As discussed in the previous section, an anti-alias filter is required to bandlimit

the incoming audio signal prior to its fractional decimation. Assuming a normalized

sampling frequency w, = 21, the cutoff frequency w, of this filter is dependent on the
ratio of the Musical Spectrogram system sampling rate f; over the environment sam-

pling rate f and is given by

. = TR 3.5)
where R is given by Equation 3.2.

A lowpass filter design that can self-adjust to this cutoff frequency is achieved
through the application of the Constantinides lowpass to lowpass transformation [42]

(see also p. 243 of [7]). This technique changes any normalized halfband lowpass filter

characterized by the transfer function H(z) into a denormalized anti-alias filter charac-

terized by the transfer function H A(i) according to the transformation

H,(z) = Hy(z) ; (3.6)

-0
1-o0z
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where

sin{[(n/2) - 0,1/2}

= sin{[(n/2) +w,]/2} @.7)

This transformation is applicable to both FIR and IIR designs, and can be com-
puted directly when the transfer function H A(E) is expressed in terms of the original

coefficients of H(z) . For a second-order transfer function

A+ Bz+CZ?
H s 3.8
o(@) D+ Ez+Fz7? (3:8)
the transformed transfer function can be reorganized algebraically to yield
. A—Bo+ Ca2] + [-2A0.+ B(1 + o) - 2Calz + [A02 - Bo. + C]z2
(3 = | 1+ 1 (1+0)-2Calz+[ 12 g

[D-Eo+Fo2]+[-2Do+ E(1 + ) -2Fa)z + [Da? — Ea. + F|z?
where o is given by Equation 3.7. With patience, higher-order transfer functions can be

also derived in the same way.
The tuning resampler’s initialization task list is as follows:
* Read the environment sampling rate f, and reference-A f, parameters.

+ Calculate the Music Spectrogram system sampling frequency f; from
Equation 3.1.

» Calculate the fractional decimation ratio R from Equation 3.2. and the
anti-alias filter’s normalized cutoff frequency w, from Equation 3.5.

+ Initialize the Stirling interpolator with R .

» Transform the 20 normalized halfband lowpass filter coefficients into
the required hA anti-alias filter coefficients via Equation 3.7 and coeffi-
cient formula derived in the same manner as Equation 3.8.
The design of the 20 normalized lowpass halfband filter is discussed and devel-

oped in Section 3.5.2. where issues such as filter type, order and specification are

addressed in the context of the 9-OBF Bank requirements.
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3.5 Nine Octave-Band Filter Bank

The second stage of the Musical Spectrogram is based on a DWT filter bank as
described in Section 2.8. This filter bank is composed of 9 iterations of the two-channel
QMEF structure shown in Figure 2.5. For the sake of organization, the iterated compo-
nents of the QMF structure are now defined within the octave processing module
(OPM) illustrated in Figure 3.8. The OPM incorporates both the highpass and lowpass
halfband filters (denoted as h1 and h0, respectively), as well as the 2-fold downsam-
plers follow them. The 9-octave band filter (9-OBF) bank architecture employing the
OPM is shown in Figure 3.9. The octave 0 output of the 9-OBF bank is not used by the
Musical Spectrogram because it contains frequency spectra below the analysis range (0

- 15.87 Hz, when reference A is 440).

N\

( OCTAVE PROCESSING MODULE

h1 ‘
= Half-Band ——) Audio Out
Highpass Filter i 4
ho |
Half-Band —»—) Audio Out
Lowpass Filter .

. ; S

Audio In O————9

Y

Figure 3.8 Octave processing module (OPM) of the 9-OBF bank.

Figure 3.9 9-OBF bank architecture.
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3.5.1 Filter Transition-Band Width

In Section 3.4, the boundary frequencies of each equal-tempered semitone according to
the Musical Spectrogram were defined, calculated and illustrated. The practical transi-
tional range between adjacent semitones is now explained as a consequence of the fil-
ter designs employed by the 9-OBF bank and 12-SBF banks. Figure 3.10 shows the
loss characteristic of three ideal filters in a filter bank designed to separate 3 semitones.

The transition bands are 33 cents wide in this scaled illustration.

f fcmve f
LOWER | UPPER
33 CENTS 67 CENTS 33 CENTS
ot I
0dB—
-40 dB —
Frequency
EQUAL-TEMPERED SEMITONE
0 CENTS

Figure 3.10 Loss characteristic of ideal filter bank with 33-cent transition bands.

Any spectral content falling within the transition bands of this filter bank will be attenu-
ated during the analysis. The 33-cent transition bands shown in Figure 3.10 occupy
almost one third of the entire spectrum, which is simply too wide for meaningful analy-
sis. The prescribed specification technique of filter design allows the specification of
arbitrarily narrow transition bands at the cost of higher filter orders, and this illustrates

the trade-off between filter selectivity and implementation cost.

3.5.2 Halfband Filter Type

For the 9-OBF bank to guarantee perfect reconstruction, the impulse response of
halfband filter 20 must display the property of self-similarity (see Section 2.9.1), which

can be viewed as a flatness condition in its spectrum at the Nyquist frequency. Filters
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meeting this condition are characterized by having an arbitrary number of zeros at T,
and are FIR filters of even order. Unfortunately, such filters are not very selective and
do not meet the selectivity requirements of the Musical Spectrogram. Figure 3.11 illus-

trates the amplitude responses of 4 candidate halfband filter types:
« Daubechies FIR filter, self-similar, zeros atm, N = 54
« Kaiser windowed FIR filter, self-similar, zeros at T, N = 54
» Chebyshev IIR filter, zeros att, N = 20
» Elliptic IIR filter, N=8

While the Daubechies filter is an orthogonal wavelet filter, its selectivity is quite
poor. A Kaiser windowed FIR filter of the same order based on the Fourier series is
found to have superior selectivity and better passband characteristics without sacrificing
the self-similarity property required for the perfect reconstruction of the DWT. Two IIR
filter frequency responses (Chebyshev and elliptic), are also shown in Figure 3.11 and
demonstrate greatly increased selectivity at a significantly lower order. Both of these
IIR filters were designed using the prescribed specifications technique described in
Chap. 8 of [7] to yield 66 and 33 cent transition bands respectively (centered around

n/2). Although the Chebyshev filter cannot be tested for self similarity because it has

an impulse response of infinite duration, it does have zeros at 7, which is an important
criterion for a perfect reconstruction DWT. The most selective and efficient of all filter

types is the elliptic. Although it does not meet the DWT’s perfect reconstruction crite-

ria, this filter type clearly offers the best amplitude response.
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Figure 3.11 Candidate halfband filter reponses.

If perfect reconstruction is not imposed on the Musical Spectrogram, the elliptic
IIR type is the best choice. On the other hand, if perfect reconstruction is imposed, the
Kaiser windowed FIR type is the most selective of the guaranteed self-similar alterna-
tives. The Chebyshev IIR type does warrant further investigation to determine whether
it guarantees the perfect reconstruction criterion, for it would be superior to the Kaiser

windowed FIR type if this were found to be true.

As a dedicated analysis system, the Musical Spectrogram does not include a syn-
thesis component, and perfect reconstruction is not a concern. While future designs
including synthesis stages will require perfect reconstruction filters, the Musical Spec-

trogram proposed here is not so constrained and uses elliptic IIR filters instead.



76

When a halfband lowpass elliptic filter with a 1-cent transition band (and a 99-
cent wide passband) is specified, a 14th order lowpass halfband elliptic design k0 is
produced with:

* 1-cent transition bands
» Passband ripple of 0.25 dB
¢  Minimum stopband attenuation of 41.74 dB

This filter’s loss characteristic is plotted in Figure 3.12. The characteristics of the previ-
ous candidate filters are also shown as light grey traces for comparison purposes. this

filter is the final choice for the OPM lowpass halfband filter 40 .

0 - s e T T T —

10} g

20Log10(] He!®T)
&
o
T

-60 -

-80

90

-100 1 1 1 1 1 1 1
0 /8 n/4 3mn/8 /2 ~ 5m/8 3m/4 7m/8 n
Normalized Frequency (Nyquist Frequency=1)

Figure 3.12 The final halfband lowpass elliptic design %0 .
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3.5.3 Lowpass to Highpass Transformation

Equation 2.18 defined how an FIR lowpass halfband filter 4 characterized by
transfer function H(z) yielded a QMF design g characterized by transfer function
G(z) when the simple substitution z = —z was applied. This substitution was in fact

an application of the Constantinides lowpass to highpass transformation (see p. 243 of

[71), where the normalized and transformed cutoff frequencies are both equal to f,/4.

This transformation is properly given by
z= —l (3.10)
4

The reason that Equation 2.8 and Equation 3.10 do not agree is because Equation 3.10

when applied to an FIR filter produces a non-causal design. Such non-causal FIR filter

. . -N .
transfer functions must be multiplied by a factor of z ', where N is the order of the
transfer function to convert them to a causal design with an identical amplitude

response. !

