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Abstract i

Zusammenfassung

Diese Arbeit befasst sich mit dem Wechselspiel zwischen analoger und diskreter Welt.
Die Umwandlung von zeitdiskreten in zeitkontinuierliche Signale ist essenziell, da
Informationen heutzutage fast ausschliefllich digital verarbeitet werden, wéhrend
reale Signale analog sind. Neben der bandbegrenzten Interpolation wird die Rekon-
struktion von bandbegrenzen Signalen anhand ihrer Abtastwerte fiir verschiedene
Signalrdume untersucht. Es werden fundamentale Grenzen aufgezeigt und zahlreiche
neue Resultate gewonnen, z.B. fiir nichtidquidistante Abtastung, Uberabtastung und
stochastische Prozesse. Fiir Anwendungen ist die Verarbeitung von Signalen durch
lineare zeitinvariante Systeme von grofler Bedeutung. Das klassische und distribu-
tionelle Konvergenzverhalten von verschiedenen Faltungs-Systemreprisentationen
wird analysiert. Im Fokus stehen Abtast-Systemrepréisentationen, die nur die Ab-
tastwerte des Eingangssignals zur Berechnung des Systemausgangs verwenden. Ab-
schlieBend wird der Einfluss von Quantisierung auf die Signalrekonstruktion und die
Systemapproximation untersucht.

Abstract

This dissertation analyzes the interplay between the analog and the digital worlds.
The conversion between discrete-time signals and continuous-time signals is impor-
tant because today most information is processed digitally while real world signals
are analog. Bandlimited interpolation is studied, as well as the reconstruction of
bandlimited signals from their samples for different signal spaces. Fundamental limits
are discovered and results are obtained in several directions, e.g., for non-equidistant
sampling, oversampling, and stochastic processes. The processing of signals with
linear time-invariant systems is important for applications. The classical and distri-
butional convergence behavior of different convolution-type system representations
is analyzed. Attention is paid to sampling-type representations that use only the
samples of the input signal to compute the system output. Finally, the effects of
quantization on the signal reconstruction and the system approximation are studied.
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Introduction

1.1 Motivation

Claude Shannon’s fundamental paper “Communication in the Presence of Noise” was
published in 1949 [1,2]. A central part of this paper was the sampling theorem, which
states that certain bandlimited signals are uniquely determined by their equidistant
samples if the samples are taken at least at the Nyquist rate, and that these signals
can be perfectly reconstructed from the samples using a series, which is nowadays
called Shannon’s sampling series.

More precisely, the Shannon sampling theorem states the following. Given a signal
f with finite energy and bandlimited to o, i.e., a signal f that has the representation

1 f° .
t) = — et dw, teR,
10 =5/ g
for some g € L%[—0,0], then the samples of the signal {f(km/o)}rez uniquely
determine the continuous-time signal f, and f can be reconstructed using the series

o Ekw\ Sin (0 (t — %))
t) = — teR. 1.1
o= > 1(%) E (1.1
Although this sampling theorem is often called the Shannon sampling theorem,
Shannon was not the first to discover this sampling theorem. It was already known
in the mathematical literature [3]. However, its significance in many engineering
applications and theoretical concepts made it famous.

Today, most information is processed digitally. In our daily life we are surrounded
by devices that operate with digital signals: computers, mobile phones, portable
media players, and many more. However, the real world signals are not digital but
analog in nature, and therefore we need to convert the signals back and forth between

k=—o00
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the analog and digital domains. The sampling theorem established the basis for
performing this conversion, and thus the work of Shannon can be seen as the starting
point of the information and communication age in which we are living.

The current technological advance in digital devices is driven by Moore’s law,
which states that the complexity of electronic circuits, measured in the number of
transistors on a chip, doubles approximately every two years. It was postulated in
1965 by Gordon Moore, who originally stated, based on the development between
1959 and 1965, a doubling every year, which would continue for at least ten years [4].
In 1975, he corrected his prediction to the current two year statement.

The prediction of Moore’s law is astonishingly precise, and indeed, this remarkable
progress in technology could be observed over the last 50 years. However, it is clear
that the miniaturization cannot be continued forever due to physical limitations of
atomic structure or power density. Regardless of whether this driving force will stop
in 10 or 20 years, by then we need to find other methods and concepts to maintain
the technological progress.

In this thesis we study the interplay between the analog and the digital worlds.
We will find many results that go beyond Shannon’s sampling theorem and discover
fundamental limits. It is important to better understand the basic principles, because
knowing the theoretically feasible can help improve future systems.

1.2 Contribution and Organization of this Thesis

There are many applications where the conversion between digital and analog signals
is important. For example in modern wireless communications, the information to
be transmitted to the receiver is present in the form of a digital signal at the sender.
In order to be able to physically transmit this signal through the air we have to
convert it into an analog signal, and later at the receiver we have to convert it back
to a digital signal.

The digitization of an analog signal, which is visualized in Fig. 1.1, consists of
sampling and quantization. Some authors already call the discrete-time signal a
“digital signal”. However, in this thesis we distinguish between these terms and call a
discrete-time signal a “digital signal” only if it is additionally quantized. Further, we
will use the terms analog signal and continuous-time signal synonymously.

It is well known that the sampling step is reversible if the signal and the sampling
pattern satisfy certain properties. For example, from Shannon’s sampling theorem
we know that the sampling step is fully reversible if the analog signal is bandlimited,
has finite energy, and is sampled equidistantly at least at the Nyquist rate. In
contrast, the quantization step inevitably entails a loss of information and thus is
not reversible in general.

While for finite-energy bandlimited signals the conversion from the analog signal
to the discrete-time signal and the conversion back from the discrete-time signal to
the analog signal can be performed without problems by sampling and interpolation
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Figure 1.1: Analog to digital conversion and reconstruction.

with the Shannon sampling series, the latter transition can be problematic for other
signal spaces. In the first part of this thesis we will analyze the interpolation problem,
which is depicted in Fig. 1.1, for larger signal spaces.

Another essential question is, whether certain properties of the signal in one domain
carry over to the other domain. It is a well-known fact that if the discrete signal
has finite energy, then the bandlimited continuous-time signal, which is obtained
by interpolation with Shannon’s sampling series, also has finite energy. Conversely,
the sampled version of a bandlimited signal with finite energy has finite energy. By
sampling and interpolation one can switch between both representations and the
finite-energy property of the signal is preserved. We will analyze whether a similar
correspondence is also true for general bounded bandlimited signals.

Further, in applications it can occur that the sampling process is not ideal. Then
the samples of the signal are disturbed in one or both of the following ways:

1. The sample positions are changed.
2. The sample values are changed.

Consideration of the first disturbance leads directly to the problem of non-
equidistant sampling. Although the sampling points are often chosen equidistantly
for ease of reconstruction, imperfections in the sampling procedure inevitably lead to
a jitter in the sampling positions. The influence of non-equidistant sampling patterns
will also be studied in this thesis.

A special case of the second disturbance is quantization, where the sample values
are changed according to a specific quantization rule. Quantization is important
because—as an integral part of digitization—it is present in any real system. We
examine quantization and thresholding, which is closely related to quantization, and
study their effects on signal reconstruction. In this thesis the quantization operator
is treated deterministically. The deterministic analysis is difficult because of the
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non-linear nature of the quantization operator, but it reveals some properties of the
quantization process, which cannot be analyzed with an additive noise description of
the quantization error.

Another big part of this thesis is devoted to the analysis of representations of stable
linear time-invariant (LTT) systems. There we are not interested in the reconstruction
of a bandlimited signal from its samples but in the calculation of the output signal
of a stable LTI system. This problem is interesting because the processing of signals
by systems is at the heart of signal processing and, for applications, is probably
even more important than the mere reconstruction of signals. We will analyze
the convergence of certain time domain convolution-type system representations.
Further, since bandlimited signals are determined by their samples, we also consider
sampling-type system representations, which only use the samples of the bandlimited
input signal to compute the continuous-time output signal of a stable LTI system.
A priori it is not clear whether such a sampling based signal processing can be
performed in a stable way.

Outline

The outline of this thesis is as follows.

In Chapter 2 we introduce some notation and definitions. Further, we define
different spaces of bandlimited signals and state their basic properties.

In Chapter 3 we treat the interplay between discrete-time and continuous-time
signals. First, in Section 3.1, the bandlimited interpolation is studied. Then, in
Section 3.2, the reconstruction of bandlimited signals from their equidistant samples
is analyzed. After reviewing the Shannon sampling theorem for different spaces
of bandlimited signals, we analyze the convergence behavior of a whole class of
axiomatically defined Nyquist-rate reconstruction processes for signals in PW;. It is
shown for this very general class, which contains all common sampling series including
the Shannon sampling series, that a reconstruction that is uniformly convergent
on compact subsets of the real line and uniformly bounded on the entire real line
is not possible. Further, we consider oversampling and give a sufficient condition
for the uniform convergence of the Shannon sampling series without oversampling.
Additionally, we analyze the convergence behavior of the non-symmetric sampling
series and a variant of the Shannon sampling series which is truncated symmetrically
around t. Finally, in Section 3.3, non-equidistant sampling series are studied for
general bounded bandlimited signals. We consider sampling patterns that are given
by the zeros of sine-type functions and analyze the local and global convergence
behavior of the sampling series. It is shown that the series converge locally uniformly
for bounded bandlimited signals that vanish at infinity. Moreover, we discuss the
influence of oversampling on the global approximation behavior and the convergence
speed of the sampling series. Parts of the results are published in [5-13] or will be
published in [14].
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In Chapter 4 we analyze time domain convolution-type representations of stable
linear time-invariant (LTI) systems operating on bandlimited signals. Although a
frequency domain representation of such systems is always possible, a time domain
representation can be problematic. Two convolution integrals as well as the discrete
counterpart, the convolution sum, are treated. We identify the differences in the
convergence behavior of the two convolution integrals, and show that there exist stable
LTI systems operating on the Paley-Wiener space PWL for which the convolution
integral representation does not exist because the integral is divergent, even if the
convergence is interpreted in a distributional sense. Furthermore, we compare the
classical and the distributional convergence behavior and completely characterize all
stable LTI systems for which a time domain convolution representation is possible by
giving a necessary and sufficient condition for convergence. For the sampling-type
system representation we consider, in addition to equidistant sampling at Nyquist
rate, non-equidistant sampling patterns and oversampling. Parts of the results are
published in [13,15,16] or will be published in [14].

In Chapter 5 we analyze the convergence behavior of the symmetric and the
non-symmetric Shannon sampling series for bandlimited continuous-time wide-sense
stationary stochastic processes that have absolutely continuous spectral measure.
We completely characterize the processes for which the approximation error variance
of the symmetric sampling series is uniformly bounded on the whole real axis
and the processes for which the symmetric as well as the non-symmetric sampling
series converge in the mean square sense uniformly on compact subsets of the real
axis. Moreover, it is shown that there are I-processes for which the mean square
approximation error of the non-symmetric sampling series diverges pointwise. This
shows that there is a significant difference between the convergence behavior of the
symmetric and the non-symmetric sampling series. Parts of the results are published
in [17].

In Chapter 6 we analyze the approximation behavior of sampling series where the
sample values are disturbed either by the nonlinear threshold operator or the nonlinear
quantization operator. We perform the analysis for several spaces of bandlimited
signals and completely characterize the spaces for which an approximation is possible.
Additionally, we study the approximation of outputs of stable linear time-invariant
systems operating on PWL. by sampling series that use only the samples of the input
signal, for the case where the samples are disturbed by the threshold operator or the
quantization operator. We show that there exist stable systems that become unstable
under thresholding and quantization and that the approximation error is unbounded
irrespective of how small the quantization step size is chosen. Further, we give a
necessary and sufficient condition for the pointwise and the uniform convergence of
the series. Surprisingly, the condition for the uniform convergence is the well-known
condition for bounded-input bounded-output (BIBO) stability. Parts of the results
are published in [9,15, 18].

Finally, in Chapter 7 we conclude the thesis and point out open problems and
possible future research directions.
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Further Results that are not Part of this Thesis

During my time as a research assistant at the Technische Universitat Berlin and the
Technische Universitdt Miinchen we obtained further interesting results, which are
not included in this thesis:

e In [19] the convergence behavior of the Shannon sampling series was analyzed
for Hardy spaces. It was shown that there exist signals in the Hardy space
such that the peak value of the Shannon sampling series diverges unboundedly.

e In [20] the convergence behavior of a convolution representation of stable linear
time-invariant (LTT) systems operating on the Zakai class of bandlimited signals
was analyzed. It was shown that the convergence of the convolution integral is
problematic if the system is the Hilbert transform or the ideal low-pass filter
with bandwidth less than or equal to the signal bandwidth. Moreover, using a
previously obtained result of Habib [21], it was proved that the class of stable
LTI systems that map the Zakai class into itself does not include the Hilbert
transform and the ideal low-pass filter with bandwidth less than or equal to
the signal bandwidth.

e In [22] sampling series that are disturbed by the non-linear threshold operator
were studied. The set of PW}r—signals for which the sampling series diverges
as the threshold goes to zero was characterized, and it was shown that this set
is a residual set.

e In [23] the approximation of the outputs of linear time-invariant systems by
sampling series that use only the samples of the input signal was analyzed for
the case where the samples are disturbed by the threshold operator. It was
shown for the Hilbert transform that the peak approximation error can grow
arbitrarily large for some signals in PW}T when the threshold approaches zero.
Furthermore, a game theoretic interpretation of the problem in the setting of
a game against nature was given.

e In [24] the existence of efficient bandpass-type systems for the space of bounded
bandlimited signals was analyzed. Here efficient means that the system fulfills
the following properties: every output signal contains only frequencies within
the passband; every input signal that has only frequencies within the passband
is not disturbed by the system; and the system is stable. It was proved that
a linear realization cannot exist; however, a nonlinear realization is possible.
Further, it was shown that a splitting of bounded bandlimited signals according
to their frequency content can be problematic.

A complete list of publications is given in Appendix B.
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Notation

For t1,ty € R, C[t1, t2] denotes the space of all continuous functions on [t1, t3], and
C3°[t1, t2] the space of all infinitely differentiable functions on R whose support is
contained in [t1, ta].

LP(X), 1 <p < 0, is the space of complex-valued measurable functions, defined
on X C R that are Lebesgue integrable to the pth power, and || - | z»(x) denotes
the usual LP-norm. If X =R we use the abbreviation || - [|, := || - || Lr(r). Moreover,
L*>°(X) denotes the space of all complex-valued functions defined on X C R for which
the essential supremum norm || - [| oo (x) is finite. If X =R we use the abbreviation
[ lloo == |- [|Loo(r)- A denotes the Lebesgue measure. 7, 1 < p < oo, is the space of

sequences x = {xy }rez C C, for which ||z := (Zzozfoo]a:k]p)l/p < 00. Moreover,
[*° is the space of all bounded sequences, i.e., sequences for which the supremum
norm || - ||z is finite.

Further, let f denote the Fourier transform of a function f. For functions in
L'(R) the Fourier transform is defined in the classical sense, according to f (w) =
[0 f(t)e™ ! dt, for functions in LP(R), 1 < p < 2 as the limit of fiVN f(t)e @t dt
in LY(R), 1/p+ 1/q = 1, and for functions in LP(R), p > 2, in the distributional
sense.

Throughout the thesis, we denote by C and C4, Cs, ... positive constants unless
otherwise stated. The numbering of the constants is by chapter.

2.1 Bandlimited Signals

The two most important families of spaces of bandlimited signals that we will deal
with are the Bernstein spaces BY and the Paley-Wiener spaces PWE, 1 < p < o0,
0 <o <o

The following definition shows that the concept of bandlimited signals is closely
related to entire functions of exponential type [25, p. 4]. For 0 < ¢ < oo the space
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B, is defined to be the set of all entire functions f with the property that for all
€ > 0 there exists a constant C(f, ) with

1£(2)| < C(f, ) elotl=]

for all z € C. For 1 < p < oo, the Bernstein space B2 consists of all functions in
B, whose restriction to the real line is in LP(R). The norm for B, 1 < p < oo is
given by || flgz = [|f[lp- A function in BY is called bandlimited to o. B° is the
space of bandlimited signals that are bounded on the real axis. We call a signal
in B a bounded bandlimited signal. By Bg{, we denote the set of all signals
f € Bg® with the property lim, o f(t) = 0. It is well known that BS C B; for
1 <p<s<o0o|[26, p. 49]. Hence, every signal in B2, 1 < p < oo, is bounded on the
real axis. An important inequality for functions f € BY, 1 < p < oo, is Bernstein’s
inequality ||f™], < o”||fllp, 7 € N [26, p. 49], which gives an upper bound on the
norm of the r-th derivative of f.

As we can see from the above definition, all signals in B2, 1 < p < 00, 0 < 0 < 00,
are defined on the complex plane and are entire functions of exponential type at
most 0. However, in practical applications the signals are usually considered to be
a function of a real variable, which often represents time. Since all signals in B2
are entire functions, they are uniquely determined by their values on the real line.
Therefore, we will not distinguish between signals defined on the complex plane and
signals defined on the real axis in the following. For example, if f is a function
defined on the real axis and we write f € B, we mean that f can be extended to an
entire function, defined on the complex plane, which is in B2. In the same way, if f
is an entire function and we write f € LP(R), we mean that the restriction of f to
the real axis is in LP(R).

The special case p = 2 gives the commonly used space B2 of bandlimited signals
with finite energy. The Paley—Wiener theorem [27, p. 13|, [26, p. 68] provides a
connection between the exponential type o of a function f € B2 and the support of
the Fourier transform f of f.

Paley—Wiener Theorem. Let f € L?>(R). Then f has an analytic extension to C

~

which belongs to By if and only if supp f C [—0o,0].
Thus, the Paley—Wiener theorem shows that
B = {f € L*(R) : supp f C [—a,a]}
can alternatively be used to define the space B2.

For 0 < 0 < oo and 1 < p < 0o we denote by PW? the Paley-Wiener space of
signals f with a representation

f(z) L /G g(w) e dw, ze€C, (2.1)

:% .
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for some g € LP[—0,0]. If f € PWP then g(w) = f(w). The norm for PWE,
1 < p < o0, is given by

oz = ([ 1Fr )

Remark 2.1. The nomenclature we have introduced so far concerning the Bernstein
and Paley—Wiener spaces is not consistent in the literature. Sometimes the space
that we call the Bernstein space is called the Paley—Wiener space [28]. We adhere to
the notation used in [26] by Higgins.

From (2.1) we see that

g 11—
]f(z)\ < 217r/_0|g(w)‘e—lm(z)w dw < HgHL27[TOJ]eU|Z’
which shows that every signal f € PWE 1 < p < oo, also belongs to B,. Thus,
the Hausdorff-~Young inequality leads to BL D PWE for 1 <p <2, 1/p+1/q=1.
For p = ¢ = 2 we see from Parseval’s equality and the Paley—Wiener theorem that
every signal f € B2 has the representation (2.1) for some g € L?[—0, 0], and hence
is in PW2. Thus, we have B2 = PW?2. Furthermore, Holder’s inequality leads to
[fllpwe < I fllpws for f € PW;, 1 <p < s < oo, and consequently to the inclusion
PWE D PW5, 1< p<s<oo. Moreover, for f € PW, we have ||f|loo < [|fllp1s
which implies that every signal in PW?, 1 < p < oo, is bounded on the real axis. .
The above facts show that

PW2 = B2 c PW. c B®.

This inclusion relation will be intensely used in this thesis.

Note that without loss of generality we can restrict our further investigations to
signals with bandwidth ¢ = 7, because every bandlimited signal with bandwidth
different to 7 can be scaled such that the resulting signal is bandlimited to .






Discrete-Time and
Continuous-Time Signals

In this chapter we treat the topics which are visualized in the left part of Fig. 1.1,
that is, we analyze the conversion of analog signals into discrete-time signals and,
vice versa, the conversion of discrete-time signals into analog signals.

The effects of quantization, which are important for practical applications, are
neglected for the moment in order to focus on the main ideas and problems of
sampling and interpolation. The impact of quantization on signal reconstruction
will be analyzed in Chapter 6. Since quantization is not considered in this chapter,
we refer to analog signals as continuous-time signals to emphasize the difference to
discrete-time signals.

Modern signal processing is performed nearly exclusively with digital processors
while the physical quantities of the real world are analog. Therefore, the conversion
of continuous-time signals into discrete-time signals and the conversion of discrete-
time signals back into continuous-time signals is essential. The first conversion is
done by sampling and the second one by a reconstruction process. The Shannon
sampling series (1.1) is probably the most prominent example of a reconstruction
process. However, many other reconstruction processes are possible, for example
processes designed for non-equidistant samples and non-bandlimited or non-linear
reconstruction processes.

A very natural requirement for applications is the boundedness of the involved
signals. Hence, both conversions should be stable in the sense that a bounded signal
in one domain is converted into a bounded signal in the other domain. Thus, for
signal processing applications it would be useful to have a correspondence between
the space B2° of bounded and bandlimited continuous-time signals and the space [*°
of bounded discrete-time signals, in the sense that
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i) every continuous-time signal f € B2° leads to a bounded discrete-time signal
x = {f(tg) ez € [°° if it is sampled at the sampling points {tx}rez C R, and

ii) for every discrete-time signal = {zy }rez € [*° there exists a continuous-time
signal f € B° such that f(tx) = xy, for all k € Z.

Since signals are usually considered to be functions on the real axis—the time
axis—we restrict ourselves to sampling point sequences of real numbers.

In order to further motivate the importance of ii), we consider an example from
mobile communications. In orthogonal frequency-division multiplexing (OFDM)
systems, where complex trigonometric polynomials are the baseband signals, high
peak-to-average power ratios (PAPRs) are problematic because high peak values can
overload the power amplifier, which in turn leads to undesired out-of-band radiation.
Thus, the relation between the peak value of the discrete-time signal and the peak
value of the bandlimited continuous-time signal is of interest.

For bandlimited signals that are, in particular, continuous, the sampling process
does not create any problems. Obviously, if f € B3°, then we have sup;cg | f(t)] < o0,
by definition. As a consequence, given any sequence of sampling points {tx}rez C R,
the sampled signal © = {f(tx)}rez satisfies ||z]jj~ < ||fllc < o0 and thus is in
[*°. This shows that the sampling operation is unproblematic for all signals in the
large signal space B°. Sampling of any bounded bandlimited signal leads to a
discrete-time signal that is also bounded.

However, the inverse problem of sampling—bandlimited interpolation—is more
intricate. It is not clear a priori whether for every bounded discrete-time signal
x € [ it is possible to construct a bounded bandlimited continuous-time signal
f € B that interpolates x at the points {tx}xez. Whether this is possible depends
strongly on the sequence {t;}recz. But even for equidistant interpolation points
tr = k, k € Z, it will turn out that for general bounded discrete-time signals the
existence of the bounded bandlimited interpolation cannot be guaranteed. Only if the
set of discrete-time signals is further restricted is bounded bandlimited interpolation
always possible. We will analyze the existence of bandlimited interpolation under
various aspects in Section 3.1.

One possible way to further restrict the set of discrete-time signals is to only
consider those which are created by sampling certain continuous-time signals. This
restriction immediately leads to the following question: which continuous-time signals
can be reconstructed from their samples? In Sections 3.2 and 3.3 we analyze this
question, which covers both sampling and interpolation and hence the whole circle
in the left part of Fig. 1.1.

We distinguish between equidistant (or uniform) sampling, where the distance
between every pair of consecutive sampling points is the same, and non-equidistant
(or non-uniform) sampling, where we do not have this restriction on the distances
between the sampling points. Equidistant sampling will be treated in Section 3.2
and non-equidistant sampling in Section 3.3.
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For a reconstruction process like, for example, the Shannon sampling series, the
type of convergence is important. For practical applications it is desirable to have a
reconstruction process that converges uniformly on all of R to the sampled signal
f. In this case the supremum of the approximation error can be bounded and goes
to zero. However, global uniform convergence is a very demanding property for
a reconstruction process. A weaker condition, which is also a necessary condition
for global uniform convergence, is local uniform convergence and global uniform
boundedness. The uniform convergence on bounded intervals is important for the
reconstruction behavior in the time interval of interest, and the bounded peak value
on R assures that the reconstructed signal is well behaved outside the interval.

3.1 Bandlimited Interpolation

In this section we study the interpolation of discrete-time signals, i.e., the procedure
which is represented by the upper left arrow in Fig. 1.1.

We say a signal f interpolates a sequence {xy}rer C C at the points {t;}rer C R,
where I is an arbitrary index set, if f(t;) = xy for all k£ € I. There are numerous ways
to interpolate a given sequence: piecewise constant interpolation, linear interpolation,
or spline interpolation, for example. However, the interpolants obtained by these
methods are generally not bandlimited. In this thesis we focus on bandlimited
interpolants because bandlimited signals have several nice properties which are
important in many applications. For example, the bandlimitedness guarantees that
the interpolant is smooth.

3.1.1 Bandlimited Interpolation for Discrete-Time Signals

Next, we analyze the question whether for every bounded discrete-time signal
x = {x ez € [°° it is possible to construct a bounded bandlimited continuous-time
signal f € B2° which interpolates z at the integers.

Definition 3.1. We call a signal f € BY° bounded bandlimited interpolation of a
discrete-time signal (sequence) {zy}rez € I*° if f(k) =z for all k € Z.

For the subspaces 1P, 1 < p < 00, this question can be answered in the affirmative,
and the Shannon sampling series

e sin(m(t — k))
f(t) = Tp—— 3.1
0= % a7 5 (3.1)

provides a way to obtain the bandlimited interpolation. This can be easily seen. For
t =1 € Z we have f(l) = xz; because

sin(w(l —k)) |1, k=I
Cwl—k) o, kez\ {1},
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and for t e R\ Z, 1 <p < oo, and 1/p+ 1/q = 1 it follows by Hoélder’s inequality

that
1
Q) q

The first term is finite by assumption and the finiteness of the second term follows from
the convergence of > 32 1/k? g > 1. Thus, equation (3.1) can be used to obtain
the bounded bandlimited interpolation of any discrete-time signal {zj}rez € [P,
1<p<oo.

As is well known, for arbitrary discrete-time signals @ = {zy }xez € [°° the series
(3.1) cannot be used to obtain the bandlimited interpolation, because the Shannon
sampling series is divergent for certain bounded discrete-time signals [5,29]. A simple
example of a discrete-time signal in [°° which creates divergence is given by

S =

sin(w(t — k))
w(t —k)

5t (£ ) (£

k=—00

_ 0, k<0 (3.2)
log(1+k)°’ > 1.
For this signal we have
N .
) _ sin(w(t — k))
lim Tp——————=| = (3.3)
N—oo k:z—:N 7T(t — ]{7)

for all t € R\ Z. Equation (3.3) will be proved later in Theorem 3.27.

The result that (3.1) diverges for all points between two integers shows that the
Shannon sampling series does not produce a signal f € B2° out of Z. In order to
prove that for & there exists no f € B2° such that z; = f(k) for all k € Z, we need
the Valiron interpolation series [30, p. 12], which is sometimes called Tschakaloff’s
series [26, p. 60].

The Valiron interpolation series

sin(rt) s S SO sinr(t k) g

1) = 1(0) + 1'(0) B

is a valid representation for all signals f € B2°, i.e., every signal f € B3° can be

represented in the form of the right-hand side of equation (3.4). Conversely, for every
sequence = {xy }rez = {f(k)}rez that is constructed out of the samples {f(k)}rez
of a signal f € B°, the series

>\ xp — xosin(n(t —k))
D (3:5)

k=—00

k0
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converges, and the function

>\ a1 — xsin(m(t — k
R =t 3 S 75(75“_ k))) (3.6)
k40

is a function in BZ°.

The Valiron interpolation series enables us to prove the following theorem.

Theorem 3.2. Given the discrete-time signal & = {Zy }rez € [ as defined in (3.2),
there exists no signal f € B® with &y, = f(k) for all k € Z.

Proof. The idea for the proof is as follows. We show that the signal fz, which is
constructed according to (3.6), is not in BS°. This implies that the sequence Z cannot
be obtained by sampling any signal f € B2°, since otherwise fz would be in B°. In
other words, there exists no signal f € B2° such that 7 = f(k) for all k € Z. Hence,
we have proved Theorem 3.2.

By Holder’s inequality, the series >3, 1/k? = 72/6, and Parseval’s equality it
follows that

= |x(k) sin(rw(t — k)) 2 |z (k)|? g e sin(w(t—k:))2 2
k#£0 k#0

< H H
:Z: oo .
\[3 :

Thus, the series (3.5) converges pointwise for every x € [*°. It remains to show that
fz ¢ BX. Although fz(k) = &, for all k € Z and consequently sup,cz |fz(k)| =
|| Z]];0e < 00, we can show that for N € N we have

dim fo (2N +4) = +oo

and

dim £ (2N +3) = —oc.
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Let N € N be arbitrarily but fixed. Then we have

1\ & (_1)k sin <7T(N + i k))
fa(N+3) = <N+ 2) kzz:llog(l-i-k)k 7T(N+ ;—k)

=R},
- 1 sin (7 (N + 1
s(ve3) (2 | (r(v+3)
k= N+1log(1+k)k:( -1—%_]{) T
=RZ,
(3.7)
Since
i > Zlog 1+l<: (1+k)
and
1 k+1 1
>/ dr,
log(1+k)(1+Fk) = Ju  log(l+7)(1+7)
we obtain
1 N+1 1
i = /1 g 1) &7 > logllog(V +2)). (3.8)

The modulus of the second term RJQV can be bounded from above by

1 e 1
1= (N " 2> k:%l log(1+ k)k (k — (N + 1))

N+3i & 1
s+ ), 2 k(b= (V4 1))

B 1 i M 1 Mo .
_log(2+N)M1l>noo Z k— (N + )_ Z k| (39)

k=N+1

Since
1
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for k > N +2, it is possible to find an upper bound for the first sum in (3.9), namely

M 1 , M )
<2+ N ; dr

N+1 7 — (N+%)
=2+log(2M — 2N —1).

The second sum in (3.9) can be bounded from below by

M M
1 k+1 1 M+1 1 M+1
- k= “ / TdT / mdx 1Og(N—l—l)

k=N+1 k=N+1"F N+l
Combining both bounds yields
1 M+1
R%| < ———— lim [2+4log(2M —2N —1) —1

| N|_log(N—|—2)M1£>noo{ + log( ) Og(N+1>]

1 2M — 2N —1

=—— 1 24+1log(N+1)+1 _—
1og(N+2)M13éo[ Flog (N + HOg( M1 )]

~ 241og (N +1) + log(2)
B log(N +2)

(3.10)

Now we are in the position to evaluate fz (2N + 1/2) and fz(2N + 3/2). Combining
(3.7), (3.8), and (3.10) we obtain

2+log(2N+1)+ log(2)}

s (2N + %) > % [log(log@N +2)) - log(2N + 2)

and consequently imy_,o fz(2N +1/2) = oo. For fz(2N + 3/2) we obtain

f (2N +3) < _% [log(log(m g 2Flos(@N 2+ log(2)}

log(2N + 3)
and thus limy_, fz(2N + 3/2) = —oo. Therefore, we have fz ¢ B°. O

In Theorem 3.2 we have seen that there exist discrete-time signals in [°° that have
no bounded bandlimited interpolation in B2°. Discrete-time signals that lead to
divergence, like the signal & above, can emerge from discrete-time signals that have
a bounded bandlimited interpolation when simple signal processing operations are
applied. For example, the discrete-time signal Z can be obtained by truncating the
discrete-time signal y = {yx }rez € [°°, given by

0, k=0
Yk =19 (1)
e ML
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It is easy to see that y has a bandlimited interpolation, because y can be obtained
by sampling the bounded and bandlimited signal fo € PWL C B, given by

fa(t) = % _ﬂ fg(w)em dw, (3.11)
where
Folw) =2 f: D k), | <
= log(1+ k) ’ -

A short calculation shows that fo(k) = yg, £ € Z. The bandlimitedness of f; is
obvious, and so it remains to show that fo € L![—m,7]. Since

A cos(kw)
D=2 o+ )

k=1

is in L'[—m,x] [31, p. 183], it follows that the function G, G(e) = §(w), is in
LY(OD), dD = {z € C : |z| = 1}. Now, if we rotate G' by m we obtain the function
G = i cos(k(w + 7)) _ i (—l)kcos(k:w)’
= log(l+k) = log(1+k)

which also is in L'(0D). Therefore, fy is in L' (—m, ).

This shows that even simple signal processing operations like truncation can lead
to discrete-time signals that have no bounded bandlimited interpolation. It would
be interesting to know the operations that behave well with respect to the bounded
bandlimited interpolation.

3.1.2 Bandlimited Interpolation for Continuous-Time Signals

A problem closely related to the one analyzed in Section 3.1.1 is the following. Given
an arbitrary continuous and bounded, but not necessarily bandlimited signal g,
we want to find a bandlimited signal f € B2° which interpolates {g(k)}rez at the
integers. In the literature, f is known as the bandlimited interpolation of g [32, p.
144].

The bandlimited interpolation is a frequently used concept in signal processing.
Therefore it would be interesting to know the largest signal space which possess
a bounded bandlimited interpolation. The Banach algebra W that consists of all
continuous functions g with the property that § € L!(R) exists in the distributional
sense and | oo .

o) = 5= [ gw)e d
is—to the best of our knowledge—the largest known space of signals, all of which
have a bounded bandlimited interpolation. However, as we have seen in Section 3.1.1,
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simple signal processing operations like truncation of the discrete-time signal are not
stable, i.e. the bandlimited interpolation of the new signal can be unbounded.
Next, we show that for all signals g € W there exists a bandlimited interpolation
f € PWL. To this end, let g € W be arbitrary but fixed and consider
0o N
flw) = {Z’““"’g(w 2k, el <m (3.12)
0, lw| >,

where the series in (3.12) converges for almost all w € [—, «]. Since g € L}(R), we
have

[ @ldws [0 lo+2bm)ido = [ j)] dw < o0,
[e%e) T o

- —00
which shows that f € L'(R) and therefore f € PW. C B>, Furthermore, a simple
calculation reveals that f(k) = g(k), k € Z. Thus f is indeed the Fourier transform of
the bandlimited interpolation f. The result that all signals in W have a bandlimited
interpolation, which is in PW?., was already obtained by Brown in [33].

Because the bandlimited interpolation is a frequently used concept in signal
processing it would be important to know the largest space of signals which possess a
bounded, bandlimited interpolation, even when common signal processing operations
like truncation are performed.

Remark 3.3. In the definition of the bounded bandlimited interpolation (Definition 3.1
on page 15) we required the bandwidth of the interpolant to be 7, that is, the rate
of the interpolation points is the Nyquist rate of the interpolant. If we relax the
bandwidth constraint on the interpolant, i.e., if we allow f to be in B for some
1 < a < o0, then the bounded bandlimited interpolation exists for every bounded
discrete-time signal.

3.2 Equidistant Sampling

The goal of sampling based signal reconstruction is to reconstruct a signal f from its
samples {f(tx)}rez, where {tx}rez C R is the sequence of sampling points. Clearly,
a reconstruction of a signal from its samples can only be successful if we put further
restrictions on the signal. For an arbitrary non-continuous signal there is no hope of
successful reconstruction if we know only the samples of the signal, because the signal
can take arbitrary values between the sampling points, and thus is not uniquely
determined by the samples.

In this section we analyze the reconstruction of bandlimited signals from their
equidistant samples, i.e., we assume that t, = k/a, k € Z, where a > 1 denotes
the oversampling factor. Without loss of generality the bandwidth of all signals is
assumed to be 7.
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3.2.1 The Classical Shannon Sampling Theorem

Sampling theory has its roots in the mathematical literature. Several mathematicians
dealt with that topic: Borel, Hadamard, La Vallée Poussin and E. T. Whittaker are
the most famous. The Shannon sampling series as it is known today was probably
first described in 1915 by Whittaker in [3], where he called it the cardinal function.
However, Kotel’'nikov [34], Raabe [35], and Shannon [1] where the first to introduce
the theory in the realm of communications.

Kotel'nikov published it in 1933 [34], Raabe in 1939 [35,36] and Shannon in
1949 [1,2]. Since the work by Kotel'nikov was published in Russian and Shannon’s
paper was already written in 1940 [37], it is reasonable to assume that all three
publications were created independently. The reader who is further interested in the
historical development of the sampling theorem is referred to [37-40], [41, Chapter 1],
and [26, Chapter 1], where several historical notes can be found.

Shannon introduced the sampling theorem for bandlimited signals in L?(R). In
its original form the Shannon sampling theorem makes two assertions. First, it
states that a finite-energy signal with bandwidth ¢ > 0, i.e. a signal f € PW?2, is
uniquely determined by its samples {f(km/0)}rez. And second, it states that the
Shannon sampling series (1.1) can be used to reconstruct the continuous-time signal
f from the samples {f(kn/0)}rez. The Shannon sampling series converges to f in
the PW2-norm and uniformly on R.

The Nyquist rate rny = o/ is the lowest possible sampling rate r for which all
signals f € PW?2 can be reconstructed without error from the samples {f(k/r)}rez.
If the signal is sampled at a rate larger than the Nyquist rate then the convergence
speed of the Shannon sampling series can be increased by choosing other kernels
which decay faster than the sinc-kernel [42-45]. Oversampling will be treated in
Section 3.2.4.

As we restrict the bandwidth to ¢ = 7 in this section, the Shannon sampling series
without oversampling takes the form

i f(k)sw. (3.13)

k=—oc0

Since the initial publishing of Shannon’s sampling theorem for bandlimited finite-
energy signals, much effort has been put in extending these results to a broader class
of signals [46-51], and in analyzing the effects of changing the positions of the samples
[52-61], of changing the sample values [62], or of truncating the series [63-67]. For
an overview of various developments in sampling theory, see for example [38,68-70].

3.2.2 Sampling Theorems for Larger Signal Spaces

Next, we review the convergence of the Shannon sampling series for signal spaces
larger than the commonly used space PW?2 of bandlimited signals with finite energy.
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A very useful tool in the convergence analysis of the Shannon sampling series is
the Plancherel-Pélya theorem [71, p. 48], [72, p. 22], [73].

Theorem 3.4 (Plancherel-Pélya Theorem). Let 1 < p < co. There exist two
constants Cr(p) > 0 and Cr(p) > 0, depending only on p, such that for all f € BP

cL<p><i !f(k)!p> S(/_O;\f(t)lpdt) < Crly (Z ie ) - )

k=—o00 k=—o0

Note that the first inequality in (3.14) also holds for p = 1 and p = oo, whereas,
as is known in the mathematical literature, the second inequality (3.14) cannot be
valid for p = 1 and p = oo (see corresponding remarks in [72, p. 11 and p. 22]
and [73, p. 130]).

Convergence Behavior of the Shanon Sampling Series for BY, 1 < p < oo

For signals f € B2, 1 < p < oo, the uniform convergence on all of R of the
Shannon sampling series can be easily shown by using the Plancherel-Pdlya theorem
(Theorem 3.4). Let 1 < p < oo and f € BP be arbitrary but fixed. Since

SlIl —k))

(Snf)(t Z f(k ( A

(3.15)

is a finite linear combination of sinc functions, f — Sy f is in BE too. Therefore, we
have

If = Snfllp < Cr(p) (Zlf — (Snf)(k )Ip) < Cr(p (Zlf ) ,

k=—o0 k|>N

and consequently limy_,||f — Sn f|lp = 0. Note that ||f — Sy fllc < Ci(p)||f —
SN f|lp, for some constant C;(p). Thus, for f € B2, 1 < p < oo, the peak value of the
approximation error ||f — Sy f||co, made by the truncation of the Shannon sampling
series to IV summands, can be bounded above and goes to zero for N — oo. Since
BL c B2, this result is also valid for p = 1.

Thus, we have proved the following well-known theorem about the convergence

behavior of the Shanon sampling series for B2, 1 < p < oo [30, p. 9].

Theorem 3.5. For all f € B2, 1 < p < oo, we have

sm —k))
Z fk 7}{).

k=—00

The series converges absolutely for t € R and uniformly on R.
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Furthermore, we have the uniform convergence of the Shannon sampling series
for the Paley-Wiener spaces PWY, 1 < p < oo, because BL D PWE for 1 < p < 2,
1/p+1/g=1,and PWE C PW?2 for p > 2.

Theorem 3.5 makes no statement about the convergence of the Shannon sampling
series for the Bernstein space B and the Paley~Wiener space PWL.. As for the
Bernstein space B2°, it is easy to see that the Shannon sampling series (3.13) cannot
reconstruct all signals in this space by considering the signal f;(t) = sin(nt). For this
signal we have f1(k) =0 for all k£ € Z and consequently (Sy f1)(t) =0 for all N € N.
The convergence behavior of the Shannon sampling series for the space PWL c B
will be discussed next.

Global Convergence Behavior of the Shannon Sampling Series for ’PVV;[T

A well-known fact [30,33,37] about the convergence behavior of the Shannon sampling
series is its uniform convergence on compact subsets of R for all f € PW..

Theorem 3.6 (Brown’s Theorem). For all f € PWL and 7 > 0 fized we have

sin(7(t — k))

=k |

N
s 160)= 3 1

This theorem plays a fundamental role in applications because it establishes the
uniform convergence on compact subsets of R for a large class of signals, namely
PWL which is the largest space within the scale of Paley-Wiener spaces. The space
PWL is interesting, because this space is larger than the commonly used PW?2-space
of signals with finite energy and because the convergence behavior of sampling series
for signals in PW. is closely related to the convergence behavior of sampling series
for bandlimited wide-sense stationary stochastic processes [74].

Although the Shannon sampling series is locally uniformly convergent for all
fe PW}” the series is not globally uniformly convergent in general. This could be
expected for the following reason: For signals f € PWL we have limy o0 f(£) =0
by the Riemann—Lebesgue lemma. Furthermore, the finite Shannon sampling series
vanishes for infinite ¢, too. Thus, both the signal and the partial sums are zero
for infinite t. Together with the good (uniform) local convergence behavior of the
Shannon sampling series, one could conjecture the same good (uniform) convergence
behavior of the Shannon sampling series on the whole real axis.

However, this is not the case. The next theorem shows that the peak value ||Sn f/|oo
can increase unboundedly for certain signals f € PWL. as N tends to infinity. Thus,
the Shannon sampling series as a reconstruction process is not globally uniformly
convergent, not even globally uniformly bounded.

Theorem 3.7. There exists a signal fi € PWL, such that

m(t—k)|_

N .
. sin(
e 2 A0
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Theorem 3.7 shows that the suggested argumentation at the beginning of this
section, namely that the Shannon sampling series could be uniformly convergent on
all of R for all f € PWL is indeed wrong. We will not prove Theorem 3.7 directly,
but a more general result in Theorem 3.11, which also contains Theorem 3.7 as a
special case.

3.2.3 General Reconstruction Processes

As the Shannon sampling series is not uniformly convergent for PWTIF, the question
arises whether there are other reconstruction processes which are uniformly convergent
on all of R, or, at least locally uniformly convergent and globally uniformly bounded
for all signals in PWL. In the following we will analyze this question for a very
general class of reconstruction processes and show that none of the reconstruction
processes in this class is globally uniformly bounded.

Certainly, for f € PW. the set Z is a set of uniqueness, i.e., given any two
signals f,g € PWL, f(k) = g(k) for all k € Z and implies f = ¢g. Thus, every
signal f € PW. is uniquely determined by its samples {f(k)}rez. But here the
question is whether a locally uniformly convergent and globally uniformly bounded
reconstruction is possible for PWL. by using only the signal samples.

For the analysis we consider reconstruction processes of the general structure

THO+ S FERG, (3.16)

k=—o0

where T : PW. — BX is a linear and continuous operator and ¢, € BX, k € Z.
Furthermore, we make three assumptions, which the reconstruction process must
satisfy:

P1) The expression (3.16) shall converge for all ¢t € R and all f € PW?2 to f(t).
P2) ¢ € B and ||¢x |0 < Cs for all k € Z, where Cy is a positive constant.

P3) The operator T': PW. — B is linear and has the property that there exists
a number R > 0 and a constant C3 > 0, such that for all f € PWL

igﬂg\(Tf)(t)\ < Cs g'lgﬁlf@)\-

Definition 3.8. A reconstruction process is called to be of type P if it has the
structure (3.16) and satisfies the assumptions P1-P3.

Remark 3.9. Assumptions P1 and P2 are no real restrictions for the practical use of
the reconstruction processes. They are easily satisfied by all relevant reconstruction
processes. In contrast, assumption P3 poses a real restriction. The goal is to control
the global behavior of the reconstruction process by using only finitely many local
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samples, which is feasible for f € PW2. Therefore it is reasonable to require a good
local concentration of the operator T'. It is possible that there are reconstruction
processes that do not satisfy assumption P3. However, all reconstruction processes
that are commonly analyzed in the literature satisfy P1-P3. A necessary and
sufficient condition for assumption P1 to hold is

o0

Y lo(®) < oo (3.17)

k=—o00
For the examples i)-iii) in the next section we have (3.17). For the reconstruction
processes i) and ii) we even have Y 72 |or(t)] < oo.
Possible Nyquist Set Reconstruction Processes

Next, we present and analyze some reconstruction processes that satisfy the assump-
tions P1-P3. Series of the type i) and ii) are called Valiron interpolation series [30, p.
12] or Tschakaloff’s series [39, p. 53] [26, p. 60]. A special case of the reconstruction
processes i) and ii) is discussed in [26, p. 60].

i) Let tgp € R\ Z arbitrary but fixed and consider the series

- sin(7rt) = f(k) sin(n(t —k))
f(t)*f(to)m Z —to p S

k=—o00
ii) The second series of concern is, for m € Z,

sin(7(t —m)) o sin(7(t —m))
(t —m) +fm) ™
sin(m(t — k))
Z k m  w(t—k)

f(t) =f(m)

k;ém

iii) And the third is the well-known Shannon sampling series

Sln w(t —k))
R L

k=—o00

All those reconstruction processes possess the structure (3.16), i.e.,

F= @D+ S FEG)

k=—o00

where the functions ¢y, k € Z, and the linear operator T' are given by
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w(t —m) T
and
e sin(m(t —k))
iii) () = W’

Note, all reconstruction processes i)—iii) have the properties that
i) they are concentrated in the Nyquist points,
ii) they are locally uniformly convergent for all f € PWL, and
iii) they are of type P.
Observation 3.10. The operators T®, T and T have the Property P3.

For completeness the proof is given in Appendix A.1.

Characterization of the Approximation Behavior

The next theorem states that a uniformly convergent reconstruction of signals
f € PW! with reconstruction processes of type P is not possible in general.

Theorem 3.11. There exists a universal signal fi € PWL such that for all recon-
struction processes of type P we have

N
limsup sup|(TA)(0) + > fu(k)on(t)] = oo.
N—oo  teR k=N

Theorem 3.11 applied to the Shannon sampling series gives Theorem 3.7, which
shows that Brown’s theorem (Theorem 3.6) cannot be extended to uniform conver-
gence on all of R. Thus, Theorem 3.7 is a special case of Theorem 3.11.



28 3 Discrete-Time and Continuous-Time Signals

Proof of Theorem 3.11. Let f € PWL. be fixed and consider the finite Shannon
sampling series

(Snf)(z) = Z f(k)W7

Then, for all f € PW! and all R > 0, we have [33]
lim max |f(z) — (Sn f)(2)] = 0.

N—oo |z|[<R
Since

(Snf)(k) = {f(k), k| < N

0, |k| > N,

for k € Z, we obtain the decomposition

Z f(k (Tf)(@)
N
= > (SnF)(R)er(t) + (T1)(t)
k=N

N
= Y (SN R)Gr(t) + (TSN F)(E) + (Tf)(t) — (TSN f)(t)
k=—N

= i (SN (F)or(t) + (TSN () + (TF)() = (TSN f)(t)
k=—0c0
= (SN)(@) + (T)(t) = (TSN f)(2). (3.18)

The last equality is due to Property P1 and the fact that for f € PWL the finite
Shannon sampling series Sy f is a signal in PW2. Since the sequence (Sy f) yen is
uniformly convergent on {z € C : |z| < R} for a given finite R > 0 and all f € PW!,
it follows from the Banach—Steinhaus theorem that there exists a constant Cy > 0,
depending only on R, such that max,j<g [(Snf)(2)| < Cullfllppa for all f € PWL
and all N € N. Together with Property P3 it follows that

(TSN ()] < Cs max (SN F)(2)] < Csll fllpwr (3.19)

for all t € R and all f € PWL.. Hence, combining (3.18) and (3.19) and using
Property P3 again leads to

Z fk (T)(E)| = |(Snf)(t )\—ng‘lgﬁlf@)!—%llf!!pwi

> |(Snf) ()] — (Csexp(Rm) + Cs)|| fllpyye
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where the last inequality follows from

7E < o [ 1@ de < exp(Rr) [l (320)

2 J_x

for |z] < R.

Next we will construct a signal f; € PWL, such that limsupy_,. [|Sn fill,, = o0
and thus complete the proof. Let M > 1 be an arbitrary natural number and consider
the function gy € PW}L with

) M, 7(1l-%)<|wl <7
gM(W) = ( .M)
0, otherwise.

Then we have [[ga|[pyr = 1,

1, t=
g (t) = {% [Sin(ﬂ't) — sin (7r (1 — ﬁ) t)} , T#0,

and

1, k=20
k) = ~1)Fsin(Lx
gM( ) %( 1) L(}w )’ k#()’
M
after using the identity sin(m(t — k)) = sin(7t)(—1)* for t € R, k € Z. Next, the
partial sum Sygns, given by

N .
(Sngm)(t) = Z gM(kz)w

k=—N

is analyzed. For t = N + 1/2 we obtain

B sin ((N + %) 7T) 1 ol sin (%ﬂ)
(SN!]M)(N"_%)_ T (N_F%)—f—kZZNAkJﬂ'(N—F%—k‘) '
k
70 (3.21)

First, the case 1 < N < M/2 is considered. The term in parentheses on the
right-hand side of (3.21) can be bounded from below by using the inequality

sin (%7‘(’) sin (%ﬂ') sin (%) 2
> > = —
3 - N - T T’
M™ M7 2
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which holds for |k| < N. We have

L, al Sin(ﬁﬂ) 2 2 i\’: 1
- > l -
(N-i—%) kkgéVA]}W(N‘f‘;—k) W(N-i-%) Wkk;évN'i';_k

:7Zk+2

2 kE+1 1

>7T}€2%)/}c 7_%_%dT
1

2 2N+1
:f/ T dr
m™Jo T+§

> %log(4N+ 1).
If N is even, then sin((N 4 1/2)7) = 1, and we obtain
(Svgar) (N +3) > % log(4N + 1), (3.22)
forall 1 < N < M/2.

Now, we examine the behavior of Sygps for t = N +1/2 and M < N. The sum
in equation (3.21) can be bounded from above by

Lo sm(m) M i(l L)

+ 1
oy B (N+d—k) T a(N+ L) oy \ P N+ =k
k#0 k+#£0
But since
Nooq N o
k:ZNWZZI;lk<2+2Z/ —d7'<2+210g(N+1)
k0
and
24+ / dr
1 — 1
k= N+7_k k=0 2 k=1 /k-1 T+ 3
k;é()

2N 1
:2+/ 7 d7 =2+ log(4N + 1)
T + 5
< 2+4log(N +1), (3.23)
it follows that

(Sngn) (N +13)| < (4 + 6log(N + 1)). (3.24)

1
V3R (V)
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In order to continue the proof, we need to define the sequence M = 2(k2), k e N,
and the signal
=1

fl(t) = Z ks ng( )
1 k2

First note that f; € PWL. because
=1 =1
Ifillows <7 —5lgallpws <D — < oo
=y =

Now, let [ € N, arbitrary. Then
1

00 1 l
> —(Smgm) (Mi+3) +
o=t k2 k

(Sagan,) (M +3)

ol
|

() ()] -

N
ol
Lo

z i 1§ (SMlng) (Ml + %) o Z iﬁ (Sangnr,) (Ml T %)‘
i k2 k=1 k2
o] =
> Y L (S (Mi+1) - 1 L (Sangnn) (2 +3)].
k=41 k=1 k2

(3.25)

The last inequality is due to the fact, that (Sa,9um,) (Ml + %) is non-negative for
all k > 1. For k <[ —1 we get from equation (3.24) that

(k)
(Sanga) (Mi+3)] < 2(:2)1+ I (2?12) +1) (4+610g (27 +1))

k2—12

<2+

(4+ 6[log(2) + 2 10g(2)])

) (I-1)2—12
<241 — (44 12log(2))

122 (4+12log(2))
22l

<2+ 2 (@412108(2) = Co, (3.26)
T

=24

where the last inequality is due to [2/2% < 1.
On the other hand, for £ > [+ 1 we can use equation (3.22) because M; is even to

obtain
(3.27)

2
log (4 o) ¢ 1) Llog(2)
> 225

3 T

(Swgm) (Mi+3) >
Inserting (3.26) and (3.27) into equation (3.25) gives

(s (i )| > PR S L g L

zk2 =1 k2
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But since
1 Oo/’“rl 1 o 2
— > —dT:/ — dr=—
gk% kgz:l k T% l T% \[
and
-1 -1 k 1 1
— <1+ / dT:1+2<1—><3
2Tttt V=T

we arrive at
|(Safr) (M + 3)| > 13 2108(2)

— 3Cg. (3.28)

T3

Finally, because (3.28) is valid for all [, it follows lim supy_,. [|Sn fil| . = 00, which
concludes the proof. O

Remark 3.12. Despite all ¢y, in the examples i)iii) on page 26 have the interpolation
property
1 1=k

or(l) = {0 £k

it is important to note that throughout the proof we do not require it. Therefore
the divergence behavior of the reconstruction processes is not a consequence of the
interpolation property.

Upper and Lower Bounds

In this section the behavior of the reconstruction processes is further examined. We
will analyze the influence of N on the peak value of the finite sampling series and
derive a lower and an upper bound. In the proof of Theorem 3.13 we will employ
the same decomposition (3.18) that was used in the proof of Theorem 3.11.

Theorem 3.13. Given a reconstruction process of type P, then there exist three
constants C3, Cs, R > 0, such that

i) for all N € N and f € PWL

sup
teR

N
TN+ 3 FE6(O)] < [2+ 2 + > log(2N) + Coexp(Rm) + Cs| [Flpy.
k=—N

it) for all N € N

1
sup  sup > log(4N 4+ 1) — (Cs exp(Rm) + Cs).

1 =1teR
™

N
(THE)+ > fk)en(t)
k=—N

11l pw
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Remark 3.14. In Theorem 3.11 we had one single signal f;, such that the divergence
was universal for all reconstruction processes of type P. In contrast, the constants C's,
Cs and R in Theorem 3.13 depend on the specific process used for the reconstruction,
i.e., they are not universal.

Proof of Theorem 3.13. As a consequence of the equations (3.18), (3.19) and (3.20)
and Property P3 it follows for f € PW?. that

N

(THE)+ Y Fk)en(t)

k=—N

< [(Sn (O] + (Caexp(Rm) + C5)[| fllpwr  (3:29)

and

> [(Snf)(E)] = (Csexp(Rr) + Cs)|[ fllpyyr - (3.30)

N
(THE)+ > fk)en(t)
k=—N

Hence it is sufficient to analyze Sy f. We have

sup  [ISN flloo = [ISNgMIloo > ’(SNQM) (N—i— %)

Hf”pw%_zl

Y

where gpr, M > 1, are the functions that were defined in the proof of Theorem 3.11
on page 29. Due to equation (3.21) it follows that

T SRS NS N o (i)
1 llpyp1 =1 w(N+1) Ty Em (N k)
k0

for all M > 1. In the limit M — oo we obtain

1 X 1
sup [ISvflle ==

1
> —log(4N +1).
Hprw}rzl & k=—N

N+3-k  «

Thus, assertion ii) follows immediately from (3.30).
On the other hand we have

B N sin(7(t — k))
SxnHOI=) 3. TH=5—5
N Isin(r(t — k)
< max |f(¥)] k:Z_N 7r(t—k)‘
N sin(n(t — k)
gwwwazjﬂg_m’

k=—N
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Fort € Z, |(Snf)(t)| = | f(k)] < | fllpyr and for t € R\ Z, three cases have to be
distinguished: 1) ¢ > N, 2) —N <t < N and 3) t < —N.
1) For t > N we have

i sin(m(t — k:)‘<1+ Z sin(m k))’

py ! (= k) Moy N B D)
AR B~ S DN B e B
- 7Tk__ t—k Wk:_Nka

1
=1+4= Z <14t — + —log(2N),

where the last inequality is obtained by the same technique as in (3.23).
2) For —N <t < N let L()(t) be the largest integer k with k& < ¢t and L(®)(t) the
smallest integer k with £ > ¢. Then we have

i sin(m(t — k))‘ - L“)Z“:)‘l sin(m(t — k:))‘  [sinGre = 20@))
oy m(t—k) N Pt 7(t — k) 7t — LM(t))
sin(rw(t — LA (¢ N sin(m(t — k
75(75(— L(2)(t())))) DY ;(t(— 5) ))’
k=L®)(t)+1
LM (#)-1 1 N 1
<24 — Z ti + Z m
T\ =~ """ r@m "™~
LMW (t)-1 N
1 1 1
<24 - S R S H—
m k:z;N LO(t) -k kL;%t)H k—L(® (t))
1 LY @)+N 1 N-L® (1)
T\ =k k=1 k)
2N 4 5
<2+ 2%~ <24 24 Zlog(2N),
ik

where the last inequality is obtained analogously to (3.23).
3) For t < —N the same estimate holds as in 1).
It follows that

(SwHOI < (242 + Z102N) ) Iflpws

for all t € R and N € N. This, together with (3.29), proves assertion i). O

Using the following definition we can characterize the asymptotic behavior of the
reconstruction process.
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Definition 3.15. We call two functions f(¢) and ¢(t) asymptotically equivalent
f(t) ~ g(t) for t — oo if there exists a to and two positive constants A and B such
that Ag(t) < f(t) < Bg(t) for all t > to.

Corollary 3.16. Given a reconstruction process of type P, then

N

sup  sup (Tf)(t) + D f(k)k(t)| ~ log N.

Hf”’pw%_zl teR k=—N

Discussion

We have shown in Theorem 3.11 that there exists a universal signal f;, such that
the peak value of all reconstruction schemes of type P, in particular, the processes
i)iii) on page 26, diverges unboundedly. Although the set Z is a set of uniqueness
for PW}F, it is not sufficient to have the samples on this set for a locally uniformly
convergent and globally uniformly bounded signal reconstruction.

This result may be disappointing. However, there is a solution to this dilemma.
If the requirement of sampling at the Nyquist rate is relaxed, i.e. if we allow for
oversampling, then a uniformly convergent reconstruction is possible. Of course this
nice convergence behavior does not come for free. Oversampling in real applications
always comes with the price of storing and processing more samples. We will treat
oversampling in Section 3.2.4.

Further, a modified series that is symmetric around ¢ converges uniformly on the
whole real axis even at Nyquist rate. This centered sampling series will be analyzed
in Section 3.2.9.

3.2.4 Signal Reconstruction with Oversampling

In this section the stability of reconstruction processes with oversampling is analyzed.
Oversampling creates a degree of freedom in the choice of the reconstruction kernel
[75], and if the kernel is chosen appropriately then, in general, the convergence
behavior of the reconstruction process is improved [42,43,45,76].

There are other topics of signal theory where oversampling is essential. One
example is the estimation of the peak value ||f||~ of a signal f € B2° by its samples
on the lattice k/a, a > 1, k € Z [77]. The best possible estimate is given by

(). 3

It is interesting to note that the expression 1/ cos(mw/(2a)) will also appear in the
analysis of the Shannon sampling series with oversampling.

[ flloo <

su
cos (2”—&) kGIZ)

As we will see, application of oversampling leads to a uniformly convergent
reconstruction processes for all signals in PW}T. Further, it will turn out that an
elaborate kernel design is not necessary as far as only convergence is important.
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In Theorem 3.17 we will see that even the Shannon sampling series with slightly
increased bandwidth is uniformly convergent on all of R for all signals in PW. when
oversampling is applied.

Theorem 3.17. Let a > 1 be fired. Then for all f € PWL we have

lim mae sinfar(t — )
N—oo teR aﬂ'(t — E)

N
f@)—kEENf(i)

|=0.

In order to prove Theorem 3.17 we need the Lemmas 3.18 and 3.19.

Lemma 3.18. Let a > 1 be fized. Then for all f € PW. and all N € N we have

<of1+—2 7
- Wcos(%) PWr:

sin(ar (t — £))

k:iV:N d (];> a7r(t - %)a

Proof. We have

max
teR

N . k N . k
k\ sin(am(t — % 1 [ . iwk/a Sin(arm(t — ¢
Z f () ( ( ka)) S 27/ ’f(w)’ Z e k/ ( ( - )) dw
k=N a (Zﬂ'(t — a) ™ J—7 k=—_N aﬂ'(t — E)
< Dax lgn (t,w, a)| [ fllpyr
<af1e—2 sl
- 7 cos(ge) PWr?
where we introduced the abbreviation
N . k
. sin(am(t — 2
gn(t,w,a) := Z clwk/a ((—k“)) (3.32)
— am(t— )
and used Lemma 3.19 for the last inequality. O

Lemma 3.19. For gn(t,w,a) as defined in (3.32) and alla > 1,1t € R, w € [—m, 7],
and N € N we have

2
lgn(tw,a)] 2 {14+ ———<].
7 cos(gc)
Proof. Let w € [—m, 7] and a > 1 be arbitrary but fixed. Only the case ¢ > 0 has

to be analyzed. For ¢t = 0 we have gn(0,w,a) = 1 and the case t < 0 is treated
analogously to the case t > 0. If t € A:= {k/a : k € N} then

et |t| < N/a

t,w,a) =
gl {o, t| > N/a,
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and therefore |gn(t,w,a)| < 1. Hence, t > 0, t ¢ A can be assumed. Let N € N be

arbitrary but fixed. Obviously,

gN(tv W, CL)

sin(amt) i

sin(amt)

am P

N

>

ar =y

1

eik(w/a+7r)

t—k

Q

dp, (3.33)

where ¢ = e*«@/a+™) and dy, = 1/(t — k/a). Let Cy, = S5y ¢, [k < N. Then we

have
k N+k
= Y cil(@/a+m)| _ |o=iN(w/a+m) 3 oil(w/at)

l=—N =0
1 — el(N+k+1)(w/atm) 2

- | 1 — eiw/a+m) = |1+ eiw/a]

< 1

= cos(g)

We begin with the case t > (N + 1)/a. Summation by parts gives

N N—-1
> andi| < |Cndnl+ D |Crldi — dyyr)|
k=—N k=—N
__ 1 + Nl 1
= cos(gg) % “ylt—f t-EH
N-1
1 1 1 1
e p _.I_
con(E) \ = %( B ))
N
1 1 1
< a-+ . (3.34)
cos(z;) k—z:N< % t‘i))

The right-hand side of (3.34) can be further simplified by evaluating the telescoping

series

AS( 1 1 ) 1 1 (3.35)
E+l k| N N = .
Py VAN et A A A

for t > (N + 1)/a. Combining equations (3.33), (3.34) and (3.35) leads to

lgn (t,w,a)| <

2
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Next, the case t < (N + 1)/a is treated. Let N; be the largest natural number
such that N;/a < t. Then

sin(amt) Nt N (& 1
gN(tjw’a): R S Z dek+el t(E“’ﬂ')

N
am k=N t—=3
(N, +1)(£47) 1 N
1 =TT
+ ettt a W—F Z dek
a k:Nt—l-Q
and
1 Ni—1 N
gn(tw,a)l < — | D endi|+| Y crdi| | +2. (3.36)
am \ |k=—n k=Ne+2

The fist sum on the right-hand side of equation (3.36) can be bounded from above
by

exactly in the same way as before and the second sum by

N 2a
>, adi| S —
k=Ni+2 c0s(z;)
This completes the proof. O

Now we are in the position to prove Theorem 3.17.

Proof of Theorem 8.17. Let f € PW?. be arbitrary but fixed and € > 0. Then there
exists a f. € PW?2 such that f(k) is different from zero for only finitely many k € Z
and ||f — fellpyr < €. Obviously, fo € PW2 C PW2_. Therefore, there exists a
No = No(e) such that

0= 2 () i

a

max <€

teR
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for all N > Ny. Moreover, for all N > Ny we have

Ft) — ki_Nf (S) sin(am(t — £)) l

ar(t =)

ol sin(ar(t — &
<[ f0+ 10— 3 1 (’;)Ht»

k=—N am(t — %)

£ (6(8) () e
2

mcos(3c) )

e (1 + moi(,r)) , (3.37)

where Lemma 3.18, applied to f. — f, has been used for the last inequality. Since
(3.37) holds for all € > 0 the proof is complete. O

<e+e+26<1+

A crucial part in the proof was Lemma 3.18, which can be used to analyze the
influence oversampling on the peak value of the partial sum of the Shannon sampling
series. It is interesting to note that the 1/cos(w/(2a)) term from equation (3.31)
reappears as integral part of Lemma 3.18.

Convergence Speed

Theorem 3.17 shows that if oversampling is used we can have global uniform con-
vergence for all f € 771/\/,1r even with the Shannon sampling series. An interesting
question concerns the rate of convergence of the sampling series: Given some a > 1
and f € PW., can we find two constants v = v(f,a) > 0 and C7 = C7(f,a) < oo
such that

a

max

< CyN7?
teR

Is it even possible to find a v independently of f? The answer to both questions is
given by the next theorem.

Theorem 3.20. Let a > 1 be fized. For each arbitrary sequence {en}nen of positive
numbers that converges to zero, there exists a f € PWL such that

-3 (%) <<>>D .

ar(t — %)

) 1
limsup — | max
N—ooo €N | teR
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Proof. For N € N we introduce the operators Ry : PWL — B,

sin(am (t — %))

N
=50~ Y £(5)
k=—N

ar(t — g)
Obviously we have
IBnll= sup [|RNfll
[l pyy1 <1
> sup |(Rnf)(t)]
/1l pyy1 <1
1 /7 4 . N oo i t—k
= sup —/ fw) | e“t — Z elwk/a Sm(aﬂ-(—ka)) dw
”fHPW}rSl 27 - k=—N aﬂ'(t — a)
N . k
. . t Y
— Imax elUJt — Z GIWk/a M . (338)
ol<m k=—N an(t— )

Since (3.38) is valid for all ¢ € R, we can choose ¢t = (N + 1)/a. Then we have

S okfa ST 5)
k=—N ar(t — %)
and consequently
[Bnl= sup [[Rnflleo = 1.

|f ‘pw}rgl

Moreover, the operators Ry : PW}r — B>°, N € N, defined by

- 1
(Bnf)(t) := — (BN [)(D),
EN
are linear and bounded, and we have

- 1
lim ||Ry|| > lim — = oc.
N—o00 N—oo €N

Hence, by the Banach-Steinhaus theorem [78, p. 98] there exists a signal f; € PWL
such that

limsup | Ry filoo = o0,
N—o0
which completes the proof. O

Theorem 3.20 shows that the convergence speed of the Shannon sampling series
with oversampling for the space PW}T can be arbitrarily slow and that no convergence
rates can be given.
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3.2.5 A Sufficient Condition for Uniform Convergence Without
Oversampling

In Theorem 3.7 it has been shown that, for some f; € PW}T, the Shannon sampling
series
SlIl (t —k))
Z fl 7]{;)

k=—o00

does not converge uniformly on all of R to fi. Next, we will use the results from
Section 3.2.4 to analyze the convergence behavior of the Shannon sampling series
for signals in PW! without oversampling and to find a sufficient condition for
the uniform convergence of the reconstruction process. If f(w) satisfies certain
integrability conditions in the vicinity of w = 47 then the Shannon sampling series
without oversampling converges uniformly on all of R.

Theorem 3.21. If f € 731/\/71r has the property that there exists a 6 > 0 and a p > 1,
such that

[f(@)]? dw < oo,

m—8<|w|<m

then we have

N .
fo - 30 o)

k=—N

=0.

lim max
N—oo teR

Proof. Two auxiliary bandlimited signals f; and fo defined by

" _{f(w), lw] <7 —0,

0, lw| >7m—06

and A
oy Jfw), T=0<|w| <,
folw) = {0, lw| € R\[r — 6, 7]

are needed for the proof. Obviously, fi € PWL s and f(t) = fi(t) + fa(t), t € R.
Furthermore, by assumption we have that

1

o | 1) dw < .

Therefore, fo € PWE. Let ¢ > 0 be arbitrarily chosen. Then there exists a
No = Ny(e), such that

s1n w(t —k)) .
fa(t) k;Nfz T <

max
teR
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for all N > Ny. Since f; € PWL_;, there exists, according to Theorem 3.17, a
N; = Ni(e), such that

- 3 g

for all N > Nj. Consequently, for all N > max(Ny, N1) we have

sm —k))
o S \

max
teR

sm (t —k))
Z A==

sm w(t—k))
k_Z_Nh (it —F) ‘

<2e. (3.39)

Since € > 0 was arbitrary and inequality (3.39) is valid for all ¢t € R, the proof is
complete. O

Theorem 3.21 shows that the divergence of the peak value of the Shannon sampling
series for signals f € PW. is only a consequence of the behavior of f (w) in the
vicinity of w = w. If certain integrability conditions are satisfied in this region, then
the divergence does not occur.

3.2.6 Oversampling and Reconstruction Bandwidth

In this section we want to examine whether oversampling is really a universal remedy
for circumventing convergence problems. We start with the following observation:
The finite Shannon sampling series

N . k
= 2 () a0
k=—N a

with oversampling factor ¢ > 1 is not bandlimited to 7, but to aw. Can we use
reconstruction functions in the approximation formula that are bandlimited to m
itself?

For f € PW?T this is obviously possible. By expanding f into a Fourier series in
the interval [—am,an], a > 1, we have

1 X ok
ma 2t (o) ¢

2
am

lim dw = 0.
N—oo J_ar

Moreover, using the definition

L fwl<m,
Xﬂ(w) = %7 ‘W| =T,
0, |w|>m
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of the characteristic function y,, it holds that

L&k sin(al - b))
0, mkz_Nf(a) L

1 o [ . 1 & K\ iwk/a iw
=5/ (f(“)_akZ_Nf(J ‘ k/>x”(w)e -

and, using the Cauchy—Schwarz inequality, it follows that

Therefore, we have

lim max
N—oo teR

1 Y k\ sin(m(t — &)
t)— — U i R TAA )
0= 3 (%) T
As a consequence, for f € PW?2 it is possible to use

Sin(ﬂ'(t E))

alﬂkgj\i:wf (I;) t—; ’ (341

a

for signal reconstruction. This has the advantage that f € 73)/\)72r can be approximated
according to equation (3.41) by a signal which is bandlimited to 7. The sampling
series (3.41) can be obtained filtering the signal generated by the sampling series in
equation (3.40) with a low-pass filter with bandwidth 7.

Since for all signals f € PWL the series in (3.40) converges uniformly on all of R
to the signal f, it is reasonable to ask whether a low-pass filtering of (3.40) preserves
the uniform convergence, even for f € PWL. Then, this would be the projection
on the desired frequency interval. However, the following theorem gives a negative
answer.

Theorem 3.22. There is a fi € PW. such that

15 g (’;) Sm(ﬂt_g))l - . (3.42)

lim sup max

R
Nooo teR lam .
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Proof. Fort € R, a > 1, N € N fixed, we have

s (k) sin( (t - ’;>>‘

sup

1l pyyr <1 L — a t— %
N . &
1 /™ . . t— k&
= sup 7/ f(U.)) Z elwk/aw dw
N . k
= max Z elwk/a w ‘
we[_ﬂvﬂ—] k=—N aﬁ(t — %)
Next,
N . K
av(twa) = 3 ekl M
e N arm(t — %)
is analyzed. For w = m and ¢ty = (N + 1/2)/a we get
N ik:(ﬂ'/a—ﬂ'/a) N ik‘(ﬂ’/a—}—ﬂ/a)
1 . e . o
QN(tN,TF7a) = — Z elmtN — - Z e—imty SRR
2im (k—N N+s;-k =y N+Ll—k
N 1k;27r/a
1 iTtn 1 717rtN
=— e - - e
Qiﬁ( k:z—:N]\H'%_ ZN—Ff—k:
and
N N ik2m/a
1 1 el
vty mal =9 (| 2. 5 > T % (3.43)
2 kaNN—’_ﬁ_k szNN_}_i_k
1 4
> — 1
2

The second sum in equation (3.43) was evaluated in the same way as the sum in
(3.33). Consequently, for ty = (N + 1/2)/a we have

= 2 (2) e

tN

1 4
> %log(N) ~ (g)

sup
[l pyyr <1

Hence, by the Banach-Steinhaus theorem [78, p. 98] there exists a signal f; € PWL
that fulfills (3.42). O

The result of Theorem 3.22 is interesting. It shows that a low-pass filtering destroys
the uniform convergence. Not even the uniform boundedness is preserved. This
means that the sole redundancy in the set {f(k/a)}rez, a > 1, is not sufficient
for uniform convergence. It is necessary to use a proper kernel. Consequently, a
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simultaneous projection onto the space PW. during reconstruction is not possible
without the peak value of the reconstruction process becoming divergent.
It is easy to see that for f € PWL. no reconstruction process of the form

k

k:iV:Nf <IZ> ¢ (t B a> (3.44)

and with the property that (3.44) is bandlimited to 7 can be uniformly bounded. If
(3.44) is bandlimited to 7 then the Fourier transform

al k iwk/a(, 2
o X1 (G) i)

is supported in [, 7). Since S8y f (k/a) €“*/% has only isolated zeros, (w) = 0
for |w| > 7 must hold. Moreover, the assumed convergence of (3.44) implies that
ag(w) =1 for |w| < 7. Hence, ¢(t) = (sin(rt))/(ant). But Theorem 3.22 has shown
that the reconstruction process for this kernel is neither uniformly convergent nor
uniformly bounded on all of R.

Thus, it is impossible to have a locally uniformly convergent and globally uniformly
bounded reconstruction for all f € PWL. on the basis of the samples {f(k/a)}rez
if the reconstruction process is of the form (3.44) and ¢ is bandlimited to 7. It
is possible to approach the bandwidth 7 arbitrarily closely, but to have ¢ exactly
bandlimited with 7 is impossible if uniform boundedness is desired.

3.2.7 Oversampling with General Kernels

Due to oversampling many different reconstruction kernels are possible, not only the
sinc-kernel of the Shannon sampling series without oversampling [42,43,45,76]. In
particular, all kernels ¢ in M(a) can be used.

Definition 3.23. M(a), a > 1, is the set of functions ¢ € BL_ with ¢(w) = 1/a for
lw| < 7.

The functions in ¢ € M(a), a > 1, are suitable kernels for the sampling series
N
k k
Skoh0 = X £(5)e(t-1)
Sy \a a

because for all f € PW2 we have limy 00|/ f — S¥.eflpw2_ = 0 [79], and conse-
quently

Jim I = 8%/l = 0. (3.45)

Example 3.24. Two well-known classes of kernels in M(a), a > 1, are the kernels
with a trapezoidal shape in the frequency domain and the kernels with a cosine
roll-off characteristic in the frequency domain.
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One important property of the kernels ¢ € M(a), a > 1, is stated in the following
lemma.

Lemma 3.25. For all a > 1 and ¢ € BL, there exists a constant Cg such that

i ’¢ (t - I;)’ < Gsl|9ls1,

k=—00
for allt € R.

Lemma 3.25 is a direct consequence of Nikol’skii’s inequality [26, p. 49]. Neverthe-
less, for the sake of a self contained presentation, we have included the short proof
in Appendix A.2.

We have seen in (3.45) that the sampling series S , f converges uniformly on all
or R for all signals in PW?2. The next theorem shows that we also have the uniform
convergence for all signals in PW..

Theorem 3.26. Let ¢ € M(a), a > 1. Then we have
N
k k
S
Sy \a a

We could prove Theorem 3.26 directly, however, using Theorem 4.40, which is
stated later in Section 4.6 on p. 122, the proof can be considerably shortened. Hence,
we base the proof of Theorem 3.26 on Theorem 4.40.

=0

o)

lim
N—o0

for all f € PWL.

Proof. Let ¢ € M(a), a > 1, be arbitrary but fixed. Then, according to Lemma 3.25,
we have

N i N k
sup max | |y e“H/eg (t— ) <sup Y ’cﬁ (t— )‘ < Gsllollst .,
teR wl<m |, Ty a teR Ty a o
and the assertion follows from Theorem 4.40 for T = Id. O

3.2.8 Non-Symmetric Sampling Series

Many attempts have been made to prove convergence results that are true for the
symmetric sampling series for the non-symmetric case. However, often the non-
symmetric sampling series exhibits a significantly different convergence behavior
compared to the symmetric sampling series. This is particularly true for the Shannon
sampling series and the space PW}F: In this section we will show that there exists a
signal fo € PW?. such that for all t € R\ Z

_ N sin(m(t — k))
imsw) 2 PR G| T
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which means that the non-symmetric Shannon sampling series diverges for all
t € R\ Z. Consequently, a theorem stating the uniform convergence of the non-
symmetric Shannon sampling series on compact subsets of R, similar to Theorem 3.6,
which states exactly this for the symmetric Shannon sampling series, cannot exist.

The double limit limps v in the equation above is defined as usual [80]. For
a double sequence {ay v}y nen C C we write limpy y—yoo apry = ¢ if for all € > 0
there exists a n € N such that |apn — ¢ < € for all M > n and N > n. Moreover,
we write limsupy; y_,oo apmn = 00 if for all K > 0 there exist two natural numbers
M and N such that ayny > K.

For the proof we use the same signal fo € PW. that was used in the proof of
Theorem 3.2 and defined in (3.11) on page 20. We need the fact that the samples of

fo are given by
) {o, k=0
2=
ey |kl 2 1

Theorem 3.27. Let fo be defined as in equation (3.11). Then, for allt € R\ Z, we
have

hm

sm (t—Fk)|
Zf2 ,€)|—0°

Proof. For N € N, N > 1, consider the finite sums

(An f2)(t ZfQ SHlt_k)k))

First, we prove that limy_,o0(An f2)(—1/2) = co. We have

™ N —1)k
(AN f2)(—3) = sin <—2> kz:lfQ(k)Tr ((_11)_ k)
= 2
1Y 1 1
>%kglog(1+k)1+k’

where we used the identity sin(7(t — k)) = sin(nt)(—1)* for t € R, k € Z, in the first
line. But, since

1 Bl 1
> / dz,
log(1+k)(1+ k) ko log(l+z)(x+1)

we obtain
k+1
A d
(Anf2)( Z/ logl—l—w(w—|—1) v

Y .
o log(1+z)(x +1) e\ T2 )
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and hence limy_ o0 (AN f2)(—1/2) =
Now, let t1,t2 € R\ Z be arbitrarily chosen and consider

_ (Anfo)t) _ (Anfa)(t2)

sin(mty) sin(mta)

1N 1 1
= ; Zfz(k)(_l)k <t1 —k to — k)

2—t1 (—1)k
Zf2 "Bt k)

The modulus of D can be bounded above as follows:

p| < 271l iu (] ——
= 2N = | Jta — K|
\tz —t1|||f2”7>wl i 1
- Tty — K[tz — K]

= [l fllpr 09(?51,152),

with a constant Cy(t1,t2), which depends only on ¢; and t. Thus, it follows from
limNHOO(ANfg)(—l/Q) = oo that limpy_o |(ANf2)(t)’ = forallteR \ 7. L]

Theorem 3.27 also answers the question of how the non-symmetric Shannon
sampling series behaves for signals f € PWL.

Corollary 3.28. Let fy be defined as in equation (3.11). Then, for allt € R\ Z,
we have

sm(w(t —k))
:Z_: PR =

lim sup
M,N—o0

= OQ.

The preceding considerations have been made for the case where the samples
are taken at Nyquist rate, i.e., where no oversampling is applied. The convergence
behavior of the non-symmetric Shannon sampling series changes completely if we use
oversampling. A closer look on the proof of Lemma 3.19 shows that the inequality

N

Jik/a sin(am (t — %)) ( 2 )
Z ar(t — %) ‘ =21t cos (%)

k=—M

holds for all M, N € N, ¢t € R and |w| < 7. Therefore, it is possible to get an analogous
result to Lemma 3.19 for the non-symmetric sampling series. Consequently, a theorem
similar to Theorem 3.17 can be derived for the non-symmetric sampling series.
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Theorem 3.29. Let a > 1 be fized. Then we have for all f € PWL

-3 1(%) “(”(t‘,f))| o

li
11m max ar (t — E)

M,N=oo teR

Proof. Analogously to Theorem 3.17. O

We have seen that for f € PWL there are differences in the convergence behavior
between the symmetric Shannon sampling series and the non-symmetric Shanon
sampling series when no oversampling is applied. However, with oversampling both
have the same good convergence behavior, i.e., both are uniformly convergent on all
of R. Here we see that oversampling, which is applied in practice for several reasons,
is also theoretically justified by the reconstruction behavior of the non-symmetric
Shannon sampling series for signals in PWL.

3.2.9 Centered Sampling Series

In Theorem 3.11 we have seen that a whole class of reconstruction processes, including
the Shannon sampling series, is not uniformly convergent on R and not even uniformly
bounded on R for signals in PWL in general. One further possible way of truncating
the series (3.13), which was considered in [63,64,75,81], is to truncate the series
(3.13) symmetrically around ¢ € R. Including oversampling with oversampling factor
a > 1, the reconstruction process is then given by

KON kN sin(ar(t — £))
a = G i i P2 3.46
(A% k_KZ(;)_Nf(a) g (3.46)

where K (t) denotes the largest integer that is smaller than or equal to ¢ + 1/2. For
every fixed point in time only 2N + 1 signal values are needed, but as ¢t ranges from
—oo to 0o, infinitely many samples are necessary to reconstruct the whole signal.

In the case where a > 1, one can use other kernels than the sinc-kernel sin(am(t —
k/a))/(am(t — k/a)) that is used in (3.46) [68]. In [75] kernels that are the product
of sin(an(t — k/a))/(amw(t — k/a)) and a function hy with certain properties were
considered in order to reduce the reconstruction error.

In [63] an upper bound was given for ||f — A% f|lc. However, as pointed out
in [75], for the important case a — 1 this bound tends to infinity. We will show that
this bound does not reflect the true behavior of || f — A% floc for @ — 1 because the
bound is not tight. In fact, it holds that supyey [|f — AX fllee < Cro < 00 for all
f € PWL with [|fllppr < 1.

In this section we arfalyze the convergence behavior of

K(t)+N

(Anf)(®) = (ANF)E) = > f(k)

k=K (t)—N

sin(7(t — k))
(t — k)



50 3 Discrete-Time and Continuous-Time Signals

It is shown that Ay f converges uniformly on all of R to f for all f € PWL. This
fact is expressed in Theorem 3.30, the proof of which is postponed until we have
discussed Theorem 3.30 and compared it with our previous results.

Theorem 3.30. For all f € PWL we have

K(t)+N
im max — 78111( m(t — k) =
]\}—>oo teR 1(#) . K% 1 (k) m(t — k) 0

At first glance, Theorem 3.30 seems to be a contradiction to the result given in
Theorem 3.11, but a closer examination of Ay reveals that the reconstructed signal
Ay f is not bandlimited. This fact permits the good convergence properties.

Theorem 3.31. Ay f is not bandlimited for f € PWL in general.

Proof. Consider for example a function f € PW2 C PW. with f(k) = 0 for |k| > M
and f(k) # 0 for |k| < M for some M € N. Then (Anf)(t) =0 for all |¢| > M + N.
If Ayf was bandlimited then it would follow that Ay f = 0, which would be a
contradiction to (Ay f)(k) = f(k), k € Z. O

Despite the good convergence behavior, Ay has two drawbacks for practical
applications:

1. The resulting functions Ay f are not bandlimited;

2. Infinitely many samples are needed for the calculation of (Ax f)(t) as ¢t ranges
over the whole real axis.

The proof of Theorem 3.30 requires two lemmas, namely Lemma 3.32 and
Lemma 3.33.

Lemma 3.32. Let Dy(z) = 1/2 + YN, cos(kz) be the Dirichlet kernel. Then we
have

‘/ Dy(w—wi) dwy| <37

forall N e N, weR and |7| < 7.

Proof. Using

! N sin(k(w + N sin(k(w — 7
/ Dy(w —wq) dw = %(T DY (k(k +m) 3 (k:(k )
- k=1 k=1

together with

i sin(kx)

k=1

<m forall z €R,
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which is a consequence of Gibb’s phenomenon [82, p. 61], gives

‘/ Dy(w—wi)dw| <7m4+7m+7=3"7

—Tr

forall N e N, w € Rand |7| < 7. O

Lemma 3.33. For all f € PW?2 we have

lim max
N—oo teR

f- Y f@ﬂ7dt_k)‘:0.

Proof. Let f € PW?2 and t € R be arbitrary but fixed and N > 2. Then we have

1
2)2

K()+N . :
sin(7(t — k)) sin(7(t — k))
f(t) - f)——="| = k) —r—~5—
‘ kKE(%—N m(t—k) | |k—Kz(t:)|>N w(t — k) ‘

sin(m(t — k))
7(t — k)

§( > If(k)l2) (
|k—K(t)|>N lk—K (t)|>N

0o o 3 1 5,

and the upper bound

1 1 > 1
Z EAVE. Z EpAvI Z Ay
k=K (t)|>N (t=k) W (LK) k=K (1) + N+1 (t—k)
K(t)-N-1 )
1 1
< + >
koo (K(8) =k —1)2 k=K (t)+N+1 (k- K(t) = 1)?
—-N [e%S)
1 1 2
= > S+ 5<
el k2 P K2~ N-1
leads to
1
2 2
50~ (AN )OI < Wl (527)
Therefore, we have imy_,o0 ||f — AN flloo = 0 for all f € PW2. O

Now we are in the position to proof Theorem 3.30.
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Proof of Theorem 3.30. Let f € PW?. be arbitrary but fixed. Then we have

Kt)+N
sin k
A= 3 s EE
k=K (t)— m(t —k)
. KO+N B
:%/ f(w) Z elwk Sln(ﬂ-(t kk)) dw
TS k=K (t)—N m(t—k)
1 /™ 4
:%/ f(w) gn(t,w) dw. (3.47)
Next, we analyze
K(t)+N .
) S ek ST =E)
k=K (t)—N m(t —k)
Since .
s1n(zft(t —k;f)) _ QL/N w1 (t=k) gy
w(t — TJ_
we obtain
1o K@M+N
qN(t,w) _ 27/ elwlt Z elk(w—wl) dw1
TJ—m k=K({t)—N
1 T N
- elw1te1K(t)(W7w1) Z elk(wfwl) dw;
27 J_x '
elKtw  pm
= / elwn (=K (t +Zc0s (w—w1)) | dwy
™ -7
eiK(t)w o .
_ / @1 t=K®) D (e — wr) duwy, (3.48)
™ -7

and denote by Dy(x) the Dirichlet kernel 1/2 + Y& cos(kz). The integral on
the right-hand side of (3.48) is further analyzed. Integration by parts and using
ST Dn(w —wi) dwy = 7 gives

/7T elw1 (=K (1)) Dy(w — wq) dwn
— oK (®) _ / " [T Dl — w1) den i(t — K(8) eTEKO) gr
and
‘/ﬁ eiw1 (t—K(?)) Dy (w —wy) dwy

<+ / D(w —wr) dr| - |t — K(£)] dr.
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By Lemma 3.32, we have

‘/ DN(w — wl) dwl < 3m

for all N € N, w € R and |7| < 7. Since |t — K(t)| < 1/2 for all t € R, we obtain

‘/ elwr(t—K(t)) Dy (w — wi) dwy| < 7 + 372

and as a consequence
gy (t,w)| < 1+ 3 (3.49)

forall N € N, t € R and |w| < 7. Finally, equations (3.47) and (3.49) can be used
to derive the upper bound

NN < o [ 17 lay(tw)] do
< (+3m)o- [ 1f)] do

T J—m

= (1430 flpwi (3.50)

which is valid for all N € N, all t € R, and all f € PW..
In order to continue the proof we fix an arbitrary € > 0. Then, there exists a
function f. € PW?2 such that || f — fellpwr < e. Furthermore,

[f(@) = (AN S)(O)] = [f(t) = fe(t) + fe(t) = (Anfe) () + (An(f = f)(D)]
< (@) = fe@)] + [fe(t) = (Anf) ()] + [(An (f = f)) (2]
<= Fellpwr +1fe(®) = (An f) O)] + A+37) [ f = fell pyyr (3.51)
<€(2437) + |[fe(t) — (An S (D),
holds for all N € N and ¢t € R. To obtain (3.51) we applied (3.50) on f — f. and
used the inequality |f(t)] < [|f|/pyy1, which holds for all ¢ € R and f € PWL. Due

to Lemma 3.33, there is a Ny = Ny(€) such that |fe(t) — (Anfe)(t)] < eforallt € R
and all N > Ny. Hence,

£ () = (AN f)(B)] < (3 + 3m)

for all t € R and all N > Nj. Since € > 0 was arbitrary, the proof of Theorem 3.30
is complete. O

As we have seen in Theorem 3.30, the reconstruction process Ay f converges
uniformly on all of R to f for all f € PWL..
Now we analyze the non-symmetric version

sin(7(t — k‘))

(t)+N

k=K (t)— M

(3.52)
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We have seen in Corollary 3.28 that there are signals in PWL, such that the non-
symmetric Shannon sampling series

sm —k))
(Sm.nf)(E Z f(k 7( 5

diverges unboundedly for all t+ € R\ Z. Since for certain f € PWL the symmetric
Shannon sampling series Sy f is not uniformly convergent on all of R and the
reconstruction process Ay f is uniformly convergent on all of R for all f € PWL, we
might expect a better behavior of Ajs v f compared to the non-symmetric Shannon
sampling series Sy N f.

However, this is not the case, as shown by the following result.

Theorem 3.34. There exists a signal fo € PWL, such that for allt € R\ Z

_ KON sin(r(t — k))
im0 3 o

Proof. For the proof we use the same signal fo € PWL that was used in the proof of
Theorem 3.2 and defined in (3.11) on page 20.

To simplify the notation, we use the abbreviation (Aps n f)(t) that was defined in
(3.52). Let t1,ta € R\Z arbitrary but fixed. We will show that there is a constant
Ci1(t1,t2) < 0o such that for all f € PW. and all M, N € N we have

(Aunf)(t)  (Aunf)(ta)
sin(7tq) N sin(mts) SCll(tlv752)Hf||7>wflr- (3.53)

Suppose (3.53) has been proved, then it is enough to show that

lim sup | (Ans v f2) (1/4)] = oo, (3.54)

M,N—oco

in order to finish the proof. But equation (3.54) follows directly from Corollary 3.28,
because (AN f2)(1/4) = (Swm,n f2)(1/4).

It remains to show that (3.53) is true. Without loss of generality, we assume
t; < ta. Next,

(Aunf)t)  (Amnf)(t2)

b= sin(7tq) sin(7ts)
1 (t1)+N (71)k K(t2)+N (1)k)
! I = 7) (3.55)
g (kK%l:)—M th—Fk kK%Q:) M ta—k

is analyzed. We have to distinguish two cases.
The first is the case where K (t1) + N < K(t2) — M. In this case, both M and
N must be smaller than K (t2) — K (¢1), which implies that both sums in (3.55)
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can be bounded from above by some constant independently of M and N. Thus
D] < Cra(ta, t2) | f[lpyr -

In the second case, i.e. the case where K(t1) + N > K(t2) — M, we rearrange the
sums and obtain

1 1
D= > f(k)tl_kJr > f(k)(_l)k<t1—k:_t2—k‘>

k=K(t2)—M

K(t2)+N
-y f(k)(_l)k). (3.56)

k=K (t1)+N+1 ta—k

3|

(K(tg)—M—l (_1)k K(t1)+N

k:K(tl)—M

The modulus of the first sum in (3.56) can be bounded from above according to

K(tg)—M—l (_1)]{: K(tz)—l 1
> k) <sup|f(t)] D 7 < Cuslti, 1)l fllppr,
heK-n TR T e My "

because the number of summands does not depend on M. Applying the same
arguments to the third sum in (3.56) gives

K(t2)+N (=)
> f(k:)t | = Cra(tr, t2)[1f lpyyr -
k=K (t1)+N+1 2

The modulus of the second sum in (3.56) can be upper bounded by

K(t1)+N ty —

<Ifllpws >
" k=K (t2)-M [ty — Kl - |t2 — k|

= Cis(t1, t2) || fllpyyr -

> WD (- )

Therefore [D| < C11(t1, t2)|| fllpyy1, which finishes the proof. O
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3.3 Non-Equidistant Sampling

In many practical applications non-equidistant sampling patterns are of interest
[58,61,83]. In this case, sampling series like

S F(t)éu(t) (3.57)

k=—o00

where ¢y, k € Z, are certain reconstruction functions, and {tx }xcz is the sequence of
sampling points, can be used for the reconstruction of the signal f from its samples
{f(tx) }kez. Of course the convergence of the series cannot be taken for granted and
has to be checked from case to case.

Throughout this thesis we assume that the sequence of sampling points {¢; }rcz C R
is real, and, without loss of generality, we further assume that ¢ty = 0 and that the
sequence of sampling points is ordered strictly increasingly, i.e.,

<ty <tiyp1 <. <t <tr=0<t1 <...<ty-1 <ty <.... (3.58)

Sensor networks are one example where non-equidistant sampling is important. In
a sensor network a large number of sensors is used to monitor some physical quantity,
e.g., the temperature or the electric field intensity. This physical quantity varies
continuously in space and, thus, can be viewed as a signal in space. In general, the
sensors are placed non-equidistantly according to the given spacial settings. Thus,
in sampling theoretic terminology, the sensors perform a non-equidistant sampling
of the signal. At the fusion center, where the data from all sensors is gathered, the
task is to reconstruct the signal from the samples.

In this section we discuss under what conditions on the sampling patterns and the
signals it is possible to use (3.57) for the reconstruction.

The convergence behavior of (3.57) certainly depends strongly on the signal
space under consideration. There is a vast amount of literature discussing the
properties of sampling series with non-equidistant sampling points for the space of
bandlimited signals with finite energy: The papers [84] and [85] analyze the stability
of such sampling series, and [86] derives series representations. Sampling series
involving derivatives are considered in [87], and the case where only a finite number
of sampling points differs from the integer grid is considered in [88]. Aspects of
numerical computation in the reconstruction of bandlimited signals with finite energy
from irregular samples are treated in [89-91].

Only few papers [54,92] discuss non-equidistant sampling for larger signal spaces
than the space of bandlimited signals with finite energy. In [92] Seip proves the
uniform convergence of (3.57) on all compact subsets of the complex plane for
bounded bandlimited signals if oversampling is used and the sequence {tj}recz of
real sampling points satisfies

suplty — k| < D
kEZ
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for some D < 1/4. Hinsen [54] analyzes (3.57) without oversampling for bandlimited
signals that are in LP, 1 < p < 0o, when restricted to the real line. He gives
a condition on D which is sufficient for (3.57) to be uniformly convergent on all
compact subsets of the complex plane.

3.3.1 Complete Interpolating Sequences

An important class of sampling patterns are complete interpolating sequences.

Definition 3.35. We say that a sequence {t;}rcz is a complete interpolating se-
quence for 771/\/3r if the interpolation problem f(¢;) = cx, k € Z has exactly one
solution f € PW2 for every sequence {cy }rez satisfying 302 |cn]? < oo.

Complete interpolating sequences are useful sampling patterns because every signal
f € PW2 is completely determined by its sample values {f(tx)}rez if {tr ez is a
complete interpolating sequence for PW?2. Throughout this section we assume that
the sequence of sampling points {tx}rez C R is a complete interpolating sequence
for PW?2.

If the sequence of sampling points {t}rez is a complete interpolating sequence
for PW2, it follows by definition that, for each k € Z, there is exactly one function
ér € PW?2 that solves the interpolation problem

1, 1=k

0 1k (3.59)

or(t) = {
Moreover, the product

$(z) =2 lim ] (1 - z) (3.60)

R— t
<R k

k=0

converges uniformly on |z| < R for all R < oo and ¢ is an entire function of
exponential type 7 [25, p. 134, Theorem 4]. It can bee seen from (3.60) that ¢,
which is often called a generating function, has the zeros {t;}rez. Since {tx}rez is a
complete interpolating sequence, it follows that

Pr(t) = qmlﬁflm (3.61)

is the unique function in PW?2 that solves the interpolation problem (3.59). For
further details we would like to refer the reader to [58, Chapter 3.

If {t;}rez is a complete interpolating sequence for PW?T then ¢y is a Riesz basis
for PW?2.
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Definition 3.36. A sequence of vectors {¢ }rez in a separable Hilbert space H is
called a Riesz basis if {¢y }rez is complete in H and there exist positive constants A
and B such that for all M, N € N and arbitrary scalars ¢, we have

N 2 N
A D al* < <B > |al:
— k=M

If {tx}rez is a complete interpolating sequence for PW?2 then it follows from
Definition 3.36 that there exist two constants 0 < CRiesz ORIz < o5 such that

N

> o dr

k=—M

[e.9]

1/2
CRE| fllpyy2 < ( > !f(tk)Q) < CR(If lpwe (3.62)

k=—00

for all f € PW2.
The norm equivalence (3.62) is very useful for the convergence analysis of the

sampling series (3.57). For f € PW?2 we have

N o) N 2 1z
Hf— > fltk)ow Sﬁ STft) = >0 fltr)on(t)
k=N W2 L [E— k=N
X 1/2
= R |f(t )|2> ,

where we used (3.62) in the first inequality and (3.59) in the last equality. Since

- 1/2
( > |f<tk>|2) < R f]2,, < o,

k=—o00

according to (3.62), it follows that

1/2
Jim ( > \f(tk)lz) =0

|k|>N
and consequently
=0 (3.63)
PW2

for all f € PW?2. Moreover, since || f]|oo < [ flpyyz, this implies that

lim

=0 (3.64)

o0

for all signals f € PW?2.
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Example 3.37. The Shannon sampling series is a special case of the general sampling
series that are considered in this section. Let ¢(t) = sin(nt) with zeros t, =k, k € Z.
Then ¢'(t) = 7 cos(nty) = m(—1)* and

B o(t) _ (=1)¥sin(xt) _ sin(x(t — k))
(A [TV R (R S R ()

is the well-known sinc-kernel of the Shannon sampling series.

Remark 3.38. A well-known fact concerning the relationship between Riesz bases
and frames is the following [93, p. 157]. A sequence of vectors {¢y }rez in a separable
Hilbert space H is a Riesz basis if and only if it is an exact frame. For further
information about frames see for example [94].

3.3.2 Sine-Type Sampling Patterns

For arbitrary complete interpolating sequences, the functions ¢ can have a compli-
cated behavior, which makes an analysis of (3.57) difficult. Therefore we restrict
our analysis to sampling point sequences {tx}rez C R that are given by the zeros
of functions of sine type in this section. In Lemma 3.41 we will see that all these
sequences are also complete interpolating sequences, which means that we restrict
our analysis to a subclass of complete interpolating sequences. The use of sine-type
functions makes the analysis easier because they have several helpful properties. In
order to illustrate them we discuss equivalent definitions and characterizations, and
state some of their key properties. For further information about sine-type functions
see [93] and [25].

Definition 3.39. An entire function f of exponential type 7 is said to be of sine
type if

i) the zeros of f are separated and simple, and

ii) there exist positive constants A, B, and H such that Ae™ < |f(z + iy)| <
Be ™ whenever z and y are real and |y| > H.

We use Definition 3.39 to define sine-type functions in this thesis. In addition to
Definition 3.39 there are other possible equivalent definitions that have advantages
as well. However, Definition 3.39 explicitly states the structure of sine-type functions
that we need to obtain our main results.

An equivalent definition [95] of sine-type functions is obtained if i) and ii) are
replaced by the conditions that

i’) the zeros of f are separated and lie in {z € C : |Im(z)| < h} for some h > 0,
and

ii’) there is a yp € R and A’, B’ > 0 such that A" < |f(x +1iyp)| < B’ for all z € R.
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The definitions presented so far are valid for arbitrary functions of sine type with
complex zeros. However, in this thesis we assume that all zeros are real. With this
restriction it is easier to characterize functions of sine type, because we can determine
whether a function ¢ is a function of sine type solely based on its behavior on the real
axis. We assume that {tj}recz is a real complete interpolating sequence. Then the
generating function ¢ is not necessarily bounded on the real axis. However, according
to part ii) of Definition 3.39 and the Phragmén—Lindel6f Theorem [93, pp. 68], ¢
has to be bounded on the real axis in order to be a sine-type function. This is the
first condition on ¢, which refers only to its behavior on the real axis. Additionally,
we require that for every e > 0 there is a constant C(e) > 0 such that

|9(t)] > Cie(e) (3.65)

for all t € R\ Upez(ts — €,tx + €). Of course, every sine-type function fulfills
(3.65) [25, p. 163]. However, the converse is nontrivial and contained in the following
interesting result [96].

Let ¢ be the generating function of a real complete interpolating sequence {tx }rez-
Then all zeros are simple, and we can assume without loss of generality that ¢(¢) > 0
for t € (to,t1). Next, consider the sequence {cy}rez defined by

o = {maXte(tk,tkH) o(t), for k even,
minte(tk7tk+l) ¢(t), fOl“ k Odd

We have c,(—1)F > 0 for all k € Z. ¢ is a function of sine type if and only if there
exist two constants A, B such that

0<A<|ey| <B< (3.66)

for all k € Z [96]. Condition (3.66) implies that ¢ is bounded on the real axis and
that the maximum of |¢(t)| on [tg, tk+1] is bounded from below by a positive constant,
which is independent of k& € Z. Of course, the requirement (3.66) is weaker than
requirement (3.65) plus boundedness. Nevertheless, both conditions are sufficient
to characterize sine-type functions with real zeros that are a complete interpolating
sequence.

Example 3.40. sin(7z) is a function of sine type and its zeros are t;, = k, k € Z.

There is an important connection between the set of zeros {tj }rez of a function of
sine type, the basis properties of the system of exponentials {€“® };c7. and complete
interpolating sequences [93, pp. 143-144].

Lemma 3.41. If {tx}rez C R is the set of zeros of a function of sine type, then
the system {e€“W}cy is a Riesz basis for L?[—m, m|, and {ty}rez is a complete
interpolating sequence for PW?2.
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Proof. This lemma is a simple consequence of Theorems 9 and 10 on pages 143 and
144, respectively, in [93]. O

Lemma 3.41 implies that if ¢ is a function of sine type with zeros {tx}rez C R
then {¢r}rez, where ¢y, is given by (3.61), is a Riesz basis for PW?2 [25, p. 169,
Theorem 1].

In this section we analyze the convergence behavior of (3.57) for sampling points
{tr}rez C R that are the zeros of some sine-type function. Since {t;}recz is a also
complete interpolating sequence for 73)/\/,2r according to Lemma 3.41, it follows that
the product (3.60) converges uniformly on |z| < R for all R < oo, and that ¢ is an
entire function of exponential type m. Moreover, it follows that (3.61) is the unique
function in PW?2 that solves the interpolation problem (3.59).

Although we restrict the sampling patterns to the zeros of functions of sine type,
there are many possible sampling patterns since the class of sine-type functions is
very large. In Section 3.3.6 we will present a possibility to construct such functions.

Two important properties of sine-type functions, which will be used in the proofs,
are stated in Lemmas 3.42 and 3.43.

Lemma 3.42. Let f be a function of sine type, whose zeros {\}rez are ordered
increasingly according to their real parts. Then we have

. > ‘
nf [\ys = Ml 20> 0 (3.67)
and
sup|A\pr1 — A <0 < o0 (3.68)
keZ

for some constants § and §.

Proof. Equation (3.67) follows directly from Definition 3.39 and the proof of (3.68)
can be found in [25, p. 164]. O

Lemma 3.43. Let f be a function of sine type. For each € > 0 there exists a number
Ci7 > 0 such that

|f(z +iy)| > Cr7e™!

outside the circles of radius € centered at the zeros of f.

Proof. A proof of Lemma 3.43 can be found in [93, p. 144]. O

For further information about sine-type functions see for example [25] and [93].
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3.3.3 Convergence Behavior without Oversampling

In this and the next section we analyze the sampling series (3.57) for signals from the
Bernstein spaces Bgfjr and Bgﬁr’o. B = 1 corresponds to the case where no oversampling
is used and 0 < 8 < 1 to the case where oversampling is used. The case § =1 is
analyzed in this section, whereas the case 0 < 8 < 1 is treated in Section 3.3.4.

The following lemma, which gives an upper bound on the increase of a function
[ € B3, parallel to the imaginary axis, will be important to obtain the results.

Lemma 3.44. Let f € B, 0 < < 1. Then we have

£ (2 +iy)] < | £l (3.69)
for all x,y € R.

Proof. Lemma 3.44 is a consequence of the Phragmén—Lindel6f principle. For a proof
see [25, Lecture 6]. O

Lemma 3.44 enables us to derive some interesting convergence results for signals
from the Bernstein spaces ngr and BE?T,O’ 0<p<l.

Local Convergence Behavior

Our first theorem shows that the approximation error is locally uniformly bounded
for all signals in B3°.

Theorem 3.45. Let ¢ be a function of sine type, whose zeros {ty}rez are all real
and ordered increasingly according to (3.58). Furthermore, let ¢y be defined as in
(3.61). Then, for all T > 0 there exists a constant C1g = C18(T) such that

N
Sup | max_ F) = > flte)or()| < Crsll flloo
k=—N

NENte[—T,T
for all f € BY .
For the proof of Theorem 3.45 we need the following lemma.

Lemma 3.46. Let ¢ be a function of sine type, whose zeros are all real, and Yy > 0.
Then there exists a constant Chg such that, for all0 < <1, Y| >Yy, A,B € R,

A< B,teR, and f € B, we have

[esi o) |, B Ol
A ¢(J}+1Y)$+1Y—t - Clg‘Y‘
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Proof. For all z,Y € R, we have |f(z+1Y)| < e®™Y1|| f| s according to Lemma 3.44.
Furthermore, since ¢ is a function of sine type with all zeros being real, it follows from
Lemma 3.43 that there exists a positive constant Cyg such that |¢(z+1Y)| > Cpge™
for all x € R and all |Y| > Y. Therefore, we obtain

[Perm) o0 | g, Wl P 0O
A oz +iY)z+iY —t - Cio A |z +1Y — ¢
< B= Al fllool|#lloo
which completes the proof. O

Proof of Theorem 3.45. Let 7 > 0 and f € B° be arbitrary but fixed and let

(3.70)

n =

P (tne1 +1tn)/2, forn>1
(tn—1+1tn)/2, forn < —1.

Furthermore, consider, for N € N and Y > 0, the path Py(Y) in the complex plane
that is depicted in Fig. 3.1. For all N € N and ¢ € R we have the equality

o(¢) — #(t) f(C)
Z Hte)ont) = 5 fiN(Y) ¢—t () d. 8.71)

Equation (3.71) can be easily seen by using the method of residues. Note that by the
choice of Py(Y') we have ¢(¢) # 0 for all ¢ € Py(Y). Furthermore, for all N € N
and t € R with _y < t < ty, we have

P GELCFIC S N G S 8(t) J(0)
2mri jg:’N(Y) ?{ d -7€3N(Y) de

d¢ =

27i C—t ¢ 27 )¢ — 27i ¢—to(Q)
| ©
7]{ y>c—t¢ 0 % (3.72)
Combining (3.71) and (3.72), it follows that
9@t) f(Q)
ngf e R (3.73)

forall Ne Nand t € R with f_y <t < ty.

According to Lemma 3.42 there exist two positive constants 6 and ¢ such that (3.67)
and (3.68) are fulfilled. Next choose Yy = N, N € N. Since |K|J < |[tx| < (|K|+1)6,
K € Z\ {0}, it follows that there are two positive constants Cyp and Co; such that
Yik|

< |ix| < o (3.74)

|K|
Cao
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z-plane
Py(Y) iy

}
t-N-1 f_N t-N tN in tN+1

—iYy

Figure 3.1: Path Py (Y) in the complex plane.

for all K € Z\ {0}.
Let Ny be the smallest natural number for which min(ty,, [t-n,|) > 7. By using
the identity (3.73), we obtain

0= 3 st g [ (50 e
* % /_ijv ig_g j: Ei |75~N‘€i—(ti;’ W
o | S| e
* % ti ‘%:gx; e qus}(ft;‘—ﬂ dz. (3.75)

for all N > Ny and t € [—7,7]. Next, we will bound the right-hand side of (3.75)
from above by analyzing each integral separately. It is important that this bound is
independent of N.

For all z,y € R, we have |f(z + iy)| < e™¥||f|ls according to Lemma 3.44.
Furthermore, since ¢ is a function of sine type it follows from (3.67) and Lemma 3.43
that there exists a constant Cag such that |¢(fx +iy)| > Cop el for all K € Z\ {0}
and all y € R. Consequently, for the first term on the right-hand side of (3.75) we
have

1 /YN [N +iy)
21 J vy gb(fN +1y)

0L Wl L1,
|ty + iy — ¢ Cyo 21 J_yy |ty + iy —
< llelidlloe  Yiv
- Cog W(tN—T)
< Ifllsclllloo _EnCao
- Cog (tN—T)

for all N > Ny and t € [—7, 7], where we used (3.74) in the last inequality. Similarly,
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for the second term we obtain

1 /YN [9()] [fllcllolloc Y
21 J vy

_ : dy < _

v iyt 7 Cor (x| —7)
< [l flloll @]l o If—N\Czo
S n (Eal-7)

f(t}N + iy)
d(t-n +1iy)

for all N > Ny and ¢t € [—7,7]. The third term on the right-hand side of (3.75) can
be bounded from above by using Lemma 3.46. For all N > Ny we have

1| fz+iYy) lp(t)] de < [ fllsoll@lloe (Ev —t—n)
2 Ji_y ¢($+1YN) |J:‘—|—iYN—t‘ - 7wCo9 2Yn
Ul
= mCCy

where we used (3.74) again in the last inequality. Similarly, we obtain for the fourth
term that

1 in

f(ZL‘ — iYN)
¢($ — iYN)

o0, < Wlslgle
|{L‘ — 1Yy — t| 71C99C91

2 Ji_y

for all N > Ny. Next, we choose N1 > N such that

t t_
max<~ M [t >§2.

tn, -7’ |L:_N1| - T

Note that N7 depends only on 7 and not on f. Consequently, for all N > N; and
t € [—7, 7], we have

F&) = >0 fltr)on(t)

k=—N

N
< O93]| flloos

where (3 is some constant. ]

Theorem 3.45 shows that the approximation error

FA) = > fltr)on(t)

k=—N

‘ 3 (3.76)

is uniformly bounded on all compact subsets of R as N tends to infinity. If we
further assume that lim, . f(t) = 0, i.e., that f € B, we can prove that the
approximation error (3.76) converges to zero uniformly on all compact subsets of R.
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Theorem 3.47. Let ¢ be a function of sine type, whose zeros {ty}rez are all real
and ordered increasingly according to (3.58). Furthermore, let ¢y be defined as in
(3.61). Then, for all >0 and all f € By, we have

N
F&) = > flte)drt)| =o0.

k=—N

lim max
N—oo te[—T,7]

Theorem 3.47 generalizes Brown’s Theorem (Theorem 3.6), where the uniform
convergence on compact subsets of R was stated for equidistant sampling and signals
in PWL., towards non-equidistant sampling and the larger signal space BX0-

Proof of Theorem 5.47. Let 7 > 0 and f € B be arbitrary but fixed. Since
By C B, it follows by Theorem 3.45 that there exists a constant Cig such that

N
F&) = D fltr)on(t)

k=—N

< C18l[flloo (3.77)

for all N € N and ¢ € [—7,7]. In order to complete the proof, we use (3.77), the
fact that PW?2 is dense in B, and the uniform convergence of the series for PW2.
Let ¢ > 0 be arbitrary but fixed. There exists a function f. € PW?2 such that
IIf — felloo < €. As a consequence, we have

N
‘f(t)— > f(th)on(t)
k=N

N

F@&) = fet) = > (f(tr) = fe(ta))on(t)

k=—N

N
< + fe(t)_ Z fe(tk)¢k(t)
k=—N

N
S Cwillf = felloo + | fe®) = D feltr)pn(t)

k=—N

N
< Cige+ | fe(t) = D feltr)ou(t)

k=—N

(3.78)

for all N € N and all ¢t € [—, 7]. Furthermore, since f. € PW?2, we can use (3.64),
i.e., the uniform convergence of the series. It follows that there exists a natural
number Na(€) such that

<€ (3.79)

N
fe(t)_ Z fe(tk)¢k(t)
k=—N

for all N > Ny(e) and t € R. Combining (3.78) and (3.79) gives

f&) = > fltr)ort)| < (Cis+1)e
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for all N > Na(e), which completes the proof, because € was arbitrary. O

Although Theorem 3.47 states the local uniform convergence for all f € B, it
makes no assertion about the convergence speed. We have the following conjecture.

Conjecture 3.48. The convergence speed in Theorem 3.47 can be arbitrarily slow.
That is, for every T > 0 and every positive sequence € converging to zero, there
exists a signal fi € B, such that

1 N
limsup — max [fi(t) — Y fi(ty)ow(t)| = oc.
N—oo €N t€[-7,7] k=—N

In Section 3.3.4 we will see that the situation is different if oversampling is used.
With oversampling it is possible to specify the convergence speed.

The next conjecture, Conjecture 3.49, makes a statement about the local conver-
gence behavior of the sampling series (3.57) for sampling patterns that are complete
interpolating sequences but where the sampling points are not the zeros of a sine-type
function.

Conjecture 3.49. For all 7 > 0 there exist a complete interpolating sequence
{tx}rez for PW2 and a signal fi € By such that

N
lim max |fi(t) = > fitr)ow(t)] = oo.

N—oo te[—7,7] R

If Conjecture 3.49 is true, it shows the importance of the assumption in Theo-
rem 3.47 that ¢ is a sine-type function.

Global Convergence Behavior

In Theorem 3.11 we have shown for the space PW. and a large class of reconstruc-
tion processes that neither a globally uniformly convergent nor a locally uniformly
convergent and globally bounded signal reconstruction is possible if the samples are
taken equidistantly at Nyquist rate. In contrast, for non-equidistant sampling the
global convergence behavior of sampling based reconstruction processes is unknown
in general. By using non-equidistant sampling, an additional degree of freedom is
created, which may help to improve the convergence behavior. However, we suspect
that non-equidistant sampling is not capable to improve the global convergence
behavior.

In Theorem 3.47 we have seen that the sampling series (3.57) is locally uniformly
convergent for all signals in BY). Next, we show that the global behavior is different.
There are signals in B, for which the peak value of the approximation error diverges.



68 3 Discrete-Time and Continuous-Time Signals

Theorem 3.50. Let ¢ be a function of sine type, whose zeros {ty}rez are all real
and ordered increasingly according to (3.58). Furthermore, let ¢y be defined as in
(3.61). Then there exists a signal f1 € B, such that

hmsupmaﬁgc fi(t) Z fi(tr)or(t)| =

N—ooco t€ k—=—

Proof. Let N € N be arbitrary but fixed. For the operator A?{, : BXy — B, defined
by

(AR (@) Z F(tR)dx(0) (3.80)
we analyze the operator norm

1A = sup (IR loo-
fE ,0
[fllo<1

For 0 <e< 1, let
sin(ert)

emt

fe(t) = ¢((1 = €)t)

Note that f. € By%. A simple calculation shows that lim. o f;(t) = ¢/(t) for all t € R.
Next, choose a constant Cay > 0, so large that || f!||cc/Cos < 1 for all 0 < e < 1. It
follows that

Ll
1A% H>11_f}(1)a Z Ste)on(tn)

_.g,NA£@M@L
o lg% 024 :Z_:N (Zsl(tk)(fN - tk)
N 1

o(tn) D

Pyt tn —t|’

(3.81)

where ty = (ty11+tn)/2. Because of (3.67) and Lemma 3.43, there exists a constant
Cas > 0 such that |¢(ty)| > Cys for all N € N. Furthermore, according to (3.68),
we have ty —tp < (N + 1 — k)6 for all |k| < N, and it follows that

N 1 N 1 1 1.1
Yo > Y == Y T > log(2N +2). (3.82)
e N tn — t, P (N+1—k)(5 0 i—1 k )
Combining (3.81) and (3.82) gives
Cas
A% || > =22 log(2N +2).
4% > 2 Tog(2N +2)
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Thus, the Banach—Steinhaus theorem [78, p. 98] implies that there exists a signal
J1 € B such that

N
lim sup max k:Z;N filtr)ow(t)| = oo (3.83)
Since
N N
[ = Y2 hlt)ee®)| =] D Alt)os®)] = [ fillos
k=—N k=—N
the proof is complete. O

3.3.4 Convergence Behavior with Oversampling
Local Convergence Behavior

In Theorem 3.45, where we analyzed the sampling series (3.57) for signals in B5°, we
could only prove the boundedness of the approximation error on compact subsets of
R, but not the convergence of the series. However, if we consider oversampling, i.e.,
signals in BE‘;T, 0 < 8 < 1, then the sampling series (3.57) is uniformly convergent on
all compact subsets of R.

Theorem 3.51. Let ¢ be a function of sine type, whose zeros {ty}rez are all real
and ordered increasingly according to (3.58). Furthermore, let ¢y be defined as in
(3.61) and 0 < B < 1. Then, for all 7 >0 and all f € B, we have

N

F&) = 2 fltr)on(t)

k=—N

=0.

lim max
N—oo te[—7,7]

Proof. Let T > 0 be arbitrary but fixed. We start with the same identity as in the
proof of Theorem 3.45, namely

N
50~ S o) = 5 f, N o) _JC) 4 (3.80)

Pt 2mi

which is valid for all N € N, Y > 0, and t € R with t_y < t < tx. ty is defined
as in (3.70), and the integration path Py (Y") is depicted in Fig. 3.1. Let Ny be the
smallest natural number for which Nod > 7. Since £ > N§ for all N € N, it follows
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that fy, > 7. Furthermore, let Yy = N§. By using the identity (3.84), we obtain

fﬁ%¢§%ﬂmwuwg;“ﬁlé$pig,mfg[ﬂ
t 30 Lo S i T =7
+% tt]jv ﬁiii?ﬁii |33+|qi51(/;)f‘—t| de
A i T

for all N > Np and all t € [—7,7]. Next, we will analyze each integral on the
right-hand side of (3.85) separately for N > Ny and ¢ € [—7,7].

Because of (3.67) and the definition of %y, it follows that the distance between fy
and the nearest zero of ¢ is at least §/2. Hence, according to Lemma 3.43, there
exists a constant Cag > 0 such that |¢(fy +iy)| > Cog elvl, Therefore, for the first
integral we obtain

1 (Y~
),
by using (3.69). Furthermore, we have

Yy e—m(1-8 Y
/ v 2 / RCRACCLTY
vy [ty iy =t 7 T iv =7 Jo

92 1 —e T1-BYNn
< =
Tin—7 w(1-0)
2
(N —7)m(1 = B)

f(t:N + iy)
d(tn +iy)

N e—m(1-8)yl
()] d<nm@wm/y M (3.86)

ltn + iy — ¢ v= 2mCa6(8/2) J-vy |t + iy — |

IN

(3.87)
Combining (3.86) and (3.87) gives

1 (Y~

i)

Similarly, for the second integral, we obtain

1 (Y

3,

Next, we treat the third integral on the right-hand side of (3.85). Since all zeros of ¢
are real and Yy = N§ > 4, it follows from Lemma 3.43 that there exists a constant

f(lfN + iy)
(i +iy)

QI 1/ looll#llo0

T tiy—1 VS @eeNa-na—p O

SN +iy)

6(0) 111010
on +1y) dy <

]f_N—i—iy—t] - 7T2026(Né—7')(1—5)‘
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Co7 > 0 such that |¢(x +1iYy)| > Cor €™ for all z € R. Thus, we obtain

1 / fla+ivn)| oMl oo W lclléllee [ e
2 i_N ¢(£1?+1YN) ’.I‘—I—iYN—t‘ - 27Co7 N |$+iYN—t’

< [ flloolllloo (v — T-N) o m(1-8)Yn
- 27Co7 YN
2 flloollllos —r(1-p)N3
< - . .
< S E e (3.89)

by using Lemma 3.44 and the fact that ty —f_y < (2N + 1) and Yy = N§. For
the fourth integral we obtain the same upper bound

flz —iYN) PO 4, < 2 llolldllo  —ra-pns

1 [in
27r/gN Sz —1Vn) | -y —t] =T 5l (3.90)
Finally, combining the partial results (3.88)—(3.90) with (3.85) yields
N -
9 4 e-m(1-B)NB
t) — t ) < 0o 0o +
|f( ) k;Nf( BEe(t)| < (1 flloll@ll (WQC%(N(S_ A=F) o
(3.91)

for N > Ny and t € [~7,7]. Taking the maximum maxc[_ - and the limit N — oo
on both sides of (3.91) completes the proof. O

The proof of Theorem 3.51 shows the significance of oversampling. In (3.91) we
have an upper bound on the approximation error, which decreases asymptotically
like 1/N. In contrast, in Theorem 3.45, where we treated the situation without
oversampling, we only have the boundedness of the approximation error and no
statement whether the approximation error converges to zero as N goes to infinity.
Even in Theorem 3.47, where we proved the local uniform convergence for the subspace
B C BZ?, we have no such convergence speed. As formulated in Conjecture 3.48,
we conjecture that the convergence in Theorem 3.47 can be arbitrarily slow.

Global Convergence Behavior

The next two theorems treat the global convergence behavior of the sampling series
(3.57) if oversampling is used. For signals in B3, 0 < 8 < 1, the approximation
error is globally uniformly bounded.

Theorem 3.52. Let ¢ be a function of sine type, whose zeros {ty}rez are all real
and ordered increasingly according to (3.58). Furthermore, let ¢y, be defined as in
(3.61) and 0 < B < 1. Then, there exists a constant Cag such that

NeN teR

N
sup max | f(t) — Y f(te)r(t)| < Cosll fll
k=—N

for all f € B, .
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z-plane
Pu,n(Y) iy P

tom—1f_p t-m tN in tN+1

—iY

Figure 3.2: Path Py n(Y) in the complex plane.

For the proof of Theorem 3.52 we need the following lemma.

Lemma 3.53. Let ¢ be a function of sine type, whose zeros {ty}rez are all real
and ordered increasingly according to (3.58), 0 < 8 < 1, and t,, as defined in (3.70).
Then there exist a constant Cag such that for all K € Z\ {0}, Y > 0, t € R with
[t —tx| >0, and f € Bgfr we have

Y
[,
Proof. For all z,y € R, we have |f(z + iy)| < e®™¥|| f|lc according to Lemma 3.44.
Furthermore, since ¢ is a function of sine type it follows from Lemma 3.43 and (3.67)

that there exists a constant Cag such that |¢(fx +iy)| > Cage™¥! for all K € Z\ {0}
and y € R. Therefore, we obtain

L

[k +iy)  o(t)

i +iy) _ 2 fllolléllo
ot +iy) tx +iy — t

- 7T029é(1 — B)

o= (1-B8)ly]

fK—l—iy—t

Sl +iy)  o(t)

2 _ d
S(Fx + 1Y)t +iy — ¢ Y

| fllool| @]l o /Y
dy < L2207
v= Cag -y

Y
< Wleolidlloo (7 (—r1-s1y g,

Ca90 0
< 2l llollello
~ wC90(1 — )’
which completes the proof. ]

Proof of Theorem 3.52. Let 0 < <1 and f € B be arbitrary but fixed. Further-
more, let ,, be defined as in (3.70) and consider, for M, N € N and Y > 0, the path
Pyrn(Y) in the complex plane that is depicted in Fig. 3.2.

For all M, N € N and t € R we have

- _ 1 $(¢) — o(t) £(O)
R S

k=—M
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Note that by the choice of Py n(Y) we have ¢(¢) # 0 for all ¢ € Py n(Y). If
t € (t_nr,tn), we have

1 o(¢) — (1) £(¢) 1 o(t) f(<)
ﬁwm dc = f(t) — 7{ AU T e (3.03)

2mi ¢—t ¢(<) 27” Py n(Y) C —t ¢(C)
and, by combining (3.92) and (3.93), it follows that
o(t) f(C)
Z font) =5 f, PO A (3.9

for all M, N € Nand t € (f_p,ty). If t € R\ [t_ps, In] we have

f(Q)
»7€3M,N( )C_t dc=0,

o(t) f(¢)
Z fa® =559, 50 % (3.95)
for all M, N € Nand t € R\ [t_ps, tn].

Let N € N, N > 2 be arbitrary, but fixed. According to Lemma 3.42 there exist
two positive constants § and § such that (3.67) and (3.68) are fulfilled. Next choose
Yy = N6, N € N. Without loss of generality, we can assume that ¢t > 0, because
negative t are treated analogously to positive. We have to distinguish two cases, first
0 <t<ty,and second t > ty.

For 0 < t < {5 we have

and it follows that

N+1
Z f)ou(t)] < [f(En+1)dn11(2) Z f(tr)or(t)
N+1
< [fllocllén+1lloo + - > fes®)].  (3.96)
k=—N
Furthermore, by using the identity (3.94), we obtain
N+1 YN g .
ftnt1 +1y) ()]
‘ Z Ft)oe() _27r/ P(tn1 +1y) | [Ev41 +iy —¢]
1 vty +iy) [¢(t)]
T or /_y P(t-n +1iy) | [T-n +iy — 1|
L iy f (93 +i¥n) | lo(®)]
+27r_/1tN o(z +1iYN) | |z +1Yn — ¢t dz
e | fz —iYn) | |g(t)]
+ % / N (.%' _ IYN) ’.%' _ iYN — t’ dz. (3.97)




74 3 Discrete-Time and Continuous-Time Signals

Since ty41 —t > and t —t_x > &, we can use Lemma 3.53 to bound the first and
second term on the right-hand side of (3.97) from above. In particular we get

L S ti)| 160)] S loelléllee
2T /—YN ¢(EN+1 + 1y) ’fN—‘,—l + ly . t| d < 7_‘_2029@(1 I ,6) (398)
" WO ) ()] |l fllsoll |
L\ fntiy)| ol Fllosl@los
21 vy |O(t_N +iy) | [N + iy — t| dy < mv (3.99)

where Cyg is some constant, which is independent of N. The third term on the
right-hand side of (3.97) is bounded from above by

1 i faaivy) | oMl v — En) [ llollloe
2 Ji_y |o(x +iYn)| |z +iYy —t] — — 21C19Y N
= N +3)3) floclllloc
o 2rC19N O
< Cs0[|f ool ]l oos (3.100)

because of Lemma 3.46 and (3.68). C3q is a constant, which is independent of N.
Analogously, the fourth term on the right-hand side of (3.97) is bounded above by

fla—iYn)|  [¢(t)]
¢($—1YN) |l’—|—iYN —t|
Combining (3.98), (3.99), (3.100), and (3.101) gives

N+1

F) = > fltr)on(t)
k=N

1 EN+1

dz < Csol| ool 0] co- (3.101)

2 Ji_y

< G| flloc @l oo

which inserted in (3.96) leads to

< o (len+1lloo + Carll@lloo) (3.102)

N
FA) = > flte)on(t)
—

if 0 < ¢t < ty. The constant C3; depends on 3. Since we assumed 3 to be fixed
throughout the proof we suppress this dependence.
Next, we treat the case t > . We have

N N-1
FO) = D Ft)or®)] < I flloo(t+ onlloo) +| D fltr)or(t)|.  (3.103)
k=N k=N

Using (3.95) and Lemma 3.53, the sum on the right-hand side of (3.103) can be
bounded from above, similarly to the previous case, by

N-1
> Fte)or(t)] < Csall flloolldlloos
k=—N
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where the constant Cs9 is independent of N. The dependence of C3o on S is
suppressed, because we assumed [ to be fixed throughout the proof. Moreover, by
(3.103), we finally obtain

N
‘f(t) = > ft)or®)] < [flo(+ lonlloc + Ca2lldll0)- (3.104)

k=—N

if t > t~N.
From (3.102) and (3.104) we see that

< O3 flloo
j—

N
‘f(t)— > f(te)dr(t)

for all ¢ > 0, with some constant C33 that is independent of ¢ and IN. Since N > 2
was arbitrary and the same upper bound holds for negative ¢, it follows that

sup max

NeN teR < O oo (3.105)

O]

Next, we can use Theorem 3.52 to derive the uniform convergence of the sampling
series (3.57) for signals in B, o, 0 < 8 < 1.

N
FO) = > fltr)ont)
[yt

Theorem 3.54. Let ¢ be a function of sine type, whose zeros {ty}rez are all real
and ordered increasingly according to (3.58). Furthermore, let ¢ be defined as in
(3.61) and 0 < B < 1. Then, for all f € B35 0s we have

lim max =0.

N—oo teR

N
F) = D2 fltr)on(t)
R

Proof. From Theorem 3.52 we know that there exists a constant Cog such that

N
f) = > Flte)dr()| < Cosllflloo
k=N

for all N € N and all ¢ € R. Finally, the uniform convergence of the sampling
series (3.57) for 731/\/%7r and the fact that PW?%_ is dense in Bg; o together imply the
assertion. U

Since PW};W C B3, ¢, 0 < B <1, the previous theorem also implies the global
uniform convergence of the sampling series (3.57) for signals in PW};W, 1<p<1.
Remark 3.55. For the proof it was important to find the upper bound (3.105). A
closer look at the proof of Theorem 3.52 reveals that oversampling, i.e., 5 < 1, is

essential for the approach that was used to obtain (3.105). The same approach
cannot be used for f — 1 because the right-hand sides of (3.98) and (3.99) diverge.
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3.3.5 Discrete-Time Signals, Continuous-Time Signals, and Two
Interesting Open Questions

At the beginning of Chapter 3 we have discussed the correspondence between the
space B° of bounded bandlimited continuous-time signals and the space {*° of
bounded discrete-time signals. We argued that a correspondence in the following
sense would be desirable:

i) Every continuous-time signal f € B2° leads to a bounded discrete-time signal
x = {f(tg) trez € 1> if it is sampled at the sampling points {tx }rez, and

ii) for every discrete-time signal © = {zy }rez € [*° there exists a continuous-time
signal f € BS° such that f(tx) = xy, for all k € Z.

However, ii) is not true in general. For equidistant sampling at Nyquist rate, a simple
bounded discrete-time signal & = {Zy }rez € [°° was given in Theorem 3.2, for which
there exists no signal f € BS° such that f(k) = &y for all k € Z. A valid question is
whether the situation improves if non-equidistant sampling patterns are used.

For convenience, we denote by S the set of all sampling patterns {tx}rez C R that
are made of the zeros of sine-type functions.

Using Theorem 3.45, it follows immediately that the situation does not improve if
we consider non-equidistant sampling patterns from S. To see this, let ¢ € (tg, 1)
and choose the sequence {7} }rez = {sgn(¢x(t))}kez, where sgn denotes the signum
function. We suppose there exists a signal f* € B3° such that f*(t) = « for all
k € Z and construct a contradiction. According to Theorem 3.45 there exists a
constant Chg such that

N
Yo [t)ont)| < Cisll f*llo (3.106)
k=N

for all N € N. On the other hand, for N € N, we have

N

N N
Mo Ftee) = D wrer(t) = > low(t)]
k=N k=N k=N
EOISN!
T 9l Sy It —

o) <~ 1 EOIESY

> > = -
2 ol 2= T o = xloll = F
(1))
> 12U jog (v + 1),
5rl9lloo

which is a contradiction to (3.106). This shows that the correspondence, which was
discussed above, does not exist, regardless what sampling pattern is chosen from S.
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First Open Question We have seen that ii) is not true in general. Next, we ask
whether at least a less stringent version of ii) is true. Does there exist a constant
(34 such that

[ flloo < C3asup|f(te)] (3.107)
keZ

for all f € B2%? A relation like inequality (3.107) would be extremely helpful in
all applications where the peak value of the continuous-time signal || f||oo has to be
estimated from the peak value of the the samples supycyz|f (tx)|-

A potential application where the estimation of the peak value is relevant are
sensor networks that monitor the temperature in some area. It has to be ensured
that the peak temperature in the whole area is below some critical temperature
Y. If (3.107) was true we could conclude that the peak value of the temperature is
below . if supyez|f(tr)| < Uc/Caa, i.e., if the peak value of the samples is less than
Ve /Ciag.

As explained before, OFDM transmission systems are another example where we
are interested in the peak value of the continuous-time signal.

Note the simplicity of the peak value estimation via (3.107). We do not have to
reconstruct the continuous-time signal according to some complicated reconstruction
process involving reconstruction functions that are difficult to compute in order to
obtain the peak value of the continuous-time signal.

Unfortunately, not even the weakened version of ii) as formulated above is true.
Using the results from Theorem 3.50, we can easily construct a contradiction, which
shows that (3.107) cannot be true. Let Aﬁ, be defined as in (3.80) and assume that
(3.107) is true for all f € BY. From (3.83) in the proof of Theorem 3.50 we know
that there exists a signal f1 € B, such that

lim sup|| A% f1|oe = 0. (3.108)
N—oo

Since Aﬁ,fl € By, we have

IA% filloo < Caasup|(AX f1)(t)| < Caasuplfi(te)] < Csall filloo
keZ keZ

for all N € N, according to the assumption and the fact that \(Aﬁ,fl)(tk)\ < |f1(tr)l,
N € N. However, this is a contradiction to (3.108).

As we have seen in Theorems 3.51 and 3.54, oversampling can help improve the
convergence behavior of sampling series. So it is natural to ask whether the inequality
(3.107) is true if oversampling is used.

Question 3.56. Let 0 < § < 1 and {tp}lrez € S. Does there exist a constant
Cs5 = Cs5(8) such that

[ flloo < C35sup|f(ty)] (3.109)
keZ

for all f € BF #
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Of course, the peak value of f can be determined with arbitrarily high precision
from the samples {f(tx)}rez because for 0 < 8 < 1 we know from Theorem 3.54
that imy 0|l f — Aﬁ,f“oo =0 for all f € B, . Nevertheless, since this procedure

requires the computation of the reconstruction A% f, it would be favorable to have
the relation (3.109).

For the special case of equidistant sampling it has been shown in [77] that (3.109)
is true. Moreover, the implication of this result on the PAPR problem of OFDM
systems has been analyzed in [97].

Example 3.57. Let 0 < § < 1 and ty = k, k € Z. Then we have

1
[ flloo < C(B(B;)ilellz)’f(k)’

for all f € Bg .

However, we do not know whether the relation (3.109) does also hold for arbitrary
sampling patterns {tx}rez € S.

Second Open Question A further interesting open question concerns the stability
of the sampling patterns with respect to jitter in the sampling points. Assume that
{tx}rez is a given sampling pattern that is made of the zeros of some sine-type
function and consider the new sampling pattern {t;}rcz which is generated by
changing the location of each sampling point f; by some small amount e, the
absolute value of which is bounded above by some constant §. That is, consider
i =ty + €, where |e;| < 6 for all k € Z. The question is whether, for small enough
d, the assertion of Theorem 3.47 is still true for this disturbed sampling pattern.
More precisely:

Question 3.58. Let {ty}rez € S. Does there exist a § > 0 such that, given any
sampling point sequence {t} }rez with |t} —ty| < § for all k € Z, we have

N
lim max [f()— > f)6i®)] =0
] k=—N

N—oote[—7,7

for all 7 >0 and all f € BZ,, where the ¢y are constructed according to (3.61) and
(3.60), using the disturbed sapling points {t} }rez.

Remark 3.59. For the sampling pattern ¢, = k, k € Z, and § < 1/4 we have
|ty — k| < 6, and, according to Kadec’s 1/4-theorem [93, p. 36|, {t;}rez is a
complete interpolating sequence for 73)/\/727. Thus, for this specific sampling pattern
the property of {tx}rez being a complete interpolating sequence is preserved under
slight jitter of the sampling points. Certainly, this does not answer the question
whether {t;}rez € S implies {t} }rez € S.
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3.3.6 Construction of Sine-Type Functions and Sampling Patterns

In this section we present a method to construct sine-type functions and hence
possible sampling patterns.

Consider for an arbitrary function g € 731/\/71r that is real on the real axis, with
lg[lpy1 <1, the function

¢q(t) = g(t) — cos(nt). (3.110)

Functions of this kind were analyzed for example in [98], [99] and [100]. The next
theorem shows that the function ¢, is a function of sine type.

Theorem 3.60. Let g € 73)/\/71T be a function that is real on the real axis. Then
¢g(t) = g(t) — cos(mt) is a function of sine type.

Proof. The zeros {ty}rez of ¢4 are all real and simple, because we assumed that
g is real-valued and [|glloc < [lglpyr < 1 [101]. Moreover, we have dy(t) =
msin(nt) + ¢'(t) and consequently, for 0 < e < 1/2 and k € Z,

\gzﬁiq(k +€)| > mcos(me) — |g'(k + €)| > 7 cos(me) — 7| 9| oo-
Now, we choose €; > 0 such that 7 cos(me1) — 7| f||ooc > 0. Hence we have

ma '(t)] >0
te[k—el,)li—l-&ﬂ‘(b( )‘

for all k € Z. This shows that ¢ is either strictly increasing or strictly decreasing in
[k — €1,k + €1], and therefore has at most one zero in this interval. Furthermore, by
the Riemann—Lebesgue lemma, we have lim;_,o f(t) = 0. It follows that there exists
a Ty such that for all k with [t;x| > Tp there exists a ny € Z such that |t — ng| < €.
But, we know already that there is at most one zero in every interval [ny — €1, ng +€1],
k € Z. This implies that ngi 1 — ng > 1 for all k with |tx| > Tp. It follows that
eyl — Tk = Npy1 — €1 — (nk + 61) > 1 — 2¢; for all k with ‘tk’ > Ty. Since ¢g has
only finitely many zeros in [—Tp, Tp], we have infrez|tp1 — tx| > 0, i.e., the zeros
{tx }kez are separated. Thus, item i) of Definition 3.39 is fulfilled.
Further, ¢, has the representation

1 T iw 1 T iw
65) = 5 [ )t dw— o [ e dpi(w)
1
=5 - et dps(w)

as a Lebesgue—Stieltjes integral with



80 3 Discrete-Time and Continuous-Time Signals

Figure 3.3: Construction of possible sine-type sampling patterns. ¢, is a sine-type
function and the black dots mark the positions of a possible sampling
pattern.

and po(w) = —p1(w) + (1/(2m)) [¥ G(w1) dw;. The total variation Vi, [—m, 7] of po
satisfies

1 /.
Vial=m,7] < V=, + 5 [ 19(w1)] den

™ J—7
<1+ llgllpwr

< 00,

which shows that ug is of bounded variation on [—m, 7]. Moreover, po has jump
discontinuities at each of the endpoints of the interval. Thus, it follows from [93, p.
143] that ¢, also satisfies item ii) of Definition 3.39, and hence is a sine-type
function. O

Thus, by equation (3.110) we have a method to construct arbitrarily many functions
of sine type ¢4 and hence arbitrarily many sampling patterns {¢j}rcz for which the
theorems in Sections 3.3.3 and 3.3.4 are valid. The sampling points {tx}rez are
nothing else than the crossings of some bandlimited function g € PWL that is real
on the real axis and satisfies [|g[|pyy1 < 1, with the cosine function.

Example 3.61. In Fig. 3.3 the construction of a sine-type function and a sampling
pattern is illustrated. For the example we have chosen the function

gsin (%mﬁ — 1)

g(t) = 2
10 o7t —1



System Representations

In signal processing applications a main goal is to process signals. A widely used
method to perform such a processing is to use filters, i.e., linear time-invariant (LTT)
Systems.

In general, a system T takes a signal f from some input space and produces an
output signal T f in some output space. If the input and the output space consist
of analog signals—as it is the case in analog signal processing—we have to use an
“analog” system T* that maps analog signals in analog signals. This analog signal
processing is depicted in the upper half of Fig. 4.1.

The first question that we treat concerns the representation of stable LTI systems. A
common representation of stable LTI systems on PW?2 is the time domain convolution
representation where the system output signal is given by the convolution of the
system input signal with the impulse response of the system. However, this is not the
only possible representation. The problem of finding representations of stable LTI
systems has been studied for a long time, and several results for spaces of bandlimited
signals, which are larger than the space of bandlimited, finite energy signals, have
been presented [21,47,102-104]. In [21] Habib derived a convolution integral and
a series representation for systems operating on bandlimited signals in the Zakai
space [47,105]. In this chapter we analyze different system representations for the
spaces PWL and BP, 1 < p < <.

The second question that we treat is whether “analog” systems can be implemented
digitally. That is, given a stable “analog” system T, can we implement this system
by a “digital” system TP that uses only the quantized samples of the signal. The
operation of the “digital” system is illustrated in the lower half of Fig. 4.1. In this
chapter we treat the simplified version of this question where the quantization is not
present. Quantization effects in the context of systems, i.e., the full problem, will be
analyzed in Section 6.3.
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Input signal space Output signal space
(analog) (analog)

“Analog” system

/ N
| B

Sampling, Y ?
Quantization

1

1

\/
{mk}kez —

“Digital” system

Discrete-time signal space
(digital)

Figure 4.1: Analog versus digital signal processing.

4.1 Definitions and Notation

Before we continue the discussion, we briefly review some definitions and facts about
stable LTT systems. A linear system T : A — B, mapping signals from the input signal
space A to the output signal space B is called stable if the operator T is bounded,
Le., if |T|| = supjfy,<1lTfllg < oco. Furthermore, it is called time-invariant if
(Tf(- —a))(t)=(Tf)(t—a) for all f e Aandt,a€eR.

Remark 4.1. Note that our definition of stability is with respect to the norms
of the spaces A and B, and thus is different from the concept of bounded-input
bounded-output (BIBO) stability in general.

One important class of systems is the set of all stable LTI systems T : PWL —
PW. that map PW. into PWL. Important LTI systems like the Hilbert transform
and the ideal low-pass filter belong to this class. For every stable LTI system
T : PWL — PW! there exists exactly one function hy € L[—m, 7] such that

TN =5 [ Fehr(w) e do (4.1

for all f € PWL. The operator norm of T is given by |T|| = ||Ar|ls and the impulse
response hr by hr = T sinc, where sinc(t) = sin(nt)/(nt) for ¢ # 0 and sinc(t) = 1
for t = 0. Conversely, every function hr € L>°[—7, ] defines a stable LTI system
T : PWL — PWL. Thus, the space of all stable LTI systems defined on PW?. is
isometrically isomorphic to L>*[—m, x].

Furthermore, it can be shown that the representation (4.1) with a unique function
hp € L®[—m, 7] is also valid for all stable LTT systems T : PW2 — PW?2 and that



4.1 Definitions and Notation 83

all hp € L®[—m, 7] define a stable LTT system T : PW2 — PW?2. Consequently, we
do not have to distinguish between stable LTI systems that map PW. into PW2
and stable LTI systems that map PW?2 into PW?2, because both can be identified
with i € L®[—, 7). Therefore, every stable LTI system that maps PWL in PWL
maps PW2 in PW2 and vice versa.

Note that hy € L®[—m,n] C L?[—7,7] and consequently hy € PW?2. We always
assume that 7T is non-trivial, i.e., we assume that 7T is not the operator that maps
all input signals to the zero function.

Before we continue, we introduce the Hilbert transform and the ideal low-pass
filter, which will be needed subsequently and which serve as illustrative examples of
two stable LTI systems. Both systems are important in theoretical analyses [106,107].
Although it is not possible to realize them exactly in practice, they can be seen
as the limit case of realizable systems. The Hilbert transform H f of a signal f is
defined by .

(HNO =5 [ (isgn) f@) e do,

:ﬁ_oo

where sgn denotes the signum function. It is well known that the Hilbert transform
H is a translation invariant, linear, and bounded operator that maps PWE into
PWE 1 < p < oo, and that |[H| = SUp| f| . n<1 IHfllpye =1 for 1 < p < oo.
This implies that H is a stable LTI system. "

The Hilbert transform has many applications [106-108]. For example, in commu-
nication theory the Hilbert transform is used to define the analytical signal

fr=f+iHf.

One of the key properties of the analytical signal is the fact that its Fourier transform
fu is zero for negative frequencies. For f € PW? the analytical signal f, is well
defined, and we have

1f+llpwe < L fllpwe + IH fllpwz =20 fllppz-

The ideal low-pass filter Ly, : PW2 — PWig with bandwidth 0 < wy < 7 is
defined by

A

/wg flw)e“! dw.

—wg

Obviously, Ly, : PW2 — PWig is, like the Hilbert transform, a stable LTI system
with || L, || = supypy o <illLwg fllpyz = 1.

1
o

(Luoy (1) -

Remark 4.2. The mathematical theory of multipliers is closely related to the problems
analyzed in this chapter. The theory of multipliers studies integrals of the form (4.1)
or, more generally, linear operators that are defined in the frequency domain by a
multiplication of the Fourier transform of the signal with some other function. For
more information about multipliers we would like to refer the reader to [109].
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4.2 Possible Representations

Mathematically, a system is an operator, i.e., a rule by which an input signal is
transformed into an output signal. This operator can have different representations.
For example, one possible representation for stable LTI systems operating on signals
in PW?2 is the frequency domain representation (4.1).

In addition to the frequency domain representation, there are other representations
for stable LTI systems operating on signals in PW?2. One is the following time
domain representation in the form of a convolution integral. For every stable LTI
system T : PW2 — PW?2 we have

o0 o

£t = ) hp(r) dr = / FOhr(t — ) dr (4.2)

—00

e = |

—0Q0
for all f € PW2, where hy = T'sinc € PW?2. Another representation is the discrete
counterpart of (4.2), the convolution sum

THO = S Fkhr(t— k). (43)

k=—o00

The representation (4.3) has the advantage that it uses only the samples {f(k)}xez
of the input signal f to compute the system output T'f. We therefore call it
sampling-type representation.

However, for stable LTI systems operating on other signal spaces, a convolution
integral representation like (4.2) and a convolution sum representation like (4.3) do
not necessarily exist, because of convergence problems of the integrals and the sum.

In the next sections we will analyze the convergence behavior of (4.2) and (4.3) for
larger signal spaces than PW?2. In Section 4.3 we analyze (4.2) and (4.3) for signals
in PWL. Tt will turn out that a time domain representation in the form of (4.2) or
(4.3) is not always possible for PW}F, even in a distributional setting. Further, in
Section 4.4 we will show that the convolution sum (4.3) is a valid representation for
all stable LTI systems on B2, 1 < p < o0.

4.3 Convolution-Type System Representations for

PWL

Many engineering books [110,111] give the impression that any LTI system 7' can
be represented as a convolution integral in the form

TH® = [ f@he(e=7)dr, (4.4

where hp is the impulse response of the system and f is the input signal. Of course
this is true for example for stable LTI systems operating on bandlimited signals with
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finite energy. However, it is not necessarily true for stable LTI systems acting on
other signal spaces. In [104] it has been shown that the integral in (4.4) is generally
not convergent for signals from the Paley-Wiener space PWL.

Although the integral in (4.4) does not necessarily exist in the classical sense
for PW}T, it might be possible that it can still be meaningfully interpreted in a
distributional sense. Indeed, distributions can provide a way out of many convergence
problems that are present in the classical non-distributional setting. One example is
given by the convergence of Fourier series: It is well known that there are signals in
L[—m, 7] whose Fourier series diverge almost everywhere. In a distributional sense
however, the Fourier series converges for all signals in L![—, 7]. This example shows
that there are situation where a distributional interpretation can resolve convergence
problems. Unfortunately, many engineering textbooks about LTI systems do not
treat distributions in a rigorous mathematical manner. Often heuristic arguments
prevail.

Another problem which has gained a lot of attention concerns the existence of
the impulse response for stable LTI systems operating on general, not necessarily
bandlimited, spaces, and the question whether the impulse response gives a complete
description of the system [112-115]. In [112] it was shown that the class of stable
(with respect to the L*>-norm) LTT systems that map bounded uniformly continuous
signals into bounded uniformly continuous signals contains systems whose impulse
response is the zero function, but which take certain inputs into nonzero outputs.
Consequently, there exist two different stable LTI systems that have the same impulse
response. [113] treats systems operating on bounded signals and finds a necessary
and sufficient under which a systems has the representation (4.4).

The fact that the impulse response hr may not exist is one reason why a rep-
resentation of the form (4.4) can be problematic. In [114,115] LTI systems were
studied in a distributional way. The authors proved that in a distributional setting
and under certain assumptions, it is possible to define in a certain sense an impulse
response for every stable LTI system. One assumption that was made in order
to obtain their results was that the space of input signals contains the space of
test functions D. Since functions in D are compactly supported, they cannot be
bandlimited. Therefore, the results are not applicable for systems operating on
spaces of bandlimited signals.

Fortunately, we do not have to face these problems here: Since we consider
bandlimited input signals, the impulse response is always a well-defined bandlimited
function, which uniquely determines the system. However, although the impulse
response exists, it will turn out that stable LTI systems can generally not be
represented in the form (4.4) because the integral diverges. In contrast to the common
perception, this divergence cannot be circumvented by considering a distributional
setting.

In this section we analyze the distributional convergence behavior of the two
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convolution integrals

N
(ARNW® = [ fhr(t =7 dr (15)
and N
(BENW = [ f(t=)he(r) dr. (4.6
and the convolution sum
N
(SNA@) ==Y f(k)hr(t — k) (4.7)
k=—N

for signals f in the Paley-Wiener space PWL. and stable LTI systems T : PW. —
PW}T. We show that the perception that any stable LTI system acting on bandlim-
ited signals can—at least in a distributional setting—be represented as a convolution
integral is problematic and not justified in general. Moreover, we completely char-
acterize all stable LTI systems for which the approximation processes (4.5), (4.6),
and (4.7) converge to T'f for all f € PWL as N tends to infinity, and compare the
distributional convergence behavior and the classical convergence behavior.

For practical applications we need the convergence of an approximation process for
all signals from the signal space because generally it is not known in advance which
signal from the signal space occurs in the application at hand. This is the reason
why we want to characterize the stable LTI systems 1" for which the approximation
processes (4.5), (4.6), and (4.7) converge for all f € PWL.

4.3.1 Distributions and Convergence

In order to be able to state our key results, we additionally need the concept of
distributions. Distributions are continuous linear functionals on some space of test
functions. In this thesis we deal with two different test functions spaces. The first
one is the space D of all functions ¢ : R — C that have continuous derivatives of
all orders and are zero outside some finite interval. D’ denotes the dual space of
D, i.e., the space of all distributions that can be defined on D. The other space of
test functions that we use in this thesis is the Schwartz space S of all continuous
functions ¢ : R — C that have continuous derivatives of all orders and fulfill

supltp) (1) < oo

teR
for all a,b € Ny = NU{0}. &' denotes the dual space of S. From the definition of
the spaces D and S, it follows immediately that D is a proper subspace of S, and
that 8’ is a proper subspace of D’. Furthermore, we have ||¢||oo < 0o and ||p]|1 < oo
for all o € S, and consequently for all ¢ € D. The Fourier transform maps the space
S onto itself. These properties of ¢ will be used extensively in the proofs.
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For a locally integrable functions g we can define the linear functional

o [ gtten ar (45)

on the space D. It can be proved that this functional is continuous and thus defines
a distribution [116]. If g further fulfills

[ la@la + 1 de < oo

—00

for some m > 0 then (4.8) also defines a continuous linear functional on S. Distribu-
tions of the type (4.8) are called regular distributions.

A sequence of distributions { fx } ren in D’ is said to converge in D’ if for every ¢ € D
the sequence of numbers { frp}ren converges. Similarly, a sequence of distributions
{fx}ren in &' is said to converge in &' if for every ¢ € S the sequence of numbers
{fr¢}ren converges. Thus, a sequence of regular distributions, which is induced by
a sequence of functions {gx }ren according to (4.8), converges in S’ if for every ¢ € S
the sequence of numbers { /% gx(t)p(t) dt}ren converges.

Convergence in 8§’ and convergence in D’ are connected in the following way.

Observation 4.3. If {fx}rez s a sequence in 8’ it is also a sequence in D', and,
since D C S, convergence in S’ implies convergence in D’.

For further details about distributions, and for a definition of convergence in the
test spaces, we would like to refer the reader to [116].

4.3.2 Convolution Integral

In this section we analyze the convergence behavior of the two convolution integrals
(4.5) and (4.6) for stable LTI systems 7. Note that, for all N € N, AL f and BL f
are bounded and continuous functions and therefore can be identified with a regular
distribution according to (4.8).

The theory for stable LTI systems operating on bandlimited signals with finite
energy is simple. It is well known that every stable LTI system T : PW?2 — PW?2
has the representation

T = [ tt=he(ryar= [~ fohet =) ar

with hr = T'sinc € PW,ZT. That is, the system output is the convolution of the
system input with the impulse response hp of the system 7.
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Example 4.4. For the ideal low-pass filter Ly, with bandwidth 0 < w, < 7 and the
Hilbert transform H we have the impulse responses

Bty (1) = (L sinc) (1) = 2000
and sin? (Z¢)
hy(t) = (H sinc)(t) = 17;
2

However, the situation for signals f € PWY. is more difficult. In [104] it has been
shown that the convolution integrals (4.5) and (4.6) have a significantly different
convergence behavior. For example, it has been shown for the Hilbert transform that
(4.6) is globally uniformly convergent for all f € PWL., but that there are signals
in PW. for which the peak value of (4.5) diverges. Further, the class of systems
for which (4.5) and (4.6) converge pointwise has been completely characterized. It
turned out that there are stable LTI systems for which the integrals (4.5) and (4.6)
diverge pointwise. More precisely, for every ¢ € R there is a stable LTI systems T
such that (4.5) diverges for some signal f € PWL as N tends to infinity. The same
is true for the convolution integral (4.6).

Although the convolution integrals are not necessarily convergent in the classical
(pointwise) sense, it may be possible that (4.5) and (4.6), interpreted as a sequence of
regular distributions, converge in the distributional sense for all stable LTI systems
T and all f € PWTIF. If this were true the common conception that every stable LTI
system has a time domain representation in the form of a convolution integral would
have a rigorous theoretical foundation for the space PW}” at least in a distributional
sense.

In this section we analyze this question and show that there are stable LTI systems
and signals in PWL for which (4.5) and (4.6) diverge even in the distributional sense.
Furthermore, we completely characterize all stable LTI systems for which we have
convergence in the distributional sense by giving a necessary and sufficient condition
for convergence. By characterizing the distributional convergence behavior we extend
the results from [104].

Convergence Behavior of the Convolution Integral I

We start our analysis with the convergence behavior of the convolution integral (4.5).
For notational convenience, we introduce the abbreviation

Aot = [~ (ARDOL) .

In the following theorem we completely characterize the stable LTI systems for
which (A% f)(t) converges in the classical (pointwise) sense to (T'f)(t) for all f € PWL.
Moreover, we characterize the stable LTT systems for which A% f converges in the
distributional sense to T'f for all f € PW..
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Theorem 4.5. Let T : PWL — PWL. be a stable LTI system.

i) For allt € R and all f € PWL we have

lim [(Tf)(t) — (A f)(®)] =0

N—o0

if and only if there exists a constant C; < co such that

1 / (o SN @ =) g o (4.9)

TJ_r w—wi

max
we[—m,m]

for all N € N. In addition, if (4.9) is not fulfilled, then for every t € R there
exists a signal fi € PWL such that

lim sup| (A% f1)(t)| = oo. (4.10)
N—oo
it) Moreover, we have
Jim 4% 7 [T @pe d =o (4.11)

for all f € PWL and all ¢ € S if and only if for all ¢ € S there exists a
constant Cy = Ca(p) < 0o such that

sin(V(w — wy))
w — W1

max
we[—m,7]

1 )

. / o (w1) @ (—w1) dwl‘ <Olp)  (412)
for all N € N. In addition, if (4.12) is not fulfilled for some ¢ € S, then there
exists a signal f1 € PW}r such that

lim sup|A%#,f1| = 00. (4.13)

N—oo

Remark 4.6. Since (4.9) does not depend on t, we have the special situation that the
convergence of (A% f)(t) for some t € R and all f € PW. implies the convergence of
(AL f)(t) for all t € R and all f € PWL. Due to this special behavior we are able to
derive the interesting result in Theorem 4.16 that pointwise convergence for some
teRandall f € PW}r is equivalent to distributional convergence for all f € PWTIF.
Moreover, we will see in Section 4.3.3 that the convolution sum does not possess this
behavior.

In addition to the pointwise convergence behavior, Theorem 4.5 characterizes the
convergence of AL f in S&’. AL f converges to Tf in &' for all f € PW. if and only
if for all ¢ € S there exists a constant Ca(p) such that (4.12) is fulfilled for all
N € N. Moreover, if (4.12) is not fulfilled for some ¢ € S then we have distributional
divergence of AL f for some f; € PWL in the sense of (4.13).
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Remark 4.7. Note that [*_(T'f)(t)¢(t) dt is always some finite number because
Tf € PW. is bounded. For this reason (4.13) implies that
A hi= [ @R)wee df = o

lim sup
N—oo

For the proof of Theorem 4.5 we need Lemma 4.8, Lemma 4.9, and Lemma 4.11,
which in turn is based on Lemma 4.10. The proofs of Lemmas 4.8 and 4.9 are given
in Appendices A.3 and A 4.

Lemma 4.8. Let T : PWL — PWL be a stable LTI system, t € R, and N € N.
Then we have

sup|(ARS)(0)] = max

1/l pyy1 <1 we[=m.]

t+N ,
/ hp(r)e 7T dr|.
t—N

Lemma 4.9. Let T be a stable LTI system, f € PWL with [fllpws <1, ¢t €R, and
N € N. Then we have

ARN@I < T2 (7 + 2 + 2 log@N ~ 1))

Lemma 4.10. For the operator U : PWL — C defined by

1

Uf =5 | F@)Kw) do,

where K € L*®[—m, 7|, we have

sup |Uf’ = HKHLOO[*ﬂ',ﬂ'}‘

Proof. Lemma 4.10 is a direct consequence of Lemma 17 in [9]. O

Lemma 4.11. Let T : 731/\/71r — 73)/\/71r be a stable LTI system, ¢ € S, and N € N.
Then we have

/ hT (w1)$ )sin(N(w —w1)) oy

sup |A% ofl= max
W — w1

£ llpyy1 <1 [l I

Proof. Let ¢ € S, N € N, and the stable LTI systems T be arbitrary but fixed. For
f € PWL we have

AL s =" [ 5 7ot ar di

= / /N 277/ f(w)e“T hp(t — 7)p(t) dw dr dt

2ﬂ_/ / / hr(t —7)p(t) dt dr dw,
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where the order of the integrals was interchanged according to Fubini’s theorem,
which is applicable because

/_o:o /_N : /_::’f(w) e“T hy(t — 1)p(t)] dw dr dt

=
co 1 T
<oNlhrloe [ 5o [ 1F@)e(0)] dw dt
< 2N Flpwa Il < ox. (114)

Moreover, since hy € L%(R) and ¢ € L?(R), we obtain

00 1 ™ .
/ Pt = T)elt) dt = o / hrp(wn)@(—wr) e 17 dun

by applying the generalized Parseval equality. Thus, it follows that

™, 1 [m . sin(N(w — w1))
Afof = 5= / - / h - dw; d
N,<pf or ). f(W)7T . T(Wl)sO( wl) W — w0 w1 dw,
and the assertion is a direct consequence of Lemma 4.10 O

Now we are in the position to prove Theorem 4.5.

Remark 4.12. Part i) of Theorem 4.5 was proved in [104] by abstractly showing
the existence of the signal f; using the Banach—Steinhaus theorem. In this thesis
we give an alternative proof, in which the divergence-creating signal f; is explicitly
constructed.

Proof of Theorem 4.5. The proof is divided into two parts. In the first part we prove
the “«<” direction of the first “if and only if” statement, and (4.10), which implies
the “=" direction of the first “if and only if” statement. In the second part we prove
the “«<=” direction of the “if and only if” statement, and second, the “=" direction
as well as (4.13).

First part, “«<” direction: Let T be a stable L'TT system and ¢ € R be arbitrary
but fixed. Now suppose (4.9) is true. Since

t+N
/ e T hp(r)dr
t—N

N t+N t—-N
= / e T hp(r)dr + / e T hyp(r)dr — / e T hp(r)dr
-N N -N

IN

N .
/ e n(r) dr| + 20¢] - ||

-N

N . 1 N .
:/gw%/mmwmmm+%wm

—-N

_ l/ﬂ (o) R (@ = 1)) dwl‘ Lot |17, (4.15)

T J_x w—wi
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equation (4.9) implies that

N
/ e T hp(r)dr
t—N

max < Oy + 20t ||T]| =: Cs(2). (4.16)

w€[—m,7]

Furthermore, let f € PWL and ¢ > 0 be arbitrary. Since PW?2 is dense in PWL,
there exists a signal f. € PW2 with || f — fellpy1 < €. Thus, according to (4.16) we
obtain

|(AT (f fe ‘ - ‘/ fe( ))hT(t_T) dr

1 / ()~ Feeny e [ hr(r)e = ar

om _N

N
/ e T hp(r)dr
t—N

< ||f—fe||7>wl max
T we[—m,7]

< eC3(t)

for all N € N. Moreover, we have

(@h)#) = (AR @)

- ‘(Tf)(t) — (Tf)®) + (TF)(E) = (ARSI + (AR (f = D))
<NTNIF = fellpws, + [(TF)®) = (AR £ @)] + Cs (). (417)

Since fe, hp € 771/\/3r we obtain for fixed t € R and all N € N

N
| M@llhr (=) dr < [ felllbrl < oo,

i.e. the function f(7)hp(t—7) is absolutely integrable with respect to 7. Furthermore,
application of Parseval’s equation gives

| s - / f(w)hr(w) et dw = (T£.)(0).
where the last equality is due to (4.1). Thus, there exists a Ny = Ny(€,t) such that
(Tf(t) = (AR F(#)] = ‘(Tfe / Je(P)hr(t — ) dr| < e

for all N > Ny(e,t). Consequently, using (4.17), we obtain

(@) (#) = (ARH®)] < (IT]| + C3(2) + 1)e
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for all N > Ny(e, t), which completes the proof of the “«<” direction of the first part.
First part, “=” direction: Let T be a stable LTI system and ¢ € R be arbi-
trary but fixed. We prove this direction by proving (4.10), i.e., by showing that

lim sup y_, o6 ‘(A%fl)(t)‘ = oo for some signal f; € PW?. follows from

™ sin(N(w — wy))

1 N
limsup max |[— hr(w1) dwi| = o0. (4.18)
N—ooo wWE[-mm |T J—x w — wq
Since
t+N | 1 /7 . in(N _
[ e b dr| 2 |2 [ o TEE =) g0 oy,
t—N ™ —T w — w1

by the same considerations as in (4.15), equation (4.18) implies that

limsup max
N—oo wE[—m,m]

= Q.

t+N
/ e T hyp(r)dr
t—N

Thus, there exists a strictly increasing sequence { My} yen of natural numbers such

that
t+ My .
/ e T hp(r)dr
t—Mpn

C(N) := max

we€[—m,m]

tends monotonically to infinity, i.e., we have limy_o C(N) = oco. Furthermore,
since 77)/\/3r is dense in PW}F, there is, according to Lemma 4.8, for every N € N a
function fy € PW2 with || fx|py = 1 such that

(AT ) (0] 2 CV) — 1. (4.19)

Moreover, since fy € PW?2, there exists for every € > 0 a natural number Ky =
Ky(e, N) such that for all K > K we have

(AR FN) (@) = (Tfn)(®)| < e
Next, we consider a sequence { Ny }ren of natural numbers that satisfies

C(Npy1) > 20(Ny), (4.20)

S

C(Ngy1) >

o 15log(2MNk), (4.21)

and for 1 <[ <k-1

(AT, Fi)(®) = (Thr) ()] < 1. (4.22)
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A direct consequence of (4.20) is the inequality

L S S S (4.23)

> 1
k; VC(N) : VC(N) kzzo 2k/2 — \JO(N) V2 -1

Furthermore, we define the signal f; by

- £ et
and since

1full e <Z\/—||kaII7>w = \/7\/%/?1

where we used (4.23) in the last inequality, we have f; € PWL. For r € N arbitrary,
we obtain

L (AT I (A )0 & (AT (@)
‘(AMNfl ‘ 2 MC + AjiN k;ﬂ A;iN
et v 3@ >t! (U 100 ka)() | G w0
- VA o VT G VO |

(4.24)

Next, the individual terms on right-hand side of (4.24) are analyzed. For the first
term we have

A, 1)) o) -1
VE) T VO

because of (4.19). The second term is bounded above by

1 (AT, )(8)

,;Mé(gk) ‘ 1+HTHZ o
\/i

\/C(Nl)\/i—l

< (L+(T1)

where we used inequality (4.23) and the fact that

(AT, ) ()] < (AT, ) () = (TFn) @] + 1T fn) (@)
ST+ T v llpwr < 1T+T,
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which is due to (4.22). Finally, using Lemma 4.9, we obtain

= (AR, O] & [T, i) @)

2 C(Nk) 2 C(Nk)

k=r+1 k=r+1

2 2 2
N enidE <7r+ + = log(2My, - 1))

s ||T||5log<2MNT>
k=r+1 C(Nk)

for the third term. This can be further simplified according to

|75 log(2 My, ) °° 1 1
= < ||T||5log(2M,
k; Ty < ITlBles( mgﬂ e v

5log(2Mn,) o= 1
C(Nr-i-l) ; 2l/2

5log(2My,) V2
C(NrJrl) \/§ -1

< |7

= [T’
<17’
by using (4.20) and (4.21). Summarizing we have

(Af, 0] > DL L2

C(Nr) VC(Nl)ﬂfl
Since (4.25) is valid for arbitrary r € N it follows that lim,_, ’(A;‘\ZNT fl)(t)‘ = 00,
which completes the proof of the “=-" direction of the first part.

Second part, “<” direction: Let f € PW}F, p € S, and € > 0 be arbitrary but fixed.
Since PW?2 is dense in PWL, there exists a function f. € PW?2 with 1f = fellpwr <e
According to Lemma 4.11 and the assumption (4.12) we have

T sin(N(w — wy))

A (4.25)

AR = £ ST = Flipyr, e |2 [ b)) = e
< eCa(yp)
for all N € N. Therefore, we obtain
[ @nwew a
[ @ = et der [ @R dt - AR f - A (- 1)
<UTWISE = Sl [ le®ldt+ | [~ @RI000 dt = AT 1] + Cale)
<elTl el + | [~ (Tr)O0(0 dt = AT, 1|+ cCal) (1.26)
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Further, we have
A to= [ ARLI@p() dt
00 N
_ / / FoDhp(t — 1) dro(t) dt.
—oo J—N
Since f., hy € PW2,

< °;|f6<t>hT<t—T>| drlip(t)

< [[fell2llhzll2le ()],

N
| [ Ot =) dre (e
-N

and ¢ € L'(R), we can apply Lebesgue’s dominated convergence theorem, which
leads to

i A% fo= [ [T gdonr(e - 7) dret)

—/ (TL)(B)p(t) dt,

where the last equality follows from

/ Fo()h(t — 1) / F (@) (w) e
(Tfe
according to the generalized Parseval equality. Thus, there is a Ny = Ny(e) such that
‘/ (TL)B)e(t) dt — AL f.| < e (4.27)

for all N > Ny(e). Combining (4.26) and (4.27), we obtain

[ @nwew a

for all N > Ny(e). This completes this part of the proof, because € > 0 was arbitrary.
Second part, “=-" direction: Let ¢ € § be arbitrary but fixed. Since

fI<ellTl el + Cap) +1)

AR 1 < [t = [ @D@ett) dt] +| [~ @D Erel) a
for all N € N and all f € PW., equation (4.11) and the fact that

[ @noew | < 1711 s el < o0
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imply that supN€N|A%7¢f| < oo for all f € PWL. From (4.14) we see that A%,so :
PWL — C is a bounded linear operator for all N € N. It follows from the Banach—
Steinhaus theorem [78, p. 98] that

sup  sup ]A}wa] < 0.
NeN || fllpyy1 <1

Consequently, we have

sin(N(w — wy))
w — W1

sup max dwy

NeNwE[—m,m]

= [ hrng-en)

< 00,
by Lemma 4.11, which completes this part of the “if and only if” statement.
On the other hand if (4.12) is not fulfilled, i.e., if

sin(N(w — wy))
w— wi

limsup max dw

N—oo WE[=m,7]

:OO’

[ hronet-a)

we have

T
sup  sup  [AN f] = oo
NEN |[fllpy1 <1

according to Lemma 4.11. Thus, the Banach—-Steinhaus theorem [78, p. 98] implies
that there exists a signal f; € PWL such that (4.13) is true. Using the same steps as
in the proof of the first part, it would be even possible to construct such a divergence
creating signal fj. O

Remark 4.13. In the previous theorem we have seen that if (4.12) is not fulfilled
then there exists a signal fi € PW} such that AL f; diverges in S’. In this case,
there is not only one single divergence creating signal. In fact, the set of signals for
which we have divergence is large: It is a residual set, i.e., the complement of a set
of the first category, and therefore it is dense in PW?2 [117, p. 12].

From the proof of part ii) of Theorem 4.5 we see that the same arguments hold if
we replace ¢ € § with ¢ € D. Thus, part ii) of Theorem 4.5 is also true if we replace

p € S with ¢ € D. With that we also have a characterization of the convergence of
ALfinD.

Corollary 4.14. Part ii) of Theorem 4.5 remains true if ¢ € S is replaced with
peD.

In Theorem 4.17 we will show that there really exists a stable LTI system such
that (4.12) is not fulfilled for some ¢ € D, i.e., that there exists a stable LTI system
T; such that A?:} f1 diverges in D’ for some f; € PW}r.

It would be interesting to have a connection between the pointwise convergence
of AL f, the convergence of AL f in D, and the convergence of AL f in &’. The
following lemma, the proof of which is given in Appendix A.5, is the main step
towards Theorem 4.16, where we identify this connection.
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Lemma 4.15. Let T : PWL — PWL be a stable LTI system.

i) If for all p € D there exists a constant Cy = Ca(p) < oo such that (4.12) in
Theorem 4.5 is fulfilled for all N € N then there exists a constant C; < 00
such that (4.9) in Theorem 4.5 is fulfilled for all N € N.

it) Further, if there exists a constant C1 < oo such that (4.9) in Theorem 4.5 is
fulfilled for all N € N then, for all p € S there exists a constant Co = Ca(p) <
oo such that (4.12) in Theorem 4.5 is fulfilled for all N € N.

Theorem 4.16 establishes the connection between the classical (pointwise) conver-
gence and the distributional convergence of A% f.

Theorem 4.16. Let T : PW. — PWL be a stable LTI system. The following
statements are equivalent.

i) AL f converges in D' for all f € PWL..

i) AL f converges in S' for all f € PWL.
iii) (AL f)(t) converges pointwise for some t € R and all f € PWL.
w) (AL f)(t) converges pointwise for allt € R and all f € PWL.

Proof. “iit) = ii)”: This follows from Theorem 4.5 i), Lemma 4.15 ii), and Theo-
rem 4.5 ii). “i7) = 4)”: Observation 4.3. “i) = 4v)”: This follows from Corollary 4.14,
Lemma 4.15 i), and Theorem 4.5 i). “iv) = 4ii)”: Obvious. O

In general, convergence in S’ is a stronger statement than convergence in D',
because the former implies the latter. However, in Theorem 4.16 we have the
situation that A% f converges in ' if and only if it converges in D’

Moreover, Theorem 4.16 shows that we do not gain anything regarding the
convergence behavior of A% f for stable LTI systems 7" and signals f in PWL if we
consider the more relaxed concept of distributional convergence. If (A% f)(t) diverges
in the classical (pointwise) sense for some signal f € PW. and some t € R then
AT f diverges also in D’ and consequently in S’ for some signal f € PWL.

The following theorem states that there exists a stable LTI system 77 and a signal
f1 € PWL such that Ag} f1 diverges in D’ as N tends to infinity.

Theorem 4.17. There exists a stable LTI system Ty : PWL — PW. and a signal
f1 € PWL such that

: T
h}\}l_ilopm]\}v@lfﬂ =00 (4.28)

for some 1 € D.
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Proof. We can prove this theorem by finding an explicit system 77 such that

1 /7r “ sin(N(w — wy))

h
< 7 (W1) P

limsup max
N—soo w€[—m,m]

dwly = 0. (4.29)

Then it follows by Lemma 4.15 i) that there exists a ¢1 € D such that

sin(N(w — w1))
w — W1

limsup max
N—oo w€[-ma] | T

-/ i, (w1)n ()

dwl‘ = 00,

which in turn implies, by Corollary 4.14, that there exists a signal f; € PW. such
that (4.28) is true.
Next, we construct the system T7. To this end, consider

sin? (31).

¢
2

1

hi(t) = — /:r(—isgn(w)) et dw =

2
and the function hy, defined by

hH(T—{—N)—hH(T—N)‘

hn(T) = 5

It follows that

A~

hy(w) = sin(Nw) sgn(w), |w| <,

/ hn(T /hN / YT dr dw

= —/_W sin(Nw) sgn(w )M

™ w

2 (™ sin?(N
:/sm(w)dw
0

™ w

and

dw

1
> —log(2N),
7r

because

V

0
(2N). (4.30)



100 4 System Representations

Now let N, = 2™, k € N, be a sequence of dyadic numbers, where {n;}?2, is a
sequence of natural numbers satisfying ny41 > ng, £ € N, and let {e;}32; be a
sequence of positive numbers with > 72 ; €, < co. Consider the function

iLT1 (w) = i €kiLNk (w) (4.31)
k=1

Since

00 00
HhT1||L°°[—7r,7r] < ZethNkHLoo[—TrJr] < Z € < 00,

k=1 k=1
the operator T defined by
1 /™ 5 - ;
TN = 5 [ Few)hn @)t do

is a stable LTI system, and the impulse response hp, is a well defined continuous
function. Next, we analyze the integral ff/[M hq, (1) dr for arbitrary dyadic numbers
M > 2. We have

M 1 /™ . in(M
/ h, (7) dT:—/ th(w)M dw
M YO — w
& in(M
sin(Mw)
00 9 [T
:Zek—/ sin(Nyw)
=1 770

The right-hand side of (4.32) is further analyzed. For all £ € N and M = N}, we
have

> 1
= €} — sgn(w) sin(Npw
> i [ senw)sin(Vie

sin(Mw) 4, (4.32)

sin(Mw)

2 [T 1
z / sin(Njyw) dw > ~log(2Ny,).
0 s

T
Furthermore, for every k € N and M # N we can decompose the integral into three
parts by splitting the integration interval and using the identity for the product of
sine functions

2 (7 in(M 2 [0 in(M
—/ sin(NkoJ)Sm(ww) dw = —/ sin(Nkw)Sm(ww) dw
0

™ ™ Jo
1 (7™ cos((M — Ni)w)
= ¥
1 (™ cos((M + Ni)w)
)

T w

dw

dw.

By choosing 83 ar = m/(2| Ny — M]) it can be shown that, for all k € N and Ny, M
dyadic with Ny # M,

<1

)

2 [k in( M.
7/ sin(Nkw)M dw
7 Jo w
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w| < Cy
w

1 ™ cos((M — Ni)w)
™ /Sk M d

and

W SCE)

1 (™ cos((M + Ni)w)
i d

w

Hence, for Ny, M dyadic and Ni # M we have

2 /7r sin(Nkw)M dw’ < Cg
0 w

™

for all k € N. By setting M = N,., we obtain

N, 1
'/ hq, (1) d7| > e log(2N,) — Cs Z €k-
—N,

k;ér

The function hg,, which was defined in (4.31), certainly depends on the concrete
choice of the sequences {e;}72; and {N;}?2,. We can choose ¢, = 1/k? and
Ni, = 2+*) Then the function hr, satisfies

Nr 11 5 1 _ log(2) w2
h dr| > =—log (20)) — = > O
k#r
and consequently
N
hmsup/ hr,
N—oo —-N

Moreover, since

N
lim sup / hy, (1) dr| < limsup max / e “Thp (1) dr
N—o00 N—oo WE[—m,n] N
1 N in(N —
= limsup max —/ hy (wl)sm( W =) dwi |,
N—oo w€[-ma]|T J—x w — wi
we have (4.29). O

Theorem 4.17 shows that a convolution-type representation of stable LTI systems
in the form (4.5) is not possible in general for the space PWL, even if the convergence
is treated in the distributional sense. In Theorem 4.23 we will see that the same is
true for the second convolution integral (4.6).
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Test Signals

Before we treat the second convolution integral, we give an interesting interpretation
of condition (4.9) in terms of test signals. Since

= /7r flT(Wl)Sin(N(w —w1)) dwr = /_]Z/ " hr(=r) dr

T J_r w—wi

= (AN e“)(0) (4.33)
we see that (4.9) is equivalent to

max_|(AR f™)(0)] < C1,

we[—m,m]

where fi*t(¢) = e“!. Thus, we can regard the exponential function e“! as a test

signal. If [(AL fteSt)( )| is uniformly bounded for all test signals f{*' where the
parameter w ranges from —m to m, and all N € N, then AL f converges pointwise,
and due to Theorem 4.16 also in &', for all f € PW}r. That is, we have

hm ‘ of — / (TF(t)p(t) dt| =0

for all f € PW. and all p € S.
However, the converse statement might be more useful in practice. If we find one
test signal fi5, wy € [—m, 7], such that

i |(AT ) (0)] = oo

then we have both pointwise divergence and divergence in D’. That is, there exists a
signal f; € PWL. such that

lim sup\A%?wlfﬂ =00
N—oo

for some 1 € D.
Although the test signals do not belong to the signal space PWL., they have an
appealingly simple structure. They are just scaled versions of one basic function et

Convergence Behavior of the Convolution Integral II

Now we treat (4.6), i.e., the second convolution integral.

The next theorem analyzes the global convergence behavior of B% and the dis-
tributional convergence behavior of B]T[\} in §’. For each type of convergence, we
completely characterize the stable LTI systems 7' for which BL f converges to T'f
for all f € 'PW}F, by giving a necessary and sufficient condition for convergence.
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Theorem 4.18. Let T : PWL — PWL be a stable LTI system.

i) For all f € PWL we have
lim |17 — B% flloo = 0 (4.34)
N—o00
if and only if there exists a constant C7 < 0o such that

1 /7r iLT(wl)Sin(N(w _ wl)) dw1 S C7 (4.35)

T™J_x w— w1

max
we[—m,7]

for all N € N. In addition, if (4.35) is not fulfilled, then there exists a signal
f1 € PWL such that

tim sup|| B fi o0 = oc.

N—o00

it) Moreover, we have

tim |B%.7 ~ [~ (@H0e(0) di| =0

N—o0 ’ —0

for all f € 77)/\/71r and all ¢ € S if and only if for all p € S there exists a
constant Cg = Cg(p) < 0o such that

A~

p) - [ (e ) Q| <Cl)  (430)

T™Jr w—wi

max
we[—m,7]

for all N € N. In addition, if (4.36) is not fulfilled for some @ € S, then there
exists a signal fi € PWL such that

lim sup|B£@f1| = o0.
N—oo '

The proof of Theorem 4.18 is done analogously to the proof of Theorem 4.5.
We see that the conditions (4.9) and (4.35) are the same. Therefore, A% f converges
pointwise for all f € PWL if and only if BY f converges uniformly for all f € PWL.

Example 4.19. For the Hilbert transform H and the ideal low-pass filter L, with
bandwidth 0 < wy < 7, the condition (4.35) is fulfilled. Thus, for all f € PWL, we

have (4.34), i.e., uniform convergence of B4 f and Bifwgf.

Moreover, Theorem 4.18 gives a necessary and sufficient condition for the conver-
gence of BL f in &’. BL f converges to Tf in &' for all f € PW. if and only if for
all ¢ € S there exists a constant Cg(¢) such that (4.36) is fulfilled for all N € N.

Since the proof of part ii) of Theorem 4.18 is analogous to the proof of Theorem 4.5,
we have the same situation here and can replace p € S with ¢ € D. This observation
leads to the next corollary about the convergence of B]i'\} fin D'
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Corollary 4.20. Part ii) of Theorem 4.18 remains true if p € S is replaced with
peD.

Corollary 4.20 provides a necessary and sufficient condition for the convergence of
BLfin D'. BL f converges to Tf in D’ for all f € PWL if and only if for all p € D
there exists a constant Cg(¢) such that (4.36) is fulfilled for all N € N.

Of course we are again interested in a connection between the uniform convergence
of BY f, the convergence of BL f in D', and the convergence of B f in &’. The
following lemma, the proof of which is given in Appendix A.6, is the main step
towards Theorem 4.22, where we identify this connection.

Lemma 4.21. Let T : PWL — PW. be a stable LTI system.

i) If for all ¢ € D there exists a constant Cg = Cs(p) < 0o such that (4.36) in
Theorem 4.18 is fulfilled for all N € N then there exists a constant C7 < 0o
such that (4.35) in Theorem /.18 is fulfilled for all N € N.

it) Further, if there exists a constant C7 < oo such that (4.35) in Theorem 4.18
is fulfilled for all N € N then, for all ¢ € S, there exists a constant Cg =
Cs(p) < oo such that (4.36) in Theorem 4.18 is fulfilled for all N € N.

Theorem 4.22 shows that again we do not have to distinguish between convergence
in D’ and convergence in S’ because they are equivalent.

Theorem 4.22. Let T : PW. — PWL be a stable LTI system. The following
statements are equivalent.

i) B}\}f converges in D' for all f € PW}F.
i) BLf converges in S’ for all f € PW}.
iii) BLf converges uniformly on all of R for all f € PW}.

Proof. “iit) = ii)”: This follows from Theorem 4.18 i), Lemma 4.21 ii), and The-
orem 4.18 ii). “ii) = 4)”: Observation 4.3. “i) = 4i7)”: This follows from Corol-
lary 4.20, Lemma 4.21 i), and Theorem 4.18 1i). O

With Corollary 4.20 we have completely characterized all stable LTI systems T’
for which B% f converges in D’ for all f € PW.. Next we show that there actually
exists a stable LTI system 77 such that Bjj\}l f1 diverges in D’ for some f; € PWL.

Theorem 4.23. There exists a stable LTI system Ty : PWL — PW. and a signal
f1 € PWL such that
limsup| Bl fi| = oo (4.37)
N—o0 R

for some 1 € D.
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Proof. In the proof of Theorem 4.17 we have constructed a stable LTI system T}
such that

limsup max dwy

N—oo WE[=m,7]

= OQ.

l /7r BTl (@) sin(N(w — wy))

TJ_x w—wi

It follows from Lemma 4.21 i) that there exists a ¢1 € D such that

arico)r [ o™= g~ o,

G — w—wi

limsup max
N—ooo wE[—m,m]

which in turn implies, by Corollary 4.20, that there exists a signal f; € PW. for
which (4.37) is true. 0

Comparison of the Convergence of the Convolution Integrals I and 11

In general, the convolution integrals (4.5) and (4.6) have a different convergence
behavior. This can be seen for example, if the stable LTI system is the Hilbert
transform H. For the Hilbert transform, B f is uniformly convergent for all
f € PWL. In contrast, AJH\, f is not uniformly convergent for all f € PWL. because
the peak value of AXf; diverges for some signal fi € PWL.

Theorem 4.24. We have
lim HHf - B]I\lf’fHoo =0
N—oo

for all f € PWL, but there exists a signal fi € PWL such that

lim sup|| H f1 — AR f1|co = 00.
N—oo

For completeness, the proof of Theorem 4.24 is given in Appendix A.7.

Next, we compare the distributional convergence behavior of the convolution
integrals. Since the conditions (4.9) and (4.35) are the same, i.e., since A% f converges
pointwise for all f € PWL! if and only if BL f converges uniformly on all of R for all
f € PWL, we can combine Theorem 4.16 and Theorem 4.22 to obtain the following

interesting result about the distributional convergence behavior of the convolution
integrals AL f and B f.

Corollary 4.25. Let T : PW}T — PW}T be a stable LTI system. The following
statements are equivalent.

i) AL f converges in S' for all f € PWL.
i) AL f converges in D' for all f € PWL.
iii) BYf converges in S’ for all f € PWL.

i) BL f converges in D' for all f € PWL.
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Corollary 4.25 shows that both convolution integrals A% ~Jf and BN f have the
same distributional convergence behavior. Thus, there is a difference between the
classical convergence behavior of the convolution integrals and the distributional
convergence behavior. In the classical setting, the integrals (4.5) and (4.6) exhibit
a different convergence behavior, whereas in the distributional setting we do not
have to distinguish between the integrals because both have the same convergence
behavior.

4.3.3 Convolution Sum

The discrete counterpart of the convolution integral (4.5), which is given by the
convolution sum (4.7), naturally emerges from the finite Shannon sampling series

N

(Snf)(&):= D f(k)sinc(t — k)

k=—N

when some LTT operator T' is applied because

(TSN f)(t Z f(E)(Tsinc(- — k))(t)

k=—N

Z f(k)hr(t — k)
Z(SNf)()~

The sum in (4.7) is important for practical applications because it uses only the
samples {f(k)}rez of the signal f. If (S% f)(t) converges to (T f)(t) for all t € R as
N tends to infinity, then (S% f)(t) can be used to approximate (T'f)(t). Of course
the convergence of (S% f)(t) is not guaranteed and depends on the signal f and the
stable LTI system T

For signals in 731/\/72r the situation is simple, because we have

Zf Jhr(t — k)

k=—o00

for all stable LTI systems T : PW2 — PW?2 and all signals f € PW?2. This is due to
the convergence of the Shannon sampling series in the PWW2-norm and the continuity
and linearity of T

Unfortunately, for signals f € PWI and stable LTI systems 1" operating on PW. bl
(ST £)(t) does not always converge to (T f)(t). There are stable LTI systems T for
which (S% f)(t) diverges for some signal f € PW. [13,118]. In part i) of Theorem 4.26
we characterize the stable LTT systems T for which (S% f)(¢) converges pointwise to
(Tf)(t) for all f € PWL.
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Further, we analyze the distributional convergence behavior of S}G f. For this
purpose we introduce the abbreviation

Kot = [ (SKD@e) at

In part ii) of Theorem 4.26 we characterize the stable LTI systems 7" for which the
convolution sum S% f converges in &' for all f € PWL.

Theorem 4.26. Let T : PWL — PWL be a stable LTI system.
i) For allt € R and all f € PWL we have
Jim [(TF)(1) = (Sn (0] =
— 00
if and only if there exists a constant Cy = Cy(t) < oo such that
/ hT 1w1t sin [(N + %) (w - CU1)] dw
2

wér[l—a;(ﬂ sin (wao.n )

for all N € N. In addition, if (4.38) is not fulfilled, then there exists a signal
f1 € PWL such that

1| < Co(t)  (4.38)

lim sup|(S% f1)(t)] = oo

N—o0

it) Moreover, we have

o

Skof = [~ @pirete) af -
for all f € PWL and all ¢ € S if and only if for all ¢ € S there exists a
constant Cro = Co(p) < 0o such that
sin [(N + 3) (w—w1)]
h 2 d
wE[ 7r71'] 27T/ r Wl ) sin (%) w1

for all N € N. In addition, if (4.39) is not fulfilled for some ¢ € S, then there
exists a signal fi € PW}r such that

< Ciolp) (4.39)

lim sup\Swaﬂ 0.
N—o00
Part i) of Theorem 4.26 was proved in [118], and the proof of part ii) is done
analogously to the proof of part ii) of Theorem 4.5.
Like the proofs of the Theorems 4.5 and 4.18, the proof of Theorem 4.26 does not
rely on the fact that ¢ € S. All these arguments also hold if ¢ € D. This observation
leads to the following corollary about the convergence of S% f in D'.

Corollary 4.27. Part ii) of Theorem 4.26 remains true if ¢ € S is replaced with
peD.

In Theorem 4.30 we will use the characterization that is provided by Corollary 4.27
to show that there exists a stable LTI system Tj for which Sf,l f1 diverges in D’ for
some fi € PWL.
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4.3.4 Differences Between the Convolution Integral and the
Convolution Sum

In Theorem 4.5 we have the special situation that the convergence of (A% f)(t) for
one t € R and all f € PWL implies the convergence of (A% f)(t) for all t € R and
all f € PWL. In this section we investigate the question whether the convolution
sum exhibits the same behavior, i.e., whether the convergence of (S% f)(¢) for one
t € R and all f € PW. implies the convergence of (S% f)(t) for all ¢t € R and all
f € PWL. Despite the obvious similarities between the convolution integral and the
convolution sum, the surprising answer to this question is no.

Theorem 4.28. For everyt € R and every t* € R\ (t +Z) there exists a stable LTI
system T1 : PWL — PWL such that

Jim (7))~ (S5 1)@ =0 (1.40)
for all f € PWL and
i sup| (ST £1)(#)] = o0 (1.41)

for some f; € PWL.

Proof. Lett € Rand t* € R\(t4+Z) be arbitrary but fixed. According to Theorem 4.26
i) and the equality

in (N + L —
Py / h(wy) et sin [ .+ i)_Eff wi)] dw
T sin (T)
N

hT(Wl) 1w1t Z eik(w—wl) dwl
k=—N

N .
= > hp(t—Fk)e“,
k=—N

we have (4.40) for all f € PWL if and only if

27T

< 0. (4.42)

Z th t _ 1wk

sup max
NeNw€E| 7T7r]

Furthermore, we have (4.41) for some f; € PWL. if and only if

Z th . elwk

Thus, we have to show that there exists a stable LTI system 7 such that (4.42) and
(4.43) is true.

limsup max = 00. (4.43)

N—oo WE[- 7”"]




4.3 Convolution-Type System Representations for PWW: 109

To this end, we consider the space K that consists of all functions h with a
representation h(7r) = 1/(27) [T _h(w)e*T dw, t € R, for some h € C[—m,n] and
with finite norm

Z h 1wk.

|Alxc.t —-HhHa>+-sup 1nax

we —7r7r

The space K, equipped with the norm || - ||+ is a Banach space. We prove this
fact, which will become important at the end of this proof, in Appendix A.8. Next,
we consider the sequence of bounded linear operators {Un}nen that map K into
(C[_ﬂ-7 ﬂ-]v || ’ HLOC[*W,TK'])7 defined by

N
(Unh)(w) = > h(t"—k)e“r.
k=—N

Further, we need the functions h,, n € N, given by

sin(m(7 —n —1t))
2r(t —n —1)

hn (1) =

and the fact that
—1)knsin(r(t* —t))

* _(
in (¢ = k) = 2r(t* —t — k —n)

for all £ € Z. Since

sin(r(k+n)) i

=1
27(k +n) ’

1
|hAnllc, = 5 + sup max
2 NeNw€[-m7]

k=—N
we have

[Un[l = sup — max [([Unh)w)]

kI, <1 wEl=m7]

> max [(Uvhy)(w)]

we[—m,m
N . *
| & o sing 1)
we[—m,7] Ry 27’[’(t* —t—k— N)
. * N k
N G S
= or b —t-k-N
|sin(r(t* 1)) % 1
B 2 oyt —t—k =N
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for all N € N. Moreover, for Ky = max([t* —t],1) and N > K( we obtain

LN I S S
ot —t—k=N| &=k (1)
221% 1 Kil 1
= (1 ()
k:KOk:—(t —t) = k— (t* —1t)
2N k+1 1
> / 7(17'—011
kZKO g T—(t"—1)

2N+1 1
B
Ko T = (t*_t)

B 2N +1— (t* —t)
= log < KO — (t* — t) ) 011.

Since Cq; is some constant, which is independent of N, we see that

a 1
lim — | =
| S e
which implies that supycy||Un|| = co. Thus, according to the Banach-Steinhaus

theorem [78, p. 98] there exists a function hp, € K such that

lim sup||Unhr, || Loo[—r,7) = lim sup max Z hy, (1 — k) e“F| = oo.
N—o00 N—ooo WE[—m,m]
By the definition of the space IC, hr, fulfills
sup max h ekl < 0.
NE% we[—m 7r] Z Tl
So T is the desired stable LTI system. O

According to Theorem 4.28 we cannot conclude the convergence of (S% f)(¢) for all
t € Rand all f € PWL from the convergence of (S% f)(t) for some fixed ¢ € R and all
f € PWL.. This is in contrast to the situation in Theorem 4.5 (compare Remark 4.6)
where exactly this was possible. Consequently, for (ST f)(t) we cannot obtain an
equivalence like the equivalence between item iii) and item iv) in Theorem 4.16.
Nevertheless, it would be satisfying if the convergence types

S1) ST f converges in D' for all f € PWL,

S2) ST f converges in S’ for all f € PWL,
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S3) (ST f)(t) converges pointwise for all ¢t € R and all f € PWL, and,
S4) (ST £)(t) converges uniformly on all compact subsets of R for all f € PW.

could be related to each other. In general, the analysis of the convolution sum
(SL £)(t) is more intricate than the analysis of the convolution integral, because of
the periodicity of the Dirichlet kernel

sin [(N + 3) ()]
n(y)

We do not fully know the relation between S1), S2), S3), and S4). However, we have
the following connections.

Theorem 4.29. Let T : PWL — PWL be a stable LTI system.
i) S2) implies S1).
it) S2) implies S3).
iti) S4) implies S1).

Proof. i): Observation 4.3.

ii): Let t € R be arbitrary but fixed. Since ST f converges in &' for all f € PWL
there exists, according to part ii) of Theorem 4.26, for every ¢ € S a constant Cio(¢p)
such that (4.39) is true for all N € N. For the specific ¢; € S with ¢;(w) = et
for w € [—m, 7] we obtain

ion S0 [(N + 3) (@ — w1)]

1 /7 4
il h d
2 /_Tr rwi)e sin (¥5%) 1

< Cho(e1)

max
we[—m,7]

for all N € N. Thus, the assertion follows from part i) of Theorem 4.26.
ii1): Let ¢ € D be arbitrary but fixed. Since ¢ is concentrated on some compact
set I C R, we have

kot = [ SEDO#0 at = [(SEN@e) dt
It follows that
Jdim SFof = [ tim (SEH@O() dt
= [ 1) at
— [ s at

because (S% f)(t) converges uniformly on I by assumption. Since € D was arbitrary,
the proof is complete. O
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From the results in [13,118] it can be seen that there exists a stable LTI system
Ty such that (Si f1)(t) diverges for some ¢ € R and f; € PWL. Hence, item ii) of
Theorem 4.29 implies that S]T,l f1 diverges in &' for some f; € PWL. This shows
that there are stable LTI systems for which the convolution sum diverges even in
S'. However, since we do not know whether S1) implies S3), we cannot immediately
conclude the divergence of Sﬁl f1 in D’. Regardless, the following theorem shows
that we have this divergence.

Theorem 4.30. There exists a stable LTI system Ty : PWL — PWL and a signal
f1 € PWL such that

limsup]SJY\}{wlfl] =00
N—o00

for some 1 € D.

Proof. Using the characterization that was provided by Corollary 4.27, we have to
show that there exists a stable LTI system 7T} and a function ¢; € D such that
L sin [(N + 1) (w— w)]

hy (w1) @1 (—wr) sin (2521)
L w—wy

2

sup max
NeNwe[—m,m]

dwl‘ =o0. (4.44)

Let

. 1 (0
iLT,N(Wl) = sgn <Sln [(gn—{(_w%))( 1)]) 7
2

and choose some ¢ € D such that ¢ is real valued and ¢ (w) > 1 for all w € [—m, 7).
Next, we analyze the sequence of bounded linear functionals Ky : L>®[—m, 7] — C,
N € N, given by

1 /7 i N1
0= & [ e LoD
For N € N, we have
o ™ i N+ L
|KnhrN| = %/ o1(—wr) St [(sjnjzwzl))(wl)] ‘ dwy
o .
. 1T sin [(NV + %) (w1)] oy
T 2m) g sin (%)

2
where the last inequality follows from the well-known divergence of the L'-norm of
the Dirichlet kernel [78, p. 102]. It follows that

IKnll=  sup  |[Knhol
lhrll oo —m,x <1

\Knhr v

Y

AV

2
ﬁlog(l +N)
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for all N € N, and consequently that supycn||[Kn|| = oo. Thus, the Banach—
Steinhaus theorem [78, p. 98] implies that there exists a hy, € L*°[—m, x| such
that

1 /7. sin [(N + 1) (w1)]
— [ h p1(— 2 dw; | = 0. 4.4
]%Ié% o [ﬂ_ Ty (wl)wl( wl) sin (w21) w1 o0 ( 5)
The proof is complete because (4.45) implies (4.44). O

Although we cannot say whether S3) is a necessary condition for S1), we see from
Theorem 4.30 that there are stable LTI systems and signals in PW. such that the
convolution sum (4.7) diverges in D’. In this regard, we have the same situation as
in Section 4.3.2, where we analyzed the convolution integral: The divergence of the
convolution sum in the classical, non-distributional setting cannot be circumvented
by considering the more relaxed concept of distributional convergence. Therefore,
a convolution-type representation of stable LTI systems in the form (4.7) is not
possible in general for the space PW}F, even if the convergence is treated in the
distributional sense.

4.3.5 Discussion

In this section we analyzed the convergence behavior of three commonly used time
domain convolution-type system representations—two convolution integrals (4.5),
(4.6) and one convolution sum (4.7)—for the Paley-Wiener space PWL. Although
the convolution integrals have a different classical convergence behavior, it turned out
that they have the same distributional convergence behavior. Unfortunately, there
exist stable LTI systems and signals for which the convolution integrals diverge even
in a distributional sense. The same holds for the convolution sum. Hence, the more
relaxed concept of distributional convergence cannot circumvent the convergence
problems of the convolution integrals and the convolution sum that are encountered
in the classical, non-distributional setting. This result is interesting because it shows
that a convolution-type time domain representation of stable LTI systems operating
on 731/\/71r is not always possible, even though such systems always have a frequency
domain representation. Further, we completely characterized all stable LTI systems
for which a convolution-type system representation is possible.

Although the convergence of the analyzed convolution-type system representa-
tions (4.5)—(4.7) is problematic, it is not obvious what other—more complicated—
representations exist, which are convergent for all stable LTI systems and all signals
in 73)/\/71,. To find such representations, especially for important systems like the
Hilbert transform, would be a challenging task for further research.
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4.4 Sampling-Type System Representations for B?,
1<p<oo

Although for PWTIF, a sampling-type representation does not necessarily exist for all
stable LTI systems, because Sjj\} f diverges even in a distributional sense for some
signal f € PW! and some stable LTI system T : PW. — PWL we can find a
positive result for signals from the spaces B, 1 < p < oo.

The next theorem shows that SK, f can be used to approximate T'f for all signals
fe B, 1 <p<ooand all stable LTI systems 7" : BE — BE.

Theorem 4.31. Let 1 < p < oo. For all f € B2 and all stable LTI systems
T:BP — B2 we have
. T, b —
Jim (1S5 F ~ Tl = 0.

Proof. According to (3.14) we have

1/p
I1Snf = fllgz < Cr(p) ( >, \f(k)\p)

|k|>N

and consequently
i [[Sxf — fllaz =0 (4.46)
—00

because

k=—0c0

1/p
- /1|2
Pl < Lls
( S rwr) <
Since T is linear and continuous (4.46) implies that
. T _
i (S5 F — T =0 s

Remark 4.32. For signals f € B2, 1 < p < oo, the convergence of T'Sy f is in the
BE-norm, and, due to || f|lcc < C12(p)||f]lge, also globally uniform.

4.5 Non-Equidistant Sampling

In Theorem 4.28 we have seen that for every ¢ € R there exists a stable LTI system
T) : PWL — PW! and a signal f; € PW} such that

N
Z fl(k)th (t - k)

k=—N

lim sup
N—o0

= OQ.

Next, we consider more flexible sampling patterns. By using non-equidistant sampling,
an additional degree of freedom is created, which may help to improve the convergence
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behavior. We will analyze whether this additional degree of freedom can be exploited
to construct approximation processes that are convergent for all signals in PW}r and
all stable LTT systems. More precisely, we analyze the convergence behavior of the
sampling series

N
> ) (Thr)(t), (4.47)
k=—N
for stable LTI systems 7 : PW; — PW. and signals f € PWL. We consider
sampling patterns {t;}rez C R that are a complete interpolating sequence for PW2.
The reconstruction functions ¢, k € Z, are defined as in (3.61).
Before we treat (4.47) for PWL we review the situation for signals in PW2. If the
sequence of sampling points {¢; }recz is a complete interpolating sequence for PW?T,
sampling based signal processing is possible for f € PW?2, because for all stable LTI

systems T : PW?2 — PW?2 and f € PW?2 we have

T (f— ( _zji: f(%)%))

N
|f— > fltk)on

k=—N

N
Tf— Y f(tr)Tow

k=—N

PW2 PW2

< |17 : (4.48)

PW2

and the right-hand side of (4.48) converges to zero as N — oo according to (3.63).
Thus, we have

N
G |Tf— Y ft)Te] =0 (4.49)
h=-N PW2
and, due to [|fllcc < [[f]lpy2, that
N
i T f = k:z;Nf(tk)Tﬁbk =0 (4.50)

for all signals f € PW2.

Equations (4.49) and (4.50) show that, for f € PW?2, the sampling series with
transformed kernel (4.47) converges to the transformed signal T'f in the PW?2-norm
and in the maximum-norm. This means, the transformed signal T'f can be arbitrarily
well approximated by the finite sampling series (4.47).

For PW! the situation is different. Theorem 4.33 gives a necessary and sufficient
condition for the convergence of (4.47) to the transformed signal T'f for all f € PWL.
Later, in Theorem 4.36, we will see that for every sampling pattern {t;}recz C R
that is a complete interpolating sequence for 73)/\/72r there exists a stable LTI system
T :PWL — PWL and a signal f € PW. such that (4.47) diverges for a fixed ¢ € R.
Thus, it will turn out that the additional degree of freedom in the choice of the
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sampling points, compared to equidistant sampling, cannot prevent the approximation
process (4.47) to diverge for some stable LTI system T : PWL — PW!L and some
signal f € PWL.

Theorem 4.33. Let {t}rez C R be a complete interpolating sequence for PW?2,

¢, k € Z, the corresponding reconstruction functions as defined in (3.61), T' a stable
LTI system, and T a closed subset of R. For all f € PW}r we have

N
(THE) = > ftr)(Tor)(t)| =0

k=—N

lim max
N-=soco teT

if and only if there exists a constant C13 < oo such that

N

D e (Tgy)(t)

k=—N

max max
tel |w|<m

< Ci3 (4.51)

for all N € N. If (4.51) is not fulfilled, then there exists a signal f; € PWL such
that

N
(TF)E) = D filt)(Tow)(t)] = oo. (4.52)
k=N

lim sup max
N—oo t€T

Remark 4.34. Note that due to the generality of the set Z, Theorem 4.33 comprises
several results for different types of convergence. If the set Z contains only a single
point then the theorem makes a statement about the pointwise convergence, and
if Z = R then Theorem 4.33 deals with uniform convergence. Uniform convergence
on all of R is important whenever the peak value of the reconstruction has to be
controlled over the whole real axis.

For the proof of Theorem 4.33 we need Lemma 4.35, the proof of which is similar
to the proof of Lemma 4.8 and therefore omitted.

Lemma 4.35. Let {t;}rez C R be a complete interpolating sequence for PW%, bk
k € Z, the corresponding reconstruction functions as defined in (3.61), T' a stable
LTI system, t € R, and N € N. Then we have

N

> f(te)(Tor)(t)

k=—N

N

> e (Ten)(1)

k=—N

sup
1 llpyys <1

= Inax

)
|w|<m

Proof of Theorem 4.33. The proof consists of two parts. The first part proves the
“«” direction of the “if and only if” assertion and the second part the second assertion
of the theorem. Since the second assertion implies the “=-" direction of the “if and
only if” assertion, the whole theorem is proved.

For the proof we introduce the abbreviation

(TNF)(E) == > flte)(Ter)(t).

k=—N
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First part, “<=": Let (4.51) be fulfilled, and f € PWL be arbitrary but fixed. For
each € > 0 there exists a g € PW?2 such that ||f — g[py1 < € and consequently
maxier [(Tf)(t) — (T'g)(t)| < €||T||. Furthermore,

N
max (Tv(g — DO =max |5~ [ (3w) - ) 3 T
1 . N
<max o [ 13w) - Fl) 3 a0 b
N .
< max max k;New’“ (Tor) ()| lg = fllpwr < Crge,

where we used the assumption (4.51) in the last inequality. Moreover, because of
(4.50), there exists a Ny = Ny(e€) such that maxier [(T9)(t) — (Tng)(t)| < € for all
N > Ny. Since

max [(T'f)(t) — (T ) (t)] = max [(Tf)(t) — (Tg)(t) + (Tg)(t)

tel
~ (Twg)(t) + (T (g — F))(0)
< max [(T1)(t) - (Tg) ()] + max (Ta) (1) — (Twg)(0)

+max |(Tv(g = £,

we obtain maxer [(Tf)(t) — (Tnf)(t)] < (1 + ||T|| + Ci3)e for all N > Ny, and the
proof of the first part is complete because ¢ was arbitrary.
Second part: If (4.51) is not fulfilled we have

N

Z 1wtk T¢k

lim sup max max

= lims a S T t)| =
Nooo €L |w|<7r 1m Sup max up ’( Nf)( )| &

N—oo t€1 1 lppr <1

because
N

Y. e (Ter)(t)

k=—N

sup|(Tf)(8)] = max
I£lpy1 <1 lwl<

by Lemma 4.35. Thus, the Banach—Steinhaus theorem [78, p. 98] implies that there
exists a signal f; € PWL such that

li T =
1msuprt£1€aIX|( NJ1)(t)] = o0

N—o0

Since maxez [(T'f1)(t)| < [|T f1]leo < 00, we have (4.52) and the proof is complete.
O
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In Theorem 4.33 we have completely characterized the cases where (4.47) converges
to the signal T'f for all f € PWL.

In [14] it was shown that for every sampling pattern {tx}rez C R that is a
complete interpolating sequence for PW?T there really exists a stable LTI system
T : PWL — PW! such that (4.47) diverges for some f € PWL. For the proof, which
uses a deep result by Szarek [119], we would like to refer to [14].

Theorem 4.36. Let {t;}rez C R be a complete interpolating sequence for PW?2 and
ok, k € Z, the corresponding reconstruction functions as defined in (3.61). Then,
for all t € R there exists a stable LTI system T1 with continuous iLTl and a stgnal
f1 € PWL such that

N
limsup |(Tif1)(t) — > fi(te)(Tuor)(t)| = oo.

Theorem 4.36 shows that, in general, it is not possible to approximate the output
of a stable LTI system T'f by the sampling series (4.47), because for some arbitrary
given t € R, we can find a signal f € PW. and a stable LTI system T such that
(4.47) diverges.

4.6 Oversampling

In this section we discuss the system approximation problem for 77)/\771T if oversampling
is applied. In Section 4.3.3 we have seen that S% f diverges pointwise for some signal
f € PW! and some stable LTI system T : PWL. — PWL. Although oversampling
can improve the convergence behavior of sampling series, as shown in the case of the
Shannon sampling series for PWL in Section 3.2.4, it will turn out that oversampling
cannot correct the divergence of Sf, f.

Using oversampling, the approximation process takes the form

(SN%)(E) = kiv_:Nf (S) (To) (t — S) : (4.53)

As in Section 3.2.7, a > 1 denotes the oversampling factor and ¢ € M(a) are suitable
reconstruction kernels.

The following theorem shows that the convergence behavior of S;‘I\;'; f, i.e., the
approximation process with oversampling, is not improved compared to the approxi-
mation process SJT\} f without oversampling.

Theorem 4.37. Lett € R and ¢ € M(a), a > 1. Then there exists a stable LTI
system Ty : PWL — PWL and a signal f1 € PWL such that

lim sup| (T3 f1) () — (Sx'5 f1)(1)] = oo.

N—oo
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For the proof of Theorem 4.37 we need Lemma 4.38.

Lemma 4.38. Fora >1 and N € N, N > (2a — 1)/2, we have

7 /a sin’ ((N+l) w) IN +1
/0 < (L;)z dw > log <2a — 1) .

Proof. Let Ly, be the largest natural number such that 2Ly ,7/(2N + 1) < 7/a,
which implies Ly, < (2N +1)/(2a). Then we obtain

W

7/a sin? ((N + %) w) Lya—l 204 Dm gip2 ((N + %) w)
e e R e e

Ln,.—1 2(k+1)7

1 1
iy L (v g)e) @
i—o sin < N1 ) INHT

2 T
2N—|—1/0 sin” w dw kz:% ‘Sm((k+1)w)

LNyafl 1
> > —,
P kE+1

Ln,a—1

where we used the fact that sina < x for all z > 0 in the last inequality. But since

2N +1
+ 1)7

—— >1log(Lna) > log< 9

the proof is complete. O

Proof of Theorem 4.37. Due to the translation invariance of T' we can assume t; = 0
without loss of generality. Clearly,

a 1 T s a iwk/a k
(SKNO) =5 [ Fw) 3 e zo) (-7) aw.
T J)_n N a
Since T'¢ has the representation

~

o)) =5 [ dehhrw) e do

2m J_an
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with some hr(w) € L®[—an, ar], we obtain

()t [ £
P a 2ra
+i/ hr(w)d(w g: ewk/a qu
27 Jr<|w|<an
—Ry
ot [ g

where we identified 35\ €“*/¢ as the Dirichlet kernel. The modulus of Ry can
be bounded above independently of N by

[@lloclor oo

Ry| < C -
[Rn| < Ca e

We use the test function
1
gn(w) = sin <(N + 2) t:) Jg(w),

where § is an even, continuous function with g(w) =1, 0 < |w| < 7 and §(w) = 0,
|w| > am. Then, using Lemma 4.38, we obtain
: 1\ w s 02 1\ w
1 ™ sin((NV+5)% 1 fmsin® ((N+35)%
7/ v (w) (( ) ‘1) d (( 2) ‘1) dw
o2ra J_» )

sin (5%) YT 0 sin (

1 /ﬂ/a sin? ((N + %) w) 1
== w
0

T sin (%)

1 2N +1
> —log -1
s 2a

for N > (2a — 1)/2. By the Banach-Steinhaus theorem there exists a function hr,

such that (( 1) )
1 T sin((N+3)%
21a /_7r hr, (@) sin (2a) d

lim sup
N—o0

Since

limsup sup \(Sﬁl(;f)(O)\ > lim sup

N=oo |[fllpyyL <1 ' N—o0

3 o <_';>|

we can again apply the Banach—Steinhaus theorem which states the existence of a
signal f; € PW. such that lim supNHOO]( fl)( )| = 0. O
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Theorem 4.37 reveals the very intricate convergence behavior of the approximation
processes. We have shown that there is no universal approximation process of the
shape (4.53) that is convergent for all stable LTI systems T : PW. — PWL and all
signals f € PW}F. It would be useful to have a simple criterion for checking whether
an approximation process is convergent for a given operator or not. Next, we will
provide a simple test for convergence.

Theorem 4.39. Let ¢ € M(a), a > 1,t € R, and T : PWL — PWL be a stable
LTI system. Then we have:
lim (S35)(t) = (T/)(1)

N—oo

for all f € PW}r if and only if there exists a constant C15 = C15(t) such that

ol iwk/a k
> v (1-7)

max
<
jwl<n |,

< Ci5(t)

for all N € N.

Proof. First part, “=7: Let t € R be arbitrary but fixed. Then, by assump-
tion, Hmy ool (Tf)(t) — (Sy%F)(#)| = 0 for all f € PW}, which implies that
SUPNeN SUP| 7|, . S1|(Sﬁ’7(§)f)(t)| < 00. This together with

£ o)

sup |(S§GC; ()] = max
”fHPW,lrSl le

completes the first part.

Second part, “<=”: Let t € R be arbitrary but fixed. For each € > 0 there exists a
g € PW?2 such that ||f — g|lpyy1 < € and consequently |(Tf)(t) — (Tq)(t)| < €||T].
Obviously, we have .

(TF)(1) — (SN4H(H)]
r<T ><> (Tg)(t) + (Tg)(t) — (Sy%9) () + (SN (g — £))()]
<|(TF)(t) = (Tg)(®)] + [(Tg)(t) — (Sx%9) ()] +1(Sx%(g — /(L)

Furthermore, we have

T N
(85500 - 01 = |55 [ (9~ 7)) 3 ekinra) (1 1) aw

o k=—N
N
< max

k
1wk/a N
) 2, 00 (o)

< C’15( )Ea

lg = Fllpwe
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where we used the assumption in the last inequality. Moreover, there exists a
No = Ny(e€) such that [(T'g)(t) — (S%ég)(t)\ < e for all N > Ny. Therefore, we have

(T1)() = (SNGN O] < (L+|T[| + Crs(t))e
for all N > Ny and the proof is complete because € was arbitrary. ]

Similar to Theorem 4.39, where the pointwise convergence was treated, we can give
a necessary and sufficient condition for the uniform convergence of the approximation
process (4.53).

Theorem 4.40. Let ¢ € M(a), a > 1, and T : PWL — PWL. be a stable LTI
system. Then we have:

lm || Tf — SE% flloo =

Jim [|7f — 55 Fl =0

for all f € PWL if and only if there exists a constant Cg, independently of t, such
that

N
k
1wk/a ( >
sup max (T9) <’
ek ol |, Z o= )| = Cro
for all N e N and t € R.
Proof. Analogously to the proof of Theorem 4.39. O

Example 4.41. As an example, we investigate the convergence behavior of the
approximation process S;‘I\;'; f for T'= D, where D is the differential operator, and

¢ € M(a), a > 1. For ¢ € M(a), a > 1, we have D¢ € B._ and

kf_:N olwk/a (S) (Do) (t - l;) < sup ﬁv: ‘(DQS) (t - S)‘

teR Ty
where we used Lemma 3.25 in the last inequality. Thus, Theorem 4.40 implies that
Sﬁ’;f converges uniformly on R to Df for all f € PW. and all ¢ € M(a), a > 1.

sup max
teR |w|<m

< Csl9llsz,»



Stochastic Processes

In addition to the reconstruction of deterministic signals from their samples, the
reconstruction of stochastic processes is important because they often appear in
the modeling of physical processes. By now many results for the reconstruction of
stochastic processes have been presented. In [120] Balakrishnan gave a rigorous proof
that the Shannon sampling series converges in the mean square sense for bandlimited
wide-sense stationary stochastic processes that have either a spectral density or a
spectral distribution which is continuous at the endpoints of the spectrum. The
almost sure convergence of the Shannon sampling series with oversampling was
proved in [121] for wide-sense stationary processes. Zakai [47] generalized the notion
of bandlimited processes and proved almost sure convergence for this new class.
Later, [122] and [123] extended the results to hold for a broader classes of non-
stationary second order processes. In [124] Brown analyzed the truncation error
for bandlimited wide-sense stationary stochastic processes with continuous power
spectral density, and in [51] upper bounds for the truncation error were derived for
stochastic processes which are bandlimited in the sense of Zakai under the assumption
of a guard band. The problem of reconstructing a bandlimited stochastic processes
from non-equidistant samples was investigated in [125]. In [21] Habib analyzed
sampling representations of bounded linear operators acting on stochastic processes
that are bandlimited in the sense of Zakai [47] and Lee [126]. For a general overview
of sampling theorems for stochastic processes see for example [38], [68, Chapter 9],
and [30].
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5.1 Notation

We restrict our analyses to wide-sense stationary processes, i.e., the class of continuous-
time, complex valued stochastic processes X = X (¢) with zero mean E(X (t)) =0
and finite second moment E(|X (¢)|?) < oo for all t+ € R, and whose correlation
function T'(¢t,t") = E(X (¢)X*(t')), where * denotes the complex conjugate, is only a
function of the difference ¢ — ¢/. This enables us to define the correlation function as
a function of one variable

R(r) = E(X(1)X™(0)),

and it can be easily seen that R is nonnegative definite. Furthermore, we assume
that X is mean square continuous, which implies that R is continuous. Then the
correlation function R has the representation

1 [ .
R(r) = o= [ o7 dpfw),
27 )

for a positive and finite measure u. For details and further facts about wide-sense
stationary processes we refer to the standard literature, for example [127] or [128].
We additionally assume that the measure p is absolutely continuous with respect
to the Lebesgue measure ), which implies that there exists a function S € L*(R)
such that dg = S d\. Furthermore, since p is positive, it follows that S(w) > 0
almost everywhere (a.e.). S is called the power spectral density. We say the wide-
sense stationary process X is bandlimited with bandwidth ¢ > 0, if R can be
extended to an entire function, and for all € > 0 there exists a constant C'(e) with
|R(2)| < C(e)exp((o+e€)|z]) for all z € C. It follows that almost all sample functions
are entire functions of exponential type at most o [121].

Definition 5.1. We call a bandlimited wide-sense stationary mean square continuous
process an I-process if its correlation function R has the representation

1 [m .
R(t) = — S T d 5.1
(1= 5 [ Sy dw, (5.1
for some S € L'[—n, 7). Further, if R has the representation (5.1) then the function
S is unique. Note that the fact S(w) > 0 a.e. will be essential for the proofs. “I”
stands for integrability.

5.2 Behavior of the Mean Square Error

In this section we analyze the reconstruction of I-processes X from their samples
{X (k) }rez using the symmetric Shannon sampling series

% X(k)sm(ﬂ(t - k))) (52

Pt 7(t —k)
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N € N, and the non-symmetric Shannon sampling series

N sin(7(t — k))
k;MX(k:)W, (5.3)

M,N € N.

One basic question, which has been studied from the beginning, is how well the
I-process can be approximated in the mean square sense by using (5.2) or (5.3), and
whether the approximation error converges to zero if more and more samples are
used for the approximation, i.e., if N, or M and N, tend to infinity in equations
(5.2) and (5.3), respectively. Of course, such a behavior would be desirable and is
intuitively expected for the symmetric as well as the non-symmetric sampling series.
The early researchers who studied the convergence behavior of the Shannon sampling
series for stochastic processes were probably also led by this intuition, and therefore
thought that there is no difference in the convergence behavior of the symmetric and
the non-symmetric sampling series [65,124,129].

As for the symmetric sampling series, it is well known [124] that for all I-processes
X and 0 < 7 < oo fixed, we have

N

. B sin(m(t — k)) _
i O k;NX W —n 0 (54)

i.e., the variance of the reconstruction error of the symmetric Shannon sampling
series is bounded on all compact subsets of R and converges to zero as N — oo. It
was believed that this result is equally true for the non-symmetric Shannon sampling
series.

Disregarding the differences between the symmetric and the non-symmetric Shan-
non sampling series, Brown claims in the introduction to [124] that

N . 2
EX(t)— 3 X(k)w (5.5)

converges to zero for all I-processes X . In Theorem 5.5 we will see that this is not true.
However, the theorems in [124] concerning the upper bounds on the mean square
approximation error are correct, because in the theorems additional assumptions on
the I-processes are made. One assumption is that S is continuous, and the other
is that a guard band is present. So, for a restricted class of I-processes we have
the mean square convergence of the non-symmetric Shannon sampling series. In
Theorem 5.5 we will completely characterize this subclass, i.e., the I-processes for
which the “claim” in the introduction to [124] is true, by giving a necessary and
sufficient condition for the convergence of (5.5).
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5.2.1 Symmetric Shannon Sampling Series

In this section we analyze the convergence behavior of the mean square approximation
error of the symmetric sampling series.

Theorem 5.2. Let X be an I-process. We have

2
sm (t —k))
s x0 - 2 xS EER <o
if and only if the power spectral density S satisfies
s w 2
/ S(w) |log (2 cos <2>) dw < o0. (5.6)
If (5.6) is not satisfied, then we have
N . PR 2
lim maxE |[X(1)— > xSRI R)
N—oo teR Wy w(t —k)

We have seen in (5.4) that the variance of the reconstruction error converges to zero
on all compact subsets of R. However, this is not enough in order to characterize the
global approximation behavior of the Shannon sampling series. Although E|X (¢)[?
is constant, there are I-processes such that

2

max E
teR

sm w(t —k))
ZX i)

is unbounded as N goes to infinity.

Theorem 5.2 shows that the variance of the reconstruction error is uniformly
bounded on all of R if and only if the power spectral density satisfies (5.6). Conse-
quently, if (5.6) is satisfied, we do not only have perfect local convergence, but also
good global convergence behavior.

Remark 5.3. Of course we can neither expect the symmetric nor the non-symmetric
sampling series to be globally uniformly convergent in the mean square sense. This
is because X is an I-process and hence

E|X ()| 7/5 ) dw = O,

where (] is a constant that is independent of ¢ € R. Thus, for all M, N € N we have

1 T
= %/_WS(w) dw,

2
lim E | X

t—o00

Sln (t —k))
ZX i)
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and consequently

max E

2
1 s
> — .
teR - 27 /_W S(w) dw

N . .
X0~ 3 XTI
k=—M

m(t —

In order to prove the theorems, we need Lemma 5.4, the proof of which is given in
Appendix A.9.

Lemma 5.4. There exists a constant Cy such that

N sin(r(t = k)
2 e Tt — k)

k=M

Si

2
log (2 cos (w))‘ + Cy
U 2

forallte R, M|\N € Z, M < N, and w € [—7,7].

Now we are in the position to prove Theorem 5.2.

Proof of Theorem 5.2. First, we prove the “<=” part of the “if and only if” assertion.
Then we prove the second assertion of the theorem. But the second assertion implies
the “=-" part of the first assertion. Then the entire theorem will be proved. Note
that the fact that S(w) > 0 a.e. is essential for the proof.

“«<=": Suppose (5.6) is true. Then we have

Y wirte— i)'
E|X(t) — ;NX(IC) P
v co-nl )"
1 T iwt iw sin(7(t —
— %/_WS(M) et — ;Ne k — dw
(X s 1/2 L[m N esin(r(t — k) ’ 1 v
< (g [s@ra) g [ st 30 SEER a

k=—N

The last inequality follows by Lemma 5.4, the assumption (5.6), and the fact that
S € LY[—n,7]. This completes the proof of the “<" part of the first assertion.
“=": Now suppose (5.6) is not satisfied, i.e.,

/_7; S(w) |log (2 cos (;}))

2
dw = 0.




128

5 Stochastic Processes

Let N € N be arbitrary. Since

1/2
E|X(t) - ﬁ X(k)Sin;Z;(t—k)k)) i
k=—N
1 L esin(w(t — k) ’ v
= %/_WS(W) et — :Z_Ne‘” k) dw
9 1/2

> | o [ s S e

- k=—N

it is sufficient to analyze

™ ok Sin(mw(t — k)
/ S(w) Z ek 22 M duw
o My w(t — k)
FortN:N+%andO<5<7rwehave
2
m N _ T N o _1\N—k
/ S(w) Z elwk Sln(ﬂ-(tN k)) dw = / S(UJ) Z elwk ( 1) - dw
o Pt w(ty — k) —r P m(N+5—k)
T 2N . _1\k
:/ S(w) elwk 7( D) T dw
-7 k=0 7T(]€ + 5)
0 S G
> S(w e —— | dw
- /71'+5 @) kz% m(k+ 3)
and consequently
N 9 1/2
T iwk sin(w(t B k)
max LﬂS(w) k;Ne o=k dw
T N . ( (t k?) 2 1/2
S Sl wk sin(m(ty — dw
N -7 ( ) k_i_:N ﬂ-(tN_k)
2 1/2
> ‘/W_(S S ) %eiwk (_1)k d
w w
T\ Jorqs s m(k+3)
" 2N (—1)* 2 1/2
> / S(w elwk dw — (Y,
—+5 1 7k
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because
N N iw N iw
$X g (C1F|  [$2 et (1 L ) N
—~ Tk | T|Z o ko k+1 = w(k+3)
B 2N eiwk(_l)k 1 2N eiwk( 1)k
o2 k(k+3)| |kt 3)
2N k
wh  (—1)
< C5 + elwki )
2 D
It follows that
v 9 1/2
lim inf max / S(w) Z elwk sin(r(t — k) dw
N—oo teR | J_x Pt w(t — k)
w0 o ik (=1 i v
> lim inf S 1w d -C
st | [ s@)|3 e 00 4] -G
1 T—0 w 2 1/2
> — / S(w) (log (2 cos ())) dw — Cs, (5.8)
™ —7+8 2
where we used Fatou’s Lemma [78, p. 23] and
N (—1)* ’ 1 w ™\ 2
B iwk \
l}ﬂglof kZ::le prs > — ( log (2 cos <2>)‘ - 2> (5.9)
for |w| < m. Equation (5.9) follows from
o eiwk 1 i
-> = —log(2 — 2cos(w)) + = sgn(w)(jw| — m)
Sk 2 2
= log (1 — ei‘”>
for w € [—m, 7], w # 0, which is a consequence of 1.441 in [130], the identity
sin (w ;_ F) = cos <;) , (5.10)

and the fact that
log(1 — )| >

log (2
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for w € [—m, 7], w # 0. Combining (5.7) and (5.8) leads to

o\ 1/2
sm k
i inf e | B[ Z X
| b . 9 1/2
> <27r3 -/—7r+<5 S(w) (log (2 cos (2>>> dw) - Cy. (5.11)
Since (5.11) is valid for all 0 < § < 7, the proof is complete. O

5.2.2 Non-Symmetric Shannon Sampling Series

The convergence of the non-symmetric sampling series is treated in the next theorem.

Theorem 5.5. Let X be an I-process. Then for all 0 < 7 < oo we have

N sin(r(t — k)) ’

N}\}[n_lwmern[_a:::ﬂ E|X() - k:z_:MX<k) w(t —k)

=0

if and only if the power spectral density S satisfies (5.6). If (5.6) is not satisfied,
then we have

2

sm —k
]lérjr\l/fs_lgiE Z X(k (t(—k))) = 00 (5.12)

forallt e R\ Z.

Theorem 5.5 gives a necessary and sufficient condition for the local uniform
convergence in the mean square sense of the non-symmetric sampling series. That
is, the non-symmetric sampling series is locally uniformly convergent in the mean
square sense if and only if the condition (5.6) on the power spectral density is
satisfied. This highlights the difference between the non-symmetric and the symmetric
Shannon sampling series, where we always have—according to (5.4)—local uniform
convergence, regardless of the power spectral density S.

The symmetric sampling series is a special case of the non-symmetric sampling
series with M = N. Thus, some properties of the symmetric sampling series can
be inferred from the properties of the non-symmetric sampling series. For example,
according to the definition of the convergence of the non-symmetric sampling series,
the convergence of the symmetric sampling series follows directly from the convergence
of the non-symmetric sampling series. However, the divergence of the non-symmetric
sampling series does not imply the divergence of the symmetric sampling series.
This is because M and N can tend independently to infinity in the non-symmetric
sampling series. In Section 5.3 we will give an example of a power spectral density
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for which the mean square approximation error of the non-symmetric sampling series
diverges for all ¢ € R\ Z, whereas the mean square approximation error of the
symmetric sampling series converges to zero uniformly on all compact subsets of R.

For the proof of Theorem 5.5 we need Lemma 5.6, the proof of which is given in
Appendix A.10.

Lemma 5.6. Given any e > 0, 0 < § < w, and 7 > 0, there exist two natural
numbers Nog = No(e,0,7) and My = My(e,d,T) such that for all N > Ny, M > My,

it _ ivj ok sin(w(t — k))

—F) <e

max max
te[—7,7) |w|<m—§

k=—M

Proof of Theorem 5.5. “<”: Let 7 € R with 0 < 7 < oo be arbitrary but fixed.
Since (5.6) is satisfied, for any € > 0 there exists a 0 < dy < 7 such that
1

o /7r—50§|w§7r S(w) [log (2 cos (;))
log (2 cos (;))‘ >1

for all |w| € [r — do, 7] . Now let dy be fixed. Then for ¢ € [—7, 7] we have

2
dw < € (5.13)

and

N sin(ﬂ(t—k:))2 ’
E|X(t) — X(k)—————2~
(t) ;M (k) r—
| L A
N e W) lelwt — elwk St — W
N 2 /w§7r—60 S( ) k‘:z—:M 7T(t — k) d
| N esine -k )
. W) leiwt — ik SINTAE 7 K)o ,
27 /7r—60<|w|<7r S) k:z_:M m(t—k) d (5.14)

The first term on the right-hand side of (5.14) can be upper bounded as follows: By
Lemma 5.6 we know that, given any e > 0, there are two constants Ny = Ny(€, 0, 7)
and My = My(e, 6, 7) such that for all N > Ny and M > M,

N .
max max |e“— Z ek 781H(7T(f k) <e.
te[—7,7] lw|<m—d0 Pt m(t — k)
It follows that
1 o e\
7/ S(UJ) eiwt _ Z eiWk w dw S 086-
27 Jyw|<r—6o ey w(t — k)
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The second term on the right-hand side of (5.14) gives

D=

2
N .
1/ S(w) et — 3 eiwkw dow
2 m—8o<|w|<m Py W(t—k)
1
! / S(w) dw |
<|== w
—\27 8o <|w|< v
1 v we-if )
o oosin(m(t —
+ 7/ S(w ek T ) dw
2w T8 <|w|<m ( )k;M W(t—k)

The first term is smaller than ¢, and for the second term we obtain

1
2 2
dw

N

i S (t = k)
2 o w(t — k)

e (§)] ) o)

were we used Lemma 5.4 in the second to last inequality and (5.13) in the last
inequality. Combining all partial results, we get

1
-/ S()
2T =00 <|w|<T ke M

< <1 / S(w) (2
27 Jr—so<|w|<n ™

S 0967

N|=

2
sin(w(t — k))

= (t — k)

< (Cs + 1+ Cy)2e?

N
X(t) - > Xk
k=—M

for all N > Ny, M > My, and t € [—7,7]. Since € was arbitrary, this part of the
proof is complete.

“=": Analogously to the proof of Theorem 5.2 it is shown that if (5.6) is not
satisfied then

2
1T ot N gk SI(TE—R)) [
Jim oo [ st e 2t Ty | dem
for all t € R\ Z. This is equivalent to
N osinGr(t — K) [
. sin(m(t —
ngnooE‘X(t)—;X(k) =y ' =00 (5.15)

for all ¢ € R\ Z, and (5.15) implies the assertion (5.12). O
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5.3 Discussion

As we have seen, is important to know when (5.6) is satisfied and when it is not.
There are several special cases where (5.6) is true. One important case is when S is
continuous and another is the case when S € LP[—m, 7], 1 < p < co. According to
Holder’s inequality we have for 1 <p <oo, 1/p+1/q=1,

/_7; S(w) [log (2 cos (;)) i dw
< (/_Z(S(W))p dw)l/p (/_7; log <2 cos (C;)) . dw) 1/‘1' (5.16)

In both of the cases—S is continuous or S € LP[—m,m]—the first term on the
right-hand side of (5.16) is finite. It remains to show that the second term on the
right-hand side of (5.16) is finite. For » > 1 we have

/_7; log (2 oS (;))) ' dw
= /i; log (2 coS <g)> ' dw + 2/3; [— log (2 coS (;))T dw.  (5.17)

Since [log (2 cos (w/2))|" is continuous on [—37/4, 37 /4], the first summand on the
right-hand side of (5.17) is finite. Furthermore, since cos(w/2) > 1 — w/m for all
w € [37/4,7], it follows that

2 {—log<2cos(w>>] dw§2/ {—log<2—2w)} dw
3 2 3 T

= / u" e du < oo, (5.18)
log(2)

where we used the substitution u = —log(2 — 2w/7) in the second to last line. So
we have (5.6) if S is continuous or if S € LP[—-m, 7|, 1 < p < 0.

On the other hand there are power spectral densities S € L'[—m, «r] for which (5.6)
is not satisfied. One example is given by

1
() (105 (345))

Si(w) =

The short calculation

w

T 27 1
[ﬂysl(w)| dw :/0 W dw

|
log(2) U
1
= — <X

log(2)
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shows that S; € L'[—m, 7). Next, we show that (5.6) is not satisfied for S;. We have

/_7r S1(w) |log (2 cos (;))

_/—f |log (2cos (%)  dw +/ [log (2 cos (%)) dw.

(w4 ) log(w+7r 7 (w+m) g(%)f

2
dw

The second integral is finite because

™ |log (2 cos (ﬂ))’2 . ™ |log (2 cos (%))|2
/—‘T (w+m) (log (w+n))2 . /‘SI 7 (log(2))*

according to (5.18). Furthermore, since

[F oseosGNE g, F_Molrnl
T (wem) (log (7)) 7 (wtm) (log (5))

:/00 (u — log(4m))? dw
1

0g(16) u?
Z/ u — 2log(4m) do
log(16) Uu
>~ 1
> [log(16) — 2log(47r)]/ — dw
log(16) U
= OO,

where we used the inequality cos(w/2) < (w + 7)/2, w € [—m,—37/4], and the
substitution u = log(47/(w + 7)), we obtain that

/T; S1(w) |log (2 cos (;))

Further discussion about the differences of the symmetric and the non-symmetric
sampling series, together with a review of the historical development of this problem
in the literature can be found in [17].

2
dw = o0




Impact of Thresholding and
Quantization

The principle of digital signal processing relies on the fact that certain bandlimited
signals can be perfectly reconstructed from their samples. This is only true if the
sample values are known exactly. However, in real applications this can never be
realized. One reason is that the quantization process in analog to digital conversion
only has limited resolution and thus the samples of the digital signal are always
disturbed by a quantization error in practice [131,132]. In addition to this quantiza-
tion error, there are often other reasons, which lead to disturbed samples, and thus
render a perfect signal reconstruction impossible.

In this chapter, we consider two non-linear distortions of the samples and analyze
their effect on the reconstruction behavior of the sampling series. The first is the
threshold operator and the second is the quantization operator.

The threshold operator that we consider here differs from the often analyzed
clipping operator [100,133,134]. We do our analysis for the threshold operator
that sets all sample values whose absolute value is smaller than some threshold to
zero, because few results are available for it, and because it has several interesting
applications.

One application where the threshold operator is important is sensor networks. It
is most natural to employ sampling theory in the performance analysis of sensor
networks [135, 136], because the measurements of the sensors are nothing but a
spatio-temporal sampling of the signal. The sensors sample some bandlimited signal
in space and time and transmit the samples to the receiving signal processing unit.
Then, using these samples, the receiver tries to reconstruct the signal, perfectly or
at least approximately if a perfect reconstruction is not possible. In order to save
energy, the sensors transmit only if the absolute value of the signal exceeds some
threshold § > 0. Thus, the receiver has to reconstruct the signal by using only the
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samples whose absolute value is larger than or equal to the threshold 9.

The second distortion that we consider is the quantization operator. Due to its
high practical importance, the analysis of the quantization error has gained a lot
of attention in research. Often, the quantization operation is modeled as additive
white noise [137,138]. However, it turned out that this noise model is not always
satisfactory because it can lead to false predictions [139,140].

Since quantization is a deterministic process it is interesting to have a deterministic
analysis in addition to the statistical approaches. The deterministic analysis is difficult
because of the non-linear nature of the quantization operator, but it reveals some
properties of the quantization process, which cannot be analyzed with the additive
noise description of the quantization error.

There are numerous publications discussing the approximation error of sampling
series in the presence of additive noise in the samples [70, 138]. However these
publications do not consider the deterministic nature of the quantization. Only
few publications treat the quantization error deterministically. One is [141], where
the quantization error is analyzed for absolutely integrable bandlimited signals and
certain non-bandlimited signals. Another paper is [142]. There the accuracy of analog
to digital converters with oversampling is analyzed for bandlimited signals with finite
energy. In [62,79] the interpolation problem is analyzed for non-uniform quantized
samples and a subset of the bandlimited signals with finite energy. Moreover,
oversampled analog to digital conversion in shift-invariant spaces is treated in
[143]. [132] discusses the effect of quantization threshold uncertainties in pulse code
modulation and XA modulation analog to digital converters. An extensive account
of the history of quantization and the discussion of several developments can be
found in [131].

Those of the above publications which treat the quantization deterministically all
concentrate on bandlimited signals with finite energy, or subspaces thereof. We do
the analysis for the spaces B2, 1 < p < oo, and PWE, 1 < p < o0, i.e., in particular
we also treat the signal spaces 771/\/,1r and BP, 2 < p < oo, which are larger than
PW?2.

6.1 Threshold and Quantization Operator

The first distortion is the threshold operator. For complex numbers z € C, the
threshold operator x5, 0 > 0, is defined by

2 J2l >0,
K§z =
0, |z| <.

The thresholding characteristic for real numbers is depicted in Fig. 6.1. Furthermore,
for continuous signals f : R — C, we define the threshold operator 4 pointwise,
ie, (O5f)(t) = ksf(t), t € R. The threshold operator s is applied on the samples
{f(k)}rez of bandlimited signals f, which gives the disturbed samples {5 f(k)}rez.
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Figure 6.1: Thresholding characteristic.

This is, of course, equivalent to applying the threshold operator ©4 on the signal f
itself and then taking the samples, i.e., {(Osf)(k)}rez.
The resulting samples {(Osf)(k)}rez are used to build an approximation

Aan))= 3 @by p)

k=—o0 7T(t
> f(k)smiz(t_kf ) (6.1)

k=—o00

|f(k)[=6

of the original signal f. By As we denote the operator that maps f to Asf according
to (6.1).

In general, Asf is only an approximation of f, and we want the reconstructed
signal Asf to be close to f if § is sufficiently small. Since the series in (6.1) uses
all “important” samples of the signal, i.e., all samples that are larger than or equal
than 4, one could expect Asf to be a good approximation for f, at least if § is small.
However, we will see that this is true only for certain signal spaces.

The second non-linear operator that we consider in this thesis is the simple but
frequently used uniform mid-tread quantization, where each complex number z € C
is quantized to g5z, depending on the quantization step size 26 > 0, according to the

rule
Rez 1 Imz 1 .
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Figure 6.2: Quantization characteristic.

where |z] denotes the largest integer smaller than or equal than z. As can be seen
in (6.2), the quantization is done separately for the real and the imaginary part of z.
The quantization characteristic for real numbers is depicted in Fig. 6.2. Furthermore,
for continuous signals f : R — C, we define the quantization operator Ts pointwise,
ie., (Ysf)(t) = gsf(t), t € R. For example, if the sample f(k) is a real number and
f(k) € [(20 — 1), (2L + 1)0) for some [ € Z then (Tsf)(k) = 214.

As in the case of the threshold operator, the resulting samples {(Ysf)(k)}xez are
used to build an approximation

Ban)(0= > (e 2m k)

k=—o00

(6.3)

of the original signal f.

The convergence of the series in (6.1) and (6.3) for signals f € BE, 1 < p < oo,
and signals f € PWP 1 < p < oo, is unproblematic. All these signals have the
property that lim_,, f(t) = 0, i.e., for every signal in these spaces and every ¢ > 0
there exists a tg = to(d) such that |f(t)] < ¢ for all [t| > tg. As a consequence,
we have (O5f)(k) = 0 and (Ys5f)(k) = 0 for all |k| > to. Hence the series in (6.1)
and (6.3) have only finitely many summands, which implies that A;f € PW?2 and
Bsf € PW2. In general, Asf and Bsf are only approximations of f, and we want
the approximation to be close to f if § is sufficiently small.

The effect that Asf and Bsf have only finitely many samples can be interpreted



6.1 Threshold and Quantization Operator 139

as a truncation of the Shannon sampling series

S oyt k)m
k=—00

This truncation is controlled in the codomain of the signal because only the samples
f(k), k € Z, whose absolute value is larger than or equal to some threshold § > 0
are taken into account. As § tends to zero, more and more samples are used for
the approximation. Normally, the Shannon sampling series is truncated in the
domain of the signal by considering only the samples f(k), k = —N,..., N. For this
kind of truncation and signals f € PW}T we have according to Brown’s Theorem
(Theorem 3.6) that

sm k
(S D) Z (Crau (6.4
m(t — k)
converges uniformly on compact subsets of R as N goes to infinity. It follows that
for all 7 > 0 there exists a constant Cy such that

sup sup|(Sn f)(t)] < C1

1 llpyys <1 NEN

for all t € [—7,7].

In contrast, we will see in Corollary 6.23 that, for f € PW}T, Asf and Bsf behave
completely different compared to (6.4). This shows that for signals in PW} there
is a significant difference between the truncation of the Shannon sampling series
controlled in the codomain and the truncation controlled in the domain.

The approximation processes (6.1) and (6.3) are difficult to analyze because the
threshold operator ©4 and the quantization operator Y4 are both non-linear. As a
consequence, As and By are non-linear operators. Further properties of As and By
are as follows. We only state and prove them for As, nevertheless, they are equally
true for Bs.

1. For every d > 0, As is a non-linear operator.

2. For every 6 > 0, the operator As : (PWL, |- llpw1) — (PWh, |- |lso) is
discontinuous, i.e., there exist a signal f € PW}r and a constant Cy > 0 such

that for every e > 0 there exists a signal g. € PW. satisfying || f — Gellppr <€
and ”A5f - A596||oo > 02-

3. Property 2 implies that As : (PWL, || [lpy1) = (PWE, ||+ [l py1 ) is discontin-
uous for every § > 0.

4. For some f € PW}T, the operator As is also discontinuous with respect to 9,
i.e., there exist a signal f € PW! and a t € R such that

lim (Asnf)(t) # (Asf)(2).
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Proof. The proof is straightforward, but included for completeness. Proof of Prop-
erty 1: For f(t) = §sin(wt)/(nt) € PWL we have

_ 1dsin(nt)

0= (4d) 0 # 5400 = 37

Proof of Property 2: Let f(t) = &sin(nt)/(rt) € PWL and e > 0 arbitrary but fixed.
Then, for

ge(t) = {(1 —55)f(t), e<1,

(1—g5)f(t), ex1,

we have || f = gellpwr < 55l fllpwr < e and [|Asf = Asgelloo = |45 flloo = [| flloc = 4.
Proof of Property 4: Take f(t) = dsin(wt)/(nt) € PWL. Then, for all b > 0, we
have (Asipnf)(t) =0, but (Asf)(t) = dsin(nt)/(nt). O

6.2 Signal Approximation under Thresholding and
Quantization

According to the previous discussion, for fixed § > 0 and f € B2, 1 < p < o0, or
fePWP 1 <p<oo, we always have Asf € BX° and Bsf € B and consequently
| A5 flloc < 00 as well as || Bsf|lco < co. However, it is not clear whether, for fixed
0 >0, ||[Asfllco and ||Bsf||co are bounded on all bounded sets of signals. This
would be a necessary precondition for the practical application of the approximation
processes As and By, because otherwise the peak value of Asf and By f could increase
arbitrarily, even though the norm of f is bounded by some fixed constant.

The following theorem shows that the norms ||Asf||zz and || Bsf||ge are uniformly
bounded on all bounded sets of signals f € BE, 1 < p < oc.

Theorem 6.1. Let 1 < p < oco. For all f € B and all § > 0 we have

[Asfllge < C3(p)l fllpe (6.5)

and

1Bsfllgz < Ca(p)|l £l (6.6)

where C3(p) and Cy(p) are constants that depend only on p.
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Proof. Let f € B2, 1 < p < oo, and § > 0 be arbitrary but fixed.
First, we prove (6.5). According to (3.14) we have

o 1/p
1A fllsz < Crp) | D I(@af)(k)|p>

1/p
=Cr(p) | D !f(k)|p>

|f (k)| =6

k=—o00

. 1/p
<Cr(p)| > If(k)l”)

< Cr(p)

L

which completes the proof of (6.5).

Next, we prove (6.6). By the definition of the quantization operation, we have

[(Tsf)(k)| < 2f (k)|
for all k € Z, and it follows that

. 1/p
1Bsfllsz < Cr(p) ( > \(Tsf)(k)|p>

k=—o0

o 1/p
< 2CRr(p) ( > If(k)\”)

k=—0oc0
2Cr(p)
CL(p)

<

/1|52

where we used (3.14) again.

(6.7)

O]

Remark 6.2. The Plancherel-Pdélya theorem, which we used twice in the proof, is
only true for 1 < p < co. Therefore, the spaces B with p =1 and p = oo cannot be
treated with the above proof technique. In fact, it is true that Theorem 6.1 does not

hold for BL and B.

An immediate consequence of Theorem 6.1 is the following corollary, which shows
that, for 1 < p < oo, the peak value of Asf and Bsf is bounded on the set
{feBy:|fllge <1} This behavior cannot be taken for granted. We will see in

Theorem 6.9 that we do not have this nice behavior for the signal space PW}F.
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Corollary 6.3. Let 1 < p < oo. For all § > 0 we have

sup || Asflloo < 00
Hf”gggl

and

sup [ B5 flloc < o0.
Ifllgp <1

Due to the boundedness of the operators As : BZ — B2 and B : B — BE for
1 < p < ooandall §d >0, it is—in principle—possible to approximate f € B2,
1<p<oo, by Asf and Bsf.

Further, the following theorem shows that for fixed f € BP, 1 < p < o0, Asf and
Bsf have a good behavior with respect to . The approximation error tends to zero
as § goes to zero. This is in accordance with the common intuition that a decreased
quantization step size and a decreased threshold improves the approximation accuracy.
Theorem 6.4 is important because we will use it in Section 6.3.1 to prove Theorem 6.16.

Theorem 6.4. Let 1 < p < co. For all f € BE we have
lim £ — A5 f 15z = 0 (68)
0—0

and
lim [/ — By fllgy = 0. (6.9)

Proof. Let f € B2, 1 < p < oo be arbitrary but fixed.
First, we prove (6.8). For § > 0 we have

. 1/p
If = Asfllgz < Cr(p) ( > If(k) - (@m(k)”) , (6.10)

h=—o0 =us (k)

according to (3.14). Moreover, since |us(k)| < |f(k)|, for all k£ € Z and all § > 0, we
see that us(k) is dominated by |f(k)|, and since

S < (We) oo (6.11)
il CL(p)

where we used (3.14) again, it follows that {|f(k)|}xez is in IP. Using Lebesgue’s
Dominated Convergence Theorem [144, p. 463] and the fact that lims_,o us(k) = 0

for all k£ € Z gives

o 1/p o 1/p
3 p —_— 1 p =
;135( > lus(h)] ) (Eoowggréw(k)r ) 0.
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Therefore, we obtain

1/p
i/ — Asfllgy < Cn(p hm(zm ) o,

k=—o00

which completes the proof of (6.8).
The proof of (6.9) is analogously. For § > 0 we have

1/p
|f = Bsfllge < Cr(p ( S If (k) = (Ysf) (k)P ) : (6.12)
h=roo =v5 (k)

Since

lvs(k)| = [f (k) = (Tsf)(F)]
< [FR)+[(TsF)(R)]
< 3/ (R,
for all k € Z and all § > 0, we see that vs(k) is dominated by 3|f(k)|. Clearly,

{|f(k)|}kez is in P by (6.11), and we have lims_,ovs(k) = 0 for all k € Z. Thus,
application of Lebesgue’s Dominated Convergence Theorem gives

. 1/p o 1/p
i 5 wor) = (£ i) "o

which, together with (6.12), leads to (6.9). O

Remark 6.5. For the proof it was important that we used (3.14) twice. Thanks to
the inequality on the right-hand side of (3.14) we were able to derive (6.10) and
(6.12), which transfer the difficult continuous-time approximation problem into an
easier to solve discrete-time problem that involves only the samples of the signal.
The left-hand side of (3.14) was used in (6.11) to show that {|f(k)|}rez is in IP.

Up to now we have discussed the approximation behavior of Asf and Bjf for the
spaces B2, 1 < p < co. Next, we will analyze their behavior for the Paley—Wiener
spaces PWP. 1 < p < oco. It will turn out that similar results to the above are
possible for these spaces.

Theorem 6.6. Let 1 < p < oco. For all f € PWE and all 6 > 0 we have

145 flloo < C5(®)[I.f lpyy2

and
Bs flloo < Co(p) fllpwe,

where Cs(p) and Cs(p) are constants that depend only on p.



144 6 Impact of Thresholding and Quantization

Proof. We only need to prove the case 1 < p < 2, because the statement for
2 < p < oo follows from the result for p = 2 and the facts that PWP C PW?2 for all
2 <p<ooand [[fllppz < ||fllpye for all f € PWE and all 2 < p < oo.

Let § >0 and 1 < pﬁg 2 be arbitrary but fixed. Since f € PWE it follows from
the Hausdorff-Young inequality [26, p. 19] that f € BZ and

1flls2 < Cr(@) fllpwe. (6.13)

where 1/p+1/q = 1. According to Theorem 6.1, which is applicable because f € BY,
we have

145 fllgz < C3()|| fllge

< C3(p)C7 ()| fllpe (6.14)
and
IBsfllgs < Ca(p)||fllge
< Ca(p)Cr (DI fllpye (6.15)
where we used (6.13) in the last inequality of (6.14) and (6.15). Since
[flloe < Cs(@)I £l (6.16)
for all f € B, the proof is complete. O

An immediate consequence of Theorem 6.6 is the following corollary.

Corollary 6.7. Let 1 <p < oco. For all § > 0 we have

sup || 45 fleo < 00
1 lpyyp <1

and
sup || Bs flloo < 00.
[l oy <1

Exactly as for the spaces B2, 1 < p < oo, we have the pleasant result that, for all
signals in PW?P, 1 < p < oo, the approximation error tends to zero as d goes to zero.

Theorem 6.8. Let 1 < p < oo. For all f € PWE we have
li —A =
tim||f — gl = 0

and

i~ By f e = 0.
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Proof. We only need to prove the case 1 < p < 2, because the statement for
2 < p < oo follows from the result for p = 2 and the fact that PWP C PW?2 for all
2 <p<Loo.

Let 1 < p < 2 be arbitrary but fixed. Since f € PW?E, it follows from the
Hausdorff-Young inequality [26, p. 19] that f € BZ, 1/p+1/q = 1, and Theorem 6.4
implies that

lim|| f — A =0
51 oH éfHBg
as well as

li - B =0.
i~ B/l

Due to (6.16), the proof is complete. O

6.2.1 Signal Approximation for ’I—"VV,Ir

We have seen that both Asf and Bsf can be used to approximate f if f belongs
to one of the Bernstein spaces B2, 1 < p < oo, or one of the Paley-Wiener spaces
PWP. 1 < p < oo. In contrast, for PW.L, As: PWL — BX and B; : PWL — B®
are unbounded operators for all 0 < § < 1/3 as the next theorem shows, and thus
cannot be used to approximate signals f € PW..

Theorem 6.9. For all 0 < < 1/3 we have

sup  [[Asflloo = 00 (6.17)
If 1 <1
and
sup || Bsflleo = 0. (6.18)
HfH'pw}rgl

We do not prove Theorem 6.9 here because it is a simple consequence of a more
general result, stated in Theorem 6.17 and Corollary 6.23 in Section 6.3.2.

Remark 6.10. Although Asf € PW?2 and Bsf € PW2, for all f € PW., we
have (6.17) and (6.18), which is no contradiction, because the maps f — Asf and
f = Bs[ are non-linear. Moreover, since || flloo < || fllpy1 < 1, the peak value of f

in Theorem 6.9 is bounded. Nevertheless, the peak value of Asf and Bsf can grow
arbitrarily large.

Remark 6.11. Theorem 6.9 gives the nice additional result that Theorem 6.1 cannot
be true for f € BX. Since PW.L C B, it follows that

sup [ Asflloo < sup [ Asf oo,
11l <1 I llge <1

and Theorem 6.9 implies that sup| ¢, <1ll4sf|lcc = 0o for all 0 < < 1/3.
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A direct consequence of Theorem 6.9 is the following corollary, which shows that
the peak approximation error can grow arbitrarily large on the set of signals f € PWLE
with || f|lpyy1 < 1, regardless of how small the threshold 0 is.

Corollary 6.12. For all0 < 6 < 1/m we have

sup [|f = Asflloo = o0

1 llpyyr <1

and
sup || = Bsflloo = 0.

£l <1

Theorem 6.9 and Corollary 6.12 demonstrate that As and Bs cannot be used to
approximate signals f € PW}T. For any given error level, we can find a signal with
norm || f[[py1 < 1 such that the peak approximation error exceeds this level.

For signals in PW., we have analyzed, so far, the behavior of A5 and Bj for fixed
0. The next theorem describes the behavior of Asf and Bsf as the threshold § tends
to zero.

Theorem 6.13. There exists a signal f1 € PW}r such that
lim sup| A f1]|oc = o0.
6—0

and
lim sup|| B f1 oo = 00.
6—0

Hence a reduction of the threshold § leads to an unbounded increase of the peak
reconstruction error for some signals in PWL. This behavior is counterintuitive
because one would suspect that the reconstruction behavior of Asf and Bjsf gets
better as the threshold § is reduced.

Remark 6.14. The divergence in Theorem 6.13 is with respect to the supremum
norm. However, for Asf it is also possible to strengthen the result to pointwise
divergence for every ¢t € R\ Z as the threshold § tends to zero. It can be shown
that (Asf)(t), t € R\ Z, diverges as § — 0 for some signal in f € PWL [22]. The
divergence of (Asf)(t) between the integers is remarkable because the approximation
behavior on the integer grid is best possible. For all t € Z, f € PWL, and 6 > 0 we

have |f(t) — (Asf)(t)] < 6.

Proof of Theorem 6.13. We give the proof for the quantization operator, i.e., for Bs.
The proof for As can be done analogously.
In order to construct the signal f; we use the functions

() = S hN(k)W’

k=—00
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where hy (k) = (—=1)*gn (k) and

1, k| < N,
gv(k) =2(1- ), N <[kl <2N,
0, k| > 2N.

as basic building blocks. Next, a sequence {n; };en of natural numbers is inductively
constructed. Let ny = 1 and N(k) = 2(k3), k € N. Furthermore, let n;11 be the
smallest natural number that is larger than n; and fulfills

1 N(ny) —1 1 1

n? N(u) -1 nd

We define the signal
<1
Z n2 hy (nl
=1 ng

First, note that f € PW}T, because

”lePWl <Z 2”hN prl <3Zf<oo
=1 " =

Next, fi(k), k € Z, is analyzed. Let r € N be arbitrary and |k| > N(n,) + 1.
For m < r we have n, > n,, + 1 and consequently n3 > n3, + 1. It follows that
N(n,) = 201 > 200t — 9. 2(0%) = 9N (n,,), which implies that |k| > 2N (n,).
Thus, for m < r, hy(,,)(k) = 0 and

> 1
|f1(k)| = ZthN(m)(k)’
I=r 'l

> 1
= ‘(_1)1@2 anN(nl)(k)|

i

l=r

1
= 29N (nr) + Z QgN(nl)
= r+1

2
n =r+1

IN

r

1 N(n,)—1 >
TR R

2
1 N(n,) -1 1
n2 N(n.) Npyp— 1

IN
S| =

For 4, with
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we have (Y5, f1)(k) = 0 for |k| > N(n,) + 1. For |k| < N(n,) and k even, we have

o 1 1
fi(k) = l; ;?gN(nz)(k) > F%QN(nr)(k) =2

and )
(Ts,f1)(k) = 26, > ol

T

because §, > 1/(2n2). Similarly, it can be shown that for |k| < N(n,) and k odd

(T, ) (k) < ——

n;
holds. This implies that
N(nr) .
sin(7(t — k)
B = S (T i)

k=—N(n;,)

and
| b=| 3 (-1)*
(Bs, f1)(N(ny) + 5)| = (Y5, f1)(k)
2 ‘ N m(N(n.)+ 5 — k)
N(nr)
1 1
>
sl 7(”72” k:zN:( T)N(nr)‘F%—k
1
> n? log(N(n,))
Ty

- log(2)

Therefore, we have
|Bs, f1lloo > 1y log(2) /m
and
lim sup||Bs f1||co > limsup||Bs, f1]|cc = 0. ]
0—0 r—00

6.2.2 Oversampling

We have seen that the threshold operator leads to a bad reconstruction behavior of
the Shannon sampling series for 731/\/71r if the samples are taken at Nyquist rate. It is
well known that oversampling with oversampling factor a > 1 can help to resolve
convergence problems, because better reconstruction kernels than the sinc-kernel
can be used [42,43,61,76]. Indeed, as shown in Theorem 3.17, for f € PWL, the
sampling series with oversampling and suitable kernel converges uniformly on the



6.2 Signal Approximation under Thresholding and Quantization 149

whole real axis to the signal f. As we will see in Theorem 6.15, oversampling can
also improve the approximation behavior in our problem, where the samples are
disturbed by the non-linear threshold operator.

However, often interest is not restricted to just reconstruction of signals, but
includes the approximation of outputs of stable linear time-invariant systems from
the samples of the input signals. This problem in connection with the threshold
operator is studied in Section 6.3. In Theorem 6.29 we will prove that oversampling
does not resolve the convergence problems in this case.

Next, we will analyze what happens in the case of oversampling, i.e., we consider
fe 771/\/,1r and a > 1. Using kernels ¢ € M(a), the reconstruction process with
thresholding has the form

0= 3 © (5o (- 5).

k=—o00

Again, as in the case without oversampling, the series has only finitely many samples,
which implies Af ,f € PW2_C PWL..
Now, we can show that A§ § 4/ exhibits a good approximation behavior for f € PWL.

Theorem 6.15. For alla > 1 and ¢ € M(a) we have

lim sup [[f ~ A3 o = 0.
=0 rePwl

Procf. For all ¢ € B and al f € PW, we have
50) - (4,00 ‘ - X @ (y)e @jﬂ
> s (2)e(-2)
b
PAEC)|

< 6Cs 9], (6.19)

Since the right-hand side of (6.19) neither depends on ¢ nor on f, we obtain

sup || f — A§ 4 flloo < 6Cs]|0l[5L (6.20)
FEPWL

and the assertion follows immediately after taking the limit on both sides of (6.20).
O
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Theorem 6.15 shows that oversampling leads to a reconstruction process that is
uniformly convergent on all of R for all signals in PW?., even if the samples are
disturbed by the threshold operator. This is in contrast to the situation without
oversampling where we have sup cpyyi [|f — Asfllc = oo for all 0 < ¢ < 1/3,
according to Theorem 6.9.

Thus, with oversampling we can use A§,f to approximate signals f € PWL.
Equation (6.20) gives an upper bound on the peak approximation error. This bound
can be made arbitrarily small by decreasing the threshold §. The constant Cg does
not depend on f, it only depends on the kernel ¢ and the oversampling factor a.
For practical applications where a certain ¢ is given, it is possible to compute this
constant and consequently the upper bound in (6.20).

6.3 System Approximation under Thresholding and
Quantization

In Chapter 4 we already motivated the system approximation problem. If the samples
{f(k)}kez are known perfectly we can use

N

N
> f(k)T(sine(- —k)(t) = > f(k)hp(t—k) (6.21)
k=—N

k=—N

to obtain an approximation of T'f. The conditions under which (6.21) converges to
Tf for f € PW. as N goes to infinity were analyzed in Theorem 4.26. In this section
we analyze the signal approximation problem, where the samples are disturbed either
by the non-linear threshold operator or by the non-linear quantization operator.
More concretely, we want to approximate T'f either by

ATR)®) = (A E) = S (©sf)(k)hr(t— k) (6.22)
k=—o00
or by
(BF [)(t) == (TBsf)(t) = > (Ysf)(k)hr(t — k). (6.23)
k=—0c0

In the following we will use the abbreviations A(;T :=TAs and B(;T := TBs.

The analysis of the approximation processes (6.22) and (6.23) is difficult, because
the operators A(;T and B:{ have several properties, which complicate its treatment.
Even though we list these properties only for A(;T, they are equally true for Bg.

1. For every § > 0, A? : PWL — PW2 is a non-linear operator.

2. For every 0 > 0, the operator AE;F : PW2 — PW?2 is discontinuous, i.e., there
exist a signal f € PW?2 and a constant Cy such that for every e > 0 there exists
a signal g. € PW?2 satisfying || f — gellpy2 < € and |ATf — A(;Tg€||7pwgr > (Y.
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3. Property 2 implies that AL : PWL — PW?2 is discontinuous for every § > 0.

4. For some f € PW}T, the operator AéT is also discontinuous with respect to 4§,
i.e., there exist a signal f € PW. and a t € R such that

(A5 nf)(B) # (A5 F)(1).

lim
h—0

The proofs are very similar to the proofs of the analogous statements for the operators
As and By in Section 6.2 on page 139, and thus are omitted here.

6.3.1 System Approximation for B?, 1 < p < oo

In this section we show that it is possible to approximate T'f by AL f and Bf f for
all feB2, 1<p<oo.

Theorem 6.16. Let 1 < p < oco. For all f € B2 and all stable LTI systems
T :BE — B we have

lim |7 — AT fllgp = 0

6—0 B

and
lim ||T'f — Bf f|lgz = 0.
6—0 4

Proof. From Theorem 6.4 we know that lims_,o||f — Asf HBﬁ = 0 and lims_,o||f —
Bsfllgp = 0. Since T': B — BE is a continuous operator, it follows that lims o7 f —
A(;TfHBg =0 and limgs_o||Tf — BanHBf, —0. -

According to Theorem 6.16 it is possible to use the series (6.22) and (6.23) to
approximate 7T'f for all f € B2, 1 < p < oo, and all stable LTI systems 7" : B2 — BP.
Here, the intuition that a decreased quantization step size and a decreased threshold
improves the approximation accuracy is true for f € B2, 1 < p < co. However, in
Section 6.3.2 we will see that, for f € PW?., the behavior is completely different.

6.3.2 System Approximation for 'PW},

In this section we analyze Al and BI for signals in PWL. Since it would be
cumbersome to write every sentence for A? and B:{ we subsequently write A? in the
text. Nevertheless, every information in this section that is true for A? is equally
true for BY.

Again, we are interested in knowing whether SUD||f|| . 4 <1|(AFF)(t)] < oo. The
following theorem gives a necessary and sufficient condition for this expression to be

finite. In Theorem 6.20 we will see that the same condition is sufficient for a good
approximation behavior of (AT f)(¢).
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Theorem 6.17. Let T : PWL — PWL be a stable LTI system, 0 < § < 1/3, and
t € R. Then we have
sup  |(A7 /)(1)] < o0

[/llpyyr <1
and
sup |(B5 f)(t)] < o0
[l pyy1 <1
if and only if
i |hr(t — k)| < oo. (6.24)
k=—o00

We defer the proof of Theorem 6.17 and present a corollary and a theorem, which
further discuss the approximation behavior of A(sT and B(;T.

Remark 6.18. Note that (6.24) is nothing else than the BIBO stability condition for
discrete-time systems.

Theorem 6.17 implies that the pointwise approximation error |(T'f)(t) — (AL £)(t)|
cannot be bounded on {f € PW. : [fllpwr < 1} if the stable LTI system 1" does
not fulfill (6.24).

Corollary 6.19. Let T : PWL — PWL be a stable LTI system, 0 < § < 1/3, and
t € R. If (6.24) is not fulfilled then we have

sup  |(TF)(t) — (A5 f)(#)] = o0

||f||73w71r§1

and
sup  [(Tf)(t) — (B f)(t)] = oo.

1 llpyys <1

Proof. We have

sup [(T)(t) = (AT = sup (((ATHOI =TI fllpws)

1111 <1 Il <1
> sup (A7 N =T
£l pyyL <1
and Theorem 6.17 implies that supy <A ) ()] = oo . O

Thus, if (6.24) is not fulfilled, the pointwise approximation error cannot be
controlled, regardless of how small the threshold ¢ is. Clearly, for fixed f € PWL,
(AT £)(t)| is bounded. However, according to Corollary 6.19, for any level L > 0 we
can find a signal f; € PWE with || filpy1 < 1 such that [(Tf1)(t) — (AL f1)(t)| > L.

On the other hand, if (6.24) is fulﬁlled,ﬂthen we have a good pointwise approxima-
tion behavior because the approximation error converges to zero as the threshold ¢
decreases.
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Theorem 6.20. Let T : PWL — PW?. be a stable LTI system and t € R. If (6.24)
is fulfilled then we have

lim sup |(TF)(t) — (A7 F)(t)] =

§—0 fePWL

and

lim sup |(Tf)(t) — (Bf f)(t)] = 0.
§—0 fePWL

Proof. Let t € R be arbitrary but fixed. From Theorem 4.31 we know that (T'Sn f)(t)
converges to (T'f)(t) for all f € PW2. Let U : PW?2 — C denote the continuous
linear operator

Uf = Zf Yhr(t — k).

k=—00

Moreover, we have

Z f(k)hp(t —k

k=—o00

Z |f (k)] |ho(t = K)

k:——oo

o)

< flpwr D 1hr(t— k)l

k=—o00

< o0
for all f € PWL., because (6.24) is fulfilled by assumption. Thus,
Z f(k)hr(t — k)
k=—0o0

defines a continuous linear operator U : PW. — C. Since U [=Uf=(Tf){) for
all f in PW?2, which is dense in PWl we can conclude that U is the unique linear
extension of U, and consequently U f = (T'f)(¢), i.e.,

Zf )hr(t — k)

k=—00

for all f € PWL.. Taking the supremum on both sides of

THO - AIHB = | S Flhet—k) = S (©sH)Fhr(t— k)
k=—0oc0 k=—o00
IS () = (@) k)t — )
k=—oc0
<5 S It — k) (6.25)
k=—00

proves the statement for A(;T. The proof for Bg is the same. O
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Remark 6.21. With (6.25) we have a universal bound for the approximation error
which is independent of f.

In order to prove Theorem 6.17 we need Lemma 6.22.

Lemma 6.22. For all stable LTI systems T : PWL — PWL 0 < 4§ < 1/3, and
t € R we have

5 & [e9)
5 2 Ihr(t=k) < o 1I(z‘lfspf)(?f)! < Y |hr(t = k) (6.26)
k=—o0 Pw}rg k=—o00
and
g Yo lhr(t =k < sup [(Bif)®)] <2 Y |hr(t—k). (6.27)
k=—o00 Hf”’pw}_rgl k=—00

Proof. The right inequality in (6.26) follows directly from

o0

((ATH®) = | X (©f)(k)hr(t - k)

k=—o00

< D FW)llh(t - k)]
HOE

< flpwr D hr(t = k),

k=—oc0
and the right inequality in (6.27) from

o

(BS N W= | > (Tsf)(k)hr(t — k)

k=—o00

< S 12t - )

k=—00

<2l fllpwe D |hr(t = k),

k=—o00

where we used (6.7) in the first inequality.

The left inequality in (6.26) needs some more reasoning. Let 0 < 6 < 1/3 and
t € R be arbitrary but fixed. Furthermore, let Z* = {k € Z : hp(t — k) > 0} and
Z=={ke€Z:hp(t—k)<0}. For0<n<1and N €N, consider the function

2N—-1 . .
h+(ta n, N) = k__%]:v—i_l h+(k7777 N)Wv
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where
14mn, keZTN[-N,N],
h+(ka777N): 1_777 keziﬂ[—N,NL
2B N <[k <2N.
We have
h+(t n N)—h+(t 0,N)+n i M_n i M
s Iy » Uy ey 7T(t _ k) ey 7T(t — ]{7) )
keZt kez-
=l (1) =y (t)

and it follows that
1B (o, N)llpwr < IIBT(,0, N) [l + mllun o + nlluyllppwr -

Since ||h*(-,0, N)|lpwr < 3, which is proved in the Appendix A.11, and Huj\r,HPW}T <
oo as well as |luy[lppys < oo for all N € N, there exists an no = no(N) with
0 <o < 1 such that [|A7 (-, 70, N)[|py1 < 3. Now, let g*(t) := 6h™(t,70, N). Note
that [|g¥[lpy1 < 1. We have

(AFg7)(t) = Z 9" (k)hr(t — k)

k=—oc0
lg* (k)|=6
N
=(1+mn0)s Y hr(t—k)
k=—N
kez+
N
>6 Y hp(t—k
ezt
and consequently
sup (AL f)(t)>6 Z ho(t — (6.28)
Hf||73W717<1 k=—oc0
kezt
Analogously to h*(t,n, N) we define
2N-1 .
_ _ sin(w(t — k
h (tanuN) = Z h (kanyN)W>
k=—2N+1
where
—(1+n), keZ N[-N,N],
h™(k,n,N)=<¢—(1-mn), keZ"nN[-N,NJ,
—2-H) N <k <2N,



156 6 Impact of Thresholding and Quantization

and the function g~ (t) := dh~(¢t,m, N), where 1 = m1(N), 0 < m; < 1, is chosen
such that [[A~(-,n1, N)|py1 < 3, which implies that ||g~|pyy1 < 1. Moreover, we
have

(AFg)(t) = Z g~ (k)hr(t — k)
k=—o00
lg~ (k)|=d
N
—(1+m)s > hr(t—k)
k=N
kez-

N
=(1+m)s Y |hr(t—k)|
k=—N
kez-

N
>6 > |hp(t—k
ez~
and consequently

sup (AL f)t) >0 Z |hr(t — k& (6.29)

||fH7)W71T<1 k=—00
kez—

Combining (6.28) and (6.29) finally gives

N

2 sup (AFf)t)>96 Z ho(t—k)+6 > |hp(t—k)
Hfl'pw711_<1 k=—N
kzez+ keZ~

=6 > |ho(t—k
k=—0o0

which completes the proof of the left inequality in (6.26).
The proof of the left inequality in (6.27) is essentially the same as the proof of the
left inequality in (6.26). O

Proof of Theorem 6.17. Theorem 6.17 follows directly from Lemma 6.22. O

The following corollary illustrates Theorem 6.17 and shows that even for common
stable LTT systems like the ideal low-pass filter there are problems because (6.24) is
not fulfilled.

Corollary 6.23. Let L, denote the ideal low-pass filter with hy, (t) = sin(wt)/(nt).
Then we have for allt € R\ Z and 0 < 6 < 1/3 that

sup  [(Af"f)(t)] = sup [(Asf)(t)] = oo
[l pyyr <1 [/l pyyr <1



6.3 System Approximation under Thresholding and Quantization 157

and

sup  [(Byf) ()= sup  [(Bsf)(t)] = oe.

0
1 llpyys <1 1oy <1

Proof. We have Y 72 _ _|hr, (t —k)| = oo for all t € R\ Z, and the statement follows
from Theorem 6.17. O

Here we see that the behavior of Asf for f € PWL is completely different to
the behavior for f € PWP 1 < p < oo, where we have supr”PnglHA(;fHoo < 00,

according to Corollary 6.7.

Corollary 6.23 shows that, for t € R\ Z and any § with 0 < § < 1/3, the
approximation error |(L.f)(t) — (AXf)(t)| = | f(t) — (Asf)(t)| can be arbitrarily
large depending on the signal f € PWL, ||f lpyyr < 1. This result is interesting
because on the integer lattice t = n € Z we have a good approximation behavior
of Asf. More precisely, for n € Z we have (Asf)(n) = (©f)(n), which implies
that sup,cz|f(n) — (Asf)(n)| < 26 and lims_,gsup,ez|f(n) — (Asf)(n)| = 0. Thus,
(Asf)(n) converges to f(n) for all n € Z and all f € PWL. However, for t € R\ Z,
Corollary 6.23 shows that |f(t) — (Asf)(t)| can grow arbitrary large.

Remark 6.24. With Corollary 6.23 we have also proved Theorem 6.9, the proof of
which was open until now.

Similar to Theorem 6.17, which characterizes the pointwise boundedness of
sup| g, <1l(AFf)(t)], we can also give a necessary and sufficient condition for

the uniform boundedness on the whole real axis.

Theorem 6.25. Let T : PWL — PWL be a stable LTI system and 0 < § < 1/3.
We have

sup || AT flleo < o0 (6.30)
11l pyyr <1
and
sup || BE flloo < 00 (6.31)
Iflpyr <1
if and only if
sup Z |hr(t — k)| < 0. (6.32)

0<t<1 =0

Proof. Theorem 6.25 follows directly from Lemma 6.22 by taking the supremum
sup;cg of all parts of (6.26) and (6.27) and the fact that Y 7o _ |hr(t—Fk)| is periodic
with period 1. O

Corollary 6.26. Let T : PWL — PWL be a stable LTI system and 0 < § < 1/3.
We have (6.30) and (6.31) if and only if hy € BL, i.e., if and only if

T

/mmvmh<m (6.33)
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Proof. According to Nikol’skii’s inequality [26, p. 49], (6.32) is true if and only if
2o hp(7)| dT < oc. ]

Remark 6.27. Note that (6.33) is nothing but the BIBO stability condition for

continuous-time systems.

The next corollary shows the good global approximation behavior of Al f if (6.33)
is fulfilled.

Corollary 6.28. Let T : PWL — PWL be a stable LTI system. If (6.33) is fulfilled
then we have
lim sup |Tf — AT flloo =0

§—o0 fePWL
and
lim sup ||[Tf — Bf f]lee = 0.
§—o0 fEPWL
Proof. Analogously to the proof of Theorem 6.20. O

We have seen that, for f € PW}” the class of stable LTI systems T that can be
uniformly approximated by A(;T and B(;T is given by the set of LTI systems with
hr € BL. This means that the class of stable LTI systems that are robust under
thresholding and quantization is exactly the class of bounded-input bounded-output
(BIBO) stable LTT systems.

6.3.3 Oversampling

In Section 6.2.2 we have seen that oversampling can be used to improve the con-
vergence behavior of the sampling series and to reduce the reconstruction error for
the case where the samples are disturbed by the quantization operator. However,
oversampling cannot remove the instability encountered in Theorem 6.17 and Corol-
lary 6.19. In [9] the following theorem was proved for the approximation process
with oversampling

Tapy oy _ N k _k
Aiznn = ¥ @ (5) o (1-7) (631
and the Hilbert transform 7= H.

Theorem 6.29. For alla > 1, ¢ € M(a), and 0 < § < 1/7m we have

H7
sup ||A5,¢af||oo =

”f“PW}r*

and consequently
H’
sup ||Hf — 145’(;]"||Oo = 00.

1 llpyp1 <
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Theorem 6.29 shows that the Hilbert transform cannot be approximated using
(6.34) and the samples of f € PW}” because the peak approximation error is not
bounded on the set of signals f € PW}. with || f|py1 < 1. For any given error level,
we can find a signal with norm || f||pyy1 < 1 such that the peak approximation error
exceeds this level. )

In Theorem 6.29 we used the Hilbert transform as one specific stable LTI system,
however, the result is not restricted to the Hilbert transform but is also valid for
other stable LTI systems. Of course there are stable LTI systems for which the error
is bounded and goes to zero as the threshold ¢ goes to zero. For example, if T is the
identity operator Id, we have according to Theorem 6.15 that

lim sup ||Idf — Agd’afHoo =lim sup [|f— A§,fllcc =0.
020 repwl “ 320 repwl “

Hence the class of stable LTI systems for which Theorem 6.29 is valid, is a subset of
all stable LTT systems.

6.4 Discussion

All the results in this chapter were obtained for equidistant sampling. It would
be interesting to extend the results to non-equidistant sampling. Ordinary non-
equidistant sampling series without quantization or thresholding were analyzed
in Section 3.3. However, the more general problem which treats the convergence
behavior of non-equidistant sampling series with sample values that are disturbed by
the threshold operator or the quantization operator is difficult to analyze and still
open. A first partial result towards the solution of this problem was obtained in [9].






Conclusion and Outlook

In this work we have studied the interplay between the analog and the digital worlds.
The goal was to better understand the fundamentals of signal reconstruction and
system approximation. We showed that many of the classical results can be extended,
e.g., to larger signal spaces or to non-equidistant sampling patterns, but also that
new problems occur.

The signal reconstruction and the system approximation problem in combination
with quantization, which is essential for practical applications, turned out to be
difficult to analyze because of the non-linearity of the quantization operator.

We have seen that the presence of stable linear time-invariant systems in the
approximation process in general negatively affects the convergence behavior when
compared to the signal reconstruction process without such a system. The conver-
gence of system representations cannot be guaranteed and has to be checked from
case to case. We provided sufficient and necessary conditions for the convergence.

Oversampling is generally known to resolve convergence problems and to improve
the convergence behavior of sampling series. Although it turned out that this is also
true for the reconstruction of signals in PW}” we have seen that oversampling cannot
correct the divergence that occurs in the sampling based system approximation.

The main contributions of this thesis are as follows.

e We identified limits.

We showed that the property of boundedness does not carry over from the
discrete-time signals to the continuous-time signals because there exist bounded
discrete-time signals for which a bounded bandlimited interpolation does not
exist. Even simple signal processing operations like truncation can lead to such
discrete-time signals.

We analyzed a large class of Nyquist set reconstruction processes, containing
the Shannon sampling series and the Valiron sampling series as spacial cases,
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and showed that a reconstruction that is uniformly convergent on compact
subsets of the real line and uniformly bounded on the entire real line is not
possible for PWL.

We studied representations of stable LTI systems on PWL. It turned out that
there exist stable LTI systems and signals for which the convolution integral
system representation diverges even in a distributional sense.

We showed that quantization and thresholding can lead to unexpected effects.
In particular, there exist signals in PWL such that the peak value of the
reconstruction error increases unboundedly as the quantization step size is
reduced. Moreover, it was shown that oversampling can improve this behavior.

We extended classical results.

We showed that the sampling series with oversampling is uniformly convergent
on the entire real line for all signals in PV, and that an elaborate kernel design
is not necessary as far as only convergence is concerned—even the Shannon
sampling series with slightly increased bandwidth has this good convergence
behavior.

We proved sampling theorems for non-equidistant sampling patterns and the
signal spaces By and B2°. These results extended the classical sampling
theorems towards more flexible sampling points and larger signal spaces.

We incorporated quantization and thresholding in the signal reconstruction and
the system approximation process and analyzed their behavior with respect
to the quantization step size. For the spaces BE, 1 < p < oo, and PWE,

1 < p < o0, we could prove that the reconstruction error goes to zero as the
quantization step size is decreased.

We characterized border cases.

For PW! we found a sufficient condition for the uniform convergence of the
Shannon sampling series without oversampling.

We completely characterized all the stable LTI systems on PW. for which a
convolution-type system representation is possible.

We identified the differences in the convergence behavior of the symmetric
and the non-symmetric Shannon sampling series for signals in PW. as well as
bandlimited stochastic processes (I-processes).

We characterized all I-processes for which the non-symmetric Shannon sampling
series converges locally uniformly in the mean square sense and for which the
variance of the reconstruction error of the symmetric Shannon sampling series
is globally uniformly bounded.

We completely characterized the stable LTI systems on 731/\/71r for which the
system approximation process with quantization or thresholding behaves well
with respect to the quantization step size.
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7.1 Outlook and Open Problems

There are also open problems that require further research.

e In this thesis we derived several results for sine-type sampling patterns. How-
ever, the convergence behavior of sampling series for general non-equidistant
sampling patterns is open in general, and the characterization of suitable
sampling patterns for different signal spaces is certainly a challenging task.

In particular the following open problems dealing with non-equidistant sam-
pling patterns were addressed in this thesis: In Section 3.3.5 we raised two
interesting unsolved questions. The first concerns the estimation of the peak
value of a general bounded bandlimited signal from its non-equidistant samples
and the second the stability of non-equidistant sine-type sampling patterns.
Another open problem was implicitly formulated in Conjecture 3.49, where
we conjectured convergence problems of the signal reconstruction process for
bounded bandlimited signals that vanish at infinity if the restriction to sine-type
sampling patterns is loosened and general complete interpolating sequences
are allowed. A confirmation of this conjecture would show the importance of
the restriction to sine-type sampling patterns for obtaining our results.

e Our analysis of the signal reconstruction and the system approximation with
quantization and thresholding in Chapter 6 was done only for equidistant
sampling points. Considering non-equidistant sampling patterns in this setting
seems to be even more intricate. It would be interesting to know whether there
exist complete interpolating sequences {tj }recz such that

o0

lim |Tf = 37 (©s)(t)Tex| =0

k=—o00 o

for all f € PWL. and all stable LTI systems T : PWL — PWL . If this is true,
it would imply that the problems that we encountered in Theorem 6.13 for
equidistant sampling and the identity operator could be avoided by cleverly
choosing the positions of the sampling points.

e The behavior of the system approximation process with thresholding and
oversampling (6.34) was studied in Section 6.3.3 for fixed threshold § and
varying signals in PW.. Its behavior for a fixed signal and a threshold §
tending to zero is unknown.

e In Chapter 4 we have analyzed convolution-type system representations for
stable LTI systems operating on PW}T. We showed that there are systems and
signals for which we have divergence even in a distributional sense. It would
be important to find other representations that are convergent for all stable
LTI systems and all signals in PWL.






Supplementary Proofs

A.1 Proof of Observation 3.10

Proof. i) Obviously,

(T )] < | f(t0)] <

= Tsin(rto)] 7] gax 172l

| sin(7tg
Choosing R = to and C3 = |sin(ntp)|~! and taking the supremum completes the

proof for i).
ii) Since f € PW. is analytic on the whole complex plane we can use Cauchy’s
integral formula to obtain

, 1
f'(m) = 27Ti|£z{R (éf_(i)gdg, Im| +1<R

and as a consequence, the inequality

R

! 1 T i0
7] < g [ PR gy 40 < Ramax £ (6).

Using this inequality, we obtain

b
[(T7F) )] < [f(m)] +R‘Ig|13>§\f(§)\ <(1+R) lfggﬁlf(&)l,

which finishes the proof for ii) after taking the supremum and applying the maximum
modulus principle. iii) Obvious. O
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A.2 Proof of Lemma 3.25
Proof. For g with § € C§°[—(a+ 1)m, (a + 1)7] and §(w) = 1, |w| < am, we have
o) = [~ olrglt—) dr

and

dr. (A1)

kiv‘qj GHIE /_Zwmrév o(t-2-7)

Furthermore, since § € C§°[—(a + 1), (a + 1)7], it follows that |g(t)| < C1/(1 + t?)
and consequently

< Cs, (A.2)

> l-5r)

where C; and Cy are some constants. Inserting (A.2) in (A.1) gives

i ’¢> <t - z>‘ < Csl|9[s, - O

k=—00

A.3 Proof of Lemma 4.8

Proof. Let t € R and N € N arbitrary but fixed. For convenience we introduce the
function

t+N ,
g(w) ::/ hp(r)e T dr.
t

-N
We have
N LN .
‘/_N f(m)hr(t —71)dr| = % /_Wf(w) e g(w) dw
< 5 [ If)lgw) o
< max]g )] /. (A3)

because ¢ is continuous. Taking the supremum on both sides of (A.3) gives

< max|g(w)|. (A4)

|w| <

N
/ F(rho(t —7) dr
N

sup
1 llpyyr <1

Furthermore, since g is continuous on the compact interval [—7, 7], |g| attains its
maximum in some point w* € [—7,7]. For n € N let

Bn = {ws lg(w)| 2 o) - 1}



A.4 Proof of Lemma 4.9 167

and choose

7_ t ) 1¢>(w) e lwt GiwT dw,

271' )\

where ¢(w) = —arg(g(w)), and 1g denotes the indicator function of the set E.
Obviously, |[fnlpy1r =1 for all n € N. It follows that

N
‘/ Fulr, Ohp(t — ) dr
N

1 T iw
— s [ B e gw)

1 T 2 .
. 1 ip(w) ’
| B @) g(w)

N 1
W) dw 2 9@ =

and
N
/ f(r)hp(t —7)dr| > lim / fa(m, )hp(t — 1) dr
IIprwl <1 N
= 9w = max|g(w)[ (A.5)
Combining (A.4) and (A.5) completes the proof. O

A.4 Proof of Lemma 4.9

Proof. We have

< max

t+N .
/ hr(rt)e 7" dr|,
we[—m,7] |Jt

-N

N
(ARDO] = ‘ [ F@hr(t =) ar

according to (A.3) because || f|py1 < 1. Furthermore,

t+N ) 1 T t+N
/ hp(r)e ™7 dr = — / hr(wi) / el T@179) dr dw;
t 27 t

—-N N
/ hT 1t (w1 —w) le(N(wl - w)) dwy
W] — W
and consequently
t+N i 1 /7 . in(N —
/ hT(T) e | dr < 7/ |hT(w1)| Sln( (wl w))‘ duwr
t—N ™ J—7 w1 —w
. 1 /7 |sin(N(w —w)
< ||hTHL°°[—7r,7r]*\/ ( ) dwq
— W] — W

2
<72 (77 L 2.2 log(2N _ 1))
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because for w € [, 7],

L.

sin(7) d
-

sin(N(cul — w)) dwy = /N(w+7r)
wp —w N(w—m)

2r N
</
2r N
2N
_o /

§2<7T+

sin(7)

dr

-
s1n(7rT

2N —

Z /kk+1

dT)
k=1
2N-1 4

k+1
T+ Z %/k |sin(77)] d7'>
k=1

( 2N-1
:2<7r+fr 3 ;)
(

sin(77)

T

k=1

A.5 Proof of Lemma 4.15

Proof. First, we derive a preliminary statement, which will be used in the proof of i)
and ii). For w € [—m, 7] and ¢ € S consider the difference

Dy (hp, ¢, w) : ‘ / b (w1 )sin(N(iu(;lwl)) dwy
_Qb(—W);/ fAlT(wl)Sin(]z(f;wl)) dwl‘
-7 1

(A.6)

1 /7r (o) 259 =99 G N (w — wn) dun |

T™J_n w—wi

Since ¢ € S it follows that ¢ € S and ¢?’ € S. In particular, ¢ is Lipschitz continuous
because ||¢'|lc < 00, and we have

$(—wi) — d(—w

W — w1

N < 181

for all w € [—m, 7] and w; € [—m, 7|. Therefore, we obtain
Dy (hr,¢,w) < 2/ lloo ||| Loo—m.m) = Calhr, ¢) (A7)

for all w € [—m, 7] and all ¢ € S, where Co(hr,¢) is some positive constant that
does not depend N. Since D C S, (A.7) is also true for all ¢ € D.
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“i)”: Let N € N be arbitrary but fixed. Since (4.12) is true for all ¢ € D it is in
particular true for the specific function ¢; € D with real valued ¢; and ¢;(w) > 0
for w € [—m, 7). Therefore, it follows from (A.6) and (A.7) that

él(_w)‘l/w ;LT(wl)sin(N(w—wl)) dwy

™ J—7 w — W1

< CQ(iLT; 1) + ‘i " fLT(wl)d;I(_wl)Sin(N(w —wy))

—r W — w1

dwl

for all w € [—m,7]. Dividing by ¢1(—w) and taking the maximum on both sides
yields

max
we[—m,m]

™

i 7(wr) P

1 /“ A sin(N(w — wy))

dw1 ‘

1 o
< max = Csy(hr,
S L. 2(hr, ¢1)
1

m 1 /7 . .
we[—;c,ﬂ] b1 (—w) ‘77 . 7(w1)d1(—w1)

< M(¢1)Co(hr, ¢1) + M($1)Co(1)

< 00,

sin(V(w — wy))

W — w1

dwl

where M (¢1) = max e[ ] 1/¢1(—w).
“ii)”: Let N € N be arbitrary but fixed. Suppose (4.9) is true, and let ¢ € S be
arbitrary but fixed. From (A.6) and (A.7) it follows that

sin(N(w — wy))
w — W1

< Cafir,9) + (=)l |2 [ ()22

< Callr, ) + 19l

= [ hrtond-en

dw1

N(w —wy))

w — W1

dw1

for all w € [—m, 7]. Taking the maximum on both sides yields

1 /7r ()=o) BN @ =) 4 | < i, 6) + 1B10eCh

™ J—7 W — w1

< 00,

which completes the proof. ]
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A.6 Proof of Lemma 4.21

Proof. “i)”: Let N € N be arbitrary but fixed. Since (4.36) is true for all ¢ € D it is
in particular true for the specific function ¢, € D with ¢;(w) > 0 for w € [—m, 7).
Therefore, we have

‘i/ﬂ iLT(wl)Sin(]z(f;wl)) dwy
< M(¢1) gz;l(W);/zﬁT(wl)Sin(]Z(f;le)) dwy |,

where M (¢1) = max,c(—r ] 1/&1(—w). Taking the maximum on both sides yields

1/7T ET(wl)sin(N(w—wl)) dwl‘

max
wel[—m,m] | T J—x W — wy
r L[ sin(N(w — w
< M(¢1) max ¢1(—w)—/ hor(wr) (N( 1)) dwy
we[—m,m T ) x W — wy

< M(¢1)Cs(¢1) < 0.

“ii)”: Let N € N be arbitrary but fixed. Suppose (4.35) is true, and let ¢ € S be
arbitrary but fixed. Then we have
3 1 /Tr B sin(NV(w — w1))

™ J—x T(w1> W — W1

max dwq

we[—m,m]
" 1 /™ sin(N(w — w
e o O

< [I14]l0eCr < o0,

which completes the proof. O

A.7 Proof of Theorem 4.24

Proof. We have

[\

N «in2 (T
= 2i/ Msin(wr) dr
0

™

‘/—]jv hg(r)e*T dr

57’
. N _
= % 71 cos(m7) sin(wT) dr
7 Jo T
N N _ N
< 2/ sin(wT) darl + 1/ sin((m — w)7) dr| + 1/ sin((7m +w)7) dr
7 Jo T 7 Jo T 7 Jo T
wN i (m—w)N ;i (m+w)N i
< 2/ sin(7) d7-|+ 1/ sin(7) darl + 1/ sin(7) dr
7 Jo T 7 Jo T 7 Jo T

< C4
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for all N € N and all w € [—7, 7], because [; sin(7)/7 d7 < 7, independently of
r € R. Using (4.33) and Theorem 4.18 gives limy_,o0||H f — BE f|loo = 0.

Similar to Theorem 4.5 it can be shown that limsupy_,o|[H f — AXLf|c = oo if
and only if

t+N .
/ hg(T)e T dr| = oco.
t—N

Sup sup max
teR NeNwe€[—,m]

But choosing t = N and w = 0, and using

2N 2N oin2 (T 1
hy(r) dr = / SIHWM dr > = log(2N),
0 0 9T ™
where the last inequality follows from (4.30), shows exactly this. O

A.8 Supplement to the Proof of Theorem 4.28

In the proof of Theorem 4.28 we used the fact that K equipped with the norm || - [|x
is a Banach space for all t € R. The proof thereof is given here.

Proof. We have to show that (I, || - ||x¢) is complete. Let t € R be arbitrary but
fixed, and let U denote the set of all functions h with a representation h(7) =
1/(2m) [™ h(w) €T dw, 7 € R, for some h € C[—n,7]. Now, suppose {hy }nen is a
Cauchy sequence in (K, || - || ¢). Then, for every e > 0 there exists a Ny = Ny(e) € N
such that ||hy, — hypllxt < € for all m,n > Ny. It follows that

[ Pm, — Bin || oo < € for all m,n > Ny (A.8)
and
N .
sup max Z (R (t — k) — hn(t — k) %] < € for all m,n > Ny. (A.9)
NGN"JE[_WJ(] k=—N
From (A.8) we see that {h, }nen is a Cauchy sequence in (C[—m, 7], - ||lso). Since
(C[—m, 7], | - |loo) is complete, the sequence {hy, }nen has a limit h € C[—m, 7]. Thus,

there exists a N7 € N such that
A — hlloo < € for all n. > Nj. (A.10)

Moreover, since || floo < ||flloo for all f € U, it follows that |h, (t — k) — h(t — k)| <
[hs, = Blos < |[7in — hl|oo for all n € N, k € Z, and consequently limy, o0 b (t — k) =
h(t — k) for all k € Z.

It remains to show that h € K and that lim,,_oo||/Am — h|lx = 0. From (A.9) it
follows that |8 (hm(t — k) — hy(t — k)) €% < € for all m,n > Ny, N € N, and
w € [—m, m]. Taking the limit n — oo, we obtain

N

sup max | (hp(t—k) —h(t —k)) eWk| < ¢ for all m > Ny. (A.11)
NerG[—ﬂ',ﬂ'] k=—N
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From (A.10) and (A.11) we see that h,, — h € K for all m > My, where My =
max(No, N1). Since h = h — hpg, + hay,, it follows that h € K. Moreover, using
(A.10) and (A.11) again, we obtain || hy,, — hl|x < 2¢ for all m > My, which implies
that limy, oo ||hm — bl = 0. O

A.9 Proof of Lemma 5.4

The proof of Lemma 5.4 requires two more lemmas, namely Lemma A.1 and
Lemma A.2.

Lemma A.1. There exists a positive constant Cy, such that

< |log (2 sin (;) D‘ +Cy

N eikw

D

k=1

for all N e N and w € [—m,7].

Proof of Lemma A.1. We analyze Z,]y:N % for w € [—m, 7], w # 0, and N, M € N,
N < M, using summation by parts. For £k > N, let

k
Dk N Z elwl
=N

Then, using summation by parts, we obtain

e Diyvi(w) . Mz_:l Dy, n41(w) (A.12)
k=N-+1 k M k=N+1 k(k + 1)
Since
k io(k—
. 1 — olw(k—N) 1
| Dy ny1(w)| = et = - <= ;
l_%;f—l l—ew [sin ()|

the first term in (A.12), i.e., Dy ny1(w)/M, converges to zero for M — oco. Addi-
tionally, for M > N + 1, we have

Mi: [Drn1(w)] _ Z 1
pin k1) 7 |sm (%) k k:—l—l |sm ()| N

Thus, the sum in (A.12) is convergent for M — oo, and we obtain

oo elwk

(A.13)
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for w € [-m, 7], w # 0, and N € N. Further, since

o elwk cos(
> ZZ Z
k=1 k=1 —

it follows from 1.441 in [130] that

—Z

1wk

! log (2 —2cos(w)) + %sgn(w)(M — )

= log ( — eiw)

for w € [—m, 7], w # 0. Thus, we have

) 1wk 00 iwk
log (1 — e“”) + Z ¢
k=N+1
1
< T (A.14)
[sin ()| N

where we used (A.13) in the last inequality.
Next, we have to distinguish two cases. First, we analyze the case 2sin(1/(2N)) <

|w| < 7. We have

s 71'2

— < <5
N < N < 2
Thus, using (A.14), we obtain

—_

N eiwk

k

< 7;2 + ’10g (1 —ei“’)‘

i + (log ( sin <;) D’ (A.15)
for 2sin(1/(2N)) < |w| < 7, because

<7
- 2
‘log (1 — eiw)‘ < |log (2 sin (;) D‘ + g

The second case is 0 < |w| < 2sin(1/(2N)). We have

k=1

w\:}

N 1wk

<Z < 1+ log(2N).

k=1

Furthermore, a simple calculation shows that

log (2

log(2N) < log(2) +

)

()]
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and thus, it follows that
N iwk

kz::l ; sin <“2’) D’ (A.16)

for 0 < |w|] < 2sin(1/(2N)). Combining (A.15) and (A.16), we have
< 5+ 5 o afon (5))
<—+4+= sin ( =
Zh | T2 T 2
O

for w € [, 7], w # 0, and N € N. For w = 0 the assertion of the lemma is trivially

log (2

< 1+log(2) +

7T2 s

log (2

fulfilled.
Lemma A.2. There exists a positive constants Cs, such that
N iwk
Z e 7| <2|log <2 sin(;})')‘+05.
kg

forall M,N € Z, M < N, and w € [—7, 7]
Proof of Lemma A.2. Let M, N € Z, M < N arbitrary but fixed. We have

N eiwk N eiwk 1 N eiwk
LI X TN ) |
Py Ry k=M K (/f + 5)
kA0 k£0
where
2, M<0<ZN,
C =
M 0, otherwise,
and consequently
N iwk N iwk N
e e 1 1
o—-> <245 ) ——— <4 (A.17)
k+s5 = k 2I<::Mk’(k’+%)
k£0

We proceed with the convention that an empty sum, i.e., a sum where the upper
summation index is less than the lower summation index, is zero. Obviously,

N iwk -M _iwk N iwk
PR IS :
ik =k ik
k0
<2 ( log (2 sin (;}) D‘ + C4> ; (A.18)
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where we used Lemma A.1 in the last inequality. Combining (A.17) and (A.18) we

obtain N
iwk
Z ¢ T 2(log<2 sin(i)D‘—i—Cz;)—i-ll
k=M k+ 2
which completes the proof. O

Now we are in the position to prove Lemma 5.4

Proof of Lemma 5.4. Since the assertion of the lemma is obviously true for t € Z,
we can restrict our analysis to the case t € R\ Z. Let [t] denote the largest integer
that is smaller or equal to ¢. This implies that |[t| + 1/2 —t| < 1/2. Using the

abbreviation

N .
coosin(m(t — k

qu N (t,w) = elwk M,
k=M m(t — k)

we have

quN(tw)  aun(lt] + F.w
sin(rt) Sm(Qﬂ+2»

l%elwk 1 . 1
e t—k [t|+3—k

k=M
1 1

SOt

It follows that

. lav v ([t] + 5,0)[sin(xt)|  [sin(mt)|  [sin(xt)]
gu,n(t,w)| < Cg|sin(mt)| + -
larn (E W) o sin(r)| |sin(r([t] + 3))| =1t [t—[t+1]]
< Co + laun([t] + 5,0)[ +2. (A.19)
Furthermore, we have
[t]-M iwk
lau N ([t] + 3.0 —m)| = 1 I 10g< sin (W>D‘+C7,
7 T=lgn kTt 2

where the last inequality follows by Lemma A.2. Using (5.10) it follows that

2 log (2 cos (w) D‘ + Cy.
T 2

N ([t + 3, w) < =
72r log (2 cos <;) D' + Co,

|QM,N(tvw)| <=
which completes the proof. O

and, using (A.19), that




176 A Supplementary Proofs

A.10 Proof of Lemma 5.6

Proof. Let 0 < 6 < mand 7 > 0 be arbitrary but fixed. From the identity

Sln(ﬂ(t - k)) — i /ﬂ elwt e—iwk dew
ﬂ'(t — ]{7) 2w J—x

we see that
sin(7(t — k))

keZ
G-k <

are the Fourier coefficients of the function g(w, t) that is 27-periodic in w and identical
to et for —m < w < m, where |t| < 7 is a parameter. Now, if

iwk Sin(ﬂ—(t — k))

N
AMJV(LU,t) = Z € ﬂ'(t—k) s

k=—M

M,N eN

converges for M, N — oo to a function g(w,t) for |t| < 7 and |w| < 7 — §, then
G(w,t) = g(w,t) = € for |t| < 7 and |w| < 7 — § by the representation theorem for
Fourier series and the fact that ! is continuous differentiable in [—7 + 6,7 — 4]. Tt
remains to show that Aps n(w,t) is uniformly convergent with respect to ¢ and w for
lt| <7 and |w| <7m—¢das M,N — oc.

In the following analysis we always assume that [t| < 7 and |w| < 7 —§. For
Ny, N,M{,M € N with Ny > N > 7 and M| > M > 7 we have

‘AM17N1 (wv t) - AM,N(W’ t)|

SM L sin(w(t— k) M sin(n(t— k)
< kEMle kw - k%:ﬂe kw _ (A.20)

It is sufficient to analyze the case t ¢ Z, because Ay, N, (w,t) — Ay n(w,t) =0 for
t € Z, |t| < 7. The second term on the right-hand side of (A.20) can be bounded
from above by

N . N i(w+m
S ewksmwt—k»‘g 1 e(t+;:)'

: (A.21)
k=N+1 "

k=N+1 m(t — k)

Defining Dy, ny4+1(w) = Zf:NH e!@*t™! and using summation by parts in the same
way as in (A.12), we have

_ DNnyin Nil Dy n1(w)

k—t Ny —t (k—t)(k+1—1)

Ny ellw+m)k

k=N+1 k=N+1
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and since | Dy y41(w)| < 1/ |sin (“FF)], we obtain

N1 ei(w+7r)k - 1 1 . Nil 1
piv k=t | T sin((5H) [\ M-t S, (R—t)(k+1-1)
1 1 © 1
< + — |- (A.22)
sin (g) (N - T k:%:—l-l (k— 7')2)

The right-hand side of (A.22) converges to zero for N — co. Thus, combining (A.21)
and (A.22) we see that for all € > 0 there exists a natural number Ny = Ny(¢, 6, 7)

such that
N1

Z olwk sin(m(t — k))

Tt—Hh |

€
k=N+1 2
for all N > Ny, N1 > N, |w| <7 — 6, and |t| < 7. The first term on the right-hand
side of (A.20) can be treated in the same way.

Consequently, for all e > 0, 7 > 0, and 0 < § < 7 there exist two natural numbers
No = No(e,d,7) and My = My(e, d,7) such that for all jw| < 7 — 6 and |t| < 7 we
have

|Angy vy (wi ) — Apv (W, B)] < e
for all N > Ny, Ny > N, and M > My, My > M. It follows that

iwk SI(T(t — k)

lim max max |e“!— e =0,
N,M—o0 |t|<T |w|<7—§8 k:z—:M 7T(t — k)
and, therefore, the assertion of the lemma is proved. ]

A.11 Proof of ||h*(+,0,N)||p: < 3

Proof. The Fourier coefficients Fy(k), k € Z, of the Fejér kernel

. 1 sin®((N+1)%)
F(w) = N +1 sin?(%) )

are given by "
~ k<N,

Fy(k) = N
w (k) {0, k| > N.

Thus, ht(k,0,N) = 2Fyn (k) — Fn(k), k € Z and the Fourier transform of

(L0, N) = ;_ZT;H It (k, 0, N)Sw
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is
ht(w,0,N) = 2y (w) — Fy(w), |w] <.

As a consequence we obtain

10, Nl = 5 | 2Fon (W) = Py (w)] dw
1 /™ 4 A
<3 2FoN(w) + Fy(w) dw = 3.

In the last line we can write “<” instead of “<” because FgN and FN are both
non-negative. O
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