Chapter 2
Discrete and Digital Signals and Systems

2.1 Introduction

Before an analog signal can be processed with a digital computer chip, the signal
need to be converted into digital form.

The first phase of the digitization process is to sample the analog signal at
discrete time instants t = nT, where n is an integer (1, 2, 3,...) and where T} is the
sampling period (i.e., the time interval between successive samples). Note that this
kind of sampling is uniform in the sense that T is constant, and the sampling
frequency is also constant at f; = 1/7;. The result of sampling an analog signal in
this fashion is a discrete-time signal, also known as a pulse amplitude modulation
(PAM) signal.It should be noted that while uniform sampling is simple and
intuitively appealing, it is not always the most suitable way to perform sampling.
Non-uniform sampling can in some cases actually increase the range of frequen-
cies which can be processed. Nonetheless, for the sake of simplicity, this book will
focus only on uniformly sampled signals.

The second phase of the digitization process is to quantize the discrete-time
signal. The term quantization refers to the approximation of the sampled analog
values using a finite set of values. For example, in M-bit quantization there are 2"
allowable levels, and the signal amplitude must be approximated to one of these
levels. If, for example, the expected analog voltage limits are £3 volts, the input
signal can be quantized in steps of A = 6/2M volts. Typically the voltage quan-
tization levels are chosen to be symmetric around O volts.

In the quantization process approximation via rounding or truncation normally
occurs and some information is lost. The quantized signal therefore consists of a
true signal plus an error signal which is referred to as quantization noise. The
power of this noise is dependent on the quantization step, A; with this power being
given by A?/12 (see Sect. 3.6.1.1).

The third phase of the digitization process involves an encoding of the multibit
binary sequence into a practical and convenient form before it is used or trans-
mitted. This process is known as pulse code modulation (PCM), and the resulting
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signal is known as a PCM signal. In PCM, each sample is represented by one of 2"
codewords, each of length M bits. If f; is the sampling rate, the data rate would be
Mf; bps. The binary encoding may correspond to the natural binary code (NBC),
which is a straightforward decimal-to-binary mapping of the index of the voltage
level (between 0 and 2 — 1). Alternatively the encoding may use one of the Gray
Codes, which, because it reduces bit transmission errors, is particularly relevant
for long range transmission.

Practical multibit analog-to-digital converter (ADC) tend to perform all three
phases mentioned above within the one device: sampling, quantization, and binary
encoding. The accuracy (resolution) of multibit ADCs is strongly dependent on the
number of bits M, and increasing the number of bits typically improves accuracy.

2.1.1 Digital Systems

Digital systems are hardware or software systems that process digital signals. Most
digital systems are built up using binary or “on—off” logic, and so the operation of
digital processors can be described using binary arithmetic.

In contrast to the resistors, capacitors and inductors which make up analog
systems, the common building blocks for DSP systems are shift registers, adders
and multipliers. These building blocks may be realized in either hardware or
software, and if implemented in hardware, usually incorporate flip-flops, logic
gates and synchronously controlled clocks. Like analog systems, discrete-time and
digital systems can be analyzed in either the time or frequency domains. Both
forms of analysis are considered later in this book.

2.2 Ideal Sampling and Reconstruction

Sampling is the process of selecting (and possibly storing) the values of a con-
tinuous-time signal x(#) at specific time instants which can be indexed by the ring
of integers Z = {..., =2, —1, 0, 1, 2, 3,... }. As long as the sampling arrangement
has been well designed, the discrete-time signal, denoted by x(n), reliably repre-
sents the original signal, at least under certain assumptions. In other words, with
appropriate design of the sampling strategy, it is possible to process analog signals
using digital systems without any loss of information.

2.2.1 Ideal Uniform Sampling

Suppose that an analog signal x(¢#) is sampled uniformly at a rate of f; = 1/T§, One
can represent this kind of sampling mathematically as multiplication of x(¢) by the
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Fig. 2.1 The sampling process in the time domain

impulse train p(r) = > ° __ 6(t —nTy) (See Fig. (2.1)). The resulting sampled
signal in the continuous-time domain is x,(¢), which corresponds to a train of delta
functions weighted by the values of x() at integer multiples of Tj, i.e., weighted by
x(nT,). The discrete-time representation of the same sampled signal is x(n), which
is the sequence of actual values of x(¢) at the discrete-time instants = n7T,. (Note
that x(n) is actually x(nTy), although, T is normally omitted from the notation for
simplicity). In practical DSP, the discrete-time representation (x(rn)) is more

commonly used than the continuous-time representation of sampled signals (x,(?)).

2.2.1.1 Definitions for Some Important Discrete-Time Signals

Formal definitions for two important discrete-time signals are presented below.

The Discrete-Time Unit Pulse

The discrete-time counterpart for the continuous-time unit impulse (delta function)
is the discrete-time unit pulse. It is defined as:
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The Discrete-Time Unit-Step Function

The discrete-time counterpart for the continuous-time unit step function is the
discrete-time unit step function. Its definition is:

1, n>0
u(n) = 0 n<o0.

Figure (2.2) shows graphical representations of the above two functions.