When Equation 3.10 is applied to the transfer function of IIR filter k0, it yields
the filter design A1, which is a halfband highpass filter sharing the transition band,

passband ripple and minimum stopband attenuation characteristics of A0 2 The loss
characteristics of both filters are plotted in Figure 3.13, and are considered excellent

choices for the Musical Spectrogram’s OPM module because of their superb selectivity.

-N —JoONT —joN
1. 2 .T=ej ,andle] 7]=1.
z=¢”
2. Note that IIR filters are not rendered non-causal by the Constantinides lowpass to highpass transforma-
tion because the positive powers of z introduced into the transfer function’s numerator are cancelled by the
positive powers of z similarly introduced into its denominator. No correction is required as in the FIR case.
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Figure 3.13 Lowpass and highpass halfband filters 20 and A1 .

3.5.4 Analysis-Only OPM

The main consequence of the definition of 20 and A1 filters as elliptic IIR designs is
that the Musical Spectrogram does not include a synthesis bank. This deviation from
the DWT architecture means that the OPM design must be examined to ensure no

dependencies on these removed components exist.

Examination of the OPM design’s adherence to the rules of alias-free decimation
and interpolation (see Section 1.4.3 and Section 1.4.5, respectively) reveals that a cor-

rectable form of aliasing is introduced when signals are decimated at the output of high-

pass filter 21 (see Figure 3.8). This aliasing is shown in Figure 3.14, which illustrates
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how a spectral image of the highpassed signal is generated in the (0, f,"/2) interval by

the 2-fold downsampler that follows A1 .

(] Original Spectrum
Replicated Spectra

Original Signal

afs 3fsy 2fe 20 B2 g0 op 3fy afy  frequency
-21s -fs -fs/2 fs/2 fs 2fs

Figure 3.14 Highpass filter output signal aliasing.

In the DWT implementations employing full QMF analysis and synthesis banks,
this aliasing is cancelled out. Since there is no synthesis component to the Musical
Spectrogram (which is not a DWT either because of its choice of filters), this aliasing
would be a problem as long as the 2-fold downsampler is allowed to remain after the
hl filter. Fortunately, this downsampler has no use in an analysis-only filter bank sys-
tem, and is therefore removed from the design. Figure 3.8 shows this change in the

OPM’s architecture.

( REVISED OCTAVE PROCESSINGMODULE |
h1 :
> Half-Band ‘ »— Audio Out
Highpass Filter
Audio In O——1—9
hoO
> Half-Band . —»—) Audio Out
Lowpass Filter
\. J

Figure 3.15 Revised OPM.Twelve Semitone-Band Filter Bank
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3.6 Twelve Semitone Band Filter Bank

The next stage of the Musical Spectrogram processing is the 12 semitone-band filter
(12-SBF) bank, which is a novel adaptation of the techniques and structures previously
defined and discussed in this chapter. Just as the 9-OBF bank was organized into
octave processing OPM modules, the functional elements of the 12-SBF bank are

defined within a Semitone Processing Module (SPM) as shown in Figure 3.16.

( SEMITONE PROCESSING MODULE i

s1 ‘ : Audio Out
O

o
>

\

Semitone-Band
Audio In Highpass Filter

s0 -1/12 Audio Out
Complementary-Band |- l 2 Stirling Fractional ——0
Lowpass Filter Downsampler
J

Figure 3.16 Semitone processing module (SPM) of the 12-SBF bank.

Y

L

The SPM incorporates a highpass and lowpass filter (denoted as s1 and s0, respec-
tively), which separate the upper semitone from the rest of the octave signal. The 12-

SBF bank architecture employing the SPM is shown in Figure 3.17.

Figure 3.17 12-SBF Bank Architecture.

Although the 12-SBF bank resembles a DWT filter bank, it must be stressed that
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this design is for analysis purposes only. The mathematics and filter theory required to
develop a complementary perfect reconstruction 12-SBF synthesis bank are well

beyond the scope of this design and are left for future work.

3.6.1 Semitone and Complementary Band Filters

The s1 filter is designed to separate the upper semitone band from the rest of the

octave, and has a normalized cutoff frequency defined as

W, = p2-1712 (3.11)

The prescribed specifications method of IIR filter design yields 11th order elliptic filters
with the common characteristics of 1-cent transition bands, a passband ripple of 0.25
dB and a minimum stopband attenuation of 45.9 dB. These loss characteristics of these

designs are plotted in Figure 3.18.
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Figure 3.18 sl and s0 filters.

3.6.2 Stirling Fractional Downsampler

The Stirling fractional downsampler is a specialized version of the quartic interpo-

lator described in Section 3.4.1. Unlike this general interpolator, however, the frac-

tional downsampler has a fixed sampling-rate conversion ratio R, given by

(-1/12)

Rp =2 = 0.94387431... (3.12)

The fixed ratio allows design optimizations that were not feasible for the generalized

quartic interpolator. Analysis of R, shows that it is approximated within 6 digits by

the ratio 1564/1657 , which permits the precomputation of the first 1564 values of o
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and associated coefficients C; to be recycled indefinitely. Examination of this tech-

nique’s approximation error reveals that o periodically "slips" from 0.00027958 to 0.0

every 1564 samples. This minute error is cumulative and calculations project that 1

hour of downsampling a signal from 16.57 kHz to 15.528 kHz results in a combined

loss of 9.9933 samples. Such a loss of samples would be imperceptible to human hear-

ing if it was to occur over one second, let alone the hour it requires to accumulate.

The precomputed data structures required by this technique are now described.

Summed values of o are stored in a 1-by-1564 vector

S = i21/12

1

where i = 1 to 1563. Delta vector A is computed as

A= Saen]-1Sw]

and the actual values of o are

A=S-|S]

(3.13)

(3.14)

(3.15)

The quartic coefficients for every o are stored in a 5-by-1564 matrix C where each col-

umn is given as

1
524+ DAJA; - 1)(4;-2)

—é(AjJr 2)A[(A;~1)(4;~2)

1
L= 2(A;+2)(A;+ 1)(4;-1)(4;-2)

1
—¢(4;+2)(4;+ DA[(A; - 2)

1
5345+ 2)(A4;+ DAJA; - 1)

(3.16)
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Only the delta vector A and coefficient matrix C are required by the fractional
downsampler during run-time. Each instance of the fractional downsampler uses a

local counter variable c, that resets to 1 upon reaching 1564. Each block of input sam-

ples is then stepped through by index counters /; and I, that keep track of the current

input sample x(n) and output sample x(n — o) respectively. Block processing occurs

through the following algorithm:

1. ¢, isused as a column index of C to obtain the 5 coefficients to compute
the current output sample.

2. The current 5 input sample values around index I; are obtained. This
index points to the third of five (sample x(n)) so an offset of -2 is
required.

3. The vector dot product of the current coefficients and sample values is
computed and written to the output sample block at index 7,,.

4. 1, is incremented by 1, I; is incremented by the value stored atA(c,)

5. ¢, isincremented by 1 or reset if it has reached 1563.

At initialization, index counters /; and I, are set to 3 to account for the interpolator’s
non-causal impulse response.

This algorithm is also easily adapted to sample processing in real-time DSP sys-
tems. In this case the each arriving sample backshifts the input buffer and triggers the-
first three events listed above, followed by a check of the value stored at A(c,) to
determine if more than one input sample should be indexed. In this case, a value of two
will cause the setting of a local flag variable called StopProc that tells the downsampler
to backshift the input buffer on the next sample and clear the flag without computing
an output sample. This StopProc flag is also used for real-time control, as will be seen

in Section .

The Musical Spectrogram employs 99 fractional downsamplers and all share a
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single global of the C matrix and A vector. At a storage cost of about 95 words per
fractional downsampler, the calculation of output samples is reduced to a 5-element
dot-product vector multiplication (or 5 multiply and accumulate instructions in DSP

hardware, depending on the implementation platform).

3.6.3 Implementation: Control of the 9-OBF Bank and 12-SBF Banks

As with any multi-rate system, the timing and control considerations of the 9-OBF
bank require special attention when applied to sample processing systems such as real-
time DSP environments. Such systems are typically interrupt driven, where each arriv-
ing sample or block of samples trigger processing. For the 9-OBF bank, this process is
initiated when each new sample arrives at the input shown in Figure 3.19. An integer
counter called ActiveStages is maintained that runs from 1 to 128. This variable pro-
vides complex control sequencing to the system of OPM modules by optimal assign-
ment of each processing state to a numerical value whose bit pattern can be determined

with a minimal number of tests.

