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Summary

S UMMARY

This thesis presents an approach for shorf-time spectrum analysis
of dynamic signals measured in nolse. This Is accomplished via
state estimation. Two different signal models are presented for
the estimation of the Fourier coefficients, applying Kalman
filtering theory. The resulting filter is a parallel bank which
produces sliding estimates of the desired Fourier coefficients for
a set of frequencies. The applied Kalman theory leads to more
accurate estimations in the presence of noise, The approach
offers a parametrization by the design fradeoff between noise
rejectlon and convergence speed. The method can be seen
as a generalization of Discrefe Fourier Transform.

The first model is an Oscillator Signal Model and the second is a
Random Walk Signal Model. A procedure is derived that
reduces the computational complexity by pre-computing
certain parameters leading fo steady-state Kalman fifters.

Additional considerations explore the behavior of sinusoidal
signals in the time and frequency domains. A new realization
structure of the steady-state Oscillator Signal Model calculates
the magnitude of the estimated frequency directly. This
structure has very low computational complexity.

Well-known classical spectrum analysis techniques, such as
windowing short-time Discrete Fourier Transform, recursive
running Discrete Fourier Transform, and Fast Fourier Transform
(Bergland Algorithm), are compared and contrasted with the
proposed Kalman approaches.

The steady-state Random Walk Signal Model is considered for
software implementation on a Motorola DSP56001 Digital
Signal Processor. A Digital Power Network Signal Analysis
System has been realized; a study of power computation is
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chapter 1. Introduction

1 . I niroduction

The first chapter furnishes the motivation behind this
work and gives an overview of each chapfter's
contents. Spectrum analysis of both arbitrarily and
uniformly spaced sinusoidal signals measured in noise
is considered.

The specific problem, spectral analysis of pseudo-
stationary periodic signdls, is presented and different
design methodologies are briefly mentioned.

1.1. MOTIVATION

The clear trend towards increased use of Digital (discrete-time)
Signal Processing over the past two decades provided the rationale
for this work. To some extent, this can be attributed to the inherent
flexibility and reliability of Digital Signal Processing. Two other
important factors that have supported this trend are:

1. The rapid development of integrated circuit technology, i.e.
the capability to manufacture fast, complex, and cheap digital
circuits.

9. Advances in computer hardware and software.

Digital Signal Processing (DSP) has not only partially replaced
traditional analog techniques, it has opened new areas of signal
processing: Fresh products and markets are being created for new
generations of equipment.

Faster digital hardware — small, inexpensive, and with low
power consumption — is currently becoming available because of
the continuing development of integrated circuit technology.
Today's Computer Aided Design (CAD) tools offer the possibility to
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design, synthesize, simulate, and realize on a very high abstraction
level. Designers today handle very large schemes, containing as
many as several millions of transistors. Large systems can be
realized on the same waver and be simulated and verified before
transferring to silicon.

Since the early 1990s, designs have become independent of
technologies and even independent of the CAD environment. The
designs describe a digital circuit in a Very high-speed IC Hardware
Description Language (VHDL). Graphical front ends allow
developers to enter the behavior, or functionality, of the considered
application. The generated code is then interfaced to IC synthesis
tools for synthesis and technology mapping.

Clearly, it is essential to use strategies that will quickly arrive at
efficient, cheap, and correct solutions. Today's tools, however, do not
make the right choice for how to realize a specific system or a
considered function. This area will be reserved, for some time, to
human experts.

This thesis emphasizes one very specific approach to estimating
sliding Fourier coefficients for a given set of frequencies — the
Kalman filter. This method is especially provided for spectrum
analysis of signals where the frequency components are slowly
time-varying and/or when only specific frequency bands are of
interest. The approach can be seen as a signal tracker. On/off
switched signals having a large dynamic behavior can be estimated.

Using the Kalman method, one is able to select the range of the
frequency axis and the distance separating individual frequencies.
As a special peculiarity, the sharpness or the shape, of the frequency
response (noise rejection), can be parametrized separately for each
frequency.

A new algorithm to estimate the sliding Fourier coefficients is
proposed along with an ASIC design. Furthermore, the approach is
used for a real-time implementation on digital signal processors.
Close collaboration with the Swiss company, Landis & Gyr Betriebs
AG, Zug, resulted in the development of a new type of digital power
meter, with special functions for power network signal analysis.

The ideas presented are the consummation of many stimulating
hours of work at the University of Neuchatel and from the close
partnership with Landis & Gyr. The author has participated in a
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number of scientific reports [Bals91, Ober93, Ober94, Guld92,
Pont92, Heub91], two publications [Bals92, Gris92], and several
postgrade courses [Bals95a, Bals95b, Bals94, Bals93a, Bals93b,

" Bals93c], all of which have arisen from this project. The results

were also influenced by the related works of Bitmead et al. [Bitm86]
and Gruber et al. [Grub88].

Evidently, there are parts that have not been covered. The
industrial project with Landis & Gyr was performed by two people,
each of whom was simultaneously involved in other ventures, and
by contributing students. Therefore, it is not a complete examination
that is presented but a collection of ideas, algorithms, and results
which simplify real-time implementation of sliding spectrum
analysis. The exhibited concept is very interesting for system
integration due to its low complexity, the algorithm, and the target
architecture.

1.2. SPECTRUM ANALYSIS

In many practices, the Fourier coefficients of a given set of
frequencies of a pseudo-stationary and quasi-periodic signal must
be estimated in real-time. In this context, a quasi-periodic signal is a
signal that consists of a given number of sinusoidal signals with
known frequencies and unknown, time-varying amplitudes and
phases, superimposed by some additive noise source, w(k).

This special kind of periodicity arises, for instance, in speech
signals, vibrational signals, and in electrical energy networks. In
Figure 1.1, a frequency representation of typical such signals is
presented. A continuous estimation of these parameters can be used
for monitoring or diagnostic purposes. Another, more traditional
application, is the on-line estimation of the distortion of pure
sinusoidal signals. The emphasis in this thesis is on the latter type,
where distortion of pure sinusoidal signals must be analyzed. An
example of such a signal, y(k), can be written as

G T,
| &
"'ﬁ._
& g @

L'UtivERsiT:
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Figure1.1. Quasi-periodic signals corrupted by additive noise.

M
y(k)=ag(k)+ Y [a;(k)cos(wkT,) + b; (k)sin(wkT, )]+ w(k) +

i=1

0
Y lay (k)ycos(wyikT,) + by (k) sin(w kT, )] (1.1

i=1

Th'e coefficient pairs — a;, ay; and bi, by — are, in general, time-
varying. They correspond, respectively, to the real part and the
umaginary part of the Fourier coefficient of the observed sinusoid, at

frequency w;. The sampling frequency is w, = ZE It is assumed that

the sampling frequency i ;

y is chosen such that all the frequenc
components of_' y(k) are below half the sampling frequen%y ir}:
concordance with Shannon's theorem, ’

Different methods can be used for real-time estimation of time-

18
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varying Fourier coefficients. A commonly used process is fime-
frequency analysis. This is accomplished with the sliding window, or
short-time Discrete Fourier Transform, which can be efficiently
implemented by using the recursive running discrete Fourier series
[Alle77, Papo77, Rabi75]. In recent times, operations other than
sinus and cosine functions have been applied to enhance time-
frequency resolution. Since 1989, the Wavelet Transform has
received increased attention.

Over the past ten years, new methods have been developed, based
upon statistics. The time-variation of the sinusoidal frequency is
expressed by a stochastic design model which, together with a model
of the additive noise source, is the foundation for the design of a
Kalman filter.

Bitmead et al. use a bank of undamped oscillators with a specific
set of frequencies (only multiples of a fundamental frequency, @,),
which are driven by white noise sources [Bitm86]. This is their basis
for the derivation of the Kalman-based Fourier Coefficient
Estimator (KFCE). Wied uses the same model except that only the
oscillator for @, is undamped, whereas all the others are slightly
damped [Wied88]. Doraiswami et al. estimate the unknown with
the same undamped oscillator, but constant coefficients of a sinusoid
are corrupted by additive noise [Dora86]. Gruber and Toedtli have
derived a model that uses a Kalman filter to directly estimate the
Fourier coefficients [Grub88, Grub94].

1.3. SIGNAL MODELLING

There are currently many ways to find a Fourier coefficient
estimator for a given frequency band — and there is no assertion
that the scheme is complete. An overview is given in Figure 1.2. The
main difference between the existing solution alternatives lies in the
choice of the signal model that is used for the design of the estimator.
Two avenues for determining Fourier coefficient estimators are
treated in this thesis: The Static Signal Model and the Dynamic
Signal Model.
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Signal Model Static Dynamic
Design Deterministic Stochastic
|
o [ |
ptimization ;
Criteria Hio) Z (k) Ele2(k)]
Methodolo Digital ]
gy Filters Fourier Gauss Kg{n;:n
Approach Band- no
pass RRFS forgetting RWSM
exponential
forgettin OSM

Figure 1.2, Range_of solutions for the estimation of the Fourier
coefficients of a sinusoid,

1.3.1.  Static Signal Model

’Ijhe Static Signai Model (SSM) assumes that the parameters to be
1z‘alstunated remain constant during the observation time. No a priori
nowledge about the dynamics of the parameter is required.

One method in this category is based upon linear, time- i i
_dlgxtal ﬁltera. For ea.ch of the desired freq%encies, a’bang-;:::rﬁlﬁglt‘
;s applied. The optimization criteria is, in general, the imposed
requency or the time response of the transfer function, H(w). In
the l_tterature, many different structures and variants are
de:cnbed._ T_he drawback to this method is the distortion of the signal
wh en Infinite Impuf!se Response (IIR) filters are employed. If the
? ases of the considered signals have to be conserved, Finite
mpulse Rgsponse (FIR) filters are used. FIR implies a higher filter
order, leading to a more complex realization.

Discrete Fourier Transform (DFT), with its well-known variants,
such as the recursive running discrete Fourier series and the
Recursive Least Square (RLS) method, are predicated on a Static
Signal Model. These routines were originally developed for the
estimation of constant parameters. They fit a static model to the
received data, y(k), by minimizing the deterministic performance
criteria — the sum of the squared errors, Zez, between the
sampled signal sequence, y(k), and its estimate, y(k).

3 62 (i) =3, (y(D) — $(i))? = minimum (1.2)
i=0

i=0

In particular, the recursive running discrete Fourier series fits
into a given number of frequencies, N, such that the sum of the
squared error over the N data points, is zero. This fact is related to
the assumption that the data sequence repeats itself periodically,
after N points. The number of frequencies that can be analyzed is
fixed by N.

In the context of classical Fourier transform, the assumption of
correct spectrum analysis requires an adequate choice for the
length of the observation window. An N-point (window length is N)
Discrete Fourier Transform can be carried out to determine the N-
unknown Fourier coefficients, g; and b;.

Furthermore, problems arise if the input sequence, y(k), is
corrupted by the aforementioned periodic disturbances, with
frequencies @g;. If the Fourier coefficients of the disturbances, ay;
and by;, are non-zero, the observed signal, y(k), with period 7y, will
generally be periodic.

In this case, DFT produces a coefficient set that varies periodically
because the frequency resolution of w; does not sufficiently identify
the time-variations. To achieve the required resolution for a; and
bg;, one must either increase the number of points or use a low pass
filter, to reduce the time-variations. The bandwidth of the low pass
filter must be carefully adapted to the observed frequencies.

In general cases, and in real world applications, the sampled
signal, y(k), is corrupted by noise. Therefore, DFT will generate a
different set of parameters for each window block. Again, a low pass
filter can make the time-variations more smooth.

21
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The RLS method offers the freedom to choose many frequencies
that wi_ll be estimated. The behavior of the RLS method, without the
fnrgej;tmg factor, is equivalent to the recursive running discrete
Fourier series. In the case of slow, periodic, varying disturbances
and the. additional noise source, Equation 1.2 does not converge on
Zero. W}th noise, the RLS method needs more data points, to smooth
the variation in the Fourier coefficients and to minimize Equation
1.2, In order to improve the RLS method, different forgetting

methods have been introduced. A survey is given in [Toed83
Krau86). '

1.3.2.  Dynamic Signal Model

One problem with the Static Signal Model is its reliance on a
specific number of data samples. Should new data become available,
the process must be repeated. A procedure in which previously

determir}ed estimates are simply updated as new data arrive would
be superior.

‘The recu'rsive estimation technique introduced in this section, and
disqussed.m detail in Chapter 3, is a powerful tool for estimating
des_1re’d signals. A dynamic signal attempts to model the time-
variation of the coefficients to be estimated. It is described by a set of
linear difference equations.

] The successive data samples, x(k)=s(k)+n(k), contain a random
signal, s(k), with E[s*]=S to be estimated, as well as additive
uncorrelated noise samples, n(k), with variance, o2. Both s(k) anci
n(k) are assumed to be zeromean random variables. Then, the
output of a first-order recursive filter taking in successive x(k)
samples at the input can given by

y(k)=ay(k-1)+x(k) |a|<1 (1.3)

This filter gpdates, adding a new data sample, x(k), to a fraction
of the previous output. Separating the signal term of the
geometrical sequence from the noise term, we get

_k
y(k)=s11 a

k .
+> a*n, (1.4)

Jj=1

chapter 1. Introduction

For large & (laf* <<1), the signal part of y(k) approaches %1 —a)y

2
while the variance due to noise approaches 0% —a) If one

multiplies y(k) by (1—-a), it becomes apparent that (1-a)y(k)-—>s,
for very large &k, while the variance decreases —
[(A-a)y(k)— 03(1 —a)/(1+a)l. Thus, this device does provide
some smoothing, as expected, producing an estimate that has a
smaller variance, or mean-square variation, about s, than would be
the case with only one sample: s[§=(1-a)y(k)]. By increasing the
effective time constant of the filter, a, the mean-square error of s(k)
is reduced.

The problem now is to find the best recursive linear estimate of
s(k). The term best refers to the particular estimate that minimizes
the sum of the squared residuals. The estimator is found by adding
two time-varying gains, a(k) and b(k) [Schw75, Hwang92]

§(k)=a(k)s(k—=1)+b(k)x(k) (1.5)

Note that §(k) is the weighted sum of the previous estimate,
§(k-1), of parameter s(k). The two time-varying gains, a(k) and
b(k), must then be found such that the mean-square error, e(k), is
minimized

e(k) = E[[§(k) - s(k)] (1.6)

Parameter b(k) can be expressed in terms of a(k). Equation 1.5
becomes

§(k)=a(k)s(k-=1)+b(k)[x(k)—a(k)s(k-1)] (1.7

The first term, a(k)$§(k —1), represents the best estimate of s(k),
without any additional information, and is therefore a prediction
based on past observations. The second term is a correction term,
involving the difference between the new data sample, x(k), and the
updated estimate, with the variable gain factor, b(k), appended.

Extending the signal model to include vector signals, multiple
signal measurements, and signals with more complex dynamic
behavior, prepares us to tackle the problem discussed at the
beginning of this chapter. The Kalman filter we will consider in
Chapters 3 and 4 requires a model for the measurement of the
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vector signal as well as a model for the generation of sinusoidal
signals.

The signal model can be described by the state equations, x(k)
which are driven by noise sources, v(k). The a priori ]-:nm;rl?sdge,
abou!: the irregularity is put into the variances of these noise sources
and into the parameters of the signal model. In this context, a
Kaln?an ﬁ]ter_ approach can be used for the estimation of the
'Fourlerl coefficients. In Figure 1.2, the stochastic design succession
1s seen in relation to the deterministic design approach.

T_he Kalman filter determines, for an incoming data point, y(k)
at time instant k, the estimates, Z(k), of the states, x(k). The "one:
stt_ep‘-a}:ne'ad" prediction of x(k) is (k). The estimates are carried out
mimmizing the square root of the estimated values and of the trué
:alues. The minimization criteria for the error covariance equation

re

Z(k)=E[(£(k)—J_?(k))(£(k)—i(k))T] (1.8)
and
‘_’+(k)=E[(£(k)—i+(k))(7_€(k)—i+(k))T] (1.9)

known as the predictor.

1.4.  OUTLINE OF THE TEXT

The characteristics of deterministic and stochastic desi i
models are introduced and compared in Chapter 2. {?rener&fln a::f;;?;
of spectrum analysis are reviewed and an overview of well-known
estimation techniques is presented. Classical Fourier transforms
the Wavelet Transform, and the Kalman filter are compared, ’

In Chapter 3, the Kalman-based s imati i

. 4 pectrum estimation approach is

carefully introduced. ‘The design of two specific signal models is
g?esented. For both signal models, the time-frequency behavior is
1scussed and a steady-state solution is obtained. The different
rmegglﬁs tabtamed using the stochastic and deterministic design signal

els demonstrate the need to K

e g use Kalman theory for measured
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The steady-state Kalman filter is derived in Chapter 4. The signal
flow graph and the resulting arithmetic operations are compared
for each signal model and Fourier-based approach. Their
numerical properties, based on simulation results, are discussed.
Finally, the algorithms are prepared for software implementation
on DSPs and for silicon integration on ASICs.

The implementation on DSPs is treated in Chapter 5. Moreover,
the presented approach is used for an industrial application. The
Digital (electrical) Power Network Signal Analysis System is briefly
addressed.

In Chapter 6, the steady-state Oscillator Signal Model is
implemented on various ASICs. Particularly interesting results are
derived. The findings allowed for a comparison of the power
consumption, the execution speed, and the silicon area.

The conclusions in Chapter 7 give a summary of the main
advantages and features of the Kalman filter. Additionally,
propositions for future extensions and research in this field are

offered.
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2 . S urvey of Fourier

Analysis and Least-
Squares Estimation

This chapter is comprised of an introduction to
specrru'm analysis, followed by an historical overview
of Fourier analysis. It is a deterministic design model,

as opposed to a stochastic design model, e.g. the
Kalman filter approach.,

Symmetry relations between real, imaginary, and
comp/ex signals are reviewed before the Dis;crefe
Fgur/er Transform is discussed. Special attention s
given fo the windowing technique, applied for noise
rejection enhancement, Time-frequency resolution,

of primary interest for short-time Fouri
ourier '
carefully treated, ranstorm. i

An alternative method for fime-frequenc

hqs recently surfaced — discrete nge!ef ;/ra(rjvzgris
With Wavelet Transform, a signal can bé
decomposed into many different time and frequency
scales, hence both low-frequency, long duration
phenomena and high-frequency, short-duration
phenomena can be studied within the same
fransform. Because Wavelet Transform is well-suited

;c;i ;29 analysis of dynamic signals, a brief overview s

Subsequently, the Dynamic Signal Model is applied
to spectrum analysis, The design of the signal model s
sfochastic and thus o Kalman filter is proposed, Its
design methodology is briefly addressed, '
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2.1. HISTORY

The development of Fourier analysis has a long history, involving
a select group of individuals and their investigation of many
different physical phenomena. The concept of using trigonometric
sums, that is, the sums of harmonically related sinusoids and
cosines or periodic complex exponentials, to describe periodic
phenomena goes at least as far back as the Babylonians. It was they
who used ideas of this sort in order to predict astronomical events

[Oppe831.

The "modern" history of this subject begins in 1748 with L. Euler,
who was examining the motion of a vibrating string. He noticed that
the configuration of a vibrating string at any point in time is a linear
combination of the signals that are constructed by the fundamental
mode. Furthermore, Euler demonstrated that one could directly
calculate the coefficients for the linear combination at a later point
in time based upon the coefficients at an earlier one.

In 1807, Jean Baptiste Joseph Fourier (1768-1830), who was born
in Auxerre, France, presented his results on the phenomenon of
heat propagation and diffusion to the Institut de France. In his
work, Fourier found that a series of harmonically related sinusoids
could be used to represent the temperature distribution trough a
body. In addition, he speculated that any periodic signal could be
depicted by such a series.

Fourier then proceeded further than any of his predecessors
when he obtained a representation for aperiodic signals, not as
weighted sums of harmonically related sinusoids, but as weighted
integrals of sinusoids that are not all harmonically associated. The
Fourier series and the Fourier integral, or Fourier transform,
continue to be two of the most powerful tools for the analysis of
linear time invariant systems.

2.2. FOURIER TRANSFORM

In order to calculate the information concerning how the signal,
x(1), is composed of sinusoidal signals at different frequencies, we
have to determine if the signal is periodic or aperiodic in time.
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A peripdic signal, with period Ty, can be described by a linear
combination of harmonically related complex exponentials. These
complex exponentials have amplitude {c, }, and frequencies kw, — a
discrete set of harmonically related frequencies (k =0, +1, 2, i3a, o)

+o0
ik
*0= Lol 2.1
- LJ' —Jjko ¢
k= T,? x(t)e dt (2.2)

Equ-ation 2.1 is often referred to as the synthesis equation and
Equauon‘2.2 as the analysis equation. The coefficients, ¢, are called
the Fourier coefficients, or the spectral coefficients, of ;:(r). These
complex coefficients measure the portion of the signal, x(r), that is
at each h_armenic, @y, of the fundamental component, @,. The
spectrum is described by a discrete number of Fourier coefficients at
each analyzed spectral line and at each harmonic that is a multiple
of the fundamental component.

In th‘e case of an aperiodic signal, Equation 2.1 utilizes an integral,
assuming that w, — 0 as 7, — =. By definition, as @, — 0, the sum

becomes the integral of X(w)e’. Therefore, Equations 2.1 and 2.2
become

17 i

x(t)=ﬁ_J;X(a))ef "dw (2.3)
~+oo .

X(w)= [x(t)e™ /s (2.4)

Fo_r aperiodic signals, the complex exponentials occur on a
conu.nuum of frequencies and, according to Equation 2.3, have
amplitude yan(w)dw.
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2.2.1. Symmetry Relations in Time and Frequency Domains

In general, a complex signal, x(¢), is the sum of two real signals,
x,(¢) and x,(¢), and their corresponding Fourier transforms, X;(®)
and X,(®). The real and imaginary parts are denoted by ka(w)

and ka(a)). The Fourier transform, X(w) of x(t), is obtained by
Equations 2.5 and 2.6

x()=x () + jxy (2) (2.5)

Xl(w)=RX1(w)+jIX1(w) R Xz(a))=RX2(w)+jIX2(w) (2.6)

—— —— ~ ——
even odd even odd

—_— e

Rx(0) Iy

The symmetry relations in the time and frequency domains for
real, imaginary, and complex signals are summarized in Tables 2.1
through 2.3 [Pell94]. However, in most practical applications only
real signals are measured.

For real signals having odd or even symmetry in the time
domain, the spectrum is reduced to a real part in the case of even
symmetry and to an imaginary part for odd symmetry.

When there is information about the symmetry properties of
signals in the time domain, the calculations are drastically reduced
and thus the algorithms used to estimate the Fourier transform can
be optimized. The same computing savings can be applied for
imaginary signals, shown Table 2.2. The symmetry characteristics
of complex signals, which consist of a real and an imaginary part,
are summarized in Table 2.3.

2.2.2. Discrete Fourler Transforms

To analyze the frequencies that compose a sampled signal,
methods based on Fourier transform (Equation 2.8) can be used.

31
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Table 2.1. Symnyetry Relations in Time and Frequency
Domains for Real Signals.

Symmetries for real signals Xo(t)=0

o0 [ oy [ x| A
x| o Iy() % =

A_ even
X0 | ==y | Ry(w) <A eveor;
R

et

xo(t) 0 Ix () 0

odd
X1 (t) —%—) t Rx((o) 0
L Xo(t) 0 Ix(®) %Ti

X - 3 —jwk
(@)= 3 x(k)e (2.8)

k=—c

T is the sampling period, X...xy are the signal sam i
the spectral amplitude, at freguency o. inny specliitl'i::lsl,lzil:lltil :;(:’ )1;:
compillted, as long as the considered frequency is less than half the
farr}llp ing frequency. Unfortunately, the side-lobe contributions due
o the finite number of samples, N, perturb the results. ,

If the frequencies to be analyzed are equidistant Aw =27/ NT, o

becomes 2mk / NT' and thus Dj :
: screte Fourier Tr,
be applied. Equation 2.8 becomes er Transform (DFT) can

N-1

X = xieﬁ(?%,)h- -
i Z k=0,1,. N-1 (2.9)
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Table22,  Symmetry Relations in Time and Frequency
Domains for Imaginary Signals.

Symmetries for imaginary signals x(t)=0

odd
X4(t) 0 Rx(®) %w

A even
xa(t) t | Ixo) | ==>o0
X1(t) 0 Ry (o) 0

VI A even
O | ===t | IX@ | =fF=>o

odd
x1(t) 0 Ry() %m

Xo(t)

}o
~a
X
k3
o

There are no side-lobe contributions and so the problem is
whether to perform a DFT algorithm or to explicitly compute, using
Equation 2.9, the frequencies to analyze. Explicit computation of the
DFT is used only when very few frequencies are to be analyzed.

In the former case, N, the number of points on which the Fourier
transform is applied, can be selected so as to allow the use of Fast
Fourier Transform (FFT) algorithms. This drastically reduces the
number of real operations. The draw back, however, is that N must
be in the set, 2% (e.g., 2, 4, 8, 16, 32, ...). This method exposes the
shortcoming of being restricted by N. This restriction limits the
analysis to equidistant frequencies. Moreover, unless a windowing
technique is applied, the noise rejection is poor.




.
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Table 2.3. Symm:etry Relations in Time and Frequency
Domains for Complex Signals: x(t)=x1( t)+] xa(t).

Symmetries for complex signals.

A even A
X t e even
10| == | x| ==,
A even
) | ===t | Ix(© —:fgﬁ,"

X (t) %.fdtd Ry (®) ;’k gd
odd

Xo(t) %t Ix () %&ii

ol

\ even
[ S‘:L&

0
0

x
i
lt
p]
=
g

odd
X1() %t Ry(w)
Xo(t) L even Ix(w) \54‘:(;(0

{li_
)

2.2.3. Noise Rejection Enhancement by Windowing

The sampled signal is commonl
v taken over a defined time
framg, where N samples are considered. Such an operation is
identified as windowing. It is the multiplication of the input
sequence, {x;}, by a square pulse, w,(k), which produces a

convolution of the spectrum, X(w), with a li
5 » X(w), with a linear phase transform of

sin(@TN)

A M)
sin(@T4)

(2.10)
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—

The major disadvantages of the rectangular window, W,(w),
present in DFT, are that the peak side-lobe is only suppressed to -13
dB from the main-lobe level and that the roll-off is only -6 dB/octave
(-20 dB/dec). This severely limits the ability of the rectangular
window DFT to solve a weak signal in the presence of a stronger
one, or to reject enough noise.

Several alternative window functions, w(k), each improve upon
the disadvantages of the rectangular window through the
multiplication of the considered sample, x(k), by the corresponding
window correction factor, w(k). The form is

N-1 — i Nki
Xe= S wixe "R k0,1, LN (2.11)
i=0

Windowing further sacrifices spectral resolution to gain
additional side-lobe attenuation. The consequence is an increased
number of points, by a factor of two or three, on which the Fourier
Transform is applied, when the same spectral resolution is required.