Time- and Frequency-Domain Interpretation of Sampling

The sampling process can be illuminated by using various properties from
Table 2.1. One of the key results from these Tables is that multiplication “-” in the
time domain is transformed into convolution “*” in the frequency domain and
vice-versa. With these properties the following time domain and frequency domain
mathematical descriptions can be obtained:

Time Domain

x5(1) = x(1) - p(1)
x(t) - Y 8(t—nTy)

n=-—00
-~
= Z x(nTy)o(t — nTy)
n=-—0o0

Table 2.1 Some common time windows

a b c Comment
Rectangular 1 0 0 Harsh Gibbs effect (strong oscillations)
Hanning 0.5 -0.5 0 Mild oscillations
Hamming 0.5 —0.46 0 Mild oscillations
Blackman 0.42 —-0.5 0.08 Mild oscillations
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Frequency Domain
X(f) = X(f)  P(f)
() *fe D> O —kfy)

kn=—o00

—f 3 X k)3 — nT)

n=—00

where we have been used Tables to find that:

S o nT) g, 3 6 - ),

n=—00 k=—00

X(f) # 0(f — kfs) = X(f — k),

x(t) - 6(t — nTy) = x(nTy)0(t — nTy).
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The sampling process in the frequency domain is illustrated in Fig. (2.3). From
the above equations and Fig. (2.3) one can deduce that X(f) is essentially a col-
lection of repeated versions of X(f) scaled by f;. These repeated versions are often
referred to as “images”. Hence, when a signal x(#) is sampled, its spectrum X(f) is:

1. scaled by f; and
2. repeated every fi.
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Fig. 2.3 The discrete-time Fourier transform (DTFT) of a sampled signal
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Due to the periodicity of X(f), there is redundant frequency information in the
spectrum or “discrete-time Fourier transform” (DTFT) of x,(¢). All the non-
redundant information in X(f) is fully contained in the interval f € {—f;/2,f,/2}
Hz, or equivalently fe {0f,}. In the literature X (f) is normally plotted as a
function of the normalized frequency v = fif;, or the normalized radian frequency,
Q =27y = 2nf /f, = T [see Fig. (2.3)]. Note that v and Q have no units, and the
period of X,(f) is 1.

For real signals the frequency content (information) in the interval [—f{/2,0) is a
reflected copy of the frequency content in [0, +f;/2), and therefore many authors
display only the frequency interval [0, +f/2) or the normalized frequency interval
[0, 1/2] of discrete-time signal spectra.

Note also that X(f) is still continuous in the frequency variable. From a prac-
tical perspective one cannot compute X (f) for a continuous range of frequency
values on a digital computer—one can only compute it for a finite number of
frequency positions. For this reason, X,(f) is usually only evaluated in practice at a
finite set of discrete frequencies. This discretization of the frequency domain of the
DTFT gives rise to the so-called discrete Fourier transform (DFT), which will be
studied later in Sect. 2.4.1.

2.2.2 Ideal Reconstruction

Consider the discrete-time Fourier transform (DTFT) of the sampled signal
x,(f) shown graphically in Fig. (2.3). It is not hard to see that one can reconstruct
the original spectrum X(f) from X(f) [and hence, the original signal x(¢) from x(?)]
by filtering the sampled signal with an ideal low-pass filter whose cutoff frequency
is B Hz.

Often in practice reconstruction occurs in a two stage process—the first
involves using a digital to analog converter (DAC) which applies a sample and
hold function, and the second stage involves applying a low-pass reconstruction
filter. Both stages are considered in more detail below.

2.2.2.1 Stage 1

When a digital signal is ready to be converted back to the analog domain, the
sequence of digitally stored values is usually fed synchronously into a DAC.
Almost all DACs apply a zero-order hold (sample-and-hold) function to the
sequence of input values [see Fig. (2.4)]. The sample and hold function is effec-
tively a filter with a rectangular impulse response h(r) = Iz (t — T;/2). This
circuit simply holds the sample x(nT,) for Ty seconds. The corresponding filter
transfer function is a sinc function, as shown in Fig. (2.4).
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Fig. 2.4 Sample-and-Hold: operation, impulse response, and transfer function

2.2.2.2 Stage 2

Note that the DAC converts the digital signal into an analog stair-step waveform,
which contains many high-frequency artefacts. This is because the sample and
hold is effectively a filter with a very slow roll off, and it does not fully eliminate
the energy in all the unwanted spectral images. To reconstruct a smooth replica of
the original signal, the stair-step function must be passed through a low-pass filter,
often called an anti-imaging filter. This filter ideally removes all frequency content
above the upper frequency limit, B.

For perfect reconstruction of the analog signal to occur within this two stage
process, three criteria must be satisfied. The first criteria is that there is no
quantization noise in the digital signal. The second criterion is that the sampling
frequency should be greater than twice the signal bandwidth B, i.e., greater than
twice the highest frequency present in the signal:

s
B<Z.
-2

(2.4)
This requirement is necessary so that the repeating spectra shown in Fig. (2.3) do
not “run into other”. The minimum sampling rate needed to avoid reconstruction
errors (f; = 2B) is called the Nyquist rate. The third criteria is that the filtering
provided by the combination of the sample and hold function and the subsequent
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low-pass filter is ideal. That is, those two filters combine to form a filter with
a perfectly flat pass-band and a perfectly sharp cutoff at f = B Hz.

In practice none of the three criteria above are met perfectly. There is usually
a very small amount of quantization noise, there is typically a small amount of
spectral energy in the original analog signal above f/2 and the reconstruction filter
is usually not ideal. The errors due to these imperfections, however, are often
small.

2.2.2.3 Frequency Aliasing

If B > f,/2, replicas of the signal spectrum X(f) within the DTFT overlap, and part
of the information content from the input signal is lost [See Fig. (2.5) and compare
it with Fig. (2.3)]. This overlap is called frequency aliasing. To avoid aliasing one
normally band-limits the signal before sampling to remove the high frequency
content that may cause aliasing. This can be achieved using a LPF, which is often
called an anti-aliasing filter in this scenario.