Audio In

O——1| OPM 9 i
_;_‘_*109“@ - i
EETAR Lol P "
2,6, 10, 14, 18, 22, 26, .. ) IBH_3=1. T ——
4,12, 20,28, 36,44, 52,60, 68,76,84 .. i |Bit4=1}>{Opm4 QOcteve 4
.8, 24,40, 56, 72, 88,104, 120 4 (Bits=1 Sy
. 16,48, 80, 112 _ ‘*’zj

OPM 1

.32, 96 4 i (Bit-8=1 )00 o
64 """" g
~128

Activation includes higher stages ™ pirq T B3 BIT4 BIT5 BIT6 BIT-7 BIT8

. RUN | RUN | RUN | RUN | RUN | RUN | RUN | RUN
ActweStages: OPM 8| OPM 7| OPM 6| OPM 5| OPM 4| OPM 3| OPM 2| OPM 1
IF SET|IF SET|IF SET|IF SET|IF SET|IF SET|IF SET|IF SET

Figure 3.19 9-OBF bank sample-processing control system.
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Every sample arriving at the input is always processed by OPM 9. If the first bit in

the ActiveStages variable is set (ActiveStages=1, 3, 5, ...), then OPM 8 is also activated,

and so on. When one of the control bits in ActiveStages is tested and found clear,

d or reset to 1

ither incremente

1S e1t

processing is complete and the ActiveStages variable

when it has reached 128.

The output sampling rates of each semitone output are now examined. Figure

3.20 shows each output semitone signal and its fractional sampling rate relative to f,.

The actual output signal sampling rate upper and lower limits are summarized in

Table 3.4.

o

=107

i

0.94387431268169
0.84089641525371
0.74915353843834

0.62996052494744
0.56123102415469

0.47193715634085
0.42044820762686
0.37457676921917

0.31498026247372
0.28061551207734

0.23596857817042
0.21022410381343
0.18728838460959

0.15749013123686
0.14030775603867

0.11798428908521
0.10511205190671
0.09364419230479

0.07874506561843
0.07015387801934

0.05899214454261
0.05255602595336
0.04682209615240

0.03937253280921
0.03507693900967

0.02949607227130
0.02627801297668
0.02341104807620

0.01968626640461
0.01753846950483

0.01474803613565
0.01313900648834
0.01170552403810

0.00984313320230
0.00876923475242

0.00737401806783
0.00656950324417
0.00585276201905

0.00492156660115
0.00438461737621

0.00368700903391
0.00328475162208
0.00292638100952

0.00246078330058
0.00219230868810

1.00000000000000
0.89089871814034
0.79370052598410
0.70710678118655
0.66741992708502
0.59460355750136
0.52973154717965

0.50000000000000
0.44544935907017
0.39685026299205
0.35355339059327
0.33370996354251
0.29730177875068
0.26486577358982
0.25000000000000

0.22272467953508
0.19842513149602
0.17677669529664
0.16685498177125
0.14865088937534
0.13243288679491
0.12500000000000
0.11136233976754
0.09921256574801
0.08838834764832
0.08342749088563

.07432544468767
0.06621644339746
0.06250000000000
0.05568116988377
0.04960628287401
0.04419417382416
0.04171374544281
0.03716272234384
0.03310822169873
0.03125000000000
0.02784058494189
0.02480314143700
0.02209708691208
0.02085687272141
0.01858136117192
0.01655411084936
0.01562500000000
0.01392029247094
0.01240157071850
0.01104854345604
0.01042843636070
0.00929068058596
0.00827705542468
0.00781250000000
0.00696014623547
0.00620078535925
0.00552427172802
0.00521421818035
0.00464534029298
0.00413852771234
0.00390625000000
0.00348007311774
0.00310039267963
0.00276213586401
0.00260710909018
0.00232267014649
0.00206926385617

Figure 3.20 Output signal sampling rates as fractions of f;.

Table 3.4. Output Signal Sampling Rates at Different System Tunings.

A-445

A-440
fs = 16267.37

A-436

fs = 16452.22
16452.22 Hz
34.04 Hz

fs =16119.48
16119.48 Hz

33.36 Hz

Output Signal

B9

16267.37 Hz
33.66 Hz

Cl1

1tones

f the sampling rates of Figure 3.20 show that each of the sem

ination o

Exam

operates at twice the rate of that one octave lower, which, in turn operates at twice the
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rate of that a further octave below. In terms of timing, this observation indicates a need
for organized planning to avoid processing bottlenecks and resource conflicts in real-

time implementations.

Fortunately, the real-time control strategy is readily extended to handle each of the
9 12-SBF banks. This approach has each 12-SBF bank directly connected to a corre-
sponding OPM output so that the ActiveStages control variable triggers scheduled
OPM modules and the 12-SBF bank units connected to their outputs. Once the first
module (SPM 11) of any 12-SBF bank unit has been delivered a sample and activated,
processing proceeds recursively for N = 11 down to  according to the following algo-
rithm’:

1. SPM (N) checks to see if its StopProc flag was set by the last execution.

2. If StopProc is set, the flag is cleared and processing is complete.

3. If StopProc is not set, SPM (N) executes once and writes the highband
output sample to the semitone output and the lowband output sample to
the input of SPM (N-1).

4. SPM (N-1) is activated.

3.7 Single-Rate 12-SBF Bank

Although the 12-SBF bank described in the preceding section has many positive fea-
tures, there are aspects of the design that raise complications on implementation. Spe-
cifically, the fractional downsampler does not have a uniform unity gain over its
operational frequency range and attenuates the input signal’s spectrum noticeably
throughout the upper half of the Nyquist interval. When 10 such fractional downsam-
plers are cascaded (in the case of the C# output signal, for instance), the total signal

attenuation is quite severe. Since this attenuation is frequency dependent and varies

1. Please refer to Figure 3.17 for illustration if required.
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depending on the changing values of «, the design of a corrective filter with an
inverse loss characteristic requires adaptive filter design methodologies. These are

beyond the scope of this dissertation and are therefore left as future work.

An alternative version of the 12-SBF bank is now introduced that operates at a
single sampling rate and does not require any form of fractional downsampling. This
version is straightforward to implement, although it requires more data storage and

processing resources than the multi-rate 12-SBF Bank.

The single-rate 12-SBF bank is a classic single-rate filter bank that employs 12
IIR elliptic filter designs with 40-cent transition bands and a stopband attenuation of 60
dB. Each of these filters are specific to a particular semitone within the octave under
analysis, and are named accordingly. Figure 3.21 plots the loss characteristics of each of

these filters.
C C#D D# E F F# G G# A A# B

— T

0
10+ ]
20+ .
30+ <
= -40f i
8,
i
T sof .
S
?
g 6ok \ 1
|
‘. L
70} n Uiy
i b, ~
\
80 N \ !
N ¥
90 N \
-100
0 /8 /4 3n/8 /2 5m/8 3m/4 77/8 4

Normalized Frequency (Nyquist Frequency =)

Figure 3.21 Loss characteristics of the 12 filters in single-rate 12-SBF bank.
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The C filter is an 11th order lowpass design, the C# to A# filters are all 10th order band-
pass design and the B filter is a 6th order highpass design. The orders of these filters
were kept relatively low by allowing the 1-cent transition band requirement of the 40
and Al filters to expand to 40 cents. Only the central 60% of any semitone signal will
be passed by these filters, but this compromise is neccessary to keep the filter designs

practical.

3.8 The Output System

The output system of the Musical Spectrogram processes the 108 multirate output sig-
nals of the 12-SBF bank array into display traces. The most basic form of output sys-
tem is an x-y plot of each semitone signal with every signal trace offset to provide
separation between tones. This seismograph-style of output system can take the form
of a offline-process and display plot such as Figure 3.22, or it can be implemented as a
real-time scrolling plot as shown by Figure 3.23, (This is a screen capture of the Musi-

cal Spectrogram’s DSP host application, which is briefly discussed in the next chapter).
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Another compelling form of output system involves the conversion of semitone output
data into MIDI piano-roll information for recording and display within music sequenc-
ing software applications such as Cubase [29] and Sonar [30]. Although this form of
output is beyond the scope of this work, it is very relevant to the Musical Spectro-

gram’s intended application.
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Figure 3.24 Display of MIDI note events within Cakewalk Sonar [30].

e

3.9 Conclusions

Unlike the Fourier spectrogram, which plots signal spectra along a linear frequency
scaled x-axis, the Musical Spectrogram plots signal spectra according to an equal-tem-
pered 12-tone musical scaled y-axis. This makes it a powerful analysis tool for musi-
cians who lack the sufficient scientific background to understand or easily appreciate
the analysis tools available to scientists and engineers. The Musical Spectrogram is
very efficient. The design is critically sampled, which means that every stream of data
processed and output by this algorithm is at the lowest possible sampling rate permitted
by the sampling theorem (See Figure 3.17). This maximizes the processing speed and

minimizes the buffering requirements without any degradation in signal quality. The
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architecture of the Musical Spectrogram is also conceptually elegant. A total of three
digital filter designs provide the customized bandlimiting and separation required to

separate a musical audio signal into 108 perfectly tuned semitone signals.
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Chapter 4

Musical Spectrogram Implementations

4.1 Introduction

The implementation of the Musical Spectrogram can take one of three forms
1. Offline file-processor software,
2. real-time DSP audio hardware/firmware, and
3. real-time audio software.

This chapter describes the first of these implementations, a system of off-line file
processors written for MATLAB. A real-time DSP implementation was undertaken as
part of this work, but as the results will show, the Musical Spectrogram proved to be too
computationally intensive to permit a fully functional version on the target hardware.
Regardless of these difficulties, the work undertaken on the DSP platform underscored
the many issues involved with real-time fixed-point implementations and these are
introduced and discussed in this chapter. A real-time audio software version was not
undertaken as part of this work, but it is recommended in the future work section of

Chapter 5.