Hanning Window
wy (k) has a -18 dB/octave (-60 dB/dec) roll-off rate and a peak

side-lobe level of -31 dB. The Hanning window is simply the square
of the sine function, thus called the raised cosine [Jack86].

wy (k) = sin?(

o3 )=l[1—cos an} , k=0,1,...,N-1 (2.12)
N-1" 2 N

Hamming Window

w,, (k) reduces the peak side-lobe level to -41 dB. The roll-off rate
is only -6 dB/octave (-20 dB/dec), analogous to the rectangular
window. The Hamming equation is

wM(k)=0.54—0.4600s(A2,ﬂk1) . k=0,1,...,.N-1 (2.13)




chapter 2.  Survey of Fourier Analysis and Least-squares Estimation

Window Functions
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Figure2.1. Windowing functions for spectrum estimation:
Rectar_zgular window N=64, Hamming and
Hanning N=128, Blackman N=192.

Blackman Window

Side-lobe suppression is further im
i proved by the Black
w1:l<{10\3v. The r'oll-oﬁ' rate is -18 dB/octave (-60 dB/dec), whjlemt?lg
fi(:n eSSII(Iil(:)-IOb:hIS -57 d}]?. However, the main-lobe width is now three
more than with the rectangular window and 50
than with the Hanning and Hamming windows. 7 greater

O —
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Table24. Windowing Applied to Discrete Fast Fourier

Transforms.
Window Side-lobe Roll-off |Main-lobe| Arithmetic
Transform Peak Width Operations
Level for FFT
Rectangular| -13 dB -6 dB/oct 5 27 NlogzN—

-20 dB/dec NT

Hanning -31dB | -18 dB/oct ’ 4r 3N+NlogaoN
-60 dB/dec NT

" Hamming -41 dB -6 dB/oct ,4n 3N+NlogaN
-20 dB/dec NT

Blackman -57 dB -18 dB/oct ’ 61 5N+NlogoN
-60 dB/dec NT

To calculate the DFT directly, N* complex multiplications and
additions must be performed. With the FFT algorithm, on the other
hand, Nlog, N operations are needed to get the rectangular window
FFT. The number of operations is increased with respect to
windowing. Table 2.4 summarizes the peak side-lobe level, the roll-
off, the resulting main-lobe width, and the corresponding
arithmetic operations.

In many applications, one would like the spectral resolution to be
fixed at Af. Af defines the main-lobe width of the window function.
Referring to Table 2.4, the rectangular window requires N points,
the Hanning and Hamming windows command 2N' points, and the
Blackman window calls for 3N' points. Because the factor 3N' is not
a power of 2, as it must be for FFT algorithms, 4N' points are used
resulting in a main-lobe width that is slightly smaller than Af.

One can see that the arithmetic operations, "#op", increase
dramatically. Table 2.5 compares the computational complexity for
fixed spectral resolution (main lobe width is constant).

A detailed analysis of the number of real multiplications and
additions as a function of the blocklength, N, can be found in
[Kunt91, Blah85].
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Table2.5  Fixed Spectral Resolution and Windowing Applied
to Discrete Fast Fourier Transforms.
mf fixed | Rectang. Hanning | Hamming Blackman
Af=fs|N
Af=fs /64 N=64 N=128 N=128 N=192->256
#op=384 | #op=1'280 | #op=1'280 #0p=3'328
Af=fs/128 | N=128 N=256 N=256 N=384->512
#0p=896 | #0p=2'816 | #op=2'816 #op=7'168
Af=fs/256 | N=256 N=512 N=512 |N=1536->2048
#0p=2'048 | #op=6'144 | #op=6'144 #0p=32'768
Af=fs/512 | N=512 N=1024 N=1024 | N=3072->4096
#0p=4'608 | #op=13'312 | #0p=13'312| #0p=69'632

Within the scope of this thesis, no further studies about
windowing possibilities are investigated. For a more in depth
analysis, the reader can refer to [Jack86].

2.3. SHORT-TIME FOURIER ANALYSIS

We will now consider applications where signals are driven by

dynamic processes, as seen in speech processing, power network
signal analysis, and measurement equipment, amongst others, This
spectrum will change with time. A time-frequency representation
must be based on short-time Discrete Fourier Transform, which, of
course, varies with time. It is obtained by a windowed segment,
w(n—m), that slides in time over the signal, x(m), as depicted in
Figure 2.2. At time instant n the spectrum is defined as

X(n0) =Y wh-mx(mye ™ g (2.14)

m

The results can be interpreted in two distinet ways. First, if we
assume that » is fixed, we note that X(n,0) is simply the normal
Fourier transform of the sequence w(n —m)x(m). Therefore for fixed
n, X(n,0) has the same properties as the normal Fourier transform.
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x(m) A w(255-m) w(383-m) w(511-m)

/ /__ _/_ x(m)

m (/)
0 \=a
L./ Ljn-zss n=383 n=511

window length N=256

Figure22. Sliding window for short-time Fourier analysis.

Impulse Response | X(1,0)= 2,(8) - jby(8)

x(n) w(n)
-jén (a)
e
% Impulse Response | a,(8)
w(n)
x(@m) ——= cos(én)
Impulse Response | _ (@)
——%— W(n) n
-sin(én) )

Figure2.8. Short-time Fourier analysis. Line.ar filtering
interpretation (a) complex operations; (b) real
operations only [Rabi78].

The time dependent Fourier transform is clearly a function of
two variables: the time index, n, which is discrete, and the frequenqy
variable, 8 = wT. Thereby, not only is a pure spectrum anglyms
performed, but moreover, a time-frequency analysis around time n
is obtained which spans over a time frame defined by the window
length N.
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The second interpretation follows by considering X(n,8) as a
function of time index n with 6 fixed. In this case we observe that
Equation 2.14 is in the form of a convolution,
X(n,0)= x(n)e= 0" *w(n) . This interpretation leads us to consider the
time dependent Fourier representation in terms of linear filtering,
shown in Figure 2.3. The window function, w(n), plays the role of
the impulse response of the linear shift invariant system. Thus the
s;_)e_c'trum of x(n) at frequency 6 is shifted to zero frequency by
e/, As a result of the modulation process by ¢™/%", the low pass
f}lterf?bjcomes a very narrow passband. The cutoff frequency

=7

¥y of the passband is given by the sampling frequency f, and
the window length N .

2.4. LIMITATIONS OF FOURIER TRANSFORM

For specific applications, this behavior must be balanced because
errors occur during spectrum analysis. An analogy can be seen in
the unf:ertainty relation, the famous quantum physics principle
found in 1927 by Werner Heisenberg: It is a priori impossible to

determine the position and the impulse of a quantum particle at the
same time.

The Fourier approach is limited by:

1. The §pectra1 resolution, defined as the number of points
considered by the FFT algorithm.

- 1 Rectangular
Af = (Z%T)w,ype Wype: - 2 Hamming & Hanning
- 3 Blackman

2. The time resolution, At = NT, which is defined by the

window length. ArAf = 27w, = const.

. By definition, the signal must be stationary over the considered
time frame. The time behavior of the spectrum can be evaluated by
sliding .the window. A shorter time window introduces better time
resolutl_on. Constraints on the signal become less significant and
thu:? s1g'nals with large dynamics can be analyzed (quasi-
stationarity). The drawback, however, is that the spectral resolution
is decreased because Fourier analysis has to be performed on fewer

samples. A larger window introduces decreased time resolution, but
with increased spectral resolution.

40
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2.5. WAVELET TRANSFORM

Non-stationary signals are best described in the time-frequency
plane (TF-plane). Time-frequency information can be obtained by a
number of methods. In the previous paragraph, the uncertainty
principle illustrated that there will be signals for which neither the
time nor the frequency resolution is adequate.

The drawback of Fourier-based transform centers on the
assumption that the analysis functions are cosine and sine signals
which must be stationary over the analysis time frame. The
Wavelet Transform is a relatively new approach that offers an
alternative to the well known Fourier transform. An interesting
parameter that can be changed is the time-frequency resolution,
AtAf = variable.

The first published papers were written by French geo-physician
Jean Morlet, in 1982. He derived this approach to describe the
propagation of acoustic waves through the earth's ground. Yves
Meyer and Ingrid Daubechies generalized the ideas to describe
orthogonal wavelet families. In 1989, Stéphane Mallat, of New York
University, published an efficient algorithm for the numerical
computation of Wavelet Transform [Mall89].

Over the past four years, the application of Wavelet Transform
has extended to speech and image processing applications and to
various implementation structures. More detailed information can
be found in [Barl92, Cheu92, Gopi92, Gopi93, Hwan92, Hanr92,
Irin92, Joun92, Kova92, Luo92, Malv92, Moay92, Soma92, Sinh92,
Petr92, Sait92, Tewf92].

The Wavelet Transform (WT) is a signal independent of time-
frequency analysis, suited for instances when high frequency signal
components have shorter durations than low frequency signal
components. The considered analysis functions are obtained
through translations and dilations of the wavelet function. One
shrinks/stretches the wavelet to capture high/low frequency
components of the signal [Gopi93]. The Wavelet Transform
coefficients estimate the presence of a signal component at a certain
point on the TF plane.

41
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2.5.1. The Gauss-Wavelet Transform

The basic idea is a wavelet that is well-defined in both time and
frequency, as shown in Figure 2.4. The depicted wavelet is a Gauss
envelope modulated by a cosine wave — called the Gauss-wavelet.

w(t)=e " 2 (2.15)

The resulting Wavelet Transform is described by

+oo
X(b,a)=|a[ " [x(t)y, ,()dt (2.16)

]

The time variable, ¢, can be substituted with t—>(t—-5b)/a. A
family of Gauss-wavelets can be generated by changing the
parameters, a and b. Parameter a is coupled with frequency w. For
a>1, the wavelet is submitted to a dilation (Figure 2.4d) For a<1,
compression is achieved (Figure 2.4c). Parameter b corresponds to
a time translation (Figure 2.4b).

In both short-time DFT and WT, the transform is obtained by
multiplying the integral of the product of the signal by the analysis
function. The main difference between the two is seen in the time
resolution versus the frequency resolution. The difference is
clarified graphically in Figure 2.5.

The frequency, or bandwidth, Af, and time resolution, At, of the
short-time DFT is independent of the frequency because the
number of samples inside the time frame is fixed at N — Figure
2.5a. Thus, the error ellipses remain unchanged along the
frequency axis.

Compared to the WT, the frequency resolution is much higher for
low frequencies and becomes worse at higher frequencies. The
relative frequency resolution, Af/ f, is fixed — in other words, the
Q-factor remains constant. While the approach that must be used is
certainly dependent on the specific application, it is often efficient to
use a constant Q-factor rather than a constant bandwidth. A typical
example is audio application, where the human hearing resolution
is not constant.

a) Gauss-Wavelet 1 b) Tmlntim

magnitude
e

o w
:g

>

f

. | :

magnitude

o
=l
_—
——
—

magnitude
=4
=) w
N
magnitude

Figure 24. Translation, compression, and dilation of a Gauss-

wavelet.
a) Short-time Fourier Transt. b) Wavelet Transform
f . f
& df o @
R df
T = &E
T
. o

~Y

—

Figure 2.5. Frequency versus time resolution (error ellipses):
(a) short-time Fourier transform offering
constant bandwidth; (b) Wavelet Transform
offering relatively constant bandwidth, i.e.
constant Q-factor.

With Wavelet Transform, a signal can be decomposed into many
different time and frequency scales, allowing both low-frequency,
long duration phenomena, and high-frequency, short duration
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aspects to be studied within the same transform. There are many
applications for WTs, including image and speech coding and
optimal data transmission over channels of unknown bandwidth.
There also exist many other families which are not necessarily
based on the Gauss function.

2.5.2. Fast Discrete Wavelet Transform

Computation-efficient WTs can be implemented with filter banks
or hierarchical transforms [Mall89, Malv91l, Malv92, Vett90,
Luo092]. Orthogonal WTs with octave scales are usually generated
from a tree-structured filter bank. With this form of decomposition
a pyramid algorithm is obtained to compute the orthogonal WT.

The fast WT can be viewed as an example of sub-band coding.
The hardware implementation can be performed by filters derived
from the wavelet: A high-pass filter, and its corresponding low-pass
filter. Both filters together are called the Quadrature Mirror Filter
(QMF). To implement the above algorithm at maximum speed, a
filter bank would be required for each octave.

The QMF is a pair of identical FIR filters that separate the signal
components into a low-frequency part (LP) and a high-frequency
part (HP). The frequency separation is located at f, / 4, where f, is
the operation (local) sampling rate. The number of stages is
application specific and splits the spectrum into octaves. In Figure
2.5, a four-stage WT pyramid algorithm is depicted.

The approximation coefficient, ¢°, and the detail coefficients,

b°,b!,b? and b®, compose the Wavelet Transform of the input signal,
x(k) [Malv92). The agreeable feature of the pyramid algorithm is
that the LP and the HP Quadrature Mirror Filter pairs all have the
same filter specifications. These filter coefficients are used for any
number of stages, N. The octave splitting is achieved by the
decimation factor of two (down-sampling) together with the half-
band filter specifications.

To achieve the inverse WT, the data flow graph is inverted and
each down-sampling is replaced by up-sampling by a factor of two.
The number of operations increases proportionally with the filter
length, N, as compared to N log,(N) for the FFT algorithm.

r
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Figure 2.6. Mallat pyramid algorithm based on QMF pairs.

2.6. HISTORICAL SURVEY OF LEAST-SQUARES ESTIMATION

2.6.1. From Gauss to Kaiman

Gauss: Method of least squares

The earliest motivation for the development of estimation theory
was apparently provided by astronomical studies in which planet
and comet motion was examined using telescopic measurement
data. To solve problems concerning the revolution of astronomical
bodies, the method of least squares was invented by Karl Friedrich
Gauss. Gauss was 18 years old when he derived his revolutionary
least-squares method in 1795 [Sore85, Sore70]. He suggested that
the most appropriate values for the unknown but desired
parameters are the most probable values, which he defined in the
following manner: "The most probable value of the unknown
quantities will be that in which the sum of the squares of the
differences between the actually observed and the computed values
multiplied by the numbers that measure the degree of precision is a
minimum". The difference between the observed and computed
measurement values is generally called the residual.

First, it is significant that he considered the problem from a
probabilistic point of view and attempted to define the best estimate
as the most probable value of the parameters. To make the
discussion more precise, suppose that measurement quantities,
z(k), are available at each time, k. Parameters x(k) are to be
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determined from the data and are related according to

z(k)=H(k)x(k)+v(k) (2.17)

where_v(k}‘ represent the measurement errors that occur at each
observation time. Gauss assumed that the measurement data, z(k)
and the parameters, x(k), are linearly related. ’

Denoting the estimate, %(k), of x(k) based on the & data samples

{z(O),z(l),...,z(k)} as X(k), the residual associated with the kth
measurement is

A
r()=20)-HOX(K)  k=0,1,...,0 (2.18)

The fn?st_probable value x(k), that is %(k), is defined as the value
that minimizes the sum of the squares of the residuals. Thus, choose
x(k) so that ’

Al X
EQ =7 %[Z(i) = H()x() Wi [z(i) - H(i)x(i)] (2.19)

is minimized. The elements of the matrixes W(k) are selected to

indicate the degree of confidence that one can place i indivi
e place in the individual

He reasoned that errors in the measurem

. ents would be
11;%ﬁpendent of each other, so the joint-probability density function
of the measurement residuals can be expressed as the

individual density functions P EEPEREt ctie

F(E(0),£(D),...,(r(k)) = £(X(0)) F(r(1))... F(x(k)) (2.20)

del::i:;c,, he argued that the density, f(r(k)), would be a normal

flr(hyy= YW E)

2T P Wr(o] (2.21)

although he recognized that one never obtains errors of infini
magmtlugie. Gauss proceeded by noting that the maximgm otl‘I::I}l::
probqbﬂlty density function is determined by maximizing the
l_oga?lthm of this function. Thus, he anticipated the maximum
likelihood method, which was introduced by R.A. Fisher in 1912 and

has been thoroughly investigated to the present time. Gauss is
minimizing some function of the difference between estimate and
observation, and thus independent of probability theory defined by

Equation 2.19.

Wiener-Kolmogorov: Step to stochastic estimation

Independently, Kolmogorov (1941) and Wiener (1942) developed
a linear minimum mean-square estimation technique that received
considerable attention and provided the foundation for the Kalman
filter theory. They considered the estimation problem when
measurements are obtained continuously, as well as discretely.

Consider the problem of estimating a signal, s(k), possibly time-
varying, from measurements data {z(0),z(1),...,z(k)}, where the s(k)
and the {z(k)} are related to the knowledge of the cross-correlation

functions. Assume that the estimate of s(k), say 8(k), is to be
computed as a linear combination of the measurements, z(i):

k
S(k)y= Y H(k,i)z(i) (2.21)
i=0

The filter gains, H(k,i), are to be chosen such that the mean-
square error is minimized; that is, choose the H(k,i) so that

M(k) = E[(s(k) - 8(k))" (s(k) = 3(K))] (2.22)

is minimized. Wiener and Hopf derived the necessary and
sufficient condition for §(k) to minimize M(k): The error in the

A
estimate §(k)=(s(k) - 8(k)) must be orthogonal to the measurement
data. The expectation in a mean-squared sense is

E[3(kH)z()T1=0 i=0,1,...,k (2.23)

This is the Wiener-Hopf equation for stationary environments,
which is frequently written as

k
Els(0)z() 1= S Hk, DE[z(H2() 1 i=0,1,....k (2.24)
j=0

This equation must be solved for H(k,j) in order to obtain the
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gains of the optimal filter.

'The problem formulated and described here is signi
different f.rom Gauss least-squares problem. First, no fslel‘.ll.ﬁ'rcl;l:iﬂi
that the signal is constant is imposed. The signal can be different at
each k& but can be described statistically by the autocorrelation and
crosscorrelation functions of the signal and measurement data
Secfhud, a ;;robabilistic é;ersion of the least-squares method is choseli
as the performance index rather requiri i
il i sy er than requiring that the estimate

Follin; Recursive stochastic estimation

In 1955, J.W. Follin at Johns Hopkins University suggested a

recursive approach based on the idea that th .
described by at the measurements are

z(k)=s(k)+ w(k)
= H(k)x(k) + w(k) (2.25)

where w(k) is a white-noise sequence. The system state vector,

x k . . . .
fo(n;’ 1s assumed to be described as a dynamic system having the

x(k+1)=A(k)x(k)+v(k) (2.26)

. where v(k) represents a white-noise sequen

mt.tlutwely' reasonable that estimates of s(k +1) (o(i' x(kc-?-'l )iﬁﬁﬁ
derived, given a new measurement z(k + 1), from §(k) and z(k+1)
rather than from z(0),z(1),...,z(k),z(k +1), since 8(k) is based on
the data (z(0),z(1),...,z(k)). This approach gave the foundation for
the .do:velopments that are now referred to as the Kalman filter
Follin's work provided a direct stimulus for the work of Richard
Bucg_y. who _subsequently collaborated with Kalman in the
continuous-time \fersion of the filter equation. Kalman published his
first paper on discrete-time, recursive mean-square filtering in
1960. Ti'le de_velopments, beginning with Wiener's work and
;:lulmmatmg w:];h Kalman's, reflect the fundamental changes that
have occurred in control system theory during this period. In the
clasmcalll control theory", the emphasis was on the analysis and
synthesis of systems in terms their input-output characteristics.

The basic tools used for these probl
Fourier transforms. problems were the Laplace and
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The state-space approach makes use of difference and
differential equations rather than the integral equations of the
classical Laplace and Fourier transforms. It seems to be more
satisfying to work with differential equations since dynamic
systems are generally described in this manner.

2.6.2. Kalman Filter — A Perspective

At this point, let us summarize the Kalman filtering problem. Its
solution will be detailed in Chapter 3. The Kalman filter equations
provide an extremely convenient procedure for digital computer
implementation [Kail68, Sore70]. Using the Kalman filter, one can
develop a computer program directly, requiring little
understanding of the theory that led to its development. There are
well established numerical procedures for solving differential
equations, so the engineer does not have to be worried about this
problem. In contrast, the solution of the Wiener-Hopf equation and
the implementation of the Wiener-Kolmogorov filter must be
regarded as more difficult or there would have been no need for the
Kalman filter. Since Gauss was very concerned with the
computational aspects of least-squares applications, one can
imagine that he would appreciate the computational benefits of the
Kalman filter.

The Kalman filter, which assumes linear systems, has found its
greatest application to nonlinear systems. It is generally used in
these problems by assuming knowledge of an approximate solution
and by describing the deviations from the reference by linear
equations.

The Kalman filter, or Kalman estimator, is a particular state-
space estimator which approximates the state of a discrete linear
system that evolves dynamically. It is a stochastic design model, as
opposed to a deterministic design model, e.g. the Fourier approach.
Figure 2.7 illustrates the basic principles of a dynamic system.

Suppose the Dynamic Signal Model, with discrete-time k, is
driven by two noise sources, measurement noise w(k), and process
noise v(k). The upper left portion of Figure 2.7 indicates the
Dynamic Signal Model that is used to model the input samples, y(k).
In the lower portion, the Kalman filter uses the new input data,
y(k), to produce optimal estimates of the states of the system.
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Fox: both noise sources, the mean value is zero and the
covariances are R and Q. The following conditions are given:

E{x(0)}=xq Var[x(0)]=Py

E(0)}=0 Covlv(k),v»(D]= Q8 (k 1) =diag(ql,42,...)
Ew(0)}=0 Var[w(k),w()]=RS(k-1)=r&(k—1)
Cov[y(k),w(1)]=0 forall k,1

Covly(k),x(0)]=0 Cov[w(k),x(0)]=0 forallk

1fori=0

where &(i)=
0fori=0

da’f;le ?Ez;te egl:;ati:)in, £(§+I}; the modeled and measured input
» Y(k); and the desired output, z(k), are given by a set of th
equations. They are expressed as £ e

x(k+1)=Ax(k)+ Gy (k) (2.27)

y(k)=CT x(k)+w(k) (2.28)
z(k)=Hx(k+1)

(.8 : 2007 =[a(k),b(k),ay (0. by (T ) 2
The goal is to define the optimal estimator of the state equation in
a meag»squalred sense, to determine the Fourier coefficients of the
sinusoid of interest, z(k)" =[a(k),b(k),a,(k),b,(k)]". The input
sarpples, y(k), are fed into the Kalman filter that calculates the
estimates, £(k), of the states, x(k), of the Dynamic Signal Model.

The Kalman filter provides two optimal esti
signal model. ptimal estimates of the state of the

_The first step is to calculate the one-step-ahead prediction
x( k +1), based on the evaluations up to k estimates, (k). The twc:
demg_n parameters for the Kalman estimator are the covariance
matrix, Cov[y(k),v(l)), of the system noise, v(k), and the variance
Var[w(k),w(1)], of the measurement noise, w(k). ’
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Model of the Dynamic System

H —® z(k) w(k)
Measurement
x(k+1)
(k) 3 x(k) E
— + : C
System g g |
Noise
A
Kalman filter H [—# z(k)
(k+1)
ey o1 )
K z-1
Sr\'(k+1)
C =& D) A

One-step-ahead prediction

Figure2.7. Dynamic Signal Model and Kalman filter.

The Dynamic Signal Model reappears, this time in the Kalman
filter, but without the noise sources: w(k) is no longer used and v(k)
is replaced by new input. The Dynamic Signal Model generates, in
addition to the output results, z(k), an estimation of the input vector,
3 (k+1).  (k+1) is the estimate of the input up to k+1. The
estimated input is used to determine the residual error signal,
e(k+1). The error is the difference between the measured input
vector, y(k +1), and its one-step-ahead predicted value, 5~ (k+1).

The error is multiplied by the Kalman Gain, K(k +1), which is a
generalized P-controller for this loop. Depending on the Dynamic
Signal Model used, the Kalman Gain will vary. The Kalman Gain is
dependent on the design parameters. For a certain class of
applications where the statistics of the noise sources is time
invariant. the Kalman gain becomes stationary. This can often be
done, but only if, for both noise sources, the covariances, R and Q,
are time-invariant.
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Various Dynal_nic Signal Models produce different matrices,
A,GH, and a different vector, C. For each of the models, the

estimator is optimal, in the mean-square sense, only if the si
variation follows the assumed model. o © signal

2.7. SUMMARY

In tl}is chapter we have surveyed basic techniques for spectrum
analysis. The most common — DFT, FFT, short-time DFT, and WT
— have been covered but not exhaustively examined.

Discussion has centered on the estimation of the spectral
components of quasi-stationary sinusoidal signals measured in
noise. The investigation is based on non-uniform spacing of
estimated frequencies along the frequency axis. Specifically, time-

frequency analysis and the complexi i i i
y plexity of the operations invol
the algorithms were studied, 3 i

_ Use of a Dynamic Signal Model rather than a Static Signal Model
is preferable because signals measured in noise are stochastic by
nature. A stochastic design (e.g. Kalman theory) incorporates the
dynamics of the s}gnal model by a system noise source v(k) and a
measurement noise source w(k) and therefore offers a?ivantages
over a deterministic design (e.g. Fourier analysis).
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3 . A Kalman Filter

Approach for Short-Time
Spectrum Analysis

Chapter 1 presented the differences between the
methodologies of Dynamic and Static Signal Models.
In Chapter 2, the Kalman filter was introduced.

In this chapter, a stochastic design is used for
spectrum analysis. A detailed discussion of the fime

and frequency characteristics of the Kalman filter is
undertaken,

Sinusoidal signals corrupted by noise are then
considered. For these signals, the stochastic

approach fo spectrum estimation is compared to the
deterministic approach.

ng mathematical models for analyzing sinusoids are
derived, which use a Kalman filter: An Oscillator Signal
Model and a Random Walk Signal Model.

quﬂy, time-frequency analysis is contrasted with
windowed short-time Fourier analysis.

3.1. INTRODUCTION

I_n 1?61, Kalman and Bucy published a powerful recursive
estimation t_echnique, now known as the Kalman filter [Kalm60,
Kalm61]. This filter solves linear system problems: It is the optimal
estimator of the Gaussian noise process and, when the assumption
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of Gaussian noise no longer holds, it is the linear minimum-
variance estimator.

The distinctive feature of a Kalman filter is that its mathematical
formulation is based on state-space equations in the time domain
[Hayk91]. Another important characteristic is that its solution is
computed recursively — each updated estimate of a state is
computed from combining its previous estimate with the new input.
This is unique because only the previous estimate requires storage;
there is no longer the need to store all of the past observed data.

The Kalman filter is computationally more efficient because the
estimate is calculated directly and not at each step of the filtering
process (block processing of data). The Kalman filter is ideal for
real-time implementations and has been applied successfully to
problems in many fields — notably in aerospace and aeronautics.

An adaptive system is one which allows changes in its parameters
according to changes in the environment. Rudolph E. Kalman has
shown that such changes affect only the values of the parameters
and not the structure and order of the ideal filter [Kalm61].