One technique which is often used in practice to help reduce errors in recon-
struction is to increase the sampling rate of the digital system well above the
Nyquist rate. When this is done the spectral images in the DTFT are well separated
from each other, and when it is necessary reconstruct the analog signal, it is not as
difficult to filter out the unwanted images. In particular, the requirements on the
sharpness of the anti-imaging filter are relaxed when one increases the sampling
rate. Increasing the sampling rate not only relaxes the requirements on the anti-
imaging filter, but also on the front-end anti-aliasing filter—i.e., the increase in the
f/2 value effectively allows the transition band of the anti-aliasing filter to be
wider.

Figure (2.6) shows a practical signal processing system which incorporates
the anti-aliasing filter, the sampling and ADC, the digital processing, the DAC and
the anti-imaging filter.
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X (f)
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Fig. 2.5 Frequency aliasing B > f,/2
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2.3 Time-Domain / Frequency-Domain Representations

Like analog signals and systems, digital signals and systems can be analyzed either
in the time-domain or in the frequency domain. The two domains are equivalent,
provided that suitable transformations are used. The most common time-to-fre-
quency transformations for continuous-time signals are the Fourier transform and
the Laplace transform. The counterparts of these transforms for sampled signals
are the discrete-time Fourier transform (DTFT) and the z-transform. The DTFT is
useful for analyzing the frequency content of signals, while the z-transform
is useful for both analyzing the frequency content of signals and analyzing the
stability of systems. The DTFT and z-transforms will be defined and studied in
more detail in Sects. 2.3.2.2 and 2.3.3.

2.3.1 Time-Domain Representation of Digital Signals and Systems

This section considers the representation and analysis of digital signals and sys-
tems. Fundamental to time domain analysis of discrete-time signals is discrete-
time convolution, which is defined in what follows.

2.3.1.1 Discrete Linear Convolution

If x(n) and y(n) are two discrete signals, their discrete linear convolution w(n) is
given by:

(o @]

win) = x(n) « y(n) = 3 x(k)y(n— k).

k=—00

Note that k is a dummy variable of summation. The above formula is similar to
that of continuous-time linear convolution, except that summation is used instead
of integration.

If both x(n) and y(n) are finite signals of lengths N, and N, samples, respectively,
the length of w(n) is finite and Is given by L = N; + N, — 1. Hence, if x(n) and
y(n) are of equal length N, then the result of the convolution is L = 2N — 1
samples long.
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Example (1) If x(n) = (0.8)" u(n) and y(n) = (0.4)" u(n), then their convolution
is:

w(n) = x(n) * y(n) = sum; o x(k)y(n — k) (2.5)

Since the variable of summation is k, x and y should be re-expressed as functions
of k:

k
yw){MAL k>0

0, k<O
8% k>

(k) = 0.8), k>0
0, k<0

04" % n—k>0= - k<n
0, n—k<0= . k>n

Examination of Fig. (2.7) reveals that the product x(k)y(n — k), is non-zero
only when n > 0. Hence it follows that:

x(k)=(0.8)u(k)

1% """"" Py,
2 3

-2 -1 0 1

y(k)=(0.4)u(k)

-2 -1 0 ; > 3
y(-k)
Qi Q ittt ? “““ . ) ) k
-2 -1 0 : > 3
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Fig. 2.7 Convolution of x(n) = (0.8)" u(n) with y(n) = (0.84)" u(n)
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w(n) = zn:(o.s;)k(o.ax)"*k; n>0
k=0
_ nn+l

= 1
= (0.4)" ;Zk = (0.4)" 1-2 [Tables, Formula 10]

= (0.4)"(2"™" = Du(n).

Example (2) If there are two finite duration signals x(n) = {2,3,4} and

y(n) = {—1,5}, where ‘" indicates that the sample is taken at n = 0, then their
convolution can be found directly from the general formula as follows:

=x(0)y(3 = 0) +x(1)y(3 — 1) +x(2)y(3 — 2) +x(3)y(3 — 3)
= (4)(5) = 20,
w(4) =w(5)=---=0. (Notethat L=N; + N, — 1 =3 +2—1=4)

2.3.1.2 Mathematical Representation of Digital Signals and Systems
in the Time Domain

While analog signals are normally specified as a function of continuous-time,
uniformly sampled digital signals are normally represented in the time domain as a
function of the sample number (or the sample count integer). Digital systems are
typically characterized in ways that are similar to those used in the continuous-
time domain. Rather than being represented by a continuous-time impulse
response, a digital system is fully specified by a discrete-time impulse response.
This impulse response is the output of the digital system when the input is the
discrete delta function, d(n). Within this book, the discrete-time impulse response
is denoted by h(n).

The system input/output (I/O) relationship is specified by the discrete linear
convolution of the impulse response h(n) and the input signal x(n):
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Fig. 2.8 Discrete-time Digital System
domain representation of a x(n), y(n),

digital system ISnI‘g,gtal —>| h(n) '_> gilgrrl’:lt

y(n)=h(n)*x(n)

o0

y(n) = x(n) « h(n) = > x(k)h(n — k) (2.6)

k=—00

Note For causal digital systems h(n) = 0 for n < 0.
A graphical illustration of a digital system is shown in Fig. (2.8).

Eigenfunctions of LTI Digital Systems

If the input signal to an LTI digital system is x(n) = &/®"Ts = &/ then the output
is given by:

o0

y(n) = x(n) * h(n) = h(n) x x(n) = Z h(k)e/<”_k)Q = " Z h(k)e 2,

k=—00 k=—00

If one defines H(e/?) = Y77 h(k)e/*?, then for an input of ¢ one obtains the

k=—00
output y(n) = ¢"*H(¢?). Hence, ¢? is an eigenfunction, and the associated
eigenvalue is H(¢/*) (Compare with the analogous result obtained for continuous-
time systems in Sect. 1.2.3.4).