4.2 MATLAB Implementation

MATLAB m-files were written, debugged and tested to implement the various stages

of the Musical Spectrogram. These files were:
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» SRI, the Stirling rational interpolator.

«  MS_90BF, the 9-octave-band filter bank.

» MS_OPM, the octave processing module.

« MS_12SBF, the 12-semitone-band filter bank.

* MS_SPM, the semitone processing module.

« MS_90BPFplot, for plotting the 9-OBF output.

« MS_12SBFplot, for plotting the 12-SBF output.

* MS_12SBPF the 12 semitone bandpass filter bank.

These files can be found in Appendix I: MATLAB Files. Test signals were created by a
software synthesizer and saved as audio wave files. These files were subsequently
imported into MATLAB and passed to the MS_90BFplot program, whose octave out-
puts were passed to the MS-12SBFplot program. The resulting MATLAB figures are

shown in the following section.

4.2.1 Results

The MATLAB implementation was tested with a battery of musical audio signals:
« Ascending sine wave notes spaced in octaves from 1 to 9.

* Ascending sine wave notes spaced chromatically (semitone steps) within
each octave 1 to 9.

* Ascending sawtooth wave notes spaced in octaves 1 to 9.

As will be shown, the results demonstrate the Musical Spectrogram’s ability to discrim-
inate between notes played anywhere in the 9 octave range supported by this implemen-
tation, provided the waveform is not composed of many harmonics beyond the
fundamental frequency. Such harmonics are also detected by the Musical Spectrogram,

which makes determination of the original note increasingly difficult as the number of
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dominant harmonics increases.

4.2.2 Sine Wave Results

Composed of only a fundamental frequency, these test signals demonstrate basic func-
tionality in that the fundamental is easily detected by the Musical Spectrogram and
plotted without ambiguity as the source of each note. Figure 4.1 illustrates the time and
frequency characteristics of a sine wave at frequency 440 Hz. The frequency character-
istic at the right shows that the wave is a pure sinusoid with a fundamental but no har-
monics.

TIME ' , , 'FREQUENCY

1 MRixinTh {

0 440 880 1320 1760

Figure 4.1 Sine wave characteristics.

Figures 4.2 to 4.22 illustrate the effectiveness of the Muscial Spectrogram for
sine wave signals. At the head of each figure is a sub-plot labeled Signal, which illus-

trates the wave of the unprocessed musical sound.

Figure 4.2 plots an ascending sequence of ‘A’ notes in each of the 9 octaves cov-

ered by the 9-OBF Bank. As can be seen, each octave of this note is correctly separated.
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Ascending Octaves
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Figure 4.2 Ascending notes across all octaves (sine waves).

Figure 4.3 shows the time/frequency plot of a chromatic progression in octave 2.

This progression begins on ‘C’ and ascends by semitones to ‘B’.

)

i
L "'////'/l//////

s

Figure 4.3 Chromatic progression in octave 2.
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The 9-OBF bank detects the octave of this sequence in Figure 4.4.

Chromatic 2
T T T 1 I

1 1 Il 1

T T T T T T

-, O Rt O A O Ht O At O Al O - O -

Oct2 Oct3 Oct4 Oct5 Oct6 Oct7 Oct8 Oct9 Signal

- O =R O -t O -

Oct 1

o
-y
N
w
H
(4]
o

Figure 4.4 Chromatic sequence detected within octave 2.

Figure 4.5 shows how the 12-SBF bank has separated each semitone in this sequence

into the correct note band.
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Oct2 Chromatic
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Figure 4.5 Individual semitones in octave 2 chromatic separated.

Figures 4.5 to 4.22 repeat the demonstration of octave 2 for octaves 3-8. Octave 9
is not shown because it is only included in the Musical Spectrogram as a means of
detecting harmonics of notes rather than fundamentals. As the frequency (and sampling
frequency) of the signals increases, the plotted signal definition improves, which is the

expected result at higher octaves bands.



Figure 4.6 Chromatic progression in octave 3.

Chromatic 3

Oct2 Oct3 Oct4 Oct5 Oct6 Oct7 Oct8 Oct9 Signal

Oct 1

O R O L N o T YLr U LI LMD UL LD UL S

o

m——————-V———————————

Figure 4.7 Chromatic sequence detected within octave 3.
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Oct3 Chromatic

reubls g #v #9 O  #4 3 #A a #O

Figure 4.8 Individual semitones in octave 3 chromatic separated.

Figure 4.9 Chromatic progression in octave 4.
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Chromatic 4

104104104.I10¢_I104.I101..101_|104ﬂ101.|101

leubls 610 80 LWO 9WO SO PO €WO 2P0 PO

o

Figure 4.10 Chromatic sequence detected within octave 4.
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Oct4 Chromatic
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_mcu_w. g

#Y V #9 9O #4

4

3

#d

a #0

0

o

Figure 4.11 Individual semitones in octave 4 chromatic separated.

Figure 4.12 Chromatic progression in octave 5.
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Chromatic 5

104.]104.I<I04104104104104104104101

eUBIS 610 80 LKWO 9WVO SPO ¥PO €O 2PO 110

o

Figure 4.13 Chromatic sequence detected within octave 5.
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Oct5 Chromatic
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Figure 4.14 Individual semitones in octave 5 chromatic separated.
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Figure 4.15 Chromatic progression in octave 6.
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Chromatic 6
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Figure 4.16 Chromatic sequence detected within octave 6.
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Oct6 Chromatic

T
1
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1
T
T
1
T
3
Figure 4.17 Individual semitones in octave 6 chromatic separated.
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Figure 4.18 Chromatic progression in octave 7.
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Chromatic 7
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Figure 4.19 Chromatic sequence detected within octave 7.
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Oct7 Chromatic
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Figure 4.20 Individual semitones in octave 7 chromatic separated.
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Figure 4.21 Chromatic progression in octave 8.
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Chromatic 8

10..l10<.I101.|104.|104.I104101_|104.|104_I101
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Figure 4.22 Chromatic sequence detected within octave 8.
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Oct8 Chromatic

B Signal
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Figure 4.23 Individual semitones in octave 8 chromatic separated.

4.2.3 Sawtooth Wave Results

Unlike sine waves, sawtooth waves are characterized by a fundamental and an infinite
number of harmonics. Figure 4.24 illustrates the time and frequency characteristics of a
sawtooth wave at frequency A-440 Hz, and as can be seen, harmonics of diminishing
strength exist at higher multiples of the fundamental frequency. This renders the Musi-
cal Spectrogram less effective as a note detector, since ambiguities are present in the
analyses presented by Figures 4.25 to 4.34. It can nonetheless be seen that the Musical

Spectrogram correctly separates and plots the harmonics of each note played.
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Figure 4.24 Sawtooth wave characteristics.
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Figure 4.25 Ascending notes across all octaves (sawtooth waves).
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Saw - Oct1 C
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Figure 4.26 Octave 1 ‘C’ note.
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Figure 4.27 Octave 2 ‘C’ note and harmonic from octave 1.
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Saw - Oct3 C

LI ]

"0 Orr OO OrrOrrOrrOrrOrrOrrOr~Orr-Or

rUBIS 8§ #V V #D O  #4

L

4

3 #a

n

a #0

to]

20

15

10

o

Figure 4.28 Octave 3 ‘C’ note and harmonics from octaves 1 and 2.
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Figure 4.29 Octave 4 ‘C’ note and harmonics from octaves 1, 2 and 3.
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Saw - Oct5 C
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Figure 4.30 Octave 5 ‘C’ note and harmonics from octaves 1, 2, 3 and 4.
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Figure 4.31 Octave 6 ‘C’ note and harmonics from octaves 1, 2, 3, 4 and 5.
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Figure 4.32 Octave 7 ‘C’ note and harmonics from octaves 2, 3, 4, 5 and 6.
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Figure 4.33 Octave 8 ‘C’ note and harmonics from octaves 2, 3,4, 5, 6 and 7.
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Saw - Oct9 C
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Figure 4.34 Octave 9 ‘C’ note and harmonics from octaves 2, 3, 4, 5, 6, 7 and 8.

4.2.4 Polyphonic Test Results

In order to evaluate the Musical Spectrogram’s polyphonic pitch detection, a 7 second
passage of polyphonic music was performed on a sine wave oscillator and processed.
Figure 4.35 shows the output of the 9-OBF bank, in which it is clear that the polyphonic
passage consists of notes within octaves 5, 6 and 7. Figure 4.36 shows the MIDI notes
that were played in this passage, which can be compared to Figure 4.37, which shows
the combined output plots produced by 12-SBF bank when each of these identified
octave signals were processed. As can be seen, the accuracy of the Musical Spectro-
gram is 100% with regards to the detection of each note’s pitch. The transient response
of the system seems stable, but further testing is recommended for future work, as is a

rigorous examination of the timing accuracy of the Musical Spectrogram.
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Figure 4.36 Polyphonic passage as MIDI piano roll.
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Polyphonic-Octaves 5,6 and 7
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Figure 4.37 Polyphonic music separated into semitones by 12-SBF banks.
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4.3 DSP Implementation Issues

A real-time implementation of the Musical Spectrogram was written for the Analog
Devices ADSP-2181 fixed-point processor. While this implementation’s technical fea-
tures are not consistent with the MATLAB implementation detailed here, it served as
an important phase of the algorithm’s development. In addition, the many difficulties
encountered served to underscore the issues involved with fixed-point DSP develop-

ment.