3.2. KALMAN FILTER FORMULATION

Notation

For the most part, we will use conventional notation: 7,¢,¢,,T,...
refer to time; «,B,®,9,... are scalars; x,z,y,v,w,... are vectors; and
A,H,G,C,... are matrices; A prime (') or a T in the exponent
identifies the transposed matrix. For example, x’y is the scalar
(inner) product and xy’ will produce a matrix made up of elements
x;y; (outer product) [Kalmé61]l. The expected value (ensemble
average) is expressed by E{v(#)}. Depending on which is more
convenient, the covariance matrix of two vector-valued random
variables can be denoted by either

E@tw (1)}- EQ(OEW (1)}

or

57




chapter 3. A Kalman Filter Approach for Short-Time Spectrum Analysis

cov[x(t),y(t)]. (3.1)

State-Space Signal Model

In order to apply a Kalman filter, one must be able to describe
the system by a set of state equations (Equations 3.2-3.4). This
linear stochastic system is driven by noise sources, illustrated by
Figure 3.1.

x(k+1) = A(k)x(k) + G(k)v(k) (8.2)
y(k)=C(k)x(k)+w(k) (8.3)

2(k)=H(k)x(k +1)

r r (3.4)
(e.g. : z(k) =[alk),b(k),a,(k),by (k)" )
The state-transition equation (3.2) is a vector containing the

values of the M parameters. These parameters define the state of

the modeled system at each time-increment, k, and is therefore the
state vector.

Matrix A(k), with dimensions M * M, is the state-transition
matrix. Matrix C(k), with dimensions L* M, is the observation
matrix. In this thesis, C(k) is reduced to a vector because only a
one-dimensional input signal, y(k), is measured; thus, L=1.

The Gaussian noise processes, v(k) and w(k), are zero-mean
uncorrelated noise sources. The system noise source, v(k), has the
covariance matrix: Cov[v(k),v(])]. The measurement noise
source, w(k), is reduced, in this particular application, to a scalar.
Its variance is: Var[w(k),w(l)].
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process noise measurement noise
v(k) w(k)

8

y(k)

Figure 3.1. The Stochastic Dynamic Signal Model.

o > 20

A

> x(k+1)

Rk

Figure 3.2. The Kalman filter for the Dynamic Signal Model.

Statement of the Problem

Since input data are available at each time-increment, k, we can
describe the transition from k& to k+1 by the following system
dynamics:

1. Define, for each time-increment, k, the a priori error

covariance, P~ (k+1). The dynamics of the sy_stem
noise source v(k) is introduced by the covariance
matrix Q(k):

P (k+1)=A(k)P(k)AT (k)+ G(k)Q(k)G" (k) (8.5)
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Compute the one-step ahead predicted estimate of

each state variable, £~ (k+1), i.e. before considering
the new input data, y(k):

27 (k+1)= A(K)Z(k) (3.6)

Determine the Kalman Gain, K(k +1), that depends

on the a priori error covariance P (k+1) and the

variance, R(k+1), of the measurement noise source
w(k+1):

K(k+1)=

P‘(k+1)CT(k+1)[C(k+1)P“(k+1)CT(k+1)+R(k+1)r(

The _update of the dynamics of both noise sources
provide a correction to yield the net a posteriori error

covariance, P(k +1). This is the effect of the system
dynamics:

P(k+1)=P"(k+1)-K(k+1)C(k +1)P™(k +1) (3.8)

The ﬁnal_ step is completed by the estimation of each
state variable, f(k+1), i.e. after considering the new
input data, y(k +1). The first order recursive estimator

3.7

To achieve the goal of spectrum analysis of sinusoidal signals,
one must take into account the spectral components that are of
interest. Usually, the amplitude of the signals is time-varying. In
order to obtain accurate estimation results, it is important to track
these time-variations. This can be achieved by selecting a Dynamic
Signal Model that manifests the preferred characteristics of the
selected input signal. In this thesis, two solutions are debated: The
Oscillator Signal Model (OSM) and the Random Walk Signal Model
(RWSM).

3.3. OSCILLATOR SIGNAL MODEL

This approach to sinusoid modeling utilizes hyper-stable
oscillators, each of which corresponds to a well-defined frequency,
f» [Bitm86]. The model generates two signals — a cosine signal
(real part) and a sinusoidal signal (imaginary part) — both with the
same amplitude and frequency.

The state variables of the Oscillator Signal Model, x, and x,,, at
frequency f,, discrete-time k, and sampling frequency f;, can be
expressed by the state-transition matrix, A,, and the system noise
source, v, (k). Equation 3.2 now becomes

provides the corrected estimate up to time & +1. The 2nf, 27,

corrected estimate is composed by the predicted cos—~* —sin—"* 1

estimate, £ (k+1), and the correction term inside the {x"l(k : 1)}= Zfﬂ% 27{7% ,[x,,l(k)} +[ ]En(k) (310
p:arenthesis. The correction term is found by the Sk sin=22 cos =2 | L5 (0 “(”)"

d:ff:erence of the new input sample and the predicted : L "

estimated input sample. The correction term is A,

weighted finally by the Kalman Gain. Together,

Equations 3.5 through 3.9 describe the Kal
[Kalm61]; g ribe the Kalman filter

C is the observation vector and H(k) is the output matrix that
produces the desired Fourier coefficients. If M frequency lines are
estimated the order of A is 2M *2M and the order of C is 1*2M.

¥(k+1)=
E(k+1) Bl The observation and state transition matrix are time independent.
J_”c_(k+1)+K(k+1)[y(k+1)—C(k+1)i‘(k+1)] ' c,=[1 of C-[1 010 I (3.11)
2M
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coszfﬁk sinzfﬁk
H, (k)= g s
in2Tny oo 20, )
s $

To obtain the Fourier coefficients, a,(k) and b,(k) multiply the

estimated state vector, 2(k), by the output matrix H i
& S b k
to Equation 3.4. One obtains P ® e

2, ()T =[a, (k), b, (1T (3.13)

H(k) is time varying and has dimension 2M *2M.

Hy(k) 0 s« 0 Ay 0 .. 0
H(k)= 0 H(k) 0 . A0 A0
i H (k) 0 . . A0
0 0 0 Hy (k) 0 0 0 Ay,
C=[C, € .. €y, C, ]

M: Number of estimated frequency lines

3.4. RANDOM WALK SIGNAL MODEL

With this procedure, each Fourier coefficient i
i nt is a stat
system. The model is simplified to RLS piSthg

[an(k+1)}={xn1(k+l) T O [1 0 v (k)

b, (k+1) X (k+1)| |0 1 an(k):,+[0 1}[‘%2(")] S
— —y—
Ap Gy,

and
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1 0 a,(k+1)
Zn(k)=[o 1][b,,(k+1)} @19

—
H,

The dynamic part of Equation 3.14 is the Random Walk Signal
Model. Two states, a,(k) and b,(k), correspond, respectively, to the
real part and the imaginary part of the Fourier coefficient. Both
parts are driven by the independent noise sources, vy (k) and
vp (k). In fact, A,, G,, and H, are unit matrices. This produces a
reduced set of Kalman equations. The time-variation, that had been
in H,, is now in the observation vector, C,. Each element of the
observation vector is a periodic signal with amplitude's a,(k) and
b, (k). This is shown as

yn(k)=[cos% sinan" ]-l:an(k)]+wn(k)

b (k
fs fi Lok (3.16)

¢l (k) 2 k)
n=0,1,2,...,M'1

In both models, Q and R are diagonal matrices.

do o
Q= : I ; R= A 5 (8.17)
G2p-1 Tam-1
H 0 . 0 Ay 0 .. 0
- 0 H 0 . = 0 A O
. . H_ 0 . . A0
0 0 0 Hy, 0 0 0 Ay,

CH)=[Co(k) C(k) ... Cy(k) Cp (0]

M : Number of estimated frequency lines
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3.5. ERROR COVARIANCE & KALMAN GAIN

In this section, the statistical behavior of the system noise and
the measurement noise on the error covariance, P(k), and the
Kalman Gain ,K(k), is considered. But first, clearly understand the
meaning of covariance, we will consider an example that is easy to
follow.

Visualize an automobile moving with some velocity, in traffic.
The car will accelerate or decelerate, as the driver steps on the gas
or presses down on the brake pedal, according to the randomness of
the traffic. The variations in velocity (the "signal" in this case)
depend on two parameters, the overall system response time
(combination of the driver and the car) and the random velocity
perturbations, introduced by the changes in traffic speed. When
noise processes are assumed to be stationary, both the variance of
the car and the variance of the traffic are assumed to be
independent of time.

In practice, noise processes are commonly assumed to be
stationary, i.e., their statistics do not vary with time — Q and R are
not related to k. Furthermore, the noise processes are uncorrelated,
resulting in diagonal matrices.

The error covariance matrix is found recursively, using Equations
3.5, 3.6, 3.7 and 3.8. In our application the covariance matrix of the
system mnoise, Q=E[(v(k)¥'(k)], and the variance of the
measurement noise, R= E[(w(k)w' (k)], are stationary.

As shown in Figure 3.3, the error covariance of the Oscillator
Signal Model converges on a constant value as the Random Walk
Signal Model converges on a constant value that is modulated by a
periodic function. The periodic component is explained by the
observation vector, C(k), described by sine and cosine functions
with frequency, f, described by Equation 3.16. Figure 3.3 is a
graphical representation for q/r=0.01 of the 500 Hz component (see
paragraph 3.6)

The Kalman Gain (KG), K(k+1), expressed by Equation 3.7,
becomes stationary as k— . Figure 3.4 is a graphical
representation of KG. As k increases, KG grows asymptotically,
until a stationary value is found. KG becomes a time-invariant,
diagonal matrix when applying the OSM and a stationary, periodic,
diagonal matrix concerning the Random Walk Signal Model.
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Error Covariance: Oscillator Signal Model
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Figure 3.3. Error covariance for stationary noise processes.
The dotted line is the a priori error covariance; the
solid line is the a posteriori error covariance.
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3.6. FREQUENCY DOMAIN

In this segment, the frequency behaviour is studied in detail. To
compare the Kalman technique to the Fourier approach, the
frequencies are spaced equidistant. The frequency response of a
Kalman estimator, configured to estimate the first 21 spectral
components, is shown in Figure 3.5.

An example of the set-up for the time-frequency analysis we will
now discuss, is:

* sampling frequency: 3.2kHz
* estimated frequencies: 0, 50, 100, ... 1000 Hz (21 freq.)
+ Kalman filter order: 42

* design parameters q/r: 0.1, 0.01, 0.001, 0.0001, 0.00001

The side-lobe suppression is tunable, as a function of the design
parameter, g/ r, and does not depend on the filter order. Figure 3.5
is a plot of the frequency response of the Oscillator Signal Model at
0 Hz, 2560 Hz, 500 Hz, and 750 Hz. For each plot, the design
parameter decreases from 0.1 to 0.00001, and with each reduction
the Kalman filter suppresses more of the side-lobe effect. This is

true for any type of signal model, but the amount of suppression
differs for each model.

The frequency responses produced by the Kalman filter can now
be compared with the responses associated with classical Discrete
Fourier Transform. A 64-point DFT with a rectangular window has

the same frequency curve as the Kalman filter at design parameter
0.1.

Hence, the Kalman approach offers superior tunable side-lobe
suppression. Furthermore, the tunable shaping of the curve is more

effective than the windowing functions that can be applied with the
DET (refer to Figure 2.1).
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Oscillator based Spsctrum Estimator for OHz
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Figure 3.5. Frequency response of the Oscillator Signal Model.

Design parameters: 0.1, 0.01, 0.001, 0.0001, and
0.00001.

67




chapter 3. A Kalman Filt i ] | I
n Filter Approach for Short-Time Spectrum, Analysis chapter 3. A Kalman Filter Approach for Short-Time Spectrum Analysis

Random Walk Signal Model versus Oscillator Signal Model

Changes in the desi i

. gn parameter dramatically affect th
curvature, of the maln—lpbe especially, As ¢/ r lznacmnessy smaller, thg
main-lobe becomes thlr'mer and narrower, focusing in en,the
considered frequency. This can be seen in Figure 3.6. The Oscillator

Signal Mod i
Signnal - :))d :]l. requires a larger ¢/ r value than the Random Walk

For a given set of covariances, the Oscillator Si i
better side-lobe suppression than the Rancllirzlr?l I\YIV(e)lcllli1 %2211215
E‘urthermore, this difference increases as the design paramete:l

ecomes smgller. In Figure 3.6, the side-lobe gain, when the design
parameter is 0.00001, is approximately 5 dB greater with the
oscillator. When the time domain is examined, it will becom
apparent that this relationship is inverted. ’ :

Random Walk versus Oscillator Modei: Estimated Frequency 500Hz
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Figure 3.6. Frequency response: Oscillator Signal Model
versus Rar'ldom Walk Signal Model. Estimated
frequency is 500Hz; q /r= 0. 1, 0.001, and 0.00001.
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Roll-off Rate

The roll-off rate is the slope of the decrease in the side-lobes. The
roll-off rate is independent of the design parameter, gq/r. To
compare the roll-off rates of the Kalman and Fourier approaches,
the frequency response is drawn in a logarithmic scale for the 0 Hz
(DC) component. As with the Fourier-based approach, which uses
the rectangular and Hamming windows (see Table 2.4), the roll-off
rate with the Kalman approach is -20 dB/decade.

The peak side-lobe level is tunable, ranging from -16 dB for
q/r=0.1 to -37 dB for q/r=0.00001. Side-lobe suppression can be
further improved as g/ r continues to decrease. But, the Kalman
Gain coefficients will become very small, possibly complicating
finite arithmetic problems for fixed point implementations.

At design parameter 0.1, the Kalman approach corresponds to
the 64-point DFT rectangular window; and 0.00001 coincides with
the 128-point DFT Hamming window. The 128-point DFT Hanning
window achieves a better roll-off rate of -60 dB/dec, but its peak
side-lobe level reaches only -31 dB. However, the Random Walk
Signal Model has a tunable side-lobe maximum, that is -37 dB for
q/r=0.00001, and can be improved even further if the design
parameter is reduced. The windowed DFT approach, with its fixed
characteristics, cannot be enhanced through tuning.

3.7. TIME DOMAIN

The foregoing discussion illustrates the parametrization of the
design parameter by adapting the covariances of the noise sources
to the Kalman approach. As g/ r decreases the convergence (time it
takes to determine the correct results) increases. The number of
iterations necessary to estimate the convergence on the magnitude
of the sinusoid is called the tracking time. This is analogous to the
time needed to estimate the real part and the imaginary part of the
Fourier coefficients.

Figure 3.8 shows the tracking of both the RWSM and the OSM
for a sinusoid with amplitude 1, and frequency 500 Hz. Three
different design parameters are exemplified.
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Table 3.1. Number of Iterations Required to Track a Sinusoid
(estimation error fixed at 0.01)
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b) Rolloff DFT Windowing Funcllons
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Figure 3.7. Roll-off rate: (a) Random Walk Signal Model.

(b) windowing functions.

a) Time Analysis: Random Walk versus Oscillator
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[# of Iter.] | g/r=1E-1 | g/r=1E-2 | ¢/r=1E-3 | q/r=1E-4 | ¢/r=1E-5
RWSM 74 125 260 760 2380
OSM 105 150 355 1070 3360
speed factor 1.41 1.2 1.36 141 1.41
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(frequency = 500 Hz).
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Figure 3.9. Graphical representation of Table 3.1.

For a given set of design parameters, the Random Walk Signal
Model converges to correct results more quickly than the Oscillator
Signal Model. Table 3.1 and Figure 3.9 summarize the number of
iterations required to track a sinusoid, at fixed estimation error
0.01. One possible interpretation of the faster tracking capability
can be found in the second noise source, introduced inside the
Random Walk Signal Model. That second noise source introduces a
factor of V2 compared to the Oscillator Model. In Table 3.1 the
faster tracking is shown by the speed factor.

3.8. ESTIMATION IN NOISE

In order to compare the Dynamic Signal Model to the Static
Signal Model (see Figure 1.2), a detailed study of sinusoidal signals
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Table 3.2. Mean-Square Estimation Error (EEns) as a
Function of the Signal-to-Noise Ratio.

Noise [EEms] -105dB | -85dB | -65dB | -45dB | -256dB | -5dB

RWSM
g/r=1e-1 8.1e-7 | 1.1e-5 | 7.3e-5 | 1.1e-3 | 1.0e-2 | 8.1e-2
g/r=1e-3 6.1e-7 | 8.6e-6 | 5.6e-5 | 8.6e-4 | 7.9e-3 | 5.9¢-2
g/r=1e-5 4.1e-7 | 3.0e-6 | 4.7e-5 | 3.3e-4 | 1.4e-3 | 1.8e-2

OSM
a/r=1e-1 7.9e-7 | 1.0e-5 | 7.2e-5 | 1.1e-3 | 1.0e-2 | 7.9e-2
g/r=1e-3 5.2e-7 | 7.8e-6 | 5.1e-5 | 7.7e-4 | 6.7e-3 | 5.1e-2
q/r=1e-5 3.8¢-7 | 3.3e-6 | 5.0e-5 | 2.8e-4 | 1.2¢-3 | 1.4e-2

64-pt. short-

time DFT 9.0e-7 | 1.0e-5 | 7.9e-5 | 9.4e-4 | 9.0e-3 | 1.0e-1
rectangular
window

128-point
short-time DFT | 8.5e-7 | 8.3e-6 | 7.8e-5 | 8.0e-4 | 7.9e-3 | 7.4e-2

Hamming

wind.

192-point
short-time DFT | 7.2e-7 | 7.6e-6 | 7.4e-5 | 7.7e-4 | 6.8e-3 | 6.9e-2

Blackman

| wind.

corrupted by noise has been conducted. The research is based on
a sinusoidal signal at 500 Hz, corrupted by an additional, random,
zero-mean, white noise source. The noise level varies between -105
dB and -5 dB, with increments of 20 dB. Table 3.2 is a summary of
the simulation results obtained with the MATLAB simulation tool,
run on a SUN SPARC 10 computer. An equal number of frequency
lines has been chosen to allow for comparisons between the Kalman
approach and short-time Discrete Fourier Transform. The sampling
frequency is the same as before, 3.2 kHz; the frequency lines are
placed along the frequency axis between 0 kHz and 1.6 kHz (Af= 50
Hz); and the main-lobe width is fixed at +Af= 50 Hz.

Three different windowing functions are used for the short-time
DFT: The 64-point rectangular window, 128-point Hamming
window, and 192-point Blackman window. The window sizes that
have been selected all have the same main-lobe width.
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Figure 3.10. Graphical representation of Table 3.2: Kalman
approach versus short-time DFT.

Identical input signal are applied to the Kalman estimator and
the windowed short-time DFT.

The design parameter selected allows for a comparison to be
made between these results and those obtained in the time and
frequency domains.

The EEms for the short-time DFT is computed for 48 overlapped
frames (50% overlap) while the Kalman EEns is computed for 256
stationary samples.

The Blackman window has the lowest estimation error and is
thus the preferred short-time DFT window. In Figure 2.1, we saw
that its suppression of the side-lobe's is greatest and its main-lobe
curve is the narrowest. There is only a minimal difference between
the estimation errors for the Hamming and rectangular windows.

Of the Kalman approaches, the Oscillator Signal Model is only
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somewhat better than the Random Walk Model. Nevertheless, both
are superior to the short-time DFT windows. The tuning of the
noise source covariances, simultaneously altering the design
parameter, effects an increase in noise smoothing. This leads to
better estimation results.

For example, when ¢/r = 0.00001 and the noise is at -5 dB
(strongly noisy measurements), the Oscillator Signal Model
prosluces an estimation error of 0.014. The Blackman window
achieves an error of only 0.069 under the same conditions. Thus,
the exceptional performance of the Kalman approach, in this case
almost five times more effective in noise, is highlighted.

3.9. SUMMARY

This chapter focused on the design of Kalman filters and
gpectrurq estimation of sinusoidal signals corrupted by noise. After
introducing the stochastic approach and its design, two signal
models were applied to the Kalman filter. Both were analyzed in
th_e tirrlle and frequency domains. Then, a detailed study of
windowing functions was undertaken to prepare for a comparison of

the stochastic approach to the well-known Discrete Fourier
Transform.

An important characteristic of the classical Fourier approach is
that the window length, N, and the applied window function,
rectangular, Hamming, Hanning, Blackman, or others, completely
determine the time and frequency behavior. The goal of the window
1s to minimize both the peak side-lobe level and the roll-off rate.

The main-lobe width is a function of the window length, N. The
number of san}p!es considered in the window frame determines the
number of equidistant frequency lines that will estimated.

The estimation error as function of the noise level was then
explored. So that results could be compared, the main-lobe width
was fixed for the three windowing functions. Results show that the
Blackman window achieves the best estimate, surpassing the
altr_ernative rectangular and Hamming windows. A 30% gain in
estimation error is attained by the -60 dB/dec roll-off rate of the
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Blackman window.

The classical DFT gives correct results only after the computation
of a complete window length (block data processing). The tracking
parameter, in this case, is the window-length, N. As more samples
are taken into account, the tracking time will be increased. The
Blackman window requires 3N samples for a fixed main-lobe width;
the Hamming window, 2N; and the rectangular window, N. The
relationship between tracking time, ttrqck , and window-length, N,,,
where 75 is the sample period, is

tfrack= NwTs (3 18)

Even when only a few frequencies will be estimated, an
application could require a high N to reach the desired resolution.
Besides, when FFT is implemented, N has to be in the set, 2%, for
all integers, z; otherwise, a DFT algorithm will have to be used.

The interesting characteristics of the Kalman estimator are the
tracking speed and the frequency response. They depend on the
covariance matrices, Q and R, or, more specifically, on the design
parameter. The Kalman estimator is tracking on the true values
more slowly than DFT windowing, though its frequency response is
completely tunable. Additionally, there are no constraints on the
range of frequencies or the distances separating them. At each
estimated frequency, a design parameter, q/r, shapes the selectivity
of the main-lobe and the amount of noise rejection (roll-off rate of
the side-lobe): A small design parameter increases selectivity and
side-lobe rejection, but with a slower tracking speed — this
necessitates a stationary signal. The selectivity of the frequency
response is also determined by the relative position of its
neighboring frequencies. Thus, increased selectivity can be
achieved, even for higher values of ¢/ r.
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4.1.

INTRODUCTION

It was shown in Chapter 2 that a dynamic system is driven by
noise sources. Scrutinizing Equations 3.5-3.8, it is clear that the
error covariance matrices and the Kalman Gain do not depend on
the input signal, y(k).

Referring once again to the traffic example from section 3.5, each
type of traffic condition, from a Formula 1 auto race to city
circulation, has its own time-invariant covariance, determined by
the randomness of the situation. Similarly, the sinusoidal signals
that are estimated in many applications exhibit this stationary
random process.




chapter 4. Steady-State Kalman Estimator

Dynamic systems considered in this work have a time invariant
stochastic nature, Consequently, this is expressed by a constant
covariance of the system noise source v(k) and a constant variance
of the measurement noise source w(k) leading to time invariant Q
and R matrices,

The stability condition is that the state-transition matrix, A, is
asymptotically stable. Normally, the error covariance, P(k +1), is
time-varying. However, under this assumption, the Lyapunov
Equation has a steady-state solution for large k. This steady-state
covariance satisfies the Lyapunov Equation

P=APAT + GRGT (4.1)

As k increases, the state, x(k), becomes a stationary Markov
process, This is called the statistical steady state. When the stability
condition does not hold, the state-transition equation is unstable and
therefore the covariance, P(k + 1), increases without bound,

4.2, STEADY-STATE KALMAN FORMULATION

The Kalman filter has a transient part and a steady-state part.
The transient part is the number of iterations needed to track the
results,. When the correct estimates have been found, the steady-
state part has been achieved. The steady-state Kalman estimator
offers a set of steady-state Kalman Gain (steady-state KQ)
coefficients, K, (k) and K, (k), for each estimated frequency line,
with index, n.

Under the assumption of stationary random process, the error
covariances tend to stationary functions. Consequently, the error
covariance matrices and the Kalman Gain can be computed off-line
(in advance). In particular, the matrix multiplications and the
matrix inversion can be transferred from real-time to off-line
calculation. Thus, the real-time computational complexity of the
steady-state Kalman estimator is exorbitantly reduced.

The a priori and a posteriori error covariance equations and the
Kalman Gain equation can be computed in advance. All three
equations are independent of the input data. The number of
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i i has been reduced from
ions needed to determine the estlmat_es . .
?i(\lrl;ag)ortlwo. The remaining set of equations for the steady-state

Kalman estimator are:

Time-update (affect on system dynamics)

« Predicted estimate: £ (k+1)=A(k)x(k) (4.2)
Measurement-update (effect of new input data, y(k))
+ Corrected estimate:
#k+1)=2(k+1)+
K(k+1)[y(k+1)—C(k+1);_%‘(k+1)] (4.3)

Extraction of the Steady-State Kalman Gain

i i he steady-state KG
i the Oscillator Signal Model, t _
cogfgi:riiegnts are constant; using the.Rar}dom Walk Szgnal Model, the
coefficients consist of a linear combination of functions,

] onf
' cos 2%y k, smf—"k "
S

N

i i i 1 is being considered, the
Depending on which signal mode. '

extrar():tion ogf the steady-state KG differs. With the O?g/ii,c;;ﬁe

extraction is straight-forward because the KG grows asymp y

until the steady-state is achieved.

With the RWSM, there exist two methods_for extrz}ct'lng thg
steady-state KG because the steady-state KG is a set of sine an
cosine functions:

1. The steady-state KG can be rebuilt from at l_east one-fourth of
' a period, stored in a look-up table. Bear in mind, the phasl(le B
and amplitude of each estimator must be carefully matched.

into the sum of two
. Decompose the steady-state KG into ‘
? harmoxIl)ic signals (Equation 4.6). One can see that this
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formula is simply the Fourier series of the corresponding

signal 4.3. STEADY-STATE OSCILLATOR SIGNAL MODEL
PV ;
®= 2”7 i fs = sampling frequency (4.5) The signal flow graph of the steady-state Oscillator Signal Model
' is shown in Figure 4.1. The set of equations that describe the signal
flow graph is
asin(®k + ¢;) + beos(®k + @, ) =Vc? + d? sin(Dk + @)  (4.6) et
error(k)=y(k)= ¥ wy; (k) (4.14)
c=asin(g,;)+bcos(p,) (4.7) g’) !
o
d=acos(@,)~bsin(gp,) (4.8)
wii(k +1)= error(k) - K1i + wii(k) - cos(Qi) — w2i(k) - sin(€i) (4.15)
Q= arctg£ and @ = arcsin = (4.9)
d ;cz +d* . wai(k +1)= error(k)- K2i + wii(k) - sin(Qi) + wai(k) - cos(Qi) (4.16)
|
To identify the amplitude of the steady-state KG, ¢, and ¢, ai(k)=wli(k +1)-cos(kQi) + w2i(k +1) - sin (kQi) 4.17)
are assumed to be zero, and B and a are substituted for ¢ and b,
respectively N
bi(k)=wii(k +1)-sin(kQ:) — w2i(k +1) - cos (kL) (4.18)
a cos(®k) + Bsin(@k) =Vc? + d? sin(Dk + p) (4.10)
c=b=qa (4.11)
d=a=8 (4.12)
9= arcz‘gg and ¢= arcsin ——2— (4.13)
B Va2 +p? .
For real-time implementations, the second option is best because
only two coefficients are stored in the look-up table for each
estimated frequency.
The overall steady-state KGs, for the RWSM and for the OSM,
are tgbulated in the appendix at the end of the chapter. A careful
examination of the results reveals that the magnitude of the
Kalman Gain decreases for smaller design parameters.
& 81
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Figure 4.1, Sa_'gn.al flow gmpi; of the steady-state Oscillator
Signal Model (estimated sinusoid: Q; =2xf, / f.).
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Figure4.2. Signal flow graph of the steady-state Random
Walk Signal Model.