Analyzing the Stability of Digital Systems in the Time Domain
For a digital system to be BIBO stable, the output y(n) should be bounded when
the input x(n) is bounded, i.e.,

[y(n)| < oo when |x(n)| <A(which is a finite constant), Vn.

Using the inequality la + bl < lal + 1bl, it follows that

o0

S dhn— K< S kRl K.

k=—00 k=—00
If Ix(k)l < AVk, then
=1 > xmh(n—k)<A D |h(n—k)[<A Y |h(m)],
k=—00 k=—00 m=—00

where m = n — k. Hence, a digital system is BIBO-stable if >~ _ |h(k)| <oo.
(Compare with the condition for stability of analog systems found in Sect. 1.2.3.5).
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2.3.2 Frequency-Domain Representation of Digital Signals
and Systems

2.3.2.1 Discrete-Time Fourier Series for Periodic Digital Signals

In the analog domain the continuous-time signal and the Fourier Series are related
according to:

0 i 1 T, .
x(r) = Z X2l o X = F/o x(t)e 2™l dt (2.7)
o

k=—00

If the analog signal x(?) is sampled with a rate of f; (sampling interval = Ty = 1/f,),
a discrete-time signal x(n) is obtained:

x(1) =x(n) = > x(t =nT,)d(t). (2.8)

k=—00

It will be assumed that the period of the above discrete-time signal is N sam-
ples, where N = T,/T, = f,/f,. If x,(¢) is fed into the formula for the Fourier Series
in Sect. 1.2.3.1 one obtains:

1 N—-1

N

n=»

X = X(k) = x(n)e 2™ /N [DFS pair]

The above expression is obtained with the result that fOT o(r)dt = 1. The equation
linking time domain signals with Fourier series for discrete-time signals is
therefore given by:

N-1 N-1
x(n) = X(k)e’znk"/N < X(k) = NZx(n)e’jZ”k"/N[DFS pair].
k=0 n=0

Note that, unlike the continuous-time FS, the summation for x(n) in the DFS
does not need to go from —oo to oo due to the periodicity of both X(k) and the
discrete exponential &7 FN in k. That is, the DFS coefficients are periodic (with
period N).

2.3.2.2 The Discrete-Time Fourier Transform for Non-Periodic Digital
Signals

Recall from Sect. 2.2 that the formula for the discrete-time Fourier transform
(DTFT) for non-periodic signals is:
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X(f) = X(f)  P(f)

o0 o0

=X()f > O —k) = > X(f—kfy)

kn=—o00 k=—00

The DTFT consists of a sum of scaled and infinitely repeated versions of the
spectrum of the original analog signal, x(7). This is depicted in Fig. (2.3).

2.3.3 The z-Transform

The Laplace transform (LT) was previously seen to be very useful for stability
analysis of continuous-time signals. One can obtain similar stability analysis
capabilities for discrete-time signals by using a discrete-time counterpart to the
LT. If one substitutes the expression for a discrete-time signal, x(f) into the
expression for the LT in Sect. 1.2.3.3 and simplifies, one obtains the discrete-time
Laplace transform (DTLT):

X(s) =X(eT) = D x(n)e ™", (2.9)

The DTLT is, like the DTFT, periodic, and can be shown to have the equivalent
alternative expression:

o0

Xo(s) = £ D X(s — jkoy).

k=—00

where X(s) is the LT of the original analog signal. It is convenient to define a new
variable z = ¢*"*, which can be substituted into (2.9) to obtain the following
transform:

X(2)= Y x(mz". (2.10)

The above relation is called the z-transform (ZT). It is evident that the z-transform
is reduced to the Fourier transform if one substitutes z = /.

Unlike the DTFT the ZT is not necessarily periodic in the frequency variable.
This non-periodicity is due to the additional factor o in the exponent (¢‘”*) which
results in a decaying or expanding factor (e”) in the overall transform.

Under certain conditions (that are normally satisfied in practical signals and
systems), the ZT exists as a pair, i.e., there is a z-transform and an inverse
z-transform (IZT). Like the LT, the ZT has a region of convergence (ROC).
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Computation of the IZT can be quite involved as it requires integration in the
complex z-plane. For this reason, it is advisable to use Tables to determine the
IZT.

2.3.3.1 The Single-Sided ZT

As with the LT, one can define double-sided and single-sided transforms. Mim-

icking the approach used for the LT, this book will focus only on the single-sided
ZT, which is defined as:

X(z) = ix(n)z_” . (2.11)

n=0

Example (1) If x(n) = a" u(n), then its ZT is given by:

X(z) = Zx(n)z’” = Za"z "= Z(az by
n=0 n=0 n=0
1= (az )™ 1
= lfai;_]) [from Tables, Formula 10] = e = : f p, (if |z| > a).

Figure (2.9) shows this function for a = 3.

Example (2) If x(n) = u(n), then from Example (1), its ZT is given by z/(z — 1)
for Izl > 1, i.e., the ROC is Izl > 1).

Example (3) If x(n) = d(n), then it ZT is given by X(z) =) - d(n)z" =
140+0+--=1.

Fig. 2.9 A plot of the mag- [ X(z)]
nitude of the z-transform
X(z) =z/(z — a) fora =3

Re(z)
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2.3.3.2 The Time-Shift Property of the ZT

Assume that y(n) = x(n — M), i.e., assume that y(n) is a time delayed version of
x(n) with the delay being M samples. Then:

Y(2) =D ymz" = x(n—M)z".
n=0 n=0

Letting k = n — M and assuming that x(k) = 0 for k < 0 gives

Y(z) = i x(k)z M =M ix(k)z"‘ =z"X(2) .
k=—M n=0

That is, a delay of M samples in the time-domain corresponds to a multiplication
by z ™ in the z-domain.

2.3.3.3 Relationship Between the FT and ZT of a Discrete-Time Signal

It has been seen previously that to retrieve the FT from the LT, one substitutes
s = jo. In similar fashion one can recover the DTFT from the ZT by putting
7z =T = /T Since || = 1, the DTFT is effectively the ZT evaluated along
the unit circle of the complex z-plane, i.e., along Izl = 1.

It should be noted that FT plots are in general 2-D, while LT and ZT plots are
3-D. The extra dimension is due to the additional variable, o in the LT and ZT
formulations.

2.3.3.4 Relationship Between the LT and the ZT for Discrete-Time Signals
Recall that the ZT is obtained from the LT by making the assignment z = "
= e H)Ts | Since 7 = 'l = e(*HO)s = T5¢/*Ts | the magnitude of z is r = |z

= " and the phase of z is:

0 = tan™! [lm—(z)} =tan"! [M] = T

Re(z2) cos(wTy)

(using Euler’s formula to expand /7).

Hence, the z = e/ = ()75 assignment inherent in the Laplace to z-trans-
form mapping causes the imaginary axis in the s-plane (i.e., s = 0 + jw) to map to
the circumference of the unit circle in the z-plane (i.e., Izl = 1). This is illustrated
graphically in Fig. (2.10). The left half of the s-plane (with « < 0) is transformed
into the interior of the unit circle in the z-plane (i.e., Izl < 1), while the right half of
the s-plane is transformed into the exterior of the unit circle (i.e., Izl > 1).
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jo

s-plane |z]=1
Unit Circle

Fig. 2.10 Mapping the s-plane onto the z-plane using z = *%*

Note that this relation is not a general relation between analog and digital
representations. It is only applicable to s-plane and z-plane representations of
discrete-time signals, since it is based on the relation between the DTLT and
ZT.

2.3.4 Mathematical Representation of Signals and Systems
in the Frequency Domain

A discrete-time signal x(n) can be represented by its DTFT in the frequency
domain . Similarly, a digital system with impulse response /(n) can be represented
in the frequency domain by its transfer function, H,(f) = H(¢/“T) = H(e/?) =
which is the DTFT of its impulse response h(n) [See Fig. (2.11)].

Recall that characterization of the system function is achieved in the time
domain via the impulse response. The output of a system can be obtained for a
given input via discrete linear convolution of the impulse response with the input:

¥(n) = h(n) * x(n)

In the frequency domain, the system function information is contained in the
transfer function. The system output for a given input is found by multiplying the
transfer Hy(f) by the DTFT of the input signal X(f):

Ys(f) = HS(f) 'Xs(f),

where Y(f) = DTFT[y(¢)] and X,(f/) = DTFT[x(f)]. This relation can also be
written with the alternative notation Y (&) = H(e/®) - X(e/?), where Q = wT. A
similar relation is obtained in the z-domain:
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) Digital System I
X, (f)=Y(e), Y (f)=X(9),

s
Input S| H (f)=H(e® S Output
Spectrum S (f) (e™) Spectrum

Y, (f)=H_(f).X_(f)

[or: Y(e*) = H(el?). X (e/); where Q = T ]

Fig. 2.11 Frequency-domain representation of a discrete-time system

Again, analogously to the continuous-time case, convolution in the discrete-
time domain is transformed into multiplication in both the frequency domain and
the z-domain:

x(n) % y(n) 2> X(z) - Y(2) (2.12)

x(n) - y(n) <= X(2) * Y (2) (2.13)

(See also Tables, z-Transform Pairs and Theorems).

2.3.4.1 Relationship Between the ZT Transfer Function and the Frequency
Response

The (periodic) frequency response Hy(w) = H(e/*Ts) of a digital system can be
obtained from its ZT-transfer function H(z) with the substitution z = &7 as
follows:

H(e") = H(2)| .o

2.3.4.2 Stability of Digital Systems in the z-Domain

It has been shown previously that a digital system is BIBO-stable if its impulse
response is absolutely summable, i.e., if Y ;- |h(k)| <oo. Practically it is often
difficult to analyze the system stability in this way. Equivalently, a causal digital
system is BIBO-stable if and only if all the poles of its z-transfer function H(z) are
inside the unit circle (i.e., Iz,| < 1, where z, is the location of the pth pole in the z-
plane). [Note that this condition is for causal digital systems only, otherwise the
condition would be that the ROC of H(z) should contain the unit circle].

Example (1) If the system impulse response is h(n) = a” u(n), then its z-transfer
function is H(z) = z/(z — a) [from Tables. This system has a zero at z = 0, and a
pole at z = a. It is BIBO-stable if lal < 1, i.e., if the pole is within the unit circle
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Fig. 2.12 An example of a +
recursive digital system x(n) —|— y(n)
(leaky integrator)

+

Example (2)) The difference equation that describes the recursive system in Fig.
(2.12) is given by:

y(n) = x(n) + by(n — 1), (2.14)

where, b is a multiplicative constant (gain). Taking the ZT of both sides of (2.14)
yields:

Y(z) = X(2) + bz 'Y (2).
Re-arranging terms leads to
[1—bz7"Y(2) = X(2).

(z
(z

From Tables (z-Transform Pairs), the IZT is h(n) = b"u(n).

1 Z

1—bz! z-b

SH(zZ) =§ ; =

The system frequency response is:

H(O)) = H(Z)|z:exp(j(oTs)
eloTs ejanT s ejan'/ /fs
Tl — b e —p 2l —p
61'271\’ ejQ

el —p Q)

where v = f/f; and Q = 27nv are the normalized cyclic frequency and normalized
angular frequency, respectively. The magnitude and phase responses are:

4 T 1
H — H e/(uTS — | —
()] = [H(e™™)] T — b |[cos(@Ty) — b] — jsin(wTy)|

= ! ZH(w)

\/[cos(a)Ts) — b]2 — [Sin(WTs>]2
B oy [ bsin(w-Ty)
= ZH(¢"?) = —tan [m]

As a special case, letb = 0.5 and f; = 1 Hz (i.e., T, = 1 s). Atf = 0.1 Hz (i.e.,
® = 2m(0.1) = 0.6283rad/s), the magnitude response is |H(e/*T)| = 1.506 and
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IH(el2™ ") 0, rad/s
2 T

v=Ff/f v=f/f
s s

-1-05 05 1

=T
-1-05 05 1

Fig. 2.13 Magnitude and phase response of a leaky integrator

the phase response is /H (e/*T) = —0.458 rad. Figure (2.13) shows the magnitude
and phase response of this system as a function of the normalized frequency.
If one needs to recover the actual response versus frequency from the normalized
frequency response one simply scales the frequency axis by f;.

From Fig. (2.13) one can see that the shape of the transfer function is that of a
LPF; the circuit is in fact what is sometimes referred to as a leaky integrator. If
b = 1, it would be an integrator, as will be seen later.

2.4 A Discrete-Time and Discrete-Frequency Representation

The DTFT of a discrete-time signal x(n) is still continuous in the frequency var-
iable, and hence it is not possible to implement with practical digital technologies
such as computers. It is necessary, then, to find a discrete-time and discrete-
frequency representation for practical analysis. This doubly discrete representation
will be referred to as the Discrete Fourier Transform (DFT).

2.4.1 The Discrete Fourier Transform

In practice one has to restrict oneself to computing the Fourier transform at a
limited number of representative sample frequencies. It was seen previously that
with appropriate precautions no information is lost provided that certain require-
ments on the sampling rate are met. In particular, it is necessary that the sample
rate in the time domain is at least twice as high as the highest frequency com-
ponent present in the analog signal. It will be seen here that there is an analogous
result for frequency domain sampling—one does not lose any information by
sampling in the frequency domain, provided that certain conditions are met on the
frequency sampling rate.
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Consider now the problem of sampling the DTFT in the frequency domain. It is
assumed that the frequency sampling is uniform, and that the spacing between
samples is F,. Now it is critical that this frequency domain sampling does not lead
to information loss. That is, it is necessary for the time domain signal to still be
perfectly recoverable, despite this sampling.

It is now required to determine the maximum frequency sampling interval
which ensures no loss of information. Assume initially that this rate is F, = fi/
N. This choice implies that the number of samples in the frequency domain is the
same as the number of samples in the time domain. Then the resulting DFT is
defined by:

N-1

X (k) = xi(n)e 2N,

n=0

Now consider the inverse Fourier Transform of X (k). By using an analysis very
similar to that done in Sect. 2.3.2.1 it is possible to show that the inverse is given
by:

1 & , N-1 .
x,,(n) = ﬁ Z Xv(k)eﬂnkn/N — Xv(k) _ pr(n)eﬂann/N
n=0

k=—00

Now it is important to realize that both X (k) and e *™kn/N are periodic, and
because of this periodicity, x,(¢) is also periodic, with period N. This indicates that
just as sampling in the time domain causes periodicity in the frequency domain, so
sampling in the frequency domain causes periodicity in the time domain. Fur-
thermore, with a frequency sampling interval of Fy = fi/N the periodicity is seen
to be N, which is just adequate to prevent the time domain images from “running
into each other”. That is, the frequency sampling interval of F; = fi/N is just
enough to prevent time-domain aliasing. If the sampling interval were any greater
aliasing in the time domain would occur.

In summary then, sampling in the time and frequency domains causes repetition
in both domains. The DFT is normally obtained from the DTFT by sampling at a
rate of Fy = f;/N, because this is just enough to avoid time-domain aliasing. With
this sample rate the number of samples in both the time and frequency domains is
N. Although the time and frequency domains both repeat doubly discredited
systems, it is common to only display one image. With this in mind the usual
definitions for the DFT and inverse DFT (IDFT) are:

=
=

-1
X(k)e>™ N — X (k) = x(n)e 2N (2.15)
0 n

x(n) =

=]~
bl
I
]
<

Note that
IDFT{DFT[x(n)]} = 1; (2.16)

that is, the DFT and IDFT are reversible transforms.
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2.4.1.1 Approximation of the FT Using DFT

The DFT can be used to approximate the original (continuous-time) FT. The
quality of the approximation depends largely on the sampling rate used in the time
domain. As long as the time domain sampling rate is greater than the highest
frequency present in the original analog signal, and the frequency domain sam-
pling rate is F; = f;/N, the approximation is perfect.

The effectiveness of the DFT for approximating the Fourier Transform derives
from the fact that the DFT is simply a sampled version of the DTFT, which is in
turn a scaled and periodic version of the FT (see Sect. 2.3.2.2).

2.4.1.2 Relationship Between the DFT and the DFS Coefficients

A simple comparison between the DFS of a periodic sequence (with period N) and
the DFT of one period of this sequence reveals that the two related by a simple
multiplicative constant:

Xi.ors = Xk prr /N, (2.17)

where X; prs is the pertinent DFS coefficient and X; ppr is the corresponding DFT
sample. This is reminiscent of a similar relation in the analog domain, where the
FS coefficients of a periodic signal (of period =7,,) are related to the FT of a single
period of the same signal according to:

X = X1p(F)/To |r=i, (2.18)

where X; is the pertinent FS coefficient DFS and X, (f) |—x, is the corresponding
FT value.

2.4.1.3 The Fast Fourier Transform

Calculation of the Discrete-Fourier Transform directly according to the definition
in (2.15) requires of the order of N? computations, i.e, it requires O(Nz) arithmetic
operations. These calculations cannot normally be done in real-time, as is required
for many practical applications. For this reason many scientists and engineers have
sought alternative techniques for rapidly calculating the DFT. The first to devise an
efficient algorithm was probably Gauss, but his work went largely un-noticed until
about 1990. In 1965, however, the so-called Fast Fourier Transform (FFT) was re-
invented and popularized. [see J. W. Cooley and J. W. Tukey, “An algorithm for
the machine calculation of complex Fourier series,” Mathematics of Computation,
vol. 19, pp. 297-301, 1965]. In contrast to calculation via the direct definition, the
FFT algorithm can be implemented in O(N log(N)) operations. This algorithm
provided not only economy of time in run-time operation, but also economy of
computational and storage elements in hardware for DFT implementation.
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The FFT algorithm can generally support real-time processing (at least on
modern computers and DSP chips).

MATLAB the Fast Fourier Transform algorithm is available on MATLAB as
ffe.

2.4.1.4 Circular Convolution and Its Relation to the Linear Convolution

In time and frequency discretized systems the time domain signal and the fre-
quency domain signal are both periodic. Within these doubly discretized systems,
it is not only the input signal which is periodic, but also the impulse response and
frequency transfer function. To appreciate the implications of this last fact, con-
sider two time-domain signals x(n) and A(n) which are both periodic. Their linear
convolution

o0

x(n) x h(n) = Z x(k)h(n — k) (2.19)

k=—00

diverges in general (i.e., does not exist). This is because both signals are infinitely
long and so the sum within (2.19) can easily be infinite. With periodic signals,
therefore, it is more natural to define a modified form of convolution known as
circular convolution. As will be seen subsequently, this is the kind of convolution
which is implemented implicitly in doubly discretized systems.

Assuming that two signals have identical periods of length N, then one con-
siders only one period of each signal and defines circular convolution as:

N-1

x(n) @ h(n) =Y x(k)h[(n — k)],

k=0

where py = p modulo N for any integer p. The circular convolution x(n) ®
h(n)]] > is also periodic with the same period N.

Recall that the linear convolution of two non-periodic finite-length signals
x(n)*h(n) has length L = N, + N, — 1. If one desires therefore to have x(n) ®
y(n) = x(n) * h(n) over one period of the periodic signals x(n) and k(n), then one
has to artificially extend the length of both signals by zero-padding both x(n) and
h(n) to be of length L = N, + N, — 1. That is, one adds extra samples to x(n) and
h(n), with these samples having the value 0.

2.4.1.5 1/O Relations Using Circular Convolution and the DFT

One of the key areas of application for the DFT is digital filtering. In DFT based
digital filtering one has an input signal x(n) and an impulse response h(n), and the
filtered output y(n) is given by the convolution of x(r) and A(#). Implementation of
the filtering in the time domain, however, requires O(N*) operations, assuming
both x(n) and h(n) have N samples. One can take advantage of the efficiency of the
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Fig. 2.14 1/O relations in a
digital system

Digital System

x(n) y(n)

—> H(k)=DFT[h(n)] ———>

X(k) Y(k)

y(n)=x(n)®h(n)
Y(k)=X(k). H(k)

FFT algorithm and implement the filtering in the frequency domain instead. This
alternative is discussed in the following paragraphs (Fig. 2.14).

Since convolution in the time domain is equivalent to multiplication in the
frequency domain, it is tempting to

1. take the FFTs of x(n), and h(n) to obtain X(k) and H(k), respectively,
2. multiply X(k) and H(k) together to obtain Y(k), and
3. then take the inverse FFT to obtain y.(n).

This three-step procedure, however, would yield the wrong result in general. To
see why the procedure is flawed, imagine that x(n) and h(n) are both N samples
long. Then X(k), H(k), Y(k) and y.(n) would all be N samples long as well. Since
v.(n) is supposed to be the convolution of x(n) and h(n), however, it should be
N + N — 1 samples long rather than N samples.

The reason for the flaw in the three step procedure above is that multiplication in
the DFT (or FFT) domain implicitly corresponds to circular convolution in the time
domain. For true filtering to occur, one must have linear convolution rather than
circular convolution, and so one must zero-pad both x(n) and h(n) to be of at least
length L = N, + N, — 1, where N, is the length of x(n) and N, is the length of h(n).
If one performs this zero-padding, the circular convolution inherently implemented
in the FFT domain becomes equivalent to linear convolution in the time domain.

2.5 Signal Correlation, Power, and Energy
2.5.1 Definitions

This subsection presents formulae for correlation, power, and energy of discrete-
time signals. These formulae are analogous to those for analog signals, but with
integrations changed to summations. The formulae are presented below.

2.5.1.1 Autocorrelation of Non-Periodic Discrete-Time Energy Signals
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2.5.1.2 Autocorrelation for Periodic Discrete-Time Power Signals

where N is the signal period.

2.5.1.3 Energy in Non-Periodic Discrete-Time Energy Signals

o0

Rik)= > Tifx(n)?

n=—0o0

Compare the above formula with the corresponding formula for analog signals:
E= [%_|x(t)]d.

2.5.1.4 Power in Periodic Discrete-Time Power Signals

e ,
P= 3 )
2.5.1.5 Parseval’s Theorem
For periodic signals: P =— ) |x(n)|” = |X(k)|°.
N =0 —~—

PSD

e fs
For non-periodic signals: E = Z T,lx(n))* = / T3|Xs(f)|2df,
0 ~—~—
ESD

n=-—0oo

where X(f) = X(¢/*"f T,) is the DTFT.



88 2 Discrete and Digital Signals and Systems

2.5.1.6 The Wiener-Kinchin Theorem

For periodic signals: R (k) [Xc|*.
——
PSD
For non-periodic signals: R, (k)——T2|X,(f)|*,
——
ESD

2.6 Digital Filters and Their Applications

The advancement of digital computers during the 1960s paved the way for many
analog electronic circuits to be emulated in digital computers. The advantages of
this kind of digital emulation are many—greater accuracy, greater flexibility,
lower cost, lower power requirements, greater reproducibility, etc. This section of
the book focuses on a particular type of digital emulation-namely the emulation of
conventional filters with digital computer hardware. This type of emulation is
commonly referred to as digital filtering.

2.6.1 Ideal Digital Filters

Ideal digital LP, HP, BP, and BS filters can be defined by simple analogy with
analog filters. In exploiting the similarities between digital and analog filters,
however, it is also important to keep in mind that there are some key differences.
One of the key differences is that there is a periodicity in the frequency response of
digital filters.

2.6.1.1 Mathematical Formulation
The Digital LPF

The transfer function of a digital LPF over the principal frequency domain
(— £/2, f/2) is given by

HL(f) = HL(ejzﬁm) = {(1): %il{)‘léfz/z

[see Fig. (2.15)].
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Fig. 2.15 Transfer functions of ideal digital filters

Digital Filter Transformations in the Time-Domain

Similar definitions to that of the LPF can be created for HPF, BPF, and BSF filters,
These definitions are provided below, and illustrative plots for the corresponding
transfer functions are provided in Fig. (2.15).

1. LP — HP : from Fig. (2.15) it is seen that the transfer function of a HPF with
cutoff frequency f,. is a spectrally-shifted version of a LPF with the same cutoff
frequency, i.e.,

Hu(f) = HL(f ££,/2),
0 o0
Z hy (n)e 2T = Z hy,(n)e 2/ DT,

n=—00 n=—00
o0

= > mm)(=1)'e P

n=—00

(2.20)

noting that e *"n (f,/2)T, = ¢ "™ = (— 1)". A simple examination of the above
equation indicates that:

hig(n) = (—1)"hy (n).

i.e., the impulse response of a highpass filter can be obtained from a lowpass one
by simply inverting every second sample.
2. LP — BP: from Fig. (2.15) it is apparent that:
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Hgp(f) = HL(f +fo) + HL(f — o)
where f,, = (f| + f>)/2 and the cutoff frequency of the LPF H,(f) isf. = (f> — f1)/2.

.. hgp(n) = 2 cos(2nnf, /f;)hr (n)[from Tables].
3. BP — BS: From Fig. (2.15) one can see that Hgz(f) = 1 — Hpp(f), hence,

hps(n) = 6(n) — hgp(n) = { 1__hilﬁ1(3,§())’)’ Z;g

2.6.2 Linear-Phase Systems

Ideally, it would be convenient if a filter had

1. a magnitude response which did not vary with frequency,and so introduced no
amplitude distortion,
2. a zero phase response and hence had no phase distortion.

However, these ideals are not achievable in practical filters. A zero phase
response implies that the filter’s impulse response is symmetric about n = 0 and
this in turn implies that the filter is non-causal (see Sect. 1.5.1). Practical filters
cannot be non-causal and cannot therefore have zero phase response.

A practical impulse response can be obtained from the ideal (non-causal)
impulse response by inserting a delay which positions all (or nearly all) of the
impulse response after n = 0. This delay introduces a linear phase shift to the
transfer function according to Fourier and z-transform Tables:

h(n — P)LH(Z)[P = H(/OT)elPTs = [ (e/2HT:) 2HPT:

The introduced phase shift is linear with negative slope.

Since a linear phase change in the frequency domain corresponds to a simple
time-delay in the time domain, it does not cause any change to the overall shape of
the filtered signal. This essentially means that no phase distortion occurs. On the
other hand, a non-linear phase response can damage the information content of a
signal. Therefore, it is desirable in the practical design of a digital filter to aim for a
linear phase. Generally, the transfer function of a linear phase digital system is
given by:

H(™) = [H(elT) | = AT )e"

where A (/) is real (i.e., is a zero-phase system), and the phase shift is linear and
is given by ¢ = wrt, where 7 is a constant).
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2.6.3 Classification of Digital Filters

Digital filters can be classified into two major categories according to their impulse
response length:

1. A finite impulse response (FIR) digital filter: has an impulse response with a
finite number of non-zero samples.

2. An infinite impulse response (IIR) digital filter: has an impulse response with an
infinite number of non-zero samples.

2.6.4 FIR Digital Filters

2.6.4.1 Structure and Implementation of FIR Filters

A causal FIR filter can be specified mathematically by the following difference
equation [see Fig. (2.16)]:

y(n) = h(n) * x(n),
N-1

(]

h(k)x(n — k)

I
=1
[=)

ox(n) + hix(n — 1) + -+ hy_1x[n — (N — 1)]

where &, is used in place of h(k) for notational simplicity. Taking the z-transform
of both sides yields:

Y(z) = hoX(z) + hiz 'X(2) + - - + hy_1z- V"V X(2)[Using Tables).