4.3.1 ADSP 2181 EZ-Kit Lite

The Analog Devices EZ-Kit Lite is an inexpensive evaluation board system for the
ADSP-2181 processor. This evaluation board connects via serial cable to a host PC
running the Windows operating system and includes PC software that allows the edit-
ing, compilation, and downloading of DSP programs to the EZ-Kit for execution. Vari-

ous programs relevant to the Musical Spectrogram were developed with this system:
* 5-octave.dsp, a 5-octave real-time DWT with audible output.
»  Wavelet7.dsp, a 7-octave real-time DWT with serial link.

* AudioKey.dsp, an 8-octave limited real-time Musical Spectrogram with
companion host monitor program for Windows.

Although this platform provided a very educational experience, it was not adequate for

running a real-time Musical Spectrogram for the following reasons:

* Universal asynchronous receiver/transmitter (UART) chip support for the
serial port was not included. All UART functionality was performed in
software by the DSP which robbed the processor of cycles and resources
while communicating to the host.
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» The transfer rate of the serial connection was fixed at 9600 baud which
was insufficient bandwidth for transmitting semitone signal data in real-
time without implementing additional compression schemes.

» No in-circuit emulation capabilities are included in the EZ-Kit Lite and
its simulator was too primitive. Better tools were required to debug an
algorithm as large and sophisticated as the Musical Spectrogram.1

» Insufficient speed and resources to implement the 108 high order IIR fil-
ters used by the 12-SBF bank array.

The resulting DSP programs were limited in numerous ways. Low-ordered FIR
filter design substitutions were used where high-order IIR filters were called for, the
sampling rate and octaves under analysis were reduced, and output plotting capabilities
were only achieved for the octave decompositions. Regardless, many important lessons
were learned in the process of developing these real-time programs that were applied to

the MATLAB implementation.

4.3.2 The Limitations of Fixed-Point Representation

The 1.15 fixed point notation limits the numerical range of data to between -1 and 1 -
27" (1,0.99996948) . This means that filter coefficients and signal data must be
scaled within this range to avoid critical processing errors. Every mathematical opera-
tion that occurs within a fixed-point system is subject to the dangers of underflow and

overflow errors, so great care must be taken to ensure they do not occur.

4.3.3 IIR Filter Fixed-Point Implementation Strategies

The implementation of high-order recursive IIR filters was handled by structuring the
filter into biquadratic (biquad) stages whose sensitivity to coefficient quantization is

: b sl 5 '
much lower than direct forms based on their N order rational polynomial transfer

1. Tools of this caliber have now been released, but unfortunately too late for any of this
work to have benefited from them. Future work is recommended.
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functions. These structures are then connected in cascade realization to realize the com-
plete filter. In fixed-point architectures such as the ADSP-2181, such a strategy was

essential and was coupled with the techniques described in the following sections.

4.3.3.1 Constraints on Filter Coefficient Size

Filter designs yielded by the prescribed specifications method are characterized by filter
coefficients that are not limited to any particular range. Before such designs may be
implemented on a fixed-point system they must be scaled to prevent overflow of the
multiplier/accumulator (MAC) unit of the processor’s artihmentic logic unit (ALU) dur-
ing processing and then compensated for when the signal is converted to analog output.
Accordingly, the transfer functions of each biquad stage were scaled to yield values

that could be represented in the ADSP-2181’s 1.15 fixed-point environment.

4.3.3.2 Signal Scaling Between Second-Order Stages

In addition to the filter coefficient scaling that must occur, signal data passing through
fixed-point filter implementations must also be scaled so that each stage’s output signal
does not exceed the limit of fixed-point representation. This involves the computation
of an L, norm of each filter’s magnitude response and applying the inverse of this

value as a signal scale factor prior to processing.

4.3.3.3 Matched Pole and Zero Technique

The signal scaling described in the previous section can yield scale factors that are too
large for fixed-point representation. A technique that reorganizes the poles and zeroes
of the filter transfer function into close-proximity pairs was applied to yield biquad
stages whose unscaled gain was as close to unity as possible. This assured that individ-

ual signal scale factors computed were minimized and eliminated where possible.
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4.3.3.4 Recursive Filter Pole Quantization and Stability

The feedback loop inherent in recursive IIR filter designs is characterized by transfer
function poles that are usually extremely close to the unit circle on the z-plane. These
poles can be shifted beyond this design boundary when quantized into fixed-point rep-
resentation, which would render the filter unstable. To assure this did not occur, the
quantized transfer function was tested in MATLAB and found to be both stable and to

yield the required frequency response before it was approved.

4.3.4 Benefits of the DSP Implementation

While the DSP implementation work did not yield a complete or fully functional ver-
sion of the Musical Spectrogram, it was invaluable in the verification of the underlying
theories. In addition, very marketable DSP and C++ windows application program-

ming skills and experience were attained in the process.
4.4 Conclusions

The Musical Spectrogram was sucessfully implemented and tested as an off-line file
processor within MATLAB. Test results obtained from this implementation proved that
the Musical Spectrogram is an effective and musically meaningful tool for viewing the
spectral content of music signals, and that it also is capable of polyphonic pitch detec-
tion when the harmonic structure of the source is not complex. As the first stage of
processing for more complex mid-level musical representations, its performance is

exceptional.

Much effort was invested into a DSP implementation but for various unexpected
technical difficulties this implementation was not completed. However, this approach
could be pursued in the future as part of a product development on a faster, more inte-

grated DSP platform, and is recommended for future work.
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Chapter 5

Conclusions

5.1 Results

Consisting of a tuning module, a 9 octave-band filter bank, a 12 semitone-band filter
bank array and an output system, the Musical Spectrogram was introduced and devel-
oped. New insights were offered by exploring the musical spectrograms of numerous

test signals, and the commercial potentials of this new analysis tool were explored.

The Musical Spectrogram is an efficient multi-rate algorithm. The design is criti-
cally sampled, which means that every stream of data processed and output by this
algorithm is at the lowest possible sampling rate permitted by the sampling theorem.
This maximizes the processing speed and minimizes the buffering requirements with-
out practical degradation of the signal quality. The architecture of the Musical Spectro-
gram is also conceptually elegant. A total of three digital filter designs provide the
customized bandlimiting and separation required to separate a musical audio signal

into 108 perfectly tuned semitone signals.

The main disadvantage inherent in the proposed Musical Spectrogram is the lack
of a synthesis component. Any parameters derived by this analysis cannot therefore be
amalgamated to reconstruct the original audio. This is a consequence of the use of ellip-
tic filters in the Musical Spectrogram design, which was deemed to be an acceptable

trade-off, given the far greater selectivity and efficiency of this filter type.

A complete MATLAB implementation of the Musical Spectrogram was written
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and tested to prove the function and form of this proposed system. A limited real-time
implementation of the Musical Spectrogram was also developed for the Analog Devices
ADSP-2181 fixed-point digital signal processor platform, which underscored many of
the difficulties inherent in development for such low-cost platforms. The numerous
advantages and properties of the Musical Spectrogram system were also presented and

discussed.

5.2 Recommendations for Further Research

When the Musical Spectrogram was first conceived in 1995, real-time audio processing
systems were still proprietary and expensive. Audio DSP hardware was complex and
rarely found in consumer technology. Affordable personal computers were barely able
to perform CD sampling-rate recording and playback without hardware accelerator

cards.

Seven years later, so much has changed. Real-time DSP consumer audio systems
are commonplace in the form of MP3 players, cellular phones and countless other prod-
ucts, and audio DSP hardware is available in affordable evaluation board systems bun-
dled with visual high-level language support and in multi-processor accelerator card
development systems for under $1000.00. Personal computers have become not only
powerful enough to be digital hard disk recording systems, they are also capable of sim-

ulating multiple instances of hardware products while performing to these tasks.

5.2.1 Software Plugins

Today’s personal computers are fast enough to run demanding algorithms like the
Musical Spectrogram as real-time software. They are even capable of running very
large real-time music production applications such as Cubase [35] and Sonar [36]
that “host’’ smaller programs that “plug’’ into them through a software interface. The

Musical Spectrogram is an ideal candidate for further development as a plugin, so the
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advantages of this type of program are now described.

Plugin developers concentrate on the processing engine and user interface of their
application while the host program handles everything else. Plugins may be univer-
sally run within any compatible host program, which also enhances their market value.
Currently, there are three competing plugin standards on the Microsoft Windows PC
platform: DirectX, DXi and VSTi. Figure 5.1 shows the user interface panel of a
DirectX plugin included with Sonar that applies reverberation effects to digital audio

signals.

1k 1k e s 2

DECAY IGH HIGH §  DENSITY PRE MOTION MOTION LEVEL
TIME OLLOFF DECAY DELAY  RATE DEPTH

DsP-FX STUDIOVERB

Figure 5.1 DirectX reverb effect plugin by Cakewalk.

Plugins are not restricted to audio effects processing. They can even be musical
instruments in their own right. In these cases, the plugin accepts MIDI events and other
control parameters from the host and returns the audio signals generated by the plugin.

Figure 5.2 shows the LM-9, which is a VSTi drum machine plugin included with
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Cubase.

h—nd:h‘-“u——

| "Bass _ Saare

LMeg

Figure 5.2 VSTi drum machine plugin by Steinberg.

The functionality of plugins goes beyond simple musical instruments such as the
LM-9. Authoring applications now exist that allow users to build their own plugins
from module libraries. Figure 5.3 shows a DXi plugin called Tassman [50], which is a
user configurable modular synthesizer. Users of Tassman’s authoring application can
build custom synthesizers from the included module library and load these devices as

plugins within any DXi host.

-@@@- 0@@@@0@@

Figure 5.3 DXi Tassman modular synthesizer plugin by AAS.

Even more compelling to DSP engineers and electronic musicians is a new type
of plugin authoring application called the virtual device studio. Applications of this
class allow the user to build software devices of great complexity from an included
graphical library of processing elements and then run these as plugins. One such appli-
cation is Infinity [51], which includes a library of over 380 processing objects which

can be interconnected in a variety of ways to create synthesizers, audio effects, sam-
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plers or any device imaginable. These virtual devices may then be run as stand-alone
applications or as a hosted plugin. Figure 5.4 shows an instrument that has been created
from Infinity objects within the Infinity virtual device studio application.

|l vk-5000.50qq : Virtual Keyboard : Tree View
L e <<root >>
(] Demo Sequencer
4 Virtual Keyboard
i) Rechannelizer
1) Patch Player

Figure 5.4 Infinity objects connected within a device.

New Infinity objects can be created by third party developers using Sound
Quest’s Infinity software developer kit (SDK). This SDK provides resources and pro-
gram code that allow those proficient in C and C++ programming to write and compile
their own objects for use within Infinity. The author of this dissertation plans to imple-
ment the Musical Spectrogram as an Infinity object. This proposed object will appear

much like the illustration of Figure 5.5.

‘I:'lusical Sp“ectrog‘ram | »|5; 3

Figure 5.5 Proposed Musical Spectrogram Infinity object.

The rectangular port on the upper left corner of this object is the audio signal
input, the port on the upper right is the threshold trigger parameter input, and the port
on the lower left is the MIDI event output. This is only one possible object definition

based on the Musical Spectrogram. 108 audio outputs could also be included in the
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object to allow individual semitone signal processing to occur, for example. Implemen-
tation of the Musical Spectrogram as an Infinity object would permit extensive real-
time testing of the algorithm, and would make the development and testing of larger

systems based on this algorithm much easier as well.

With regards to the Musical Spectrogram itself, further work is planned towards
the development of an analysis/synthesis version that would provide the basis for per-
ceptual coding, bandwidth compression and musically intuitive audio effects process-
ing. No trivial task, this development effort would require not only significant research
into the design of filters that balance the perfect reconstruction criteria of the DWT fil-
ter bank implementation with the high selectivity requirements of the Musical Spectro-
gram application, it would also require serious study of the 12-SBF bank to determine if

perfect reconstruction is even possible for such a filter bank.



129

References

[1] J. B.J. Fourier, ‘‘Theorie Analytique de la Chaleur’’, Ouevres de Fourier, tome

premier, G.Darboux, Ed., Paris: Gauthiers-Villars, 1888.

[2] D.Ellis and D. Rosenthal, ‘‘Mid-level representations for computational auditory
scene analysis’’, International Joint Conference of Artificial Intelligence,

(Montreal, Quebec, 1995).

[3] M. Piszczalski et. al. ‘‘Performed music: Analysis, synthesis and display by
computer’’, J. Audio Eng Soc., vol. 29, 1/2, pp 38-45, 1981.

[4] J.Strawn, ‘‘Analysis and synthesis of musical transitions using the discrete short-

time Fourier transform’’, J. Audio Eng Soc., vol. 35, 1/2, pp 3-13, 1985.

[5]  O.Izmirli, “‘A hierarchichal constant Q transform for partial tracking in musical
signals’’, Proceedings of 2nd COST G-6 Workshop on Digital Audio Effects,
(NTNU, Trondheim, 1999).

[6] S.H.Nawab, A. Ayyash and R. Wotiz, ‘‘Identification of musical chords using
constant-Q spectra’’, Proceedings of IEEE-ICASSP, (Salt Lake City, Utah,
2001).

[7] X. Serra, ‘‘Musical sound modeling with sinusoids plus noise’’, Musical Signal

Processing, Swets and Zeitlinger Publishers, 1997.

[8] T. Virtanen and A. Klapuri, ‘‘Separation of harmonic sound sources using

sinusiodal modeling’’, Proceedings of IEEE-ICASSP, vol. 2, pp. 765-768, 2000.

(91 D. Ellis, ‘‘Hierarchic models of hearing for sound spearation and
reconstruction’’, Proceedings of IEEE Workshop on Apps. of Sig. Proc. to Acous.
and Audio, (Mohonk, October 1993).



(10]

[11]

(12]

[16]

[17]

[18]

(19]

130

M. Slaney and R. Lyon ‘‘A perceptual pitch detector’’, Proceedings of IEEE-
ICASSP, vol. 1, pp. 357-360, 1990.

M. Goto, ‘‘A robust predominant-F0 estimation method for real-time detection of
melody and bass lines in CD recordings’’, Proceedings of IEEE-ICASSP, vol. 2,
pp. 765-768, 2000.

D. Preis and V.C. Georgopoulos, ‘“Wigner distribution representation and
analysis of audio signals: An illustrated tutorial review’’, J. Audio Eng Soc., vol.

47, no. 12, pp 1043-1053, 1999.

A. Antoniou, Digital Filters: Analysis, Design and Applications, 2nd Edition,
McGraw-Hill, NY, 1993.

L. Jackson, Digital Filters and Signal Processing, Kluwer, Boston, 1986.

J. Proakis and D. Manolakis, Digital Signal Processing, 3rd Edition, Prentice
Hall, New Jersey, 1996.

A. Oppenheim and R. Schafer, Discrete-Time Signal Processing, 2nd Edition,
Prentice Hall, New Jersey, 1998.

E. Remes, General Computational Methods for Tchebycheff Approximation,
Kiev, 1957 (Atomic Energy Comission Translation 4491, pp. 1-85).

A. Antoniou, ‘‘New improved method for the design of weighted-Chebyshev,
nonrecursive digital filters’’, IEEE Trans. Circuits Syst., vol. CAS-30, pp.740-
750, October 1983.

D. Shpak and A. Antoniou, ‘‘A generalized Remez method for the design of FIR
digital filters’’, IEEE Trans. Circuits Syst., vol. CAS-37, pp.161-174, February
1990.

C. Charalambous and A. Antoniou, ‘‘Equalisation of recursive digital filters’’,

IEEE Proc., vol. 127, pt. G, pp. 219-225, October 1980.

D. Shpak et al., ‘‘Filter Design Toolbox’’,The MathWorks, Inc., 2002.



131

[22] P. Vaidyanathan, Multirate Systems and Filter Banks, PTR Prentice Hall,
Englewood Cliffs, New Jersey, 1993.

[23] R. Crochiere and L. Rabiner, Multirate Digital Signal Processing, PTR Prentice
Hall, Englewood Cliffs, New Jersey, 1983.

[24] H. Nyquist, ‘‘Certain factors affecting telegraph speed’’, Bell Systems Technical
Journal, vol. 3, pp. 324, April 1924.

[25] J. O’Connor and E. Robinson, ‘‘Jean Baptiste Joseph Fourier’’, http://www-

groups.dcs.st-and.ac.uk/~history/Mathematicians/Fourier.html, (Appendix II).

[26] J. Cooley and J. Tukey, ‘‘An algorithm for the machine calculation of complex

Fourier series’’, Mathematics of Computation, vol. 19, pp. 297-301, 1965.

[27] J. Pierce, The Science of Musical Sound, pp. 17-19 and pp. 115-117, W.H.
Freeman and Company, NY, 1992.

[28] D. Bartlett, ‘“The mathematics of tuning’’, http://www.hlalapansi.demon.co.uk/
Acoustics/MusicMaths/MusicMaths.html, (Appendix II).

[29] E. Terhardt, ‘‘Virtual pitch’’, http://www.mmk.e-technik.tu-muenchen.de/

persons/ter/top/virtualp.html, (Appendix II).

[30] K. Gann, ‘‘An introduction to historical tunings’’, http://home.earthlink.net/

~kgann/histune.html, (Appendix II).

[31] E. Terhardt, ‘‘Dominant spectral region’’, http://www.mmk.e-technik.tu-

muenchen.de/persons/ter/top/dominant.html, (Appendix II).

[32] K. Martin, ‘‘Automatic transcription of simple polyphonic music: Robust front
end processing’’, M.I.T. Media Laboratory Perceptual Computing Section
Technical Report no. 399, 1996.

[33] M. Goodwin and M. Vetterli, ‘ “Time-frequency signal models for music analysis,
transformation and synthesis’’, Proceedings of IEEE-SP International

Symposium on Time-Frequency and Time-Scale Analysis, (Paris, France, 1996).



(34]

[37]

(38]

[39]

[40]

[41]

[42]

[43]

[44]

[45]

132

A. Eronen and A. Klapuri, ‘‘Musical instrument recognition using cepstral
coeffiecients and temporal features’’, Proceedings of IEEE-ICASSP, vol. 2, pp.
753-756, 2000.

““‘Cubase VST 5.1°°, Music recording and editing software, Steinberg Soft- und
Hardware GmbH, 2001.

““‘Sonar 1.3"’, Music recording and editing software, Cakewalk Music Software,

2001.

P. Peebles, Jr., Probability, Random Variables, and Random Signal Principles,
pp. 168-173, 3rd Edition, McGraw-Hill, NY, 1993.

D. Gabor, ‘‘“Theory of communication’’, J. of the IEE, vol. 93, pp. 429-457, 1946.

O. Rioul and M. Vetterli, ‘“Wavelets and signal processing’’, IEEE Signal Proc.
Magazine, no. 1053-5888, pp. 14-38, October 1991.

S. Qian and D. Chen, ‘‘Joint analysis’’, IEEE Signal Proc. Magazine, pp. 52-67,
March 1999.

J. Allen and L. Rabiner, ‘‘A unified approach to short-time Fourier analysis and

synthesis’’, Proceedings. of the IEEE, vol. 65, no. 11, pp. 1558-1564, 1977.

A. Grossmann, R. Kronland-Martinet, and J. Morlet, ‘‘Reading and
understanding continuous wavelet transforms’’, Proc. Int. Conf. Marseille,

France, Dec. 14-18, 1989.

I. Daubechies, ‘‘Orthonormal bases of compactly supported wavelets’” Commun.

Pure Appl. Math., vol. 41, no.7: pp. 901-996, 1988.

P. Burt and E. Adelson, ‘‘The Laplacian pyramid as a compact image code’’,

IEEE Trans. on Com., vol. 31, no.4: pp. 532-540, April 1983.

R. Crochiere, S. Weber and J. Flanagan, *‘Digital coding of speech in subbands’’,
Bell Syst. Tech. J., vol. 55, no.7: pp. 1069-1085, October 1976.



133

[46] S. Mallat, ‘‘A theory for multiresolution signal decomposition: The wavelet
representation’’, [EEE Transactions on Pattern Analysis and Machine

Intelligence, vol. 11, no.7: pp. 674-693, July 1989.

[47] G.Liuand C. Wei, ‘‘A new variable fractional sample delay filter with nonlinear
interpolation’’, IEEE Trans. Circuits Syst.-1I: Analog and Digital Signal
Processing, vol. 39, no. 2, pp. 123-126, February 1992.

[48] A.G. Constantinides, ‘‘Spectral transformations for digital filters’’, Proceedings.

of the IEE, vol. 117, pp. 1585-1590, August 1970.

[49] D. Koya, Aural Phase Distortion Detection, M.Sc. thesis, Department of Music

Engineering, University of Miami, May 2000.

[50] ‘“‘Tassman Software Synthesizer’’, Modular synthesizer builder and plugin
software, Applied Acoustics Systems, http://www.applied-acoustics.com/

tassman.htm, 2002.

[51] “‘Infinity 2.04"’, Virtual device studio and plugin software, Sound Quest Music

Software, http://www.squest.com, 2002.

[52] E. Brandt and R. Dannenberg, ‘‘Low-latency music software using off-the-shelf

operating systems’’, Proceedings of the International Music Conference, pp.

137-141, 1998.

[53] R. Aarts and R.T. Dekkers, ‘‘A real-time speech-music discriminator’’, J. Audio

Eng Soc., vol. 47, no. 9, pp 720-725, 1999.

[54] M. Bobrek and D. Koch, ‘‘Music signal segmentation using tree-structured filter
banks’’, J. Audio Eng Soc., vol. 46, no. 5, pp 412-427, 1998.

[55] A. P. Klapuri, ‘‘Multipitch estimation and sound separation by the spectral
smoothness principle’’, Proceedings of IEEE-ICASSP, (Salt Lake City, Utah,
2001).



[56]

(58]

[59]

[60]

134

M. Goto, ‘‘A predominant-FO estimation method for CD recordings: MAP
estimation using EM algorithm for adaptive tone models’’ Proceedings of IEEE-

ICASSP, (Salt Lake City, Utah, 2001).

A. P. Klapuri, T. Virtanen and J. Holm, ‘‘Robust multipitch estimation for the
analysis and manipulation of polyphonic music signals’’, Proceedings of COST-

G6 Conference on Digital Audio Effects, (Verona, Italy, 2000).

W. Kuhn ‘“‘A real-time pitch recognition algorithm for music applications’’,

Computer Music Journal, vol. 14, no. 3, pp. 60-71, Fall 1990.

K. Nayebi, T. Barnwell III and M. Smith, ‘“The design of perfect reconstruction
nonuniform band filter banks’’, Proceedings of IEEE-ICASSP, pp. 1781-1784,
1991.

J. Kovacevic and Martin Vetterli, ‘‘Perfect reconstruction filter banks with
rational sampling rate changes’’, Proceedings of IEEE-ICASSP, pp. 1785-1788,
1991.



135

Appendix I: MATLAB Programs

Appendix I contains lisitings of the MATLAB m-files that make up the Musical Spec-
trogram implementation covered in Chapter 4. Listings of the m-files that were used to
prepare filter coefficients for implementation as fixed point DSP data are also included.
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function [C,S]=BiquadPrep (A7) ;

BQ_PREP- Biquad Preparation Program
reads a matlab coefficient matrix and HO value and
returns a coefficient buffer and Scales Buffer.

by Tony Antoniou, 05 August, 1998

[C,S]=bqg _prep(A);

Where A is a multistage filter coefficient matrix of the form
[a01l all a2l b0l bll b21l;
al02 al2 a22 b02 bl2 b22;

aln aln a2n bOn bln b2n 1],
and HO is the filter’s multiplier constant.

C is a vector of the form
[a01l all a2l b0l bll ... aOn aln a2n bOn bln]

and S is a vector of the form

%
%
%
%
%
%
%
%
%
%
%
%
%
%
%
%
%
%
%
% [s0, s1, s2, 83 ... s(n-1)]
%

%

usage: [C,S]=bg _pr_2(a);
global stages width S w i Stage_i MaxGain C j;

[stages,width] = size(A);

S = ones(stages,1);
w=(pi/2):0.003:pi;

for i=1:stages
Stage_i = A(1:1,:);

MaxGain = coe_zmax(Stage_i,w,0);
S(i) = 1/MaxGain;

end

C = zeros(stages*5,1);

j =1;

for i=1:stages

C(j) = A(1,1)*S(1);
J=3+1;

C(j) = A(i,2)*sS(1);
j=j+1;

C(Jj) = A(1i,3)*S(1);
Jj=3+1;

C(j) = -A(i,4);
j=j+1;

C{j) = -Ali,5)7/2;
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I=J+#1;
end
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function [b,al=dffmatlab(A,HO0) ;

DFFMATLAB- Digital Filter File Matlab converter
reads an unformatted *.coe file from D-Filter and
converts a matlab coefficient matrix into
polynomial vectors for matlab’s FREQZ routine.
Standard filter form in matlab.

by Tony Antoniou, 17 March, 2002

[b,a]=dff2tf (A, HO) ;

[a01l all a2l b0l bll b21;
al02 al2 a22 b02 bl2 b22;
aln aln a2n bOn bln b2n ],
HO is the filter’s multiplier constant.

b is the numerator polynomial and

%
%
%
%
%
%
%
%
%
%
% Where A is a multistage filter coefficient matrix of the form
%
%
%
%
%
%
%
% a is the denominator polynomial
%
%

usage: [b, a]l=dff2tf(A,HO);

[Bs,As]= sos2tf(A);

b = fliplr(Bs);
a = fliplr(As);
b =Db * HO;
if a(l) == 0
b b(2:end);
a = a(2:end);
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function [A,HO]=dffread(filename) ;

DFFREAD- Digital Filter File Read
reads an unformatted *.coe file from D-Filter and
returns a matlab coefficient matrix.
by Tony Antoniou, 19 March, 1998
Revised by Tony Antoniou, 18 March, 2002

[A, HO]=dffread(’'C_raw.coe’);

Where ‘C_raw.coe’ 1s an unformatted coefficient text file
produced by the D-Filter program.

A is a multistage filter coefficient matrix of the form
[a01l all a2l b0l bll b21l;
al02 al2 a22 b02 bl2 b22;

aln aln a2n bOn bln b2n ],
and HO is the filter’s multiplier constant.

00 00 0° 0P 0P 0P 0P AP P O° P P P 0P 0P OP O° OP oP oP

usage: [A, HO]=dffread(’'C_raw.coe’);
[fid, message]=fopen(filename, 'r’);
if fid== -1

error (message) ;
end
status=fseek (fid, 0, 'bof’) ;
twochars=fscanf (fid, '%s’,2) ;
order=fscanf (fid, '%d4’,1) ;
HO=fscanf (fid, '%£f’,1);
A=zeros (order, 6) ;
for i = l:order
numord=fscanf (fid, '%f’,1) ;
denord=fscanf (fid, '%f’,1) ;
if (numord == 1)

temp=fscanf (fid, '%f’, 4)';
A(i,1:2)=temp(1,1:2);

A(i,3)=0.0;
A(i,4:5)=temp(1,3:4);
A(i1,6)=0.0;

else
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function a=FilterbankPrepare;

%

% FB_Pr_ 2- Prepares the 12 tone filterbank’s Filter coefficients for
% use with the Biquad routine

% by Tony Antoniou, 12 August, 1998

%

% usage: fb_pr_2;

w=(pi/2):0.01l:pi;
figure;

format long
echo on

diary FinalFilterBank.txt

R C FILTER DESIGN === === e
[A, HO]=dffread(’'Cn.coe’) % Read in the *.coe file from D-Filter
[Poles,Zeros]= MultiStageZplot(A,0); % Compute unpaired Poles & Zeros
Cn = SecondOrderRootPair (Poles,Zeros) % Pair up the Poles & Zeros
[Cn,CnS] =BiquadPrep (Cn) % Convert to DSP vector & Compute
% 2nd order stage scaling
S_Cn = HO / prod(CnS) % Calculate final scale factor
vec_zpl2(Cn,S_Cn, 'b-',w); % Plot the spectrum of the design
hold on;
R C# FILTER DESIGN —=——— === == o e e e
[A, HO]=dffread(’Cs.coe’) % Read in the *.coe file from D-Filter
[Poles, Zeros]= MultiStageZplot(A,0); % Compute unpaired Poles & Zeros
Cs = SecondOrderRootPair (Poles,Zeros) % Pair up the Poles & Zeros
[CsV,CsS] =BiquadPrep (Cs) % Convert to DSP vector & Compute
% 2nd order stage scaling
S_Cs = HO / prod(CsS) % Calculate final scale factor
vec_zpl2(CsV,S_Cs, 'r-',w); % Plot the spectrum of the design
$-————- D FILTER DESIGN ——- = oo oo oo e~
[A, HO]=dffread(’'Dn.coe’) % Read in the *.coe file from D-Filter

[Poles,Zeros]= MultiStageZplot(A,0); % Compute unpaired Poles & Zeros

Dn = SecondOrderRootPair (Poles,Zeros) % Pair up the Poles & Zeros

[DnV,DnS] =BiquadPrep (Dn) % Convert to DSP vector & Compute
% 2nd order stage scaling

S_Dn = HO / prod(DnS) % Calculate final scale factor

vec_zpl2(DnV,S_Dn, ‘b-',w) ; % Plot the spectrum of the design
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fomm e D# FILTER DESIGN =-==------eeememccccec—ceec—e—cc— e e e ———————————

[A, HO]=dffread(’'Ds.coe’) % Read in the *.coe file from D-Filter

[Poles,Zeros]= MultiStageZplot(A,0); % Compute unpaired Poles & Zeros
Ds = SecondOrderRootPair (Poles,Zeros) % Pair up the Poles & Zeros
[DsV,DsS] =BiquadPrep (Ds) % Convert to DSP vector & Compute
% 2nd order stage scaling
S_Ds = HO / prod(DsS) % Calculate final scale factor
vec_zpl2(DsV,S_Ds, 'r-',w); % Plot the spectrum of the design
F-————= E FILTER DESIGN ——-———-- e e e e e e e e e
[A, HO]=dffread(’'En.coe’) % Read in the *.coe file from D-Filter

[Poles,Zeros]= MultiStageZplot(A,0); % Compute unpaired Poles & Zeros

En = SecondOrderRootPair (Poles,Zeros) % Pair up the Poles & Zeros

[EnV,EnS] =BiquadPrep (En) % Convert to DSP vector & Compute
% 2nd order stage scaling

S_En = HO / prod(EnS) % Calculate final scale factor

vec_zpl2 (EnV,S_En, 'b-',w); % Plot the spectrum of the design

--—-———- F FILTER DESIGN ———————— - m e e e e e e e e e

[A, HO]=dffread(’'Fn.coe’) % Read in the *.coe file from D-Filter

[Poles,Zeros]= MultiStageZplot(A,0); % Compute unpaired Poles & Zeros

Fn = SecondOrderRootPair (Poles,Zeros) % Pair up the Poles & Zeros

[FnV, FnS] =BiquadPrep (Fn) % Convert to DSP vector & Compute
% 2nd order stage scaling

S_Fn = HO / prod(FnS) % Calculate final scale factor

vec_zpl2 (FnV,S_Fn, 'b-',w) ; % Plot the spectrum of the design

- F# FILTER DESIGN —————— o m e e e e e e e e e =

[A, HO]=dffread(’'Fs.coe’) % Read in the *.coe file from D-Filter

[Poles, Zeros]= MultiStageZplot(A,0); % Compute unpaired Poles & Zeros

Fs = SecondOrderRootPair (Poles, Zeros) % Pair up the Poles & Zeros

[FsV,FsS] =BiquadPrep (Fs) % Convert to DSP vector & Compute
% 2nd order stage scaling

%

S_Fs = HO / prod(FsS) Calculate final scale factor

vec_zpl2 (FsV,S_Fs, 'r-',w); % Plot the spectrum of the design
- G FILTER DESIGN === === == e oo e
[A, HO]=dffread(’'Gn.coe’) % Read in the *.coe file from D-Filter

[Poles,Zeros]= MultiStageZplot(A,0); % Compute unpaired Poles & Zeros
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Gn = SecondOrderRootPair (Poles,Zeros) % Pair up the Poles & Zeros

[GnV,GnS] =BiquadPrep (Gn) % Convert to DSP vector & Compute
% 2nd order stage scaling

S_Gn = HO / prod(GnS) % Calculate final scale factor

vec_zpl2(GnV,S_Gn, 'b-',w) ; % Plot the spectrum of the design

F-————= G# FILTER DESIGN —-—-—-—-—— e m e e e e e e e e

[A, HO]=dffread(’Gs.coe’) % Read in the *.coe file from D-Filter

[Poles, Zeros]= MultiStageZplot(A,0); % Compute unpaired Poles & Zeros
Gs = SecondOrderRootPair (Poles,Zeros) % Pair up the Poles & Zeros
[GsV,GsS] =BiquadPrep (Gs) % Convert to DSP vector & Compute
% 2nd order stage scaling
S_Gs = HO / prod(GsS) % Calculate final scale factor
vec_zpl2(GsV,S_Gs, 'r-',w); % Plot the spectrum of the design
—————- A FILTER DESIGN ---------memmmmm e m e e m e m e =
[A, HO]=dffread(’An.coe’) % Read in the *.coe file from D-Filter

[Poles,Zeros]= MultiStageZplot (A,0); % Compute unpaired Poles & Zeros
An = SecondOrderRootPair (Poles,Zeros) % Pair up the Poles & Zeros
[AnV,AnS] =BiquadPrep (An) % Convert to DSP vector & Compute
% 2nd order stage scaling
S_An = HO / prod(AnS) % Calculate final scale factor
vec_zpl2 (AnV,S_An, 'b-',w) ; % Plot the spectrum of the design
F-—————- A# FILTER DESIGN ———-—mmmm e m e e e e e e e e e e e e e e e —
[A, HO]=dffread(’As.coe’) % Read in the *.coe file from D-Filter

[Poles,Zeros]= MultiStageZplot(A,0); % Compute unpaired Poles & Zeros
As = SecondOrderRootPair (Poles,Zeros) % Pair up the Poles & Zeros
[AsV,AsS] =BiquadPrep (As) % Convert to DSP vector & Compute
% 2nd order stage scaling
S_As = HO / prod(AsS) % Calculate final scale factor
vec_zpl2 (AsV,S_As, 'r-',w); % Plot the spectrum of the design
F-———— B FILTER DESIGN ———---— e e e e e e e e e -
[A, HO]=dffread(’'Bn.coe’) % Read in the *.coe file from D-Filter

[Poles,Zeros]= MultiStageZplot(A,0); % Compute unpaired Poles & Zeros

Bn = SecondOrderRootPair (Poles,Zeros) % Pair up the Poles & Zeros

[BnV, BnS] =BiquadPrep (Bn) % Convert to DSP vector & Compute
% 2nd order stage scaling

%

S_Bn = HO / prod(BnS) Calculate final scale factor
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