4.4. STEADY-STATE RANDOM WALK SIGNAL MODEL

For each estimated frequency, a periodic set of steady-state
Kalman Gains, K;;(k) and K,;(k), is defined. A linear combination of
two functions, cos(k2nf, / f,) and sin(k2nf; / f,), with amplitudes «;

and B, respectively, form the KGs. By applying Equations 4.10-4.13,
the KGs can be calculated.




chapter 4. Steady-State Kalman Estimator honter 4. Steady-State Kal R
chapter 4. Steady-State Kalman Estimator

Table4.1. Number of Iterations Required to Track a
Sinusoid (estimation error is fixed at 0.01).

Number of Iterations
Design 0.1 0.01 0.001 | 0.0001 | 0.00001
Parameter
RWSM 53 118 257 757 2369
Steady-State 44 105 226 660 2087
RWSM
OSM 95 142 353 1067 3351
Steady-State 78 126 310 929 2913
OSM

The signal flow graph of the steady-state RWSM is pictured in

Fig‘ure 4.2. The set of equations that describe the signal flow graph
is

M-1
error(k)=y(k)— 3 wy; (k)- cos(kC2;) + wy; (k) - sin(k€;) (4.19)

i=0

¥~ (k)

4;(k)=wy; (k+1) = error(k) - cos(k€2; )¢
+error (k) - sin(k;)B; +wy; (k) (4.20)
l;,-(k) =wy;(k+1)=error(k) -sin(kQ;) o

—error(k)-cos(k€;)B; + wy; (k) (4.21)

The frequency characteristic of each

) steady-state Kalman model

:.?1 comparable that of its corresponding on-line algorithm. However,

: (?, time charactemstm 1s not analogous. Due to the pre-calculated
coefficients, the algorithms have faster tracking speeds.

Tracking 2000

V[ 11]]T]

& =5
Design 1 = m & ¥ 8 Zas
Parameter & & TL = = 2 as g8
S & o= Lo g
S & B2 2
S L BIE &
Q
S &

Figure 4.3. Graphical representation of Table 4.1.

4.5. COMPUTATIONAL PERFORMANCE

There are a number of important points to remember when real-
time algorithms are involved. For DSP and ASIC implementations,
the computational requirement of each steady-state Kalman
estimator is extracted. Using Equations 4.14-4.21, the number of
variables, coefficients, and arithmetic operations necessary to
execute the estimators can be enumerated. The results are summed
in Table 4.2 (M refers to the number of spectral components).

The most important advantage, which distinguishes the Kalman
models, is that the computational requirements are linearly related
to M. For all DET algorithms, the number of arithmetic operations
is exponentially related to M.

i
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D

Table4.2.  Arithmetic Operations and Memory
Requirements for Variables and Coefficients.

Oscillator Random Walk
Signal Model Signal Model

# operations | 10 Mult + 7 Add = 17M | 8 Mult + 6 Add=14 M

# variables 2M+1 2M+1
# coefficients aM 2M
sin, cos table sin, cos table

Because computation with the steady-state RWSM is 11% lower
than with the OSM, it is recommended for high-performance
applications (those with many frequency lines and a high sampling
frequency).

The Kalman approach is an iterative calculation method, while
most Fast Fourier Transforms are block data methods. Because no
input data block has to be stored, the steady-state Kalman estimator
features low memory occupation. Both models require sine and
cosine tables and thus memory space must be reserved for them.
However, this drawback is often negated because most general
purpose Digital Signal Processors contain the tables on-chip, in a
dedicated ROM. If the target implementation is ASIC, the tables are
not available (memory space must be provided).

In Table 4.3 computational performance of both steady-state
Kalman estimators and two very efficient Fast Fourier Transform
algorithms, Radix 2 and split-radix FFT, is tabulated. Remember, to
obtain a certain number of lines, M, a N =2M-point FFT is
required. The frequency lines are spaced equidistant on the
frequency axis, ranging from 0 to f, /2. More detailed information
about FFT algorithms can be found in [Kunt91].

A computational procedure that somewhat more efficient than
the direct method or the FFT algorithms is called the Goertzel
algorithm [Oppe75]. It is a method commonly used when only a
small number of frequency lines is desired. The computational
performances are comparable to the OSM but can be seen still as a
block oriented computation method. Results are available only after
the complete
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le4.3. Number of Additions and Multiplications as a
Tab Function of the Number of Estimated Frequency

Lines.
# 16 32 64 128 256 512 | 1024
estimated
lines
(N/2 for
FFTs)

Steady-St. | 112 | 224 | 448 | 896 | 1792 | 3584 7168
RWSM

Steady-St. | 136 272 544 | 1088 | 2176 | 4352 | 8704

0sSM |
Radix 2 | 496 | 1296 | 3216 | 7696 | 17926 | 40976 | 92176
FFT *

Split-Radix| 456 | 1160 | 2824 | 6664 15368 | 34824 | 77832

FEFT *
* results from [Kunt91]

100000 - =39
#5t-St RWSM T
® St-St OSM
ARadix 2 FFT %
10000 4 xSpht—RadlxiFT
Number of f
add. &
multipl.
1000 -
&
100 -—%
10 100 1000

Number of estimated frequency lines

Figure 44.(a) Graphical representation of Table 4.3.
(a) FFT algorithms versus steady-state
Kalman estimaters. Logarithmic scale.
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Figure 4.4.(b) Graphical representation of Table 4.3.
(b) FFT algorithms versus steady-state
Kalman estimators. Linear scale.

computation of a data block, N. The manner how the results are
computed is done in a recursive way. However, because this
formulation is recursive, there are difficulties due to quantization
e.ffects. In particular, the variance of the computational noise grows
linearly with time. Thus, the Goertzel algorithm must be reseted
after a certain time. Thus, on-line running is not affordable. This
draw-back leads us to not consider the Goertzel algorithm in this

work. Detailed studies about Goertzel algorithm can be found in
[Cove91].

The tracking time for the steady-state Kalman estimator
corre.sponds to the length of the window used in classical short-time
Fourier transform. There exists a direct positive relationship
between the number of arithmetic operations gained and the

number of frequency lines estimated, comparing the steady-state
RWSM to the split-radix FFT. Y

The gain i_s 4 for 16 estimated frequency lines, increasing to 10.8
for 1024 estimated frequencies (see Figure 4.4). The gain variation
is a result of the linear dependence of the Kalman approach and of

the logarithmic dependence of the FFT algorithms [Kunt91,
Jack86].

4.6. FINITE WORDLENGTH ANALYSIS

For any application, the goal is to find a solution that can be
realized in fixed-point arithmetic units. In relation to a floating-
point, the chip area is smaller and the execution speed is faster. This
thesis focuses on fixed-point silicon (e.g. ASIC) and fixed-point DSP
software implementations. In most cases, an ASIC implementation
on silicon is an optimized solution. To minimize the finite
wordlength effects, and thus increase arithmetic precision, many
bits are needed. However, increased silicon area is very expensive.
Therefore, a trade-off must be made between silicon area and finite
wordlength effects.

When working with a finite number of bits, overflow and/or
quantization occurs. To simulate the finite wordlength effects, the
high level language that is utilized must offer the possibility to apply
various overflow and quantization characteristics. The DSP
specification languages that have been developed over the past ten
years are: Assembly language provided with the preferred DSP
processor; hardware description languages, VHDL and Verilog; and
high-level languages, Pascal, C, and ADA. Unfortunately, all of
these general purpose languages have specific problems and cannot
offer a solution to all of the major requirements imposed by the
nature of DSP algorithms. An alternative would be to use one of the
hybrid languages that some hardware and software vendors have
been developing. But, none of these provides a complete solution,
either.

Data Flow Language (DFL) covers the most important
requirements. It not only offers a range of powerful constructs for
DSP algorithm specification, but furthermore, it is a front end for
hardware synthesis and assembly code generation for both fixed-
point and floating-point processing.
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4.6.1. Introduction to Data Flow Language

Data Flow Language is used as the behavior specification language
for DSP Station™. It is an extension of the silage language, version
2.0, that was developed in 1984, at the University of California at
Berkeley, by P. Hilfinger, as the DSP specification language for
silicon compilation tools. Silage has been used in advanced research
on silicon compilation at Berkeley (Philips Research Laboratories),
Eindhoven (the Netherlands), and at IMEC (Leuven, Belgium).
Research has extended the DFL to a point where it has become a
powerful tool for expressing data flow in DSP algorithms.

It has become popular to graph DSP algorithms, forming a signal
flow graph. This is exemplified in Figure 4.5.

Nodes represent instances of primitive functions (such as
addition, multiplication, and delay) and lines connecting the nodes
represent the path followed by data.

The language that is chosen must be able to describe the data
path, and not the execution order of the operations. In the latter
case, control flow semantics are implied, that is, an imperative
sequence of operations performed on memory locations. An
advantage of the data flow representation is that no explicit
statements are made about the order or concurrence of the
operations,

A common textual specification of data flow semantics is an
applicative language: A language whose fundamental operations
are primitive functions, and which has no variables or assignment
operator. DFL is one such language, with signals as its basic data
objects. A DFL program consists of a set of signal definitions, not
individual signal assignments.

A DFL program, derived from the data flow graph in Figure 4.5,
is given.

D h
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Figure 4.5. Signal flow graph of the steady-state Oscillator
Signal Model.

Corresponding DFL program:

/* signal & coefficient wordlength definition*/

#define IW  fix<20,18>

#idefine CW fix<20,18>

#define AW fix<20,18>

#tdefine OW  fix<20,18>

/* coefficients*/

#define  cos(Qpn) CW( 0.99518472667220 )

#define  sin(Qn) CW( 0.09801714032956 )

#tdefine Klp CW( 0.14080423564252 )

#define K2p CW( -0.03365454047474 )

/* main DFL function */ .

func kalman_osc ( IN:IW ) A_sqrn: OW =

begin
error = AW( IN - sum_wl@1 );
wln = AW( error * Kly, - sin(Qn) * w2n@1 + cos(Qn) * wln@1);
w2n = AW( error * K2p 4+ cos(Qn) * w2n@1 + sin(Qp) * wla@1);
A_sqrn = OW( wlpy * wlp 4+ W2n * w2p ),

end;

Each signal is an ordered sequence of values sampled in the time
domain. Delayed signals are denoted by @k, where k indicates the
number of time frames that the signal is delayed. Normally, each
value is taken on a regular-time basis. A DFL algorithm describes a

91
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synchronous data flow system. A synchronous data flow system
imposes the additional constraint that all data arrive at the inputs at
the same time. The arrival frequency of the data is called the rate.
Thus, all data arrive at the same rate in a synchronous data flow.
Thereafter, a compiler can determine the order of the operations in
the program. The set of values, derived from different input signals
that arrive at the same moment, is called a frame. For each
execution of the DFL algorithm, a new frame is defined. The
concept of synchronous data flow can be easily extended to include
multirate signals and irregular rate signals. DFL generally accepts
many other types of casts — "float", "int," and "unsigned" are
examples. For more information on these and other casts, refer to
[DFL92].

The keyword, "fix<w,d>," optionally followed by the length
parameters for the bit representation, is between angle brackets.
" fix <13,9>" is shown in Figure 4.6. The length parameters indicate
a wordlength, w, which corresponds to the total number of binary
digits, and a fractional length, d, for the binary digits to the right of
the binary point (fractional bits). " fir<w,d>" can be used to
represent values of the set 2-dn, where -2-W-1< n<2-w-1,

Overflow Characteristics

Overflow, the effects on the Most Significant Bits (MSBs) of a
signal, is shown in Figure 4.7. The largest acceptable input signal is
the largest possible input signal that does not cause overflow inside
the algorithm. To find this input signal, a norm calculation must be
performed. A norm is a well-defined criterion that helps to make
predictions about the necessary wordlength of an observation signal.
The norm calculation estimates the maximum signal excursion for
an observation signal. Consequently, the number of MSBs that are
needed to avoid overflow can be determined.

The impulse response, h;(n), is defined as the response of the
observation signal, j, when the node, i, is driven by a discrete-time
impulse. The frequency response, Hj;(jw), between i and j is the
transfer function, H;j(z), evaluated on the unit circle.

T
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Figure 4.6. Fixed-point bit representation.

L, norm is the worst-case norm. The signals observed inside the
algorithm cannot have a greater magnitude. It is the upper
bound for the signal magnitude excursion for ?ll qbserved
signals. The applied input stimulus is a discrete-time impulse.

L= 3[mm| (4.22)
y n=0

L, norm is the upper bound for the signal er.lergy‘of the
observation signal. The applied input stimulus is a discrete-
time impulse.

L, = 3 |my(mP (4.23)

n=0

norm is the upper bound for the signal magnitude excursion
of the observation signal. The input signal is a sinusoidal
stimulus, with amplitude 1. The L., norm is calculated in the
frequency band, [®w1, w2].

Ly, = Max|Hy(jo)| 5 withay , @, @ (4.24)

The L, and L, norms are calculated in the time domain; thg L.
norm in the frequency domain. For instances when the positive
numbers are outside the range of values that can be represented,
signals must be scaled and/or the overflow characteristics must 'be
defined. However, overflow correction and scaling both require
extra hardware on chip at each operation where overflow occurs.
Scaling calls for extra instruction cycles; overflow correction
introduces one extra bit for each add and subtract operation.
Consequently, the circuit wordlength is increased and logic, for
overflow detection and correction, will be added.
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If no overflow characteristic is specified, a signed fixed-point two's
complement arithmetic will automatically wrap around if overflow
does appear. If this happens, the sign bits are wrapped around and
large scale limit cycles are created inside a DSP algorithm, as
shown in Figure 4.7.

The input values are situated on the x-axis and the overflow
corrected values on the y-axis. For each graph of Figure 4.7, the
ideal characteristic is represented by the diagonal line. The
keyword, "saturating," specifies that the output is saturated to the
largest possible positive magnitude in the case of positive overflow
and to the largest negative magnitude in the case of negative
overflow. The error that is produced is small and no large scale limit
cycles are generated. For fixed-point two's complement arithmetic
implementations, saturation is recommended. The keyword, "zero-
saturating," means that the output is forced to zero in both cases,
positive and negative overflow.

Quantization Characteristics

Customarily, signal processing of digital systems is intended for
linear operations. Inside an algorithm, the required linearity can
only be achieved to a certain degree. The amount of deviation from
the linear behavior can be minimized by selecting sufficiently long
binary wordlengths for the signals inside the algorithm. One of
these large scale non-linearities was previously discussed, alongside
overflow. Yet, typical finite signal wordlength effects remain, which
cause a digital system to generate noise, due to quantization effects,
These small scale limit cycles can affect the dynamic range and,
even worse, the stability of a digital system.

wrapped saturation zero saturation

+max +max

oo gt -max

Figure 4.7. Overflow characteristics.
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Figure48. Quantization characteristics.

it is standard procedure to investiggte thgse ‘ﬁmte
signgpir:ri?;’e;gﬁ effects by ;?erform_ing a bit-true :551111ulat',lotrll1 mtthz
time domain. The behavior of the digital system de'pepds 0111 zc gg}r
of quantization characteristics, whet.h_er or not _11m}1; r:'_';rc Pfé £ th;
and at which level the remaining quantization noise 1s 53 ua . S
commonly used quantization methods are rounding and truncation.

it i i i ition is the
ding: The truncated bit in the highest bit posi :
Rouﬁ;oun%‘i'-bit." It is added to the next Least Significant Bit (LSB)

with an adder block.

Truncation: Truncation can be realized by elim.inatlng the.
e::g;::eous bits from the LSB side. Trgncatlon to zero is czlled
sign-magnitude truncation. For negative _valu'es, 1tfmust e
checked if one or more of the truncated bits differ rom zerlo. .
When this situation arises, a "1" must be added to the signal a

the position of the new LSB.
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4.6.2. Numerical Performance of the Steady-State OSM

The discussion now will focus on the an i
alysis of the numeri
pf.rf‘og-mance of the steady-state Oscillator Signal Model.e r';ri:i;
a gorl_thm \:-FIII be chosen for a bit-serial Mistral 1 ASIC
implementation and presented in details in Chapter 6.

The design parameter for the steady-state OSM has been chosen
at 0.1. The sampling frequency is at 3200 Hz. Input and output
wor@length is of type fix<16,15>. The considered target
architecture uses fixed-point arithmetic. Therefore quantization
occurs and internal noise sources will alter thé signal. The

extraction of is 1 i insi 1
=l of the analysis results is done inside DSP Station™ using

wi1_0
_Kzn = w2_0
Wy
gl «k W W
yik) 54 %5 sin(Q 20
HEH TRl
41 1 cos(Q cos(Q,)
sum_wi1 Y sin(Q,) —
T =}—
{ .
T
[
1
wi_i
Ka- - w2_j
w
-1

Fan

- relle s SEls
cod{nlj 'cos(n‘]

Figure 4.9. Block implementation

e of modified steady-state

Tabledd4. Calculation of the Time Domain Norms L1, L2 of
the Unit Impulse Response and Frequency
Domain Norms Leo from Node y(k) to the
Observation Nodes.
Observation L, norm L, norm L, norm
node
error 6.14601e+00 1.66829¢+00 4.33645e-04
sum_wl 5.14601e+00 6.68294¢-01 4.33645e-04
wl 0 1.21999e+00 2.32089%¢-02 8.78127e-04
w150 1.34385e+00 2.38336e-02 3.91973e-04
w2_50 1.29454e+00 1.79332e-02 3.81253e-04
wl_100 1.37735e+00 2.45453e-02 3.55175e-04
w2_100 1.29981e+00 1.90577e-02 3.51776e-04
wl_150 1.50048e+00 2.23066e-02 4.70827e-04
w2_150 1.36834e+00 1.64536e-02 4.65599e-04
wl_175 1.56710e+00 1.95701e-02 6.96360e-04
w2_1756 1.42539e+00 1.33347e-02 6.98218e-04
wl_188 1.55234e+00 1.64869¢e-02 7.73648e-04
w2_188 1.56790e+00 1.66057e-02 7.83854e-04
wl_200 1.67754e+00 1.91066e-02 5.70587e-04
w2_200 1.79368e+00 2.73839¢-02 5.56453e-04
wl_250 1.56217e+00 3.11521e-02 3.23597e-04
w2_250 1.65094e+00 3.67977e-02 3.35022e-04
w1_300 1.73855e+00 4.12260e-02 3.07994e-04
w2_300 1.82114e+00 5.01047e-02 3.20195e-04
wl_350 2.33793e+00 8.67807e-02 2.45943e-04
w2_350 2.50851e+00 1.03049¢-01 2.60892¢e-04

Mapping of the algorithm can happen on the target architecture
when the numerical performance of the algorithm is examined on
bit-true level. The results emphasis an optimization of the
algorithm. The optimization is always a trade-off between
numerical performance and silicon complexity on the chip. A
increased performance of the numerical computation increase the
silicon area and often decrease the execution speed of the integrated
circuit.

The state variables, x(k +1), used to calculate the magnitude, 4,
of spectral line n is illustrated in Figure 4.9. In Figure 4.9 input and
output signals are represented in signed fractional twos-
complement notation.
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Table45. Noise and Small-Scale Limit Cycle Norms:

Values from the Noise Sources to the Observation
Nodes.

R : (RMS value of statistical noise)
N : (RMS value of maximal statistical noise)
E: (worst case value of statistical noise)

| Observation R norm N norm E norm
node
error 2.4095%¢-04 4.33645e-04 0.00000e+00
sum_wl 2.40959¢-04 4.33645e-04 7.18634e-03
wl_0 8.37131e-04 8.78127e-04 8.70803e-04
wl 50 1.88072e-04 3.91973e-04 1.03915e-03
w2_50 5.69735e-05 3.81253e-04 1.13815e-03
wl_100 1.01032e-04 3.56175e-04 1.03224e-03
w2_100 5.52679e-05 3.51776e-04 1.06932e-03
wl_150 | 7.66891e-05 4.70827e-04 1.32904e-03
w2_150 6.31775e-05 4.65599e-04 1.33424e-03
| wl_ 175 9.09725e-05 6.96360e-04 1.96344e-03
w2_175 i 7.98260e-05 6.98218e-04 1.98631e-03
wl_188 1.07451e-04 7.73648e-04 2.17736e-03
w2_188 9.04683e-05 7.83854e-04 2.23921e-03
wil_200 1.04022e-04 5.70587e-04 1.62959-03
w2_200 | 8.94575e-05 5.56453e-04 1.66310e-03
| wl 250 7.37883e-05 3.23597e-04 9.22577e-04
w2 250 6.00773e-05 3.35022e-04 9.67745¢-04
wl_300 6.64079e-05 3.07994e-04 8.58693e-04
w2_300 5.81202e-05 3.20195e-04 8.99485e-04
wl_350 5.94492e-05 2.45943e-04 6.95124e-04
L w2_350 5.71132e-05 2.60892e-04 7.17041e-04
Achieved Performance

A norms analysis provide the necessary information on the signal
magnitude excursion inside the signal flow graph.

Internal overflow can be avoided by scaling specific nodes. The
analysis is done for the 1, L, and L, norms. Table 4.4 summarizes
the achieved results. As it has been stated before the £, norms is
pessimistic and would introduce a increase of the data wordlength.
A good compromise is the L, norms that measures the signal
energy instead the signal magnitude. Only one node, namely the
error signal can cause some overflow, All the other nodes are well
scaled. A bit-level representation of the norms is given in Table 4.6,
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Table4.6. Templates for the Selected Observation Nodes.

ition: t
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Observation
node
error
sum_wl
wl_ 0
wl_50
w2_50
w1_100
w2_100
wl_150
w2_150
wl 176
w2_175
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wl_250
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wl_300
w2_300
wil_350
w2_350

e fix<16,15>
9 10 11 12 13 14 15 16

&+

)
(=}
|3

o3
b=

IS
o

4
=
=
=

#
#
#
#
#
#
#
#
#
#
#
#
#
#
#
#
#
#

mwmwwwwwrrwwrrrrwrmmmugp_
wwmwwwwmmwwwwwwwmwww*:
IR R TR TR T T T TR T T TR TR T T T T B
2| % vd|Hd| 0| o | | e[ PO | PO | | Y| | PO | | |
PR R IR IR A S R R R Y
%g&%%#%&%&%%%%&%%%%%%m
P A A IR R R R kY
PRI R R R R R R o Y
o N R R R IR R s IR R R IR R E S - (™
oy oy oy e e A T G G e e R s S
ISR A Gl e T P
zzZZZZzzZZZZZZZZZsz
zzzzzzzzzzZzzzzzzww:
zzzwzxwmwwwmwwzwzwwz
|| | | | | | | | | | | | | | | | |

#
#
#

Templates legend (in decreasing order of priority)
R norm (RMS value of statistical noise)

: N norm (RMS value of maximal statistical noise)
E norm (worst case value of statistical noise)
L2 norm (RMS signal value)

SEEs 22

Lo norm (worst case signal value with sinusoidal
stimulus)

L: L1 norm (worst case signal value with impulse
stimulus)

S: unused signal bits (usable for sign encoding)

izati insi i 1 flow graph. Each
uantization occurs inside the signa

qugntization node introduces an internal noise source that affect tﬁe

desired signal. The sum of all internal noise sources determine the
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signal-to-noise ratio (SNR). The noise analysis takes into account
the small-scale limit cycles as well, shown in Table 4.5. The most
affected I}ode by noise is w1_0, having a noise magnitude of 8.3e-04.
The maximum achievable SNR is limited at 60 dB using the format
type fix<16,15>. In other words, the last 5 bit of the output signal
wl_0is affected by noise that is generated inside the algorithm. A
bit-level representation of the templates is given in Table 4.6.

A carefully look at the templates presented in Table 4.6 allows to
analyze the accomplished results. The most critical nodes that are
affected most by quantization noise in decreasing order are; w1_0
sum_wl, error, w1_50. The state variable, w1_0, for the 0 Hz (D_CS
component is most critical. Compared to all other nodes two more
bit are lost due to quantization and limit-cycles.

' Additior}ally, sinusoidal signals placed close together generate
increased internal noise. This can be observed for the 175 Hz and
188 Hz component that are placed inbetween 150 Hz and 200 Hz.

4.7. SUMMARY

Ur}der the assumption of stationary random processes and for the
qonmsiered application, the error covariances tend to stationary
functions. The error covariance matrices and the Kalman Gain can
be computed in advance. Specifically, the matrix multiplications
and the_matrix inversion are transferred from real-time to off-line
c_alculat}on. The number of equations needed to determine the on-
line estimates has been reduced from five to two, thus exorbitantly

abbreviating the real-time com i i
putational complexity of the -
state Kalman estimator. P y steady

There _ia' no noticeable difference between the frequency
cl-{ara?temsuc_of each steady-state Kalman estimator, as compared
wzt_h its on-line algorithm. However, the steady-state Kalman
estimator has a faster tracking speed than its on-line algorithm.

Compar:mg'the steady-state RWSM to the steady-state OSM,
computation is decreased by 11%. In both cases, the number of
a_mthmetac operations is linearly related to the number of frequency
lines — the filter order is linearly dependent on the number of
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analyzed frequencies. This is the most significant improvement that
has been achieved thus far.

Using the steady-state Kalman estimator, each input sample
creates an estimate of the output. This iterative calculation
procedure can be seen as short-time spectrum analysis. The time
needed to track correct estimates is comparable to the window
function used in classical short-time Fourier transform.

The number of arithmetic operations gained by using the steady-
state RWSM, instead of Radix 2 and split-radix FFT, two very
efficient Fast Fourier Transform algorithms, is notable. The gain
variation is the difference between the linear dependence of the
steady-state Kalman estimator and the logarithmic dependence of
the FFT algorithms. The gain over the split-radix FFT increased
from 4 for 16 estimated frequencies to 10.8 for 1024 estimated
frequencies.

Because the steady-state Kalman estimator uses an iterative
calculation method to estimate the Fourier coefficients, no data
block has to be stored and thus memory occupation for data
remains low. On the other hand, steady-state Kalman estimators
require a sine and a cosine table. If the ratio of the lowest estimated
frequency to the sampling frequency is small, the tables could be
large, engaging more space.

In conclusion, FFT algorithms are best suited for applications that
necessitate high tracking speed, where noise rejection is secondary.
The distance between neighboring frequencies is fixed. FFT
algorithms determine the entire spectrum and results are available
only after calculation of the complete data block.

The steady-state Kalman estimator offers better quality
estimations, especially for signals measured in noise. Because the
stationarity of the sinusoid is related to the tracking-time, the
Kalman filter is well-suited for quasi-stationary signals. An
important advantage of the Kalman filter is that estimates are
available at each sample, for any set of frequencies anywhere along
the frequency axis.
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Appendix

The following tables contain the stead i
. y-state Kalman Gains fi
113[16 Random Walk Signal Model and for the Oscillator Signglll
odel. The gains are for three design parameters, 0.1, 0.001, and

0.00001. The setup which was used for th i is i i
T fa e noise analysis in Section

Steady-State Kalman Gain for the Oscillator Signal Model:

P i— - p
i gecklt_tl'zu)m Estimation of 32 Equidistant Frequency Lines (fs=

Ko | -1.7571e-04 -5.4926e-05 -9.8161e-07

650 Hz Kj | 3.0056e-02 1.9171e-02 3.0015e-03
Ko | -1.2869e-04 -4.0225e-05 -7.1875e-07

700 Hz Kj | 3.0056e-02 1.9171e-02 3.0015e-03
Ko | -8.4384e-05 -2.6377e-05 -4.7112e-07

750 Hz K; | 3.0056e-02 1.9171e-02 3.0015e-03
Ko | -4.1783e-05 -1.3060e-05 -2.3318e-07

800 Hz Kj; | 3.0056e-02 1.9171e-02 3.0015e-03
Ko | 2.3882e-17 3.9447e-18 1.5621e-18

850 Hz Kj | 3.0056e-02 1.9171e-02 3.0015e-03
Ko | 4.1783e-05 1.3060e-05 2.3318e-07

900 Hz Ki | 3.0056e-02 1.9171e-02 3.0015e-03
Ko | 8.4384e-05 2.6377e-05 4.7112e-07

950 Hz Kj | 3.0056e-02 1.9171e-02 3.0015e-03
Ko | 1.2869e-04 4.0225e-05 7.1875e-07

1000 Hz Ky | 3.0055e-02 1.9171e-02 3.0015e-03
Ko | 1.7571e-04 5.4926e-05 9.8161e-07

1050 Hz Kj | 3.0055e-02 1.9170e-02 3.0015e-03
Ko | 2.2673e-04 7.0877e-05 1.2666e-06

1100 Hz Kj | 3.0055e-02 1.9170e-02 3.0015e-03
Ko | 2.8341e-04 8.8600e-05 1.5831e-06

1150 Hz Ki | 3.0054e-02 1.9170e-02 3.0015e-03
Ko | 3.4806e-04 1.0882e-04 1.9442e-06

1200 Hz Kj; | 3.0053e-02 1.9170e-02 3.0015e-03
Ko | 4.2406e-04 1.3259e-04 2.3691e-06

1250 Hz Kj | 3.0051e-02 1.9170e-02 3.0015e-03
Ko | 5.1661e-04 1.6156e-04 2.8871e-06

1300 Hz Ki | 3.0049e-02 1.9170e-02 3.0015e-03
Ko | 6.3431e-04 1.9841e-04 3.5463e-06

1350 Hz Ky | 3.0045e-02 1.9169e-02 3.0015e-03
Ko | 7.9252e-04 2.4800e-04 4.4330e-06

1400 Hz Ki | 38.003%e-02 1.9168e-02 3.0015e-03
Ko | 1.0217e-03 3.1996e-04 5.7198e-06

1450 Hz Kj; | 3.0024e-02 1.9166e-02 3.0014e-03
Kg | 1.3921e-03 4.3668e-04 7.8099¢-06

1500 Hz Ki | 2.9982e-02 1.9159e-02 3.0014e-03
Ko | 2.1104e-03 6.6502e-04 1.1911e-05

1550 Hz Kj | 2.9770e-02 1.9124e-02 3.0014e-03
Ko | 4.1338e-03 1.3331e-03 2.4054e-05

q/OSi\;IE. ) /OSM. OSM.
r=1E- r=1E-3 =1E-
DC Kj | 3.0056e-02 1.9 ;17 1e-02 3.0812;-(})33 °
Ko 0 0 0
50 Hz Ki | 2.9770e-02 1.9124e-02 3.0014e-03
Ko | -4.1338¢-03 -1.3331e-03 -2.4054e-05
100 Hz K 2.9982¢-02 1.9159e-02 3.0014e-03
Ko | -2.1104e-03 -6.6502¢-04 -1.1911e-05
150 Hz Ki | 3.0024e-02 1.9166e-02 3.0014e-03
Ko | -1.3921e-03 -4.3668e-04 -7.8099¢-06
200 Hz Ki | 3.003%-02 1.9168e-02 3.0015e-03
Ko | -1.0217¢-03 -3.1996e-04 -5.7198e-06
250 Hz K1 | 3.0045e-02 1.9169¢-02 3.0015e-03
Ko | -7.9252e-04 -2.4800e-04 -4.4330e-06
300 Hz K1 | 3.0049e-02 1.9170e-02 3.0015e-03
Ko | -6.3431e-04 -1.9841e-04 -3.5463e-06
350 Hz Ki | 3.0051e-02 1.9170e-02 3.0015e-03
Ko | -5.1661e-04 -1.6156e-04 -2.8871e-06
400 Hz Kj | 3.0053e-02 1.9170e-02 3.0015e-03
Ko | -4.2406e-04 -1.3259¢-04 -2.3691e-06
450 Hz K; | 3.0054e-02 1.9170e-02 3.0015e-03
Ko | -3.4806e-04 -1.0882e-04 -1.9442¢-06
500 Hz K1 | 3.0055e-02 1.9170e-02 3.0015e-03
o Ko | -2.8341e-04 -8.8600e-05 -1.5831e-06
Z Ki | 3.0055e-02 1.9170e-02 3.0015e-03
Ko | -2.2673e-04 -7.0877e-05 -1.2666e-06
600 Hz Ki | 8.0055e-02 1.9171e-02 3.0015e-03
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Steady-State Kalman Gain for the Random Walk Signal
Model: Spectrum Estimation of 32 Equidistant Frequency
Lines (fs= 3.2 kHz).

Random Walk | Random Walk | Random Walk
Signal Model Signal Model Signal Model
g/r=1E-1 q/r=1E-3 q/r=1E-5
DC o 0 0 0

B 2.1726e-02 1.6138e-02 2.9414e-03
50 Hz o 2.4165¢-02 1.7289¢-02 2.9688¢-03
B 1.8977e-02 1.4898e-02 2.9137¢-03
100 Hz a 3.0670e-02 2.2807e-02 4.1597e-03
B -1.8521e-03 -8.4301e-04 -1.9312¢-05
150 Hz a 2.0847¢-02 1.5742¢-02 2.9324¢-03
B -2.2571e-02 -1.6524e-02 -2.9503e-03
200 Hz o | -8.9391e-04 -4,0557¢-04 -9.2743e-06
B -3.0713e-02 -2.2819¢-02 -4,1597¢-03
250 Hz a | -2.2211e-02 -1.6358¢-02 -2.9464e-03
B -2.1231e-02 -1.5914e-02 -2.9363e-03
300 Hz a | -3.0721e-02 -2.2821e-02 -4.1597e-03
B 5.5467e-04 2.5150e-04 5.7493e-06
350 Hz o | -2.1405e-02 -1.5992e-02 -2.9381e-03
B 2.2043e-02 1.6282¢-02 2.9447¢-03
400 Hz o 3.7074e-04 1.6807e-04 3.8416e-06
B 3.0723e-02 2.2822e-02 4.1597e-03
450 Hz o 2.1940e-02 1.6235e-02 2.9436e-03
B 2.1510e-02 1.6040e-02 2.9391e-03
500 Hz o 3.0725e-02 2.2822¢-02 4,1597e-03
B -2.4776e-04 -1.1231e-04 -2.5669¢-06
550 Hz o 2.1586e-02 1.6074e-02 2.9399¢-03
B -2.1866e-02 -1.6201e-02 -2.9428¢-03
600 Hz o | -1.5360e-04 -6.9622¢-05 -1.5912¢-06
B -3.0725e-02 -2.2822¢-02 -4.1597e-03
650 Hz a | -2.1806e-02 -1.6174e-02 -2.9422¢-03
B -2.1647e-02 -1.6102¢-02 -2.9405e-03
700 Hz o | -3.0726e-02 -2.2822¢-02 -4.1597¢-03
B 7.3763e-05 3.3434¢-05 7.6414e-07
750 Hz a | -2.1701e-02 -1.6126e-02 -2.9411e-03

B 2.1752e-02 1.6149¢-02 2.9416e-03 |
800 Hz o 3.7097e-15 2.7444e-15 4,7879¢-16
B 3.0726e-02 2.2822¢-02 4.1597e-03

850 Hz a 2.1701e-02 1.6126e-02 2.9411e-03 |
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B 2.1752e-02 1.6149e-02 2.9416e-03
900 Hz a 3.0726e-02 2.2822e-02 4.1597e-03
B 7.3763e-05 3.3434e-05 7.6414e-07
950 Hz o 2.1806e-02 1.6174e-02 2.9422¢-03
B -2.1647e-02 -1.6102e-02 -2.9405¢-03
1000 Hz a 1.5360e-04 6.9622e-05 1.5912e-06
B -3.0725e-02 -2.2822e-02 -4.1597e-03
1050 Hz o | -2.1586e-02 -1.6074e-02 -2.9399e-03
B B | -2.1866e-02 -1.6201e-02 -2.9428e-03
11100 Hz o | -3.0725e-02 -2.2822¢-02 -4.1597e-03
B -2.4776e-04 -1.1231e-04 -2.5669¢-06
1150 Hz o | -2.1940e-02 -1.6235e-02 -2.9436e-03
B 2.1510e-02 1.6040e-02 2.9391e-03
1200 Hz o | -3.7074e-04 -1.6807e-04 -3.8416e-06
B 3.0723e-02 2.9822e-02 4.1597e-03
1250 Hz o 2.1405e-02 1.5992e-02 2.9381e-03
i 2.2043e-02 1.6282e-02 2.9447e-03
1300 Hz a 3.0721e-02 2.2821e-02 4,1597e-03
B 5.5467e-04 2.5150e-04 5.7493e-06
1350 Hz a 2.2211e-02 1.6358e-02 2.9464e-03
B -2.1231e-02 -1.5914e-02 -2.9363e-03 |
1400 Hz a 8.9391e-04 4,0557e-04 9.2743e-06
B -3.0713e-02 -2.2819e-02 -4.1597e-03
1450 Hz o | -2.0847e-02 -1.5742e-02 -2.9324e-03
B -2.2571e-02 -1.6524e-02 -2.9503e-03
1500 Hz o | -3.0670e-02 -2.2807e-02 -4.1597e-03
B -1.8521e-03 -8.4301e-04 -1.9312e-05
1550 Hz o | -2.4165e-02 -1.7289e-02 -2.9688e-03
B 1.8977e-02 1.4898e-02 2.9137e-03
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5 o D SP Implementation
Results

The Kalman filter spectrum estimation approaches
that have been theoretically established and justified
are physically applied in this chapter.

First, each steady-state Kalman estimator and a split-
radix FFT algorithm are implemented on a general
purpose signal processor, produced by Motorola.
The Iimplementation results are discussed and
compared.

Second., the Random Walk Signal Model is used as a
specfrum analyzer in order to build a Digital Power
Network Signal Analysis System. The derived results
were immediately applied industrially, by Landis & Gyr
AG, the collaboratfing company.

5.1. INTRODUCTION

A software implementation is investigated using a second
generation Digital Signal Processor (DSP) chip produced by
Motorola, the DSP56001. In the context of this chapter, Sections 5.2
through 5.5 cover the implementation of each Kalman approach
and of the split-radix FFT algorithm. For the Kalman algorithms,
optimal handwritten assembly codes are developed. The split-radix
assembly code was provided by Motorola [Berg68, Motol. The
results, including the number of instruction cycles, the execution
time, and the memory requirements, are presented. In Section 5.6,
the Random Walk Signal Model is used for an industrial
application.
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Figure5.1. DSP56001 architecture.

The DSP56001 is a fixed-point arithmetic, general purpose
Digital Signal Processor. Its block diagram, given in Figure 5.1, has
a 24-bit fixed-point format. To guarantee margin against overflow,
the accumulator has a 56-bit format.

The architecture is composed of three execution units, operating
in parallel:

1. The data ALU performs arithmetic and data manipulation.

2. The address generation unit generates all addresses useful
for operand and coefficient fetches.

3. The program controller pre-fetches, decodes, and executes
instructions.

The DSP56001, with its Harvard parallel architecture, is well-
suited for the realization of both steady-state Kalman estimators.
The memory is divided into three spaces (x-data, y-data, and
program code) that can be accessed concurrently, within the same
instruction cycle. The data transfer and the arithmetic operations
are performed simultaneously. Thus, the total number of
instruction cycles nearly equals the number of arithmetic
operations.
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Figure 5.2. DSP implementation flow graph.

The first step to forming an assembly code that provides good
memory organization is the elaboration of the precedence. equations.
To attain optimal implementation, the precedence equations should
be fixed during this step. The code is optimal when th_e nun.lber of
instructions is minimum. Inside each level, the order in wl.uch the
precedence equations, Vj, are calculated is inconsequential. The
programmer can choose the solution that best.adheres to the DSP
programming rules (see Table 5.1 and Appendix 5.A). This process
is summarized in Figure 5.2.

5.2. OSCILLATOR SIGNAL MODEL

The Oscillator Signal Model requires more operations than the
Random Walk Signal Model (refer to Table 4.4). Con‘se‘quenfcly, two
additional equations have to be performed, which is approximately
11% more than the steady-state RWSM [Bals93, Bals92, Bals91,
Gris92].
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Table5.1.  List of Precedence Equations for the Steady-State

OSM
enar(k)-y(k)-yf(k)
V1=Kli*error(k)
V2=K2i*error(k)

A V3=wlik)*cosQi

Vd=-w2i(k)*sinQi

V6=wli(k)*sinQi

V7=w2i(k)*cosQi

V5=wli(k+1)=V2+V3+V4

V8=w2i(k+1)=V1+V6+V7

A V9=V5*cos(kQi)
V10=V8*sin(kQi)

V12=V5*sin(kQi)

V13=V8*cos(kQi)
V11=ai(k+1)=V9+V10
V14=bi +1§-v12-v13
1 V15my (k) +V5

Levek 1 2 3 4 5 6 7

The implementation requires 7+18M instructions. The number
of frequency lines that are estimated is M. Clock cycle frequencies
foy of today'g DSPs typically range from 20 MHz to 80 MHz. A
general relationship has been derived to estimate the number of
frequ(_ancy lines that can be processed in real-time on a DSP56001.
Defining f, as the sampling rate, we have

1 fe
M=~ (5.1)

The precedence equations form the basis from which the
assembl.y code can be written. Seven levels must be computed
sequentlall:,.r, but the selected order of calculations inside each levei
can b_e a}-bltrary. The obtained assembly code, and its memory
orgamzation, is given in Appendix A, at the end of this chapter.

5.3. RANDOM WALK SIGNAL MODEL

The RWSM is implemented by 7+16M instruction cycles. The
number of clock cycles (1 instruction cycle = 2 clock cycles), £,,
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Table52. Precedence Equations for the Steady-State
Random Walk Signal Model.

error(k)=y(k) - y,(k)
‘ Vi=cos(kQi)*ermor(k)
V2=sinkCA)*error(k)
| NG
V4=Ai*V2
V5=Bi*V2
V6=-Bi*V1
V8=ai(k)=V3 +V5 + ai(k-1)
V11=bi(k)=V4 +V6 + bi(k-1)
V9= ai(k)*cos[(k+1)Si]
V12=bi(k)*sin[(k+1)<2i]
# V13=yr(k+1) =V9 +V12

Level: 1 2 3 4 5 6

used by these instructions is (14+32M)/ f, [Bals93, Bals92,
Bals91, Gris92]. The number of frequency lines that can be
calculated in real-time is

L
M5 (-1 (5.2)

The signal flow graph of the RWSM is derived from Equation's
4,19, 4.20, and 4.21. The precedence equations, extracted from
Figure 4.2, are summarized in Table 5.2. Again, the obtained
assembly code, and its memory organization, is given at the end of
this chapter, in Appendix B.

5.4. SPLIT-RADIX FAST FOURIER TRANSFORM

When a FFT is implemented, the entire spectrum of frequencies
is automatically computed. N is the number of data samples. The
number of frequencies that can be estimated using the Fourier
approach is M =N/ . This is efficient for spectrum analysis but not
for spectral analysis. In the latter case, a specific set of frequencies is
of interest but cannot be determined separately. With only one
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1 Instruction Cycles.
exception, N=2% for all integers, z. If not, alternative DFT Table53. Number of DSP56001 Instruc "y
algorithms will have to be implemented. This increases the number : 1 %
of instruction cycles. #OGTasLurEon CHEleR Doifference
Of the numerous derived FFT algorithms, the split-radix FFT - . Steady- Bergland RWSM
algorithm is best suited for the present study — full benefits of the Estimated Sg:;iey State O}éM Algorithm versus
modern, two-data-bus DSP architecture are exploited [Kunt91, F.requency RWSM Bergland
Berg68]. The split-radix, based on real signals, was derived by G. Lines 37
Bergland. The Bergland algorithm sequentially splits an N-point 8 135 151 130 +3 %
FFT into as many base-8, base-4, and base-2 stages as is possible (s is 963 295 319 21
the number of stages required). N /2 frequency components are 16 5
computed, from 0 to f,/2. The frequency components are 32 519 583 756 -45
separated by f,/ N. = 1031 1159 1753 -70
The tracking speed is directly related to the window length, while 5055 2311 3998 -94
the frequency resolution is inversely related to the window length. 128 119
However, the frequency resolution and the noise rejection (roll-off 256 4103 4615 8995 .
rate) are also affected by the window function that is selected. = 8199 9923 20008 -144
Implementation of the Bergland algorithm is rather complex, 1024 16391 18439 44077 -168
counting up to three nested loops. Its assembly code can be found in 193
[Moto]. The implementation of a N -point Bergland algorithm 2048 32775 36871 96306 -
requires [ instructions, where 7 is

I=28+5—N+11-(E—1)+
4 4
(log2N)-3 5N N y
S 14+25+2 +(2S—1)[(8-W)+9J

s=1

(5.3)

Table54. Benchmarking on DSP56001
Number Instruction Cycle Time
3.5. IMPLEMENTATION RESULTS of | 100ns | 60ns | 100ns | 60ns | 100 ns | e
i Steady-State Steady-State Bergland F.
The steady-state Kalman approaches clearly outperform the Estimated ped M (N=2M)
- . S OSM RWS
fastest known FFT algorithm (for real signals). When estimating ML [ms]
16 or more frequency lines, the number of instruction cycles is ines 23988
always lower for both Kalman methods, as compared to the 128 102311 10.1486610.2055 101253 08998 8‘5397
Bergland FFT algorithm, and this difference increases 256 |0.4615 |0.2769 |0.4103 [0.24618|0.8995 |O.
exponentially for additional frequency lines (Table 5.3 and 5.4). The 512 |0.9223 |0.55338/0.8199 |0.49194/2.0008 |1.20048
low memory requirement for data storage is also achieved (see 1024 |1.8439 |0.50634|1.6391 |0.98346|4.4077 |2.6446
Appendix A at the end of the chapter for proof). These results

support the predictions made in Section 4.5.
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i i i -state Kalman

Another incredible efficiency of the steady' sts '
estimators is the elimination of the need to quantize 11.1termed1ate
calculations, thus maximizing precision of the computations.
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Figure 5.3, Graphical representation of Table 5.3.
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5.6. DIGITAL POWER NETWORK SIGNAL ANALYSIS SYSTEM

5.6.1. Motivation

Increasingly, power distribution networks are becoming polluted
by consumer generated harmonic disturbances.

Power system stability is one of the most important problems in
the power industry [Ague81]. The evaluation of the response to
disturbances in this area determines the stability of the system that
faces different situations, which could be present in power system
operations, planning, and power measurement [I1ic90, Jave89,
Leos89, Nwan90].

These harmonics cause energy losses and other undesirable
effects. Exact knowledge about the harmonics gives valuable
information that is used to monitor power networks. Naturally,
then efficient and cost-effective real-time methods for measuring
the harmonics would be useful to utility companies, in their efforts
to reduce them [I1ic90, Jave89].

The ideal monotone network would be a power distribution
system with a constant voltage amplitude and a frequency of 50 Hz
(Europe) or 60 Hz (U.S. and other countries). However, because
harmonic disturbances are random, a power network is stochastic.
For example, periodic on-off switching, cut-off phase devices
(dimmers), and rectifier bridges for electrical motors generate large
harmonic disturbances. Periodic on-off switching creates sub-
harmonic signals on a network. Cut-off phase devices produce
thousands of Hertz of harmonic signals (see Figure 5.4) [Wied88,
Will74].

Cyclo-converters, creating sub-harmonics and pseudo-
harmonics, are the principal source of harmonic disturbances.
Rectifier bridges form harmonics with ranks, n=kp +1, where k is
an integer and p is the number of phases used by the rectifier bridge
(six for an hexa-phase bridge, twelve for a dodeca-phase bridge).
The amplitude of harmonic n, I,, decreases while n increases
[Leos89].
I,= #12

(n—=5/n)

n>5 (5.4)
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Figure54. Supply voltage in time domain and frequency
domain.

Harmonics of even rank are injected by dissymetric rectifier
bridges, equipped with diodes and thyristors. Pseudo-harmonics are
fabricated by speed-controlled, alternative current motors and by
arc ovens. These arc ovens form an electrical noise with a large
spectrum, where the amplitudes are decreasing as the frequencies
increase.

Today's energy measurement meters are designed for networks
where information about the harmonic contribution is not available.
The meters are based upon the analog power measurement system,
a commonly used method for computing power consumption,

The proposed measurement system, however, is based on digital
signal processing — spectral analysis of current and voltage
network signals. The advantage of spectral decomposition of the
voltage and current signals is the ability to determine the harmonic
contribution of each load. Supplementary information about the
type of lead and the time consumption is also available.
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Anti- A/D Ka_llman
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]

Figure5.5. Digital Power Network Signal Analysis System.

i i DPNSAS)
igital Power Network Signals Analysis System (I

is T?:se?r:tg;d in Figure 5.5. First, the measured network signals arg
baﬁd—limited by two analog low-pass ﬁlters.d Se_ﬁ?c%ﬁ cur;sgl.;tzgs
e signals are sampled by analog-to-digital (. converters.
%}-Jlffdg a sgpectral analysis is performed on each signal. A clletalled.
exam{nation of the harmonic influences on the electrica ggrg?;
computation is the final step [Bals93, Bals92, Bals91, Gris92, O ;

Pont92].

5.6.2. Signal Models

i t time ¢, can be
instantaneous voltage, u(¢), and cu_rrent, L_(t), at time ¢, can
exrll)‘?:slsrcljl by the sum of M cosine functions, with additional noise

sources, u,,(¢) and i, (¢)

u(t)=Mz_‘,lU,, cos(nwt + a,) +u,(t) (5.5)
n=0

it= Mill,, cos(not + f,) +i,(t) (n is an integer) (5.6)
n=0

i litudes and ¢, =a, B, is
and I, are the corresponding amp 4 .
thg nphase-nshift occurring between each voltage and _curlent
harmonic. The period is given by T, =2/ wn. u,(¢t) and i,(r) are
uncorrelated, Gaussian noise sources.
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The effective, or R
are given by oot Mean Square (RMS), voltage and current

1 T
I = |=[;2
RMS W/T'(').l (t)dr 5.7)
U = —l-j:uz(t)d
RMS T t (5.8)

The signal models derived in Ch
. : apter 3 accurately d i
glri'l;z:f té)cxl'eizent in tht:l l%ower network, Thus, the appt?;acfiﬁgs vfr}a:z
418 now used for spectral analysis of both i
In Equations 5.7 and 5.8, the RMS o il S
(noise) if accurate results are to be cab‘;r:aalilrlfacf1 ek b earetilly fltered

5.6.3. Implementation Results

MOT&? :;PSII:'AS, wE:lch uses the steady-state Random Walk Signal

L s%eétrz anajyger, was developed in collaboration with

oo iyr 4 Zug, Swltzeriaqd. The Digital Signal Processor

broadeast detector (ripple contran sheneie wiv o gre 5.5, The
! ol) signals, sinusoi i

rme;n%‘;e control specific loads (e.g. street lamps, b{gli?:;rzlg?vaalsh;}rllaf

chines, etc.), are also taken into account. These rip};le contrgl

signals are not multiples of
composed of several ﬁzt]uencigf network fundamental and can be

eng:sedaoxdl ‘:ll:e gstimgted Fourier coefficients, the power, the
= g;m fl:l d.<.=: distortion are computed in real-time. The re,s.ults
ot erre thrt_)ugh the DSP host interface to a PC-AT and

en shown on specially constructed windows, e

in;[i';l;i ?semhler implementation of the DPNSAS is executed in 725
e ig léu;u;:g:igi,tc?rgggoncfl\ing to an execution time of 72.5 ps
: 0 b of the available execution time )
I%:;1:;1;];‘gl)qhngsfrequency, 3.2 kHz; DSP instruction cycle timelnigﬂ(ﬁ;?
AS has the following specifications: , .

1. On the voltage sj i
voltage signal, ten frequencies are estimated. F
these, eight equidistant frequencies are placed from 0 I;‘:r:,lo
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350 Hz, with separations of 50 Hz. Two additional ripple
control signals are placed at 175 Hz and at 188 Hz.

9. On the current signal, eight equidistant frequencies,
separated by 50 Hz are placed from 0 Hz to 350 Hz.

3. Active, reactive, and apparent power is calculated, based on
the Fourier coefficient for each of the eight frequency lines.

4. The average value for active, reactive, and apparent power is
determined.

5. Effective voltage and current, including two square-root
computations (23-bit precision), is extracted.

To test the accuracy of the DPNSAS, numerical input signals are
generated on the DSP itself, containing 40% of the harmonics for
each, voltage and current (23-bit precision). The dynamic range
applied for the current signal was decreased from 1 to 1/1024 of the
current amplitude; the voltage signal was kept at its maximum for
the duration of the test. The maximum error over the indicated
dynamic range, for the estimated active power, depends on the
design parameter, g/r. For g/r = 0.01, the error is 0.02%; for g/r =
0.0001, the error increases to 0.3%. No numerical instabilities due to
quantization effects were observed during real-time tests.

5.7. SUMMARY

Two steady-state Kalman algorithms and a Bergland FFT were
implemented on a Motorola DSP56001 signal processor. To allow
for comparison, the same specifications were used for each method.
It was shown that the steady-state Kalman approaches require
more instruction cycles for all M <8, with M depicting the number
of estimated frequency lines. However, for all M > 16, the Kalman
techniques are faster.

The FFT approaches feature several major drawbacks. The
frequency resolution depends on the number of points and on the
applied window function. In order to increase the frequency
resolution, a large N is needed. This is further complicated by the
fact that N is limited to the set, 27, for all integers, z. Furthermore,
the complete spectrum is automatically calculated, even if only a
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certain frequency band is of interest. Finally, the algorithm's
complicated addressing of data and coefficients, based on block data
processing, requires that the entire data block be stored.

These drawbacks are irrelevant for the Kalman approaches.
Only the desired frequencies have to be implemented and thus, for
applications where only a band of frequencies needs to be analyzed,
Kalman is executed more efficiently. Also, the data and coefficient
addressing is unambiguous, with no pre-address calculations
required.

The steady-state Random Walk Signal Model was used for an
industrial application — a Digital Power Network Signal Analysis
System, implemented on the DSP56001. The DSP performs the
estimation of the Fourier coefficients for the power network signals
and determines the power, the distortion, and the ripple control
signals. The DSP board, interfaced to the PC screen, communicates
the various findings.

It is now clear that the steady-state Kalman approach is
appropriate for real-time implementations. The regular structure
of the signal flow graph and the sequential addressing of coefficients
and variables lead to a very efficient assembly code. There is no need
to program in nested loops, which invariably increases the
processing time.
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Appendix A

Kernel Implementation on DSP56001:
Steady-State Oscillator Signal Model

move x:inp_vol,a
serror =y - y_est
move y:y_est_vol,x0
sub 0,a
move a,X:error
;clry_est
cr a
move a,y:y_est_vol
: loop (estimates states variables for each frequency)
do #n_freq,end_comp_vol
: address and step for the sin table
move x:(r0),rb5
move #offset,nb
; V1 = error*kl
move yi(r4)+,y0 x:(r3),x0
mpy x0,y0,a  x:(r2)+,x1 y:(r4)+,y1
: V2 = error*k2
mpy x0y1b  x:(r2)-,x0 y:(r4)+,y0
;s V2+V3 = V2+W1*cos(Fi)
mac x1,y0,b yird)+,y1
: V5 = V2+V3+V4 = V2+V3-W2*sin(Fi)
macr -x0,y1,b
: V1+4V6 = Vi+W1*sin(Fi)
mac x1yl,a bx:(r2)+ y:(r5)+nb,yl
:V8 = V1+V6+V7 = V1+V6+W2*cos(Fi)
macr x0,y0,a bx1 y:(r5)-nb,y0
;V9 = V5*cos(k*Fi)
mpy x1,yO,b  a,x0
move x:(r1)+,n5
V11 = V9+V10 = V9+V8*sin(k*Fi)
macr x0,ylLb  ax:(r2)+
V12 = V5*sin(k*Fi)
mpy xl,yla b,y:(x6)+
V14 = V12+V13 = V12-V8*cos(k*Fi)
macr -x0,y0,a y:y_est_vol,b
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V15 = y*4V5
add x1,b
clr a
move b,y:y_est_vol
;save position in sin table
move r5,x:(r0)+

end_comp_vol

Memory Organization

x data memory

|’_\

Ri_vep I}
wep 111

ROGRET_vin 1T b_kphi

R wlT b_state_vol

L input_vol

RA__emorJercar

——_

a,y:(r6)+
(r5)+n5

y data memory

R4f  RIT b_k_trig

6 £ ab

RS kin table

Xy _est_vil

|

Figure A.1. Memory organization for the Oscillator Signal

Model.
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Appendix B

Kernel Implementation on DSP56001:
Steady-State Random Walk Signal Model

;error=y - y_est

move y:y_est_vol,x0
sub x0,a
move a,x:error
;clr y_est
clr a
move a,y:y_est_vol
; state variables access
move #b_state_vol,r2
: loop (estimate states variables for each frequency)
do #n_freq,end_comp_vol
; address and step for the cosinus
move y:(rd)+,r5
move x:(r1),n5
; address and step for the sinus
move yi(rd)+,r6
move x:(rl1)+,n6
move x:inp_vol,a ; error

; V1 = error*cos(k*phili])

move y:(r5)+nb5,y0  x:(r3),x0

mpyr x0,y0,a x:(r0)+,x1 y:(r6)+n6,y0
; V2 = error*sin(k*phili])

mpyr x0,y0,b a,y0 x:(r2)+,a
; V3 = aphali]*V1 + alil(k-1)
mac x1,y0,a b,yl x:(r0)+,x0
; alil(k) = betalil*V2 + V3
macr x0,y1,a x:(r2)-,b
; V4 = -betalil*V1 + b[il(k-1)
mac -x0,y0,b a,x:(r2)+ y:(rbd),y0
; blil(k) = alphali]*V2 + V4
macr x1,yLb a,x1 y:y_est_vol,a
: feedback: V5= a[il(k)*cos((k+1)*phi[iD+b[il(k)*sin((k+1)*phili])
mac x1,y0,a bx1 y:(r6),y0
macr x1,y0,a b,x:(r2)+
move a,y:y_est_vol
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move r5,y:(rd)+
move r6,y:(r4)+

end_comp_vol

Memory Organization

x data memory

.

Rl stepill | g,
T

step Lin

ROT A1 b alpha

B

e

RE__2T b sate vol

R3

EITor

Figure B.1. Memory organization for the Random Walk

B |
X input_vol
erTor
|

Signal Model.

y data memory

[ —

b_kphi

ERCETE

1nd-:l cos {In

X

y_est_vol

RS, R6

sin table
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Appendix C

Electrical Power Measurement Based On Fourier Coefficients

C.1. INTRODUCTION

The aim of this appendix is to highlight the most important
physical properties of one-phase sinusoidal voltage networks. Power
systems are designed to satisfy consumer loads and therefore
voltage and current must be available when the consumer desires it.
Electrical power is provided by using either a constant voltage, a
one-phase sinusoidal voltage, or a three-phase sinusoidal voltage
network. A one-phase sinusoidal voltage network is the least
complicated. The following equations are valid only for one-phase
networks, but can be easily extended to three-phase networks.

Voltage and current sensors are, in general, sophisticated
transducers that deliver a signal in the time domain. However, to
determine the harmonic contribution, knowledge about its
frequency components is essential. To analyze these components,
the signals must be transformed from the time domain to the
frequency domain. This can be achieved by applying a Fourier
transform to the acquired signal. The signals are assumed to be real
and periodic; thus, the spectrum is discrete.

The Fourier series of a real, periodic function, u(r), with period 7,
is the sum of the sinus and cosine functions, each weighted by a
Fourier coefficient. b, corresponds with the sinus, g, with the cosine

u(t)=a,+ i[a,I cos(nw,t) + b, sin(nw,t)] (5.9)

n=1

The complex expressions are

()= 3 c e (5.10)

n=—co

The complex coefficient, c,, is found by
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1 !T/2
C, =— — —_ —jnw,
n =5 (@ = jby) _leg(t)e MOMdt wp=2m/T (5.11)

n=0,%1,%2 ..,

The amplitude, A,, phase, ¢,, of the n-th spectral line is

A=A BE, g —arerg e (5.12)

n

C.2. INSTANTANEOUS POWER — p(t)

te;l‘nl:e énftantanem{s power, p(t) is composed of two terms. The first

o ﬁheﬂ ; ;{;Jsl(irf{;é, is 'It‘.lhme-mva!;ant and depends on the phase-shift

. : e. 1he second term, cos(2newt+ ¢ + is ti

: ) . § time-

::rl I'Jf,luéﬁ,p r\:lsgl; fx;;quen:':ﬂ, 2nw, and the 50 Hz funél&lfgl)'ltal 'II'HEI:?S
; § the oscillating energy, flowing b sour

and the charge. Instantaneous poweﬁs given l?y eiween the source

_ ) 1 M=l
P =u(t)i(r)= 7 EUU,,I,,[cos(gon) +cos(2nwt+a, +B,)]  (5.13)

Replacing g, with a, — ¢,, Equation 5.13 becomes

1 M-1
p(t)= ) %{Unl,, cos(@,)[1+cos(2nwt +2a,)] +
n= . (5.14)
U,1,sin(@,)sin(2nwr + 2a,)}

(5.14)

If @, =0, the load is a pure, resistive charge: cosg, =1, sin ©,=0
n 2

ver ower i

_ 1 M=l _
p(t)=cte.= 3 %Unln =p.

o .
n the other hand, if $»=%m/2, the load is a pure, reactive
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charge. This means the charge is either capacitive or inductive. In
this case, cos @, =0, sin ¢, =1, and the instantaneous power is

M=t -
p(l)=% Y. U,I, sin(2nwt) p=0
n=0

C.3. ACTIVEPOWER — P

The active energy absorbed by a consumer is the equivalent, or
mechanical, or thermal, energy. The active power, P, is the average
of the instantaneous power, calculated over one period of the
fundamental network frequency. Considering the sinusoidal nature
of the signals, corresponding to full set of orthogonal functions and
taking into account Parseval relation, it should be noted that only
the spectral lines which have the same frequencies for current and
voltage contribute to the active power [Fisch82].

T
P =2 [p(dr  [Watt] (5.15)
T 0
M-11T M-1
=3 lJl’n(t)dt= > Unl, cos(@,) (5.16)
w09 n0 2

The maximum active power is obtained for ¢, =0. The active
power is measured with a Wattmeter and then charged to the
consumer. The active power, expressed by the Fourier coefficients,
a, and b,, for the spectral line, n, becomes

U,(8)=U,sin(w,t +a,)=U,sin(@,t)cos(a, )+ U, cos(w,t)sin(a,)
=" a, cos(w,?) +" b, sin(w,t) (6.17)
1,(t)= I, sin(w,t + B,) =I,sin(w,t) cos(B,) + I, cos(w,¢t)sin(B, )
1

=la_cos(w,t)+ b,sin(w,z) (5.18)

The Fourier coefficients, expressed by Equations 5.17 and 5.18,
are
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‘a,=U,sin(a,)  “b, =U, cos(a,) (5.19)
a,=1 sin(B,) b, =1, cos(B,) (5.20)
After trigonometric transformation, the active power expressed

by the Fourier coefficients is given by

P=0.5U,1, cos(a, ~B,)

=0.5U,1,[cos(a,)cos(B,) + sin(e,,)sin(f,)] (5.21)
M-1 ,

P=0.5[ Y (“a,'a,+*b,'b,)] (5.22)
n=0

C.4. THE REACTIVE POWER — P,

The reactive power, P,, characterizes the "not converted" energy
flow of reactive charges. This "not converted" reactive energy,
flowing between the power source and the charge (consumer) is
equal to zero, after an even number of periods. For the power
industry, the consumer who creates reactive power charges the
distribution network, producing important losses due to the Joule
effect. Undoubtedly, the electrical power industry would like to
maximize active power transmission and minimize reactive power.

The reactive power identifies a consumers as either inductive or
capacitive. An inductive charge is detected if ¢, >0 (positive

reactive power); a capacitive charge if ¢, <0 (negative reactive
power).

1
OT

n=

M-11T
P,=% —[p,dr [var] (5.283)
0

The reactive power for sinusoidal signals is defined by the
amplitude of the time-varying component of the instantaneous
power. It can now be computed with the Fourier coefficients

M-1
P,= 2 U,l,sin(@,) wherep, = a, — [,

n=0
. O.SIVIZ_lUnIn[sin(an)cos(Bn)—cos(an)sin(ﬂn)] (5.24)
n=0
S (a, b, ~a," 25
Pq=0.5r§6(“an'bn—an b ) (5.25)

C.5. APPARENT POWER — P,

i ime- i tion of the
The apparent power, P, is the time-varying porti
instantaigous power, It is defined as the product of ef'fgctwe vol:clage
and effective current. This product is a power definition, but _togs
not necessarily contribute to work. For facility purposes, the unity is
[VA] for Volt Ampere.

Py =Ugyslrus VA (5.26)

The apparent power is related to the active and reactive power

27
P,=yP*+P} (5.2

i duce the same

tions 5.26 and 5.27, however, do not produ :
eaggnuaiel 0of P, — in Equation 5.26, the distortion is taken 1nlto
account [Fisch82]. The apparent power for sinusoidal signals,
expressed by the Fourier coefficients, is

P, = o.st i a,? + “b)*HC ) + (b)) (5.28)

n=0
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6. ASI C-Design Results

The ASIC-design methodology, based on silicon
compilers and VHDL-logic synthesis, is examined in this
chapter. Attributes of the design process are
discussed, algorithm-to-architecture mapping is
infroduced, mapping alternatives are offered, and
the basic design strategy of silicon compilers is
exposed, including a summary of the most well-known
compilers.

The target silicon compiler, Mistral 1, has been chosen
for bit-serial hard-wired ASIC synthesis. Design flow
road map is analyzed, beginning at the algorithm
level and extending to algorithm mapping, DSP
architecture synthesis, and the generation of
structured VHDL code.

The steady-state OSM algorithm has been preferred
for silicon implementation. The algorithm has been
studied in details for spectral power estimation. In this
work, one has discovered a modified steady-state
OSM signal flow graph, that reduces the number of
arithmetic operations and offers very few memory
requirements,

The modified steady-state OSM is used for four
integrated circuits that have been designed down to
the layout level. Each estimates the squared
magnitude of a specific set of frequency lines. The first
chip performs spectral power estimation of 2
frequency lines, the second 4 lines, the third 6 lines
and the fourth chip calculates 10 lines.
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6.1. INTRODUCTION

The evolution of silicon processing technology h i i
tq integrate entirg systems on a s%ngle chipgyToﬁs:a}Tsa d:olrzngzﬁ:?ﬁ
dzg1ta.l CMOS_ chips contain up to 7'000'000 transis;;ars. This is
sufficient for r:mplen}enting digital applications in real-time that
were formerly impossible to build. Applications that were built usin,
analog components, are continually being digitized. ¢

Moreover, innovative digital applications are bein,
recent years, digital electronics has infiltrated sucietgy.c?:?:i?'lig
include the Compact Pi-sk (CD), High Definition Television (HD’?‘V)
nt{elgraped Sys!;em Dlgltal Network (ISDN), digital radio, desk top:
i:J,ub_ls..hu}g, digital copiers, mobile telephones (Natel-D), a,nd Global

ositioning Systems (GPS, D-GPS). These new applications
demonstrate that there exists a market for integrated digital
products. However, due to high development costs and short life
span, full-custom, hand-crafted Integrated Circuit (IC) desien i
often not affordable in this competitive market. e

_ To overcome these problems, complex systems hav
mte%rated with Al?p]jca‘tion Specific Integrat}t;d Circuits ?Ag)lcbse;
muc faster and with minimal efficiency losses in silicon area and
ngratmn speed, compared to hand-crafted chips. To bridge the gap
Sui:;ge? .system dr_.'mgn and si!icon design, new methodologies,
o or all:tomatm'n and leading to expensive and sophisticated
omputer Aided Design (CAD) environments, must be proposed,

As design complexity increases i i i
) , persistent advances i
;n?lt?;dqlogles are necessary. Over the past three yearrl'sfliilggil;
L);n esis on a Very High-Speed IC Hardware Description
= t}g;'téag{;-_ngDL) level has played an increasingly important role
- ability to apply to large design projects, resulting in an
advancing evoh}tmn‘of the ASIC design process. The current issue
in _the _evolutmn is an advanced design process which i
distinguished by the following features: )

1 ilflsgeo: ;?lg;c synthefs‘is to provide accurate design, with process
i ence for simulation ificati
P g , verification, and

2. Use of silicon compilers, translating a behavioral system

?pecif}ilcat-ion r}irectly to the structural description, provided
or physical implementation of a design at the Register

134

Transfer Level (RTL) within a VHDL environment.

3. Incorporation of Design-for-Test (DFT) features, including
gerial scan, within the RTL descriptions.

4. Seamless integration of RTL and structural simulation,
including Random Test Pattern Generation (RTPG) for

validation of synthesis.

5. Use of a CAD software engineering environment to control
the design process and maintain the design database.

One of the advantages of VHDL is that the design process is
technology-independent. The designer builds the functional design
and defers the technology-dependent details. Design decisions and
architectural trade-offs can be made without considering the target
technology. The power of logic synthesis allows a single VHDL
design to be automatically targeted to various technologies.

Another advantage of high-level description design is that the
functionality of the design can be easily modified. Using a bottom-
up, gate-level design method, a change in a functional specification
in the midst of the design process can cause tremendous delays.
However, with a top-down design method, and the employment of
VHDL synthesis, functional changes can be made rapidly and
verified trough simulation, because the path to gates is automated.
Thus, high-level synthesis produces architectures that enable logic
synthesis. The designer can optimize in itarative way a variety of
architectures and process technologies to find to optimal solution.
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6.2. MAPPING OF DSP-ALGORITHMS

A design task for digital IC implementation is composed of many
steps. First, an appropriate architecture must be selected. Then, the
function blocks of this architecture should be designed. Finally, the
DSP-algorithm is mapped and scheduled on the hardware. The
largest portion of the design effort is the translation of system
behavior into appropriate architecture, which is an interconnection
of execution units, e.g. adders, multipliers, PLAs, RAMs, ROMs, and
registers. Categorically, mapping can be split into general purpose
architecture synthesis and dedicated silicon compilers.

General Purpose Architecture Synthesis

Commencing with a behavioral system specification, the
synthesis generates a resource allocation and scheduling of function
blocks on a high abstraction level. Subsequently, dedicated logic
synthesis tools produce structured VHDL codes. This design
package focuses on logic synthesis, state assignment, PLA synthesis,
controller generation, ALU synthesis, timing and scheduling
optimization of gate-level circuits, and technology mapping. They
make silicon implementation transparent to the system designer,
because they allow chip design without detailed silicon expertise.

Some commercial performances include:
+ System Design Station, AutoLogic (Mentor Graphics)
« Synopsys
* Data Path & Chip Compiler, Asic Synthesizer (Compass)

Dedicated Silicon Compilers

The behavioral system specification is mapped on a dedicated
target silicon compiler offering a fixed architecture [Gajs88, Gajs92,
Park93, Kung85, Vanh93]. Structural VHDL codes are generated
for logic synthesis. Compared to general purpose architecture
synthesis, dedicated silicon compilers produce optimized resource

shearing and scheduling, leading to select layouts that exploit three
properties:

1. Addressing a specific application domain allows for integrate
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and exploit domain expertise on all design levels.

9. Inside the selected application domain, an appropriate target
architecture can be selected. The layout style can be adapted
to the architecture and its requirements.

3. Each application-specific chip is designed_ for a particular
task, thus avoiding the overhead inherent in programma}:le
devices. Optimum area, speed, and power consumption
solutions can be found.

6.2.1. Silicon Compilers

Currently, silicon compilers dedicated to architf;cture synthesis
are popular research topics. As a result of research in these.ﬁelds at
various institutions, different solutions to the algorithm-to-
architecture mapping problem have been proposed. Some are
specifically for DSP algorithms while others are more general in
scope. The more general systems are often to’o inefficient to provide
satisfactory results for DSP-ASIC integration. _Furthermorg, the
difficult task of scheduling respective data flow in DSP algunthms
(multirate signal processing) renders some systems less suitable for
DSP applications.

Dedicated silicon compilers for DSP applications are greatly
desired and a large number of compiler tools have bee:n proposed
over the past ten years. Some of them include all phaseg, ie. parts for
algorithm mapping, architecture synthesm:, rgahzatmn, and
implementation; others emphasize the realization 'phase. "I‘l‘fe
following list of tools is neither complete nor extensive but it is
comprised of tools that have influenced the work presented in this
thesis.

Hard-wired Silicon Compiler for Inner Products

The first in a series of synthesis systems developed at'IMT Uni
NE, Switzerland, this silicon compiler was developed for thh-spged
computation of inner products [Sjés93]. _Stat_a-space glgont}!ms (i.e.
inner products) can be mapped on that dlsmk_:uted arithmetic based
architecture. This work was realized in a Compass CAD
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environment and is restricted to VTI'
CMOS tochmoionios s emn20, cmnl6, and cmn12

Low-power Micro-programmed Silicon Compiler

The dedicated architecture is a micro-programmed

schgdulmg and resource allocation is pesiécia]ly agsli::ihi’gi
minimum power consumption [Heub93]. Research for low-power
general-purpose DSP applications is performed at IMT Uni NE.
Swn‘tzerland. This work was realized in a Compass CAD
environment and is restricted to VI'T's cmn20, emn16, and emn12
CMOS technologies and to ALP2 CMOS techn,olo fr

Microelectronics Marin, Switzerland. =

Cathedral I (Mistral 1™)

Catholic University of Leuven, at IMEC, Leuven i

developed _four _application-speciﬁc arch,itecture ’s};g]til:;i;
methpdologles with corresponding compilers [Vanh93]. Each
compllgr, namely Cathedral I through IV, addresses applicat;ions in
a paftlgular range o.f throughput requirements and system
f::]np exity. The compiler systems are built upon the SILAGE
- glllag_e (or Data Flow Language) used for both synthesis and
imulation. The final _DSP algorithm described by this language is
Elapp;d onto the arch'ltectures using strict mapping rules, In 1992
; e lirst commercially available silicon compiler deaigr;
nvironment for ASICs was introduced — EDC Mentor Graphics'
Mistral 1™ inside DSP Station™., B

Fm’l;lée czl;j;fft'ive: Ig;éu}')nd lCatfzedml I (Mistral 1™) were to treat
. cien algorithms and implement them on

3 - 3 . a
?rﬁt;;zl;:itgg—i;n:l }ﬁg'ﬁed 3rchitecture. Multiplication's arI(:

1 ; . shitt-add and shift-subtract approach usi
zinomca} signed digit coded coefficients. Very few building bloz:rllig
arZ :eqt_m;ed, apd the methodology is impressively efficient from an
syst,efnm% of view. All of the main design steps are treated in this
ke E;ndo:'veve?, 1t only covers applications with a low to moderate
gt Ime-invariant algurithn?s. Typical sample rates reach 5
et 8 is the silicon compiler that has influenced the
mplementation of the steady-state Kalman approach.
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Cathedral II (Mistral 2™)

The Cathedral II (Mistral 2™) architecture is based on the
classical Harward processor concept. It is a compiler with medium
throughput requirements and a complex control flow. Typical
applications require sample rates up to 2 MHz, covering the domain
of complex audio and speech processing. Many data paths can be
generated and different solutions can be compared. directly. The
moderate throughput allows one to time-share operations for area
efficiency reasons, controlled by a centralized micro-program. The
system is commercialized by EDC Mentor Graphics under the
name Mistral 2™ inside DSP Station™.

Cathedral III

Cathedral IIT was designed to meet the high throughput
requirements of DSP applications with regular control flow. Typical
sample rates of up to 50 MHz are achieved. This compiler addresses
video and radar filtering and image processing. It uses a weakly
programmable, pipelined, bit-parallel architecture, with local
control decision making. The approach is, in principle, limited to
fixed-point arithmetic DSP algorithms. Parts of the system are
commercialized by EDC Mentor Graphics and integrated with
Mistral 2™ and DSP Station™.

Cathedral IV

Cathedral IV is a compiler for highly pipelined, regular DSP
algorithms. It is aimed at front-end image, video, and radar
applications. The system is used by Philips but is not commercially
available at the moment.

AMICAL

This silicon compiler has been developed in the research
laboratories of Techniques of Information and Microelectronics for
Computer Architectures (TIMA), Grenoble, France [Park93].
AMICAL is an assistant for architectural compilation of control
dominated circuits. It is organized as an architectural synthesis
environment, allowing the combination of automated, manual, and
interactive synthesis. AMICAL performs both scheduling and
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allocation. It starts from a behavioral VHDL descripti
generates the detailed architecture of a circuit in VHDLC. }Ir‘)lgzeoélut?tli
can feed existing logic synthesis tools acting at the logic and register
transfer level. The compiler is built upon a dedicated library. It
contains standard operators (addition, subtraction, etc.) as well. as
complex functional units such as memories, cache memories
1nput./9utpu_t units, etc. The association between function units am:i
operations is made trough names. The operations of these function
units are referred through VHDL functions and procedures. In this
library, the description of each function unit contains some physical
parameters and the I/O ports. Each operation is broken down into
basic transfers (clock cycles). One of the functional advantages of
AMIch is the fact that the number of cycles necessary for the
execution of a function unit is not limited in any way.
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6.3. MAPPING ON MISTRAL 1 SILICON COMPILER

6.3.1. Basic Concept

Mapping is the translation of the signal flow graph (e.g. Figure
6.6) onto a target architecture. Bit-serial implementation is an
architectural strategy for implementing an algorithm on a piece of
hardware, where all bits of the a signal word are processed in
consecutive clock periods using the same piece. Bit-serial
implementation is slower than bit-parallel implementation, but the
hardware is relatively cheap. Each operation of the signal flow
graph is mapped onto a separate, bit-serial hardware operator.
Because bit-serial operators are small, area-efficient solutions are
obtained. With bit-parallel architectures, all signal bits are
processed in the same or few (pipelined) clock periods using
different pieces of hardware.

Mistral 1™ is a silicon compiler that generates an optimum
hard-wired bit-serial DSP architecture. The DSP algorithm
mapping is based on twenty-nine primitive operators, described in a
structural VHDL code for further logic synthesis.

Multiplication's are implemented by a shift-add and shift-
subtract approach using Canonical Signed Digit (CSD) coded
coefficients (Figure 6.1), It is a base-2 numeration system which
makes that a constant can only have one unique representation. To
ensure that the representation is unique, the product of the two
leftmost digits must not equal one (1). The nature of CSD
representation is such that the number of non-zero digits is
minimized and there exist no adjacent non-zero digits. A CSD
format, indicated by a "T" is a series of one or more ternary digits (0,
1, or -1) optionally containing one binary point.

Example:  0.011111 becomes 0.100000 T, in CSD format.
If there is one constant input specified by the CSD format, the
multiplication operation is mapped onto a nested multiplier. If that

is not the case, a data-by-data multiplier is utilized. A nested
multiplier consists of a chain of adders or subtractors, and
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¢ =0.10100T

a D b=c'a DSP Signal Flow Graph

a Mapping of
Multiply Block

2 Y \

[ b
OS> ®—>>+®—{3>—» Nested Multiplier

grc;LTnd shift -3 shift -2 shift -1

Figure 6.1. Mapping of multiplier operation: Nested
multiplier.

scalners (see Figure 6.1). For each non-zero bit in the coefficient
there is an adder or a subtractor. A one (1) gives rise to an adder; a T
to a subtractor. A scaler is added with a shift value equal to’ the
dlsta_nce between the mapped non-zero bit and the next non-zero bit,
starting from the LSB position. The position of the MSB non-zero bit
determines the shift value of the scaler at the end of the nested

multiplier. It is important to minimize the number of non-zero bits
in the coefficients.

The selected operators and the expected scheduling depends on
the _nu‘mbgr of one's (1's) present in the coefficient wordlength.
Optimization of the coefficients with the goal function of a

minimum number of one's (1's) achieves a reduced amount of
operators.

The example psed in Figure 6.2 is a bit-serial implementation of
the sum of two signals, A and B: C= Jix<6,4>(A+ B).

The hardware illustrated in Fi i
i gure 6.2 is reduced to a full adder
}ﬁnd_ two flip-flops, denotf.'d by FF. The bits are processed one-by-one,
eginning on the LSB side of the input words. Only one full adder

and two flip-flops are needed. The entire operation i i
: ’ . ation is repeated
times to determine the output word. d P .

Using that basic concept, a DSP signal flow graph can be mapped
by replacu}g each operation in the signal flow graph with its
corresponding hardware operator. Timing constraints of delayed
signals may occur when signals have to be synchronized inside the
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A= 001101
C=010010

B= 000101

Figure 6.2. Bit-serial implementation of a sum.

signal flow graph. A delay graph is extracted to manage these
delays. After the mapping process has been completed, the internal
and external word-level controllers are processed in order to obtain
a circuit with superior results, following delay management. The
controller produces the necessary control signals, ensuring that the
data path works correctly. The control circuit consists of a bit-level
controller and an optional word-level controller, added for time-
dependent flow graphs, that is, for circuits which have been
hardware multiplexed and/or converted from multirate to
monorate.

6.3.2. Design Flow for Mistral 1™

Architecture synthesis begins with an algorithm (signal flow
graph) described by DFL language. The synthesis is performed
through four mapping levels:

Mapping Level I

The Optimized Signal Flow Graph (OSFG) validates the
algorithm written in DFL. This step establishes that the circuit can
be implemented.

Mapping Level I

The conversion from OSFG to ESFG (Expanded Signal Flow
Graph) implies the mapping of complex operations onto simpler
elements. Multipliers are mapped to a network of adders, scalers,
and subtractors. Overflow and quantization characteristics are
expanded, too. It may be necessary to shift inverters through the
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network. Inversion management reduces the number of inverters
in a circuit and minimizes the chip area. Inverters may be
eliminated by combining adders and sign inverters into subtractors.
The ESFG remains an implementation-independent representation
of the original signal flow graph.

Mapping Level IIT

Conversion from ESFG to AFG (Architecture Flow Graph)
transforms the implementation-independent circuit into a bit-serial
architecture. The operations are now defined in terms of bit-serial
primitives. The primitives are read from the cell library, which
contains only 29 primitives in VHDL for further logic synthesis and
architecture simulation. Each of these primitives is described at a
very low level that means on a detailed logical description. For
simulation and implementation, the structural description can be
interfaced to IC design tools.

To achieve the algorithmic behavior of the operations, delay
management of the internal signals is applied. The final scheduling
is performed by a bit-level controller, a chain of shift registers. The
addition of multiplexing hardware, and a word-level controller to
drive these multiplexer operations, enables multirate digital
algorithms to be translated into single rate structures. This way
those algorithms can be mapped too.

Mapping Level IV

The Cell Flow Graph (CFG) level generates a scan path, an extra
path connecting all operations with a built-in memory function. It is
used to test the circuit together with test vectors. For further
implementations, EDIF, VHDL, and GN netlist are written,
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Figure 6.3. Design flow: Mistral 1™ architecture.
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6.3.3. Verification and Simulation

Functional simulation must be carefully executed before the
physical implementation. To simplify a bit-serial simulation of the
design, additional VHDL models are employed. The models are:

1 A controller generating the clock and the bit rate. The

controller induces the bit-level controller pulses as well as the
clock of the Mistral 1 design.

A parallel-to-serial converter for interfacing the input signals
to the design under test, as shown in Figure 6.4. The parallel-
to-serial converters load the word that is present at the input,
when the start input is high and the clock is active (positive
edge). The word is then serially shifted through the output of
the parallel-to-serial converter, from the LSB to the Mistral
1™ design. After loading in the value, the LSB of the input is
immediately available at the output and can be read.

A serial-to-parallel converter for the output signals. The
serial-to-parallel converter shifts the bits present at the
output of the Mistral 1™ design and discharges the stored
result to the output, when the start pulse is high and the clock
is active (positive edge). The timing is shown in Figure 6.5.

The input word "input” is processed in w clock cycles. Scheduling
is performed by the controller signals that generate the Mistral 1™
bit-level controller, "blc_in", and the test control signal, "t¢". An
external view of functional verification of the timing of the control
signals in the top level VHDL description is depicted in Figure 6.5 .
The clock generated by the controller originates with a value of zero
(0). The reset pulse must include at least one active edge of the clock,
that is, the positive edge. On the first active edge of the clock that the
reset signal is low, the start signal goes high again every wordlength
number of clock cycles. The parallel-to-serial converter reads a new
value from its inputs and then produces the LSB of "ms1_IN"
immediately, when both the start pulse and clock are active. This is
the case before the falling edge of start. The serial-to-parallel
converter outputs the value stored in its internal registers at the
same time. Next, it reads in the bit value present at its input.
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scanout_7

fix<m,n>

asqr_dc

asqr_50

asqr_100
asqr_150
asqr_175
asqr_188
asqr_200
asqr_250
asqr_300
asqr_350

Figure 64. Functional verification using top-level VHDL
interface.
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Figure 6.5. Timing of top-level VHDL control signals.
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6.4. DESIGN OF SPECTRAL ANALYZER ASICS

As Kalman filtering theory has entered many fields over the past
ten years, emphasis has been put on VLSI implementation of
various Kalman filter algorithms. If interested, one can find
publications presenting different implementation strategies and
design methodologies in [Azim91, Chen87 , Fale78, Gast88, Gent81,
Hen86, Jove86, Kung85s, Kung87, Kung91, Lee88, Rao90, Seitz85,
Shpa89, Sung87, Yeh88, Zhan90].

In Chapter 5, the software implementation of a Digital Power
Network Analysis System was demonstrated. The discussion now
focuses on the design and implementation of spectral analysis based
on a steady-state Oscillator Signal Model,

The same specifications have been assigned for a bit-serial
Mistral 1 ASIC realization. The selected design parameter for the
steady-state Oscillator Signal Model is 0.1; the sampling frequency
is 3,200 Hz; input and output wordlength are fixed at 16-bit, offering
true 10-bit resolution. Four bits are lost due to quantization inside
the algorithm. The maximum signal-to-noise ratio that is achieved
is 60 dB. Input and output signals are represented in signed

fractional two's-complement notation. The signal word type is
fix<16,15 >,

The magnitude, .i,,(k), of spectral line », is the square-root of the
squared real and imaginary parts of the estimated Fourier
coefficients, a, (k) and b, (k).

Ay =+/a,2 (k) + 52 (k) (6.1)

The estimated Fourier coefficients are obtained by multiplying
the estimated state variables, %(k), by the output coupling matrix,
H(k) (refer to Chapter 3).

(k) =H(k)2(k)

N (6.2)
(e.g. : 2" =[ak), b))

Because H(k) is only a matrix rotation, the calculation of the
magnitude of a frequency line becomes independent of H(k).
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Estimation of Stale Varabios

Word Multiplexer

m=log,(n)
Select Frequency

Figure 6.6. Spectral analysis of signal flow graph of mocAliﬁed
steady-state OSM: Magnitude estimation, A,(k),
of n frequency lines.

i i i duces the memory

In fact, this computational savmgs.also re _ (
req1111irements for the look-up tables, Whl(.th are required in ordex: to
save the sine and cosine tables present inside H(k) (see Equation

3.12). Equation 6.1 now becomes

‘an(k)=\‘£nl(k)2 + Ry (k) (6.3)

Figure 6.6 presents the signal flow graph of the modified 's;cgagi;
state OSM. The memory occupation is greatly reduceq w_1d 1
algorithm because any sine and cosine j:ahles present Ernsgl e4 o
output coupling matrix have to be st_ored in memory (see ad ef thls
The corresponding DFL file is listed in Appendix A at the end o

chapter.

i i i to the design and
The balance of this chapter is restricted
implementation of the modified steady-state OsSM appruaclfx. I.n
particular, power spectral analysis of a ch?_seré settof ?;qu;x::;ﬁ ;2
d (shown in Table 6.1). The first set of fre
Eaell;:fl?lr;f‘.l:s tl-(le squared magnitudes of 2 frequency lines; the second
set calculates 4 lines; the third 6 lines, and the fourth 10.
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Table6.1.  Power Spectral Analyzer Chips: Four Sets of
Frequencies Calculating State Variables.

q/r= 1E-1 Chip 1 Chip 2 Chip 3 Chip 4
2 Lines 4 Lines 6 Lines | 10 Lines

Estimation of | 50 Hz 50 Hz 50 Hz 0 Hz
state variables| 150 Hz 100 Hz 100 Hz 50 Hz
150 Hz 150 Hz 100 Hz
200 Hz | 200 Hz 150 Hz
250 Hz 175 Hz
300 Hz 188 Hz
200 Hz
250 Hz
300 Hz
350 Hz

The. estimation is limited to the calculation of the squared
magnltude, !)ecause Mistral 1 architecture is a hard-wired
implementation strategy, meaning that it cannot compute a

square-root. The squared magnitudes
B e gni present the spectral power of

. Each set 'is mapped onto the Mistral 1™ architecture. Four
mtegrate_d circuits (chips) are designed for the calculation of the
state .vanables,_shown on the left side of Figure 6.6. Each frequency
line 15 a precise copy of each other line, but with differing
cngfﬁmen_ts. As has already been shown in Chapter 4, the number of
arithmetic operations is linearly dependent upon the number of
frequency’ lines. As ASIC implementation based on that hard-wired
DSP architecture is concerned, the required amount of hardware is

also theoreti i
Tiries. retically linear dependent on the number of frequency

The square fqnction appears for every frequency line, and thus
each can be realized separately. This is also shown on the left side of
Fxgurle 6.6. The selection of a specific frequency line is achieved by
chcosmg the state variables, %, (k +1) and X, (k+1), with the word
de-multlplexgr. The number of select signals, m=1log, (M), of the
word de-multiplexer depends on the base 2 logarithm of the number
of estimated frequencies, M. Separate placement of the square
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S

6.5. TOP-DOWN ASIC DESIGN WITH LOGIC SYNTHESIS

With the recent trend towards the integration of Microsystems
comes the design of new electrical, mechanical, optical, and
biomedical sensors. In addition, a variety actuators are being
developed—electromagnetic and electrostatic motors, hydraulic
and pneumatic, with power electronics interfaces. Already
frequently used, sensors will become even more common as soon as
manufacturing techniques correspond with those allowing the
manufacture of microelectronics. Not only will manufacturing
benefit from downsizing, integration, and mass production, but it
will become possible to integrate the sensors and actuators with
computing. Because of the vast range of application possibilities
(automotive, home electronics, medicine, biomedical environment,
food industry), Microsystems will develop rapidly in the near
future[Cour93].

As the application specific integrated circuit design process
becomes more complex due to increased design complexity and
shorter design cycles, logic synthesis and optimization tools will
become vital to the design process. These tools help shorten the time
between design and production, thus offering a reliable method of
meeting the demands of the marketplace.

6.5.1. Design Methodology

Mapping of DSP Algorithms

Figure 6.7 is a flowchart illustrating where logic synthesis and
optimization occur in the design process. It is assumed that the
behavior for a fixed-point implementation is analyzed and
optimized before algorithm-to-DSP architecture mapping is
performed. The algorithm optimizations have been performed
using Matlab (Mathworks) and DSPlab (DSP Station, Mentor
Graphics) CAD-tolls.

The output description of the Mistral 1™ silicon compiler is a
detailed, structured VHDL that is well-suited for logic synthesis.
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Top-Down Design Process Used CAD-Tools

7]
- E
S5 | Optimized DSP Algorithm DSP Station Matlab
[ = g {Mentor) (Mathworks)
| %2 | 1
$_§ Silicon Compiler >~ (DSP St?}}mﬁ”ms“a' 1)
Functional Simulation —
Q QuickSym I / QSim
8’ @ | (Mentor) (Compass)
= 2 Logic Synthesis > i
D
E = | LAsic Synthesizer
oy Technology Tameting | | (Compass)
= Optimization . 1
* L QSim J
(Compass)

Back-annotation
Functional Simulation |

(Compass)

Floorplanning > |
Placement Chip Compiler
& Q (Compass)
285 ; ,
ekt Routing > QSim
é‘ g 8 (Compass)
=5 1
<
Compaction - | Layout2 )

Design Verification 8l
and Pattern Generation ‘

Silicon Foundry

Figure 6.7. Top-Dow(L Design Process with Logic Synthesis.
Left: Design process. Right: Design flow inside
CAD environment.
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High-Level Logic Synthesis

Today, designers can choose from a variety of silicon foundries
proposing specific technologies, such as ECL, TTL, Bipolar, PMOS,
NMOS, CMOS, and GaAs. Various processes offer power supplies
ranging from 1 Volt to 80-50 Volts. Furthermore, the trend towards
deep sub-micron technologies (0.2 um) offers the opportunity to
integrate many millions of transistors on a single IC. It has thus
become common to integrate entire systems.

For each technology, dedicated layout techniques have been
developed to enhance the design process and to simplify automated
IC design. Such techniques are based on gate arrays, or sea-of-gates,
where only the last few mask layouts have to be generated. This
pre-diffused approach is cost efficient and preferred for high
volume productions.

Another layout technique is the so-called semi-custom design
approach. It is based on standard cell libraries: Depending on the
desired application field, dedicated libraries are provided for area or
speed optimized designs. Recently, libraries have appeared on the
market for low-voltage and low-power applications used in the field
of portable products [CSEM92].

Of the technologies and layout techniques that have been
introduced thus far, only CMOS processes and standard cell
techniques will be discussed further. Information about IC design,
technological trends, and CAD environments can be found in
[Cour93].

The IC design flow starts with structural VHDL description of the
DSP architecture that is interfaced to logic synthesis. This is the step
in the design process where the design is implemented at the gate
level and optimized in the desired technology to meet the specific
needs.

Logic synthesis has been performed using Asic Synthesizer
(Compass). The selected technology (VLSI Technology Inc.) is:
CMOS 0.8 um, double metal, single poly. The layout technique is
based on a vsc450] standard cell library. It is a medium-voltage (2.7
V < Power Supply < 3.6 V), high performance standard cell library
with a clock edge switching time from VDD to VSS and VSS to VDD
in 0.5 ns.
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Top-Down Automated IC Design

Floorplanning is the process of estimating the chip area that will
be used for each standard cell or block in the design. A floorplan is a
togolomcal structure comprised of rows and shapes and used as
guides for arranging cells. Layout partitioning is important so that
one can be sure that the layout will fit into a given area before
placement and routing of cells is started.

Placement is the process of installing standard cells or blocks into
tl_'le floorplan. Routing is the process of placing and connecting
signal and power paths between the standard cells and blocks.

Compaction is the process of minimizing the size of a completed
laym_xt. Compaction can be done for either the entire layout or for a
spemﬁ? area. Freedom to compact in several directions and towards
any point that have been chosen are proposed.

A Chl_p Compiler (Compass) that performs both automatic and
mteractllve floorplanning, placement and routing, and compaction
of a design has been chosen for the organization of the modified
steady-state OSM spectral analyzer chips.

The schematic netlist that is generated is interfaced to the layout
editor, Layout2 (Compass). Layout?2 is a graphical tool used for
manual cell_ design or chip assembly. It is equipped to perform
complete chip layout tasks. Design Rule Check (DRC) is conducted
to detect any layout rule violations. The final layout generates . cif or
GDS.II files that describe the mask specific data. The silicon foundry
obtains the . cif .ﬁle for masks and silicon production. The results
presented here is culminates with the generation of the layout, the
mask data, and the functional verification. Due to time and money
constraints, the silicon production phase has been foregone.
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6.6. |IMPLEMENTATION RESULTS

In Section 6.4, algorithmical aspects for optimal implementation
results were introduced. Reviewing Figure 6.6, the left block
estimates the state variables while the right block calculates the
squared magnitude of a single frequency line. To select the desired
frequency line, a de-multiplexer has been added to the right block.
The Mistral 1™ implementation maps the left block onto a set of
four chips, each computing a specific number of frequency lines.
The kernel of the right block contains a data-by-data multiplier
which has been mapped onto a fifth chip. The five chips have been
designed according to the process shown in Figure 6.7 (CAD-tools
are indicated on the right side of the figure). The layouts are then
presented in Figure 6.8. Detailed layout photographs can be found in
Appendix B at the end of this chapter.

The vscd501 standard cell library has been chosen from VLSI
Technology Incorporation, USA. The technology is CMOS 0.8 um,
working at a medium power supply voltage (2.7 V < Vdd < 3.6 V).
The results are summarized in Table 6.2.

The implementation of the Kalman approach does verify
predictions made in Chapter 4. Particularly interesting results
obtained with the modified steady-state OSM are:

1. Top-down design process could be applied in a heterogeneous
CAD environment. Thus, VHDL described designs are easily
transferred from one CAD environment to another, allowing
for shorter design time and efficient standard cell layouts.

2. The modified steady-state OSM Kalman Filter applied for
power spectral analysis offers uncomplicated arithmetic,
leading to efficient ASIC integrations.

3. The Mistral 1™ chip clock rate is theoretically independent
of the number of frequency lines. The chip clock rate depends
on the signal wordlength and the CSD coded coefficient
wordlength. For 16-bit input and output wordlength, the chip
clock frequency is 32 times the sampling frequency. Thus,
real-time power spectral analysis can be performed at very
high sampling rates (e.g. vsc450l, tmax=100 ns, max.
sampling rate < 310 kHz).
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Table 62.  Power Spectral Analyzer ASICs,
Steady-State Oscillator Signal Model: Standard
Cell vsc450, VLSI cmn08 Technology, CMOS 0.8
um, 2 Metal, 1 Poly-silicon, 3.3 Volt Power Supply.

10 Lines

6 Lines

4 Lines
. o i Chipl | Chip2 | Chip3 | Chip4 | Chipb
2 Lines Bit-Serial 2 Lines | 4Lines | 6Lines | 10 Lines | 16*16 bit
§ %&l{g%er multiply
2 P it Core Size 1.67+1.89 |2.35*2.73 |2.88%4.04 | 3.39*5.4 1.28*0.75
° ; [mm]
1.28 mm 2.35 mm o 88 Area [mm?] | 3.14 6.44 11.67 18.34 0.97
. 839 mm Standard | 1453 2739 4985 6753 518
Figure 6.8. Power spectmli analyger ASICs, modified steady- Cells =
state OSM: 2 lines, 4 lines, 6 lines, 10 lines; 16-bit Transistors | 24617 44364 69078 109461 8337
data-by-data multiplier; standard cell vse4501, Density 7755 6880 5915 5965 8594
VLSI CMOS ¢mn08 technology. [tr./mm2]
. . P r 5.1 104 18.1 294 15
4. The tlheoretlcal prgdlctlon stated above (3.) is not true in e;‘i”neiation
practice. The maximum sampling rate is limited by the 3V
standard cell library, the place and route efficiency, and by ?t ?N/MH ]
m Z

the technology. Results have shown that during the mapping

procedure delay management becomes more difficult as the
nun:ibegr of ‘frequency lines increases. The delay management
optimization routing increases the internal signal
}vord]ength (number of clock cycles needed to process an
input sample). Theoretically, the maximum internal signal
wordlength (sum of the input wordlength and the coefficient
wordlength) increased when the number of lines was greater
than or equal to ten. The bit synchronization of the error
31_gnal inside the frequency estimation blocks (shown in
_Fxgure 6.6) became difficult and thus caused the increased
internal signal wordlength.

The nl_.lmber of standard cells (transistors) depends
theorgtlca_llly linear on the number of frequency lines. Upon
examination of the achieved implementation results, one can
see that t_he number of standard cells (transistors) increases
exponent}ally. The reason for this is seen in the signal flow
graph (Figure 6.6)—the error signal is distributed to each
frequgncy estimation block and this specific signal feeds
many inputs.
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The silicon consequence is that this error signal must be pre-
buffered using pre-buffering strategy because one output of a
standard cell can only drive a certain number of input cells.
During logic synthesis, a relatively high clock frequency, 15
MHz, was chosen. The effect of pre-buffering can be seen by
examining Figures 6.10 and 6.11. The purpose is an
increased core size, shown in Figure 6.9.

Theoretically, the layout density (transistors/mm?2) should be
constant for all four chips. In reality, however, while the
number of standard cells increases, the density decreases.
This effect, due to the place and rout optimization process
inside the Chip Compiler, can be studied in Figure 6.12.
Routing becomes more difficult because rows have to be
crossed, via feed-trues, in standard cells. But, the number of
feed-trues in each row is limited. And furthermore, the
length of rows that imposes to enlarge the routing channel
(see layout in Appendix B at the end of this chapter).
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Table 6.3. Ber.zchmarking: Motorola versus ASIC. The
estimated results are based on Tables 5.2 and 6.2:
the extrapolation is linear for the ASIC approaclz
(*) These values are not feasible in practice. .
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Table 64. Benchmarking: Motorola Throughput Fixed at
100%. Mistral 1 ASIC's are adapted to the same
throughput; the extrapolation is linear for the
Mistral 1 ASIC approach.

Motorola DSP 56002 Mistral 1 ASIC
steady-state OSM mod. steady-state OSM
24*24 bit arithmetic 24*24 bit arithmetic

32 lines 57.0kHz 750 mW 2.7 MHz 260 mW

64 lines 28.0kHz M 1.3 MHz "

128 lines 14.0kHz " 672.0 kHz "

256 lines 7.0kHz " 336.0kHz "

512 lines 3.6kHz b 173.0kHz "

| 1024lines | 1.8kHz " 87.0kHz "

Motorola Mistral 1 ASIC
DSP 56002 mod. steady-state
steady-state OSM OosSM
24*24 bit arithmetic | 24*24 bit arithmetic
Technology 0.65 pm CMOS 0.8 ym CMOS
full custom standard cells
. VLSI vsc4501
ower supply 5V 27V-36V
voltage (3.3 V mid '95)
max. chip clock 66 MHz 15 MHz
: (30 ns instr. cycle)
max. samphng rate [kHz] is almost constant
gi ﬁﬁes 57.0 because it is fixed by
ol es 28.0 24*24 bit arithmetic
ines 14.0 (48 cycles)
256 lines 7.0
512 lines 3.6
1024 lines 1.8 208 Ktz
Power consumption| is almost constant [mW/MHz]
32 lines 96
64 1§nes ~150mA at5V 192
128 lines 750 mW at 66 MHz 384
256 lines 768
512 lines 1536
1024 lines 3072
Chip area no indications from [mm?2]
32 lines the vendor 58
64 lines 117
128 lines 234 (*
256 lines 470 g )
512 lines 939 E* )
1024 lines 1878 (*;

Because the error si
: . gnal must be passed to each frequenc
estimation block, routing becomes more difficult 3s thz

number of lines increases.
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Benchmarking of programmable DSPs versus ASICs. The
discussions related to ASIC integration of the modified
steady-state OSM Kalman approach have shown that all
parameters exhibit an exponential dependency. In order to
simplify the benchmarking of programmable signal
processors versus Mistral 1 ASIC approaches, a linear
extrapolation has been chosen. The results are presented in
Table 6.8. The inexact values are always too low for Mistral 1
ASIC approaches, but give an approximation of what results
could be expected.

Today's DSPs are implemented on high quality technologies
offering very low power, high speed, and small size. In
contrast to Mistral 1 ASICs, the chip clock speed of DSPs is
certainly optimized for speed (full custom layout technique).

The maximum possible sampling rate is much higher for
Mistral 1™ ASICs. This advantage is obtained with hard-
wired bit-serial implementation strategy. The relatively low
chip clock speed is more than compensated for. Mistral 1™
ASICs perform power spectrum estimation theoretically
independent of the number of frequency lines and achieves
more than 200 kHz sampling rate compared to poor 1.8 kHz
for 1024 frequency lines on the DSP56002.




chapter 6. ASIC-Design Results

The estimations of power consumption expose very
interesting trends, presented in Tables 6.2, 6.3, and 6.4, and in
Figure 6.13. The new Motorola chip, the DSP56002, runs at
40 to 66 MHz (50 to 30 ns instruction cycle time) and
consumes, at 5 V, approximately 750 mW at 66 MHz. In
Table 6.3, the Mistral 1™ ASICs run at the maximum
possible chip clock speed. One can see that consumption is
clearly less for low to moderate number of frequencies.
Break-even is achieved for 256 frequency lines.

The results of a comparison that utilizes the same
throughput for both demonstrates that the Mistral 1™
ASICs consume one-third of power of the Motorola DSP. The
power consumption is constant for both and independent of
the number of frequencies.

Regard the Mistral 1™ ASICs, the explanation is that the
chip clock speed for bit-serial hard-wired Mistral 1™
architectures is independent of the number of frequencies
and thus can be lowered and adjusted to the sampling rate.
The number of standard cells, the area, and consequently the
capacitance, C, are increasing. The power consumption, P,is
linearly related to the chip clock frequency, f, and is
exponentially related to the power supply voltage ,V, that is
fixed for the applied technology.

P=C*f*V2 6.4)

Finally, estimations of the chip area highlight the main
drawback of hard-wired bit-serial implementations. The
signal flow graph is mapped directly onto hardware. As the
signal flow graph becomes more complex, the layout becomes
very large. Chip area greater than 200 mm? is expensive and
difficult to integrate. Applications that require more than 64
lines have to be time-multiplexed.
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Figure 6.9. Core Size: Graphical representation of Table 6.2,
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6.7. SUMMARY

m:‘tll-;lcfd ;:I};aptgr explored the ASIC design results. Its desi
i gL is l?ased on silicon compilers and on VHDL log'?:
- Algorithm-to-architecture mapping was introduceg:l

mapping alternatives were describ.

18 4 ed, and the desi

ixrl;;cor;r c:;mgﬂ::: I::va:fs exl;:?tsed. The target silicon cs:ﬁgilzgaltﬁ?t,rgf
» Was ¢ or bit-serial hard-wired DSP- i

synthesis. Finally, design flow road mapping was disczsaszghltecture
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The steady-state OSM algorithm, selected for silicon
implementation, has been applied to spectral power estimation. A
modified steady-state OSM signal flow graph that reduces the
number of arithmetic operations and offers very few memory
requirements was discovered.

The modified steady-state OSM is used for four integrated
circuits that have been designed to the layout level. The modified
steady-state OSM Kalman filter, applied for power spectral
analysis, offers straightforward arithmetic leading to efficient ASIC
integrations.

The Mistral 1™ chip clock rate depends on the signal wordlength
and the CSD coded coefficient wordlength. Thus, real-time power
spectral analysis can be performed at very high sampling rates.
Results have shown that, in practice, the maximum sampling rate
is limited by the standard cell library, the place and route efficiency,
and by the technology.

The implementation has shown an exponential dependency of the
implementation complexity. The reason can be found in the error
signal that is distributed to each frequency estimation block. This
error signal must be pre-buffered using pre-buffering strategy.
Furthermore, routing becomes more difficult, because rows have to
be crossed, via feed-trues, in standard cells.

The benchmarking of programmable DSPs versus ASICs has
been investigated. In sum, the maximum achievable sampling rate
is much higher for Mistral 1™ ASICs. This advantage is obtained
through the use of hard-wired bit-serial implementation strategy.
Special attention has been given to the power consumption. A
comparison that holds the throughput constant clearly favors the
Mistral 1™ ASIC's, consuming much less power. The power
savings can be explained by the fact that the chip clock speed for bit-
serial hard-wired Mistral 1™ architectures are unaffected by the
number of frequencies and thus can be lowered and adjusted to the
sampling rate.

Finally, estimations of the chip area accent the drawback of hard-
wired bit-serial implementations. The signal flow graph is mapped
straight forward into hardware. The result is a increasing chip area
with increasing complexity of the algorithm. Applications that
require more than 64 lines have to be time-multiplexed.
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L]
Appendzx A #define kall 100  CW(0.14109885531625 )
#dofine kal2_100  CW(-0.03239712792647 )

#define cos_150 CW( 0.95694033573221 )

DFL Fil #define sin_150 CW( 0.29028467725446 )
ile: Spectral A #define kall 150  CW(0.14477036922300 )

P nalyzer ASICs #define kal2 150  CW(0.00003262629215 )

#define cos_175 CW( 0.94154406518302 )
ok ok ok #define sin_175 CW( 0.33688985339222 )

v e e ke e e s ok o ROk e

* 5 .
/* Steady-state oscillator signal model for #define kall 175  CW(0.14078399536883 )
Kalm
/**.,f‘.,,*3,‘;‘,ffmff*gffﬁﬁggf*fgftimatom #define kal2_175  CW (-0.03373910961227)
: R RO ok ok o ook ok e o o
/* Copy Right: Peter Balsi **/
: Isiger #define cos_188  CW(0.93263902314309 )
IMT Uni NE #define sin 188  CW(0.36081082648764 )
Tivoli 28 #define kall 188  CW(0.09263766727536 )
1()3}1;1(;2003 Ne:(l:}gétel-Serriéres, Switzerland #define kal2_188  CW(-0.11125072346381)
ne: 4+ 830 16 33
Fax: ] ++4138 30 1845 #define cos_200 CW( 0.92387953251129 )
EMail:  peter.balsiger@imt.unine.ch #define sin 200  CW(0.38268343236509 )
Date: ' #define kall 200 CW(-0.01119036586004 )
Last Modifications: December 12, 1994 #define kal2 200 CW(-0.14433723213834 )
Filenamel- ications: ?ecemberl24, 1994 )
-‘ . pec_analysis.dfl #define cos_250 CW( 0.88192126434836
DSP Station Version: 8.4_2 #define sin 250  CW(0.47139673682600 )
Samplin . #define kall 250  CW(0.04207775782813 )
Nuber i ooue #define kal2 250  CW(-0.13852047922815)
poy gated Frequancies; #define cos_300  CW(0.83146961230255)
Design P m;amg»t::'ﬁé 333, 203. 1250, 300, 350 Hz, #define sin_300  CW(0.55557023301960 )
e . * #define kall 300 CW(0.01361107928693)
;-rut*uxwﬂnsumuuuuuuw*w********w************l**/ #idefine kal2_300 CW( -0.14412910667206)
#include <dsp_base_lib.hdfl>
#i 0ase_.ib, #define cos_350  CW(0.77301045336274 )
include <dsp_func_lib.hdfl> #define sin 350  CW(0.63439328416365)
s . #define kall 350 CW (-0.05804857567481)
signal & coefficient wordlength */ #define kal2 350 CW (-0.13222528614207 )

#define IW fix<16,15>

fidefi
e OV flx<16,155 /* main function that is used for mistrall synthesis */

#define SW fix<16,15>
#define AW fix<16,15>
#define OW fix<16,15>
#define PW fix<16,15>

/* coefficients for q/r= 0.1 #/

#tdefine
#define
#define
#define
#define
#define
f#idefine

kall_0
cos_50
sin_50
kall_50
kal2_50
cos_100
sin_100

CW(0.14477037289943 )
CW(0.99518472667220 )
CW(0.09801714032956 )
CWI( 0.14080423564252 )
CW(-0.03365454047474 )
CW(0.98078528040323 )
CW( 0.19509032201613 )
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func osc_syn (IN:IW) amp_de,amp_50,amp_100,amp_150,

amp_175,amp_188,amp_200,amp_250,amp_300,amp_350: OW =

begin

sum_wl=AW(w1_0+wl_50+w1_100+wl_150+w1_175+w1_188+w1l_200 +
wl_250+w1_300+w1_350);

error=AW(IN-sum_w1@1);

wl_0=AW(error*kall_0+wl_0@1);

w1_50=AW(error*kall_50- sin_50*w2_50@1+cos_50*w1_50@L);
w2_50=AW(cos_50*w2_50@1+ sin_50*wl_50@1+error*kal2_50);

w1_100=AW(error*kall_100-sin_100*w2_100@1+cos_100* w1_100@1);
w2_100=AW(cos_100*w2_100@1+ sin_100*w1_100@1+error* kal2_100);
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wl_150=AW(error*kall_150- sin_150*w2 1508
n; ] _ i 1+ 1 t 3 -
xf_iggzﬁggc::r;ﬁi;\ff_ll’?ssﬂ@h sin_15o*w1‘150":@??135;-201-?%&}201@5133-
_175= _175- sin_175%w2_175@1+ cos_175* 75@1);
w2_176=AW( cos_176*w2_175@1+ sin 175’ h T
. _ _175%w1_176@1+ * kal :
w1_188=AW( error*kall 188. sin 188%w5 188G j88% wl ies0es
= 1 1 _188@1+ cos_188* w1 A
w2_188= AW(cos_188*w5, 188@17 sin 18 P e
= = _188*w1_188@1+ - .
w1_200=AW( errortkall 900- sin 200%w2 2006 il
= i Tt _200@1+ cos_200* w1l 2 ;
w2_200=AW( cos_200 * w2_200@1s sin, 20 Vopllil e
i 1 0 * w1_200@1 * ;
w1_250=AW( error*kall 250- singﬁt 1. Meiloo sl
13 2_250@1+cos_250* wl 2 :
Ww2_250=AW(cos_250*w3. 250@ 14 sin. 2507 e Mg 2L
w1_300=AW(errortkall 300- sin 303?\»2 D00t s S e 280
it i _300@1+ cos_300* wl s
w2_300=AW(cos_300*w2_300@1+ sin_300* et o
= : _300@ _300*w1_300@1 * :
xé_ggg:gg(ermr*k&ll_%ﬁ- sin_350*w2_350@1+ cos+83gr6)f wl;&gi_gg?)):
_350=AW(cos_350*w2_350@1+ sin_350*w1_350@1+error* k;l2_350)"

/* computation of the magnitu *
amp_g[g:ﬁW(wl_O*wl_UgJ; sl
amp_50=AW(w1_50*w1_50+w2 50%w ;
amp_100=AW(w1_100*w1_100+w2 10%??2)’ 100);
amp_150=AW(w1_150*w1_150+w2_150*w2_150).
amp_176=AW(w1_176*w1_175+w2_175*w2_175).
amp_188=AW(w1_188*w1_188+w2_188*w2_188).
amp_200=AW(w1_200*w1_200+w2_200*w2_200).
amp_250=AW(w1_250*w1_250+w2._250*w2_250).
amp_300=AW(w1_300*w1_300+w2_300*w2_300).
amp_350=AW(w1_350*w1_350+w2_850*w2_350);

/* this function allows to verify th i
A .
?lmg_::é_gm(t us:.tblg for Mistgl 1 syn;t’z:igtil;c}e'?y SR
ine(asqrt_dc,asqrt_100,asqrt_150
:i;;;t_di{}g,asqx;;a%0,asqu:_aﬂ0,asq?*t_‘ﬁ50:éa\;(}lrt_175‘asqrt_188’
_dc,amp_50,a
bt n?pj50::3@120,amp_lﬁﬁ,amp_l‘?ﬁ,amp_188,amp_200,amp_250,

begin
asqrt_de=SW(sqrt(amp_dc));
asqr!:_jﬂ:SW(aqrt(am{?_ﬁO});'
asqrt_100=SW(sqrt(amp_100));
asqrt_150=SW(sqrt(amp_150));
asqrt_175=SW(sqrt(amp_175));
asqrt_188=SW(sqrt(amp_188));
asqrt_200=SW(sqrt(amp_200));
_asqrt_250=SW(sqrt(amp_250));
asqrt_300=SW(qut(amp_300));
::3:1;_350:SW(sqrt{amp_SSOJ)i
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Appendix B

Bl: Spectral Analyzer ASIC: 2 Lines

# Estimation of state variables for:

50 Hz and 150 Hz
input wors fix<16.15>
output words fix<16.15>
Sampling Rate: fs 3200 Hz
Clock rate chip 32*fs

# General Information:
VLSI Tools Version v8r4.6.4

tool Chip Compiler
technology cmn8ad

# Nets And Cells:

nets 1642
cell_areas 1
standard_cells 1453
connectors 126

# Total Area (excluding scribe lines) :
4186.00 X 4740.50 lambda (65.92 X 74.65 mil)

chip_size

transistors 24617

core_density .1241E-02 trans/sq-lam (1.2505 gates/sq-mil)
i# Post Route:

CM2CM2 6485

metal 525952 lambda

metal2 603969 lambda

unroutes_in_cell_routing 0

unroutes_in_block_routing 0O

# Cell Areas:

size 4186 X 4740.5 lambda

routing_factor 73

transistors 24617

density .12492E-02 trans/sq-lam (1.2517 gates/sq-mil)
standard_cells 1453

row_end_cells 56

feed_thru_cells 217
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Figure 6.B1. Layout spectral analyzer: 2 frequency lines.
Technology cmn8a3, standard cell library
vscd50L.
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B2: Spectral Analyzer ASIC: 4 Lines

# Estimation of state variables for:
50 Hz, 100 Hz, 150 Hz, 200 Hz.

input wors fix<16.15>
output words fix<16.15>
Sampling Rate: fs 3200 Hz
Clock rate chip 32*fs

# General Information:

VLSI Tools Version v8rd.6.4

tool Chip Compiler
technology cmn8a3

# General Information:

VLSI Tools Version v8r4.6.4

tool Chip Compiler
technology cmn8a3

# Nets And Cells:

nets 3095
standard_cells 2739
connectors 180

# Total Area (excluding scribe lines) :

chip_size 5890.00 X 6842.50 lambda (92.76 X 107.76 mil)
transistors 44364

core_density .1101E-02 trans/sq-lam (1.1097 gates/sq-mil)
# Post Route:

CM2CM2 12217

metal 1217816 lambda

metal2 1185132 lambda

unroutes_in_cell_routing 0

unroutes_in_block_routing 0

# Cell Areas:

size 5890 X 6842.5 lambda

routing_factor .15

transistors 44364

density .1101E-02 trans/sq-lam (1.1104 gates/sq-mil)
standard_cells 2739

row_end_cells 80

feed_thru_cells 308
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Figure6B2. Layout spectral analyzer: 4 frequency lines

Technology cmn8a3, standard '
e A ard cell library
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B3: Spectral Analyzer ASIC: 6 Lines

# Estimation of state variables for:
50 Hz, 100 Hz, 150 Hz, 200 Hz, 250 Hz, 300 Hz

input wors fix<16.15>
output words fix<16.15>
Sampling Rate: fs 3200 Hz
Clock rate chip 32*fs

# General Information:

VLSI Tools Version v8r4.6.4

tool Chip Compiler
technology cmn8a3

# General Information:
VLSI Tools Version v8r4.6.4

tool Chip Compiler

technology cmn8al

# Nets And Cells:

nets 4841

standard_cells 4285

connectors 230

# Total Area (excluding scribe lines) :

chip_size 7314.00 X 9631.50 lambda (115.18 X 151.68 mil)
transistors 69078

core_density .9806E-03 trans/sq-lam (.9885 gates/sq-mil)
# Post Route:

CM2CM2 21517

metal 2537736 lambda

metal2 2536111 lambda

unroutes_in_cell_routing 0

unroutes_in_block_routing 0

# Cell Areas:
size 7314 X 9631.5 lambda
routing_factor 97
transistors 69078
density 9811E-03 trans/sq-lam (.9890 gates/sq-mil)
standard_cells 4285
row_end_cells 100
feed_thru_cells 375
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B4: Spectral Analyzer ASIC: 10 Lines

# Estimation of state variables for:
0 Hz, 50 Hz, 100 Hz, 150 Hz, 175 Hz, 188 Hz,
200 Hz, 250 Hz, 300 Hz, 350 Hz

input wors fix<16.15>
output words fix<16.15>
Sampling Rate: fs 3200 Hz
Clock rate chip 34 *fs

# General Information:

VLSI Tools Version v8r4.6.4

tool Chip Compiler
technology cmn8a3

# General Information:

VLSI Tools Version v8rd.6.4

tool Chip Compiler
technology cmn8a3

# Nets And Cells:

nets 7605
standard_cells 6753

connectors 315 |

# Total Area (excluding scribe lines) :

chip_size 8482.00 X 13520.50 lambda (133.57 X 212.92 mil)
transistors 109461
core_density .9545-03 trans/sq-lam (.9622 gates/sq-mil) |
# Post Route:
CM2CM2 35656
metal 4346624 lambda
metal2 4491530 lambda
unroutes_in_cell_routing 0
unroutes_in_block_routing 0
# Cell Areas:
size 8482 X 13520.5 lambda
routing_factor 1.03
transistors 109461
density .9548E-03 trans/sq-lam (.9625 gates/sq-mil)
. standard_cells 6753
Figure 6B3. Layout spectral analyzer: 6 frequency lines RO eutl celle =
TeCknology cmn8a3, standard cell Ii brary feed_thru_cells 525

vse4501.
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Figure 6B4.  Layout spectral analyzer: 10 frequency lines.

Technology cmn8a3, standard cell lib
vsc450L. cenmoran
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B5: 16-Bit Data-By-Data Multiplier

# Data-by-data multiplier:

input wors
output word
Sampling Rate: fs
Clock rate chip

# General Information:
VLSI Tools Version

tool

technology

# General Information:
VLSI Tools Version
tool

technology

# Nets And Cells:
nets
standard_cells
connectors

fix<16.15>
fix<16.15>
3200 Hz
32*fs

v8r4.6.4
Chip Compiler
cmn8ad

vB8r4.6.4
Chip Compiler
cmn8a3

569
518
56

# Total Area (excluding scribe lines) :
3218.00 X 1884.50 lambda (50.68 X 29.68 mil)

chip_size
transistors
core_density

8337

.1375E-02 trans/sq-lam (1.3858 gates/sq-mil)

# Post Route:

CM2CM2 1818

metal 141152 lambda
metal2 138302 lambda
unroutes_in_cell_routing 0

unroutes_in_block_routing 0

# Cell Areas:
size
routing_factor
transistors
density
standard_cells
row_end_cells
feed_thru_cells

3218 X 1884.5 lambda
.60
8337

.1377E-02 trans/sq-lam (1.3882 gates/sq-mil)

518
24
59
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7. Conclusion

In the final chapfter, certain implementation results will
be discussed, as will the deterministic and stochastic
design approaches. Several conclusions will be
presented pertaining to the two different
implementation strategies. Finally, propositions for
further improvements and future research possibilities
are offered.

7.1. KALMAN FILTERING FOR SPECTRAL ANALYSIS

Time-variation of the sinusoidal frequency is expressed by a
stochastic design model which, together with a model of the additive
noise source, is the foundation for the design of a Kalman filter.

This thesis emphasizes one very specific approach for estimating
sliding Fourier coefficients for a given set of frequencies — the
Kalman filter. This method is especially designed for the spectrum
analysis of signals with time-varying frequency components and/or
when only specific frequency bands are of interest.

Using the Kalman method, one can select the range of the
frequency axis and the distance that separates the frequencies. A
special feature is that the sharpness, or in other words, the shape of
the frequency response (noise rejection), can be parametrized
individually for each frequency.

The discussion centered on the estimation of the spectral
components of quasi-stationary sinusoidal signals measured in
noise. More specifically, time-frequency analysis and the
complexity of the algorithmic operations were studied.
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A Dyna@ic Signal Model is preferred to a Static Signal Model
because.s:lgm_als measured in noise are stochastic by nature. A
stocha_stlc design (e.g. Kalman theory) incorporates the dynamics of
the s:gqal model and therefore offers advantages over a
deterministic design approach (e.g. Fourier analysis).

7.1.1.  Achieved Results

Two stochastic signal models were appli
: pplied to the Kalman filter,
the Random Walk Sllgnal Model and the Oscillator Signal Model.
Both were .ana_lyz.ed in the time and frequency domains. A detailed
study of windowing functions was undertaken to prepare for the

comparison of the stochastic approach to the well- k i
Fourier Transform. nown Discrete

Thg important characteristics of the Kalman estimator are its
trackxlng speed and its frequency response. The two depend on the
covariance matrices or, more specifically, on the design parameter.
The Kz_ﬂmanlestlmator is tracking on true values more slowly than
DFT windowing, but its frequency response is completely tunable.

Furthgrmore, there are no constraints on the range of
frequencies or th_e increment separating them. At each estimated
f'rec_;uency, a design parameter, q/r, shapes the selectivity of the
main-lobe and the amount of noise rejection (roll-off rate of the side-
loi_)e}: A small design parameter increases selectivity and side-lobe
rejection, but with a slower tracking speed, necessitating a
stationary signal. The selectivity of the frequency response is also
affected by the relative position of its neighboring frequencies. Thus
increased selectivity can be achieved for higher values of q/r. ,

Unt_ier the assumption of stationary random process, the error
covariance matrices and the Kalman Gain can be computed in
ad\_rance because the error covariances tend to stationary functions.
Th:s means that the matrix multiplications and the matrix
inversions are transferred from real-time to off-line calculation
'I"}us regluces the number of equations needed to determine the on—.
line estimates from five to two, thus exorbitantly abbreviating the
rea_l-tlme computational complexity of the steady-state Kalman
estimator. New algorithms based on the steady-state Kalman filters
were then proposed.
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There is no noticeable difference between the frequency
characteristic of each steady-state Kalman estimator and its on-line
algorithm. However, the steady-state Kalman estimator has a
faster tracking speed than its on-line algorithm.

The most significant improvement that has been achieved with
the implementation of the RWSM is an 11% decrease in
computation, as compared to the steady-state OSM. In both models,
the number of arithmetic operations is linearly related to the
number of frequency lines — the filter order is linearly dependent
upon the number of analyzed frequencies.

Using the steady-state Kalman estimator, each input sample
creates an estimate of the output. This iterative calculation
procedure can be seen as short-time spectrum analysis. The time
needed to track correct estimates is comparable to the window
function used in classical short-time Fourier transform.

The number of arithmetic operations gained by using the steady-
state RWSM, instead of Radix 2 and split-radix FFT, two very
efficient Fast Fourier Transform algorithms, is remarkable. The
gain variation is the difference between the linear dependence of the
steady-state Kalman estimator and the logarithmic dependence of
the FFT algorithms. The gain over the split-radix FFT increased
from 4 to 10.8 for 16 to 1024 estimated frequencies.

Because the steady-state Kalman estimator uses an iterative
calculation method to estimate the Fourier coefficients, no data
block has to be stored and thus memory occupation remains low.
This is an advantage over the block-data processing methods of the
FFT approaches. On the other hand, steady-state Kalman
estimators require a sine and a cosine table. If the ratio of the lowest
estimated frequency to the sampling frequency is small, the tables
could be large, engaging more space.

7.1.2, Llimitations

FFT algorithms are best suited for applications that require high
tracking speeds, where noise rejection is secondary, and when the
distance between neighboring frequencies is fixed. FFT algorithms
determine the entire spectrum and results are available only after
calculation of the complete data block. :
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The steady-state Kalman estimator offers b i
estulnatmps, especially for signals measured in noise%t]tﬂeeiagg: ltllig
stationarity of the sinusoid is related to the tracking-time, the
l'{{alman filter is well-suited for quasi-stationary signals’ An
important advantage of the Kalman filter is that estimateé are

available at each sample — for any set of f; :
along the frequency axis. v requencies anywhere

Today's CAD design environments d

y : : o not offer automated

;{yr;thems. To ente? this domain, a deep knowledge of the proposed
9(.: Zn]gn ap_proach 1s necessary because a user would have to derive

a design environment himself. To understand the theory and

implementation of th : a
complicated. e Kalman filtering approach is very

This work includes a complete design and analysis environ
. - 1 me
angle Mathwork's MATLAB tool. The tool that hag been developeI:It

esign and_Analys:s of Spectrum Analysis based on Kalman ﬁlters;
giiaé}'ak“?), 18 a general purpose CAD environment run on DOS
hacmtosh, and UNIX computers. A complete design environment.
that produces_ on-line and steady-state OSM and RWSM for
spec_tral analysis has been written and integrated with the domain-
specxﬁc knowledge. Thus, users of daSak® need not master Kalman
filtering thepry. The program is simple to use, performs the design
and analysis, and presents graphical results on the computer
screen. The derived results can be re-used for further
implementation with DSPs and ASICs.

This thesis is a collection of id i
; S ac eas, algorithms, CAD-tools, and
:es;;lts' which smphfy real-time implementation of sliding spectral
analysis. Due to its low complexity, the exhibited concept is very
Interesting for system integration.
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7.2. IMPLEMENTATION

7.2.1. Achieved Results on DSPs

Two steady-state Kalman algorithms and a Bergland FFT have
been implemented on a Motorola DSP56001 signal processor. It has
been shown that the steady-state Kalman approaches require more
instruction cycles for all M < 8, with M depicting the number of
estimated frequency lines. However, for all M > 16, the Kalman
techniques are faster.

The FFT approaches feature several major drawbacks. The
frequency resolution depends on the number of points and on the
applied window function. In order to increase the frequency
resolution, a large N is needed. This is complicated by the fact that
N is limited to the set, 2%, for all integers z. Furthermore, the
complete spectrum is automatically calculated, even if only a
certain frequency band is of interest. Finally, the algorithms'
complicated addressing of data and coefficients, based on block data
processing, requires that the entire data block be stored.

These drawbacks are irrelevant for the Kalman approaches.
Only the desired frequencies have to be implemented and thus, for
applications where only a band of frequencies needs to be analyzed,
Kalman is executed more efficiently. Also, the data and coefficient
addressing is unambiguous, with no pre-address calculations
required.

The steady-state Random Walk Signal Model was used for an
industrial application — a Digital Power Network Signal Analysis
System implemented on the DSP56001. The DSP performs the
estimation of the Fourier coefficients for the power network signals
and determines the power, the distortion, and the ripple control
signals. The DSP board, interfaced to the PC screen, communicates
the various findings.

It has been shown that the steady-state Kalman approach is
appropriate for real-time implementations. The regular structure
of the signal flow graph and the sequential addressing of coefficients
and variables lead to a very efficient assembly code. There is no need
to program in nested loops, which invariably increases the
processing time.
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7.22,  ASIC Results

The A_SIC design is based on silicon compilers and VHDL-logic
syntlllesls.‘The target silicon compiler, Mistral 1™, has been chosen
for bit-serial hard-wired DSP-architecture synthesis.

_ The steady-state OSM algorithm has been selected for silicon
1m1?lementation. A modified steady-state OSM signal flow graph
which further reduces the number of arithmetic operations anfi
offers very few memory requirements, has been discovered.

The modified steady-state OSM is used for four inte

_The . grated
circuits 'that ha\fe been designed to the layout level. It offers
uncomplicated arithmetic, leading to efficient ASIC integrations.

Rea!«time power spectral analysis can be performed at very high
samplfng rates. Results have shown that, in practice, the maximum
sampling rate is limited by the standard cell library, the place and
route efficiency, and the target technology,

) The xmplerpentation has shown an exponential dependency of the
n:nplementatlon complexity. The reasons for this is that the error
signal must be pre-buffered using pre-buffering strategy.
Furthermore, routing becomes more difficult because many rows
have to be crossed via feed-trues, in standard cells. As a result, the
routing channels are enlarged. '

Comparing DSP and ASIC implementations, the results have
showr_l that the maximum achievable sampling rate is much higher
for_M:sigral 1™ ASICs and they consume much less power. Finally
estimations of the chip area show the main drawback of hard-wireri
b;t—senal implementations. The signal flow graph is mapped
directly onto the hardware. As a result the Chip area increases as
the glgor:thm becomes more complex. Thus, applications that
require more than 64 lines have to be time-multiplexed.
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7.3. FUTURE IMPROVEMENTS

In this thesis, two signal models have been examined, but there
are parts that have not been covered. It would be very interesting to
investigate the time-frequency domains of other state-space signal
models and to compare their computational complexities and
performances in noise.

Research on analytical descriptions of tracking speed suggests
that tracking speed could be expressed as a function of the design
parameter. Such an increase in value could be used for faster
estimations during synthesis inside daSak®.

Studies connected with the performance in finite arithmetic
implementations would be interesting to derive. Analytical
descriptions of the quantization type and overflow characteristics
could be contrasted with DCT performances.

ASIC design results have shown that the implementation
complexity diverges from a linear to an exponential dependency.
The signal flow graph of a complete set of frequencies has been
mapped onto the Mistral 1™ architecture. To split up the problem
inside the delay management, divide the algorithm into blocks as
shown in Figure 7.1. Each block estimates only one frequency line
and can be mapped onto Mistral 1 individually. The error signal
should also be mapped separately. With this method, a modular
block implementation is achieved.

The synchronization and scheduling of signals between blocks
can be solved by inserting fixed delay potentials on specific signals
during Mistral 1™ architecture synthesis. This method produces
the preferred linear dependency for the number of required
hardware operators. Furthermore, the chip clock rate can be
controlled via fixed delay potentials.
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i} —_ Abbreviations

ror Block mapped oy

on Mistral 1 K2 & T

N o K, W:T AC Alternating Current
ry—e—s +re—z -1 AFG Architecture Flow Graph
4 1 e ASIC Application Specific Integrated Circuit
e = _'i“‘__‘éﬂ_ﬂ cos(Cy) | CAD Computer Aided Design
CD Compact Disk
..ntimes ... CFG Cell Flow Graph
Suted) CSD Canonical Signed Digit
K2, Reglke)_ daSak gﬁzirgsn and Analysis of Spectrum Analysis based on Kalman
- r K1y ™ "E:’”; DC Direct Current
DFL Data Flow Language
. "'3 co8(Qy,) DFT Descrete Fourier Transform
< DIT Design for Test
Block n mapped on Mistral 1 DRC Design Rule Check
. ESFG Expanded Signal Flow Graph
Figure 7.1. (B;lg]c‘f implementation: Modified steady-state WT Wavelet Transform
DPNSAS Digital Power Network Signal Analysis System
DSP Digital Signal Processing (Or Digital Signal Processor)
The place and route optimization is divided into blocks and thus FFT Fast Fourier Transform
perfo_rms_ much better in density. The remainin g non-linear FIR Finite Impulse Response (filter)
contribution from the place and route operation is reduced. The only GPS Global Positioning Systems

non-linear contribution that remains is the pre-buffering of the

separately realized error signal. This signal must be buffered and i Eigh Definition Televiton

will only affect the achieved linear dependency of the N Integrated Circuit
implementation complexity. IIR Infinite Impulse Response (filter)
rI.‘his block implementation strategy could substantiate the 1SDN Integrated Syatem Digital Network

estimated results presented in Chapter 6. KFCE Fourier Coefficient Estimator

LSB Least Significant Bit

MSB Most Significant Bit

Natel-D Digital mobile telephones

OSM Oscillator Signal Model
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Abbreviations / Notations

OSFG Optimized Signal Flow Graph

PCU Power Computing Unit

QMF Quadrature Mirror Filter

RTPG Random Test Pattern Generation

RMS Root Mean-Square

RLS Recursive Least Square (method)

RWSM Random Walk Signal Model

RTL Register Transfer Level

SSM Static Signal Model

TF Time Frequency plane

VDD Power Supply Voltage

VSS Ground Voltage

VLSI Very Large Scale Integration

VHDL Very high-speed IC Hardware Description Language

WwT Wavelet Transform .
|
[

Notations

H(w) Transfer Function

ap, by Fourier Coefficients.

p(t) Instantaneous Power

P Active Power

P, Reactive Power

Py Apparent Power

u(t) Instantaneous Voltage

i(t) Instantaneous Current

IRMS Effective- or Root-Mean-Square Current

URMS Effective- or Root-Mean-Square Voltage

a/r Design Parameter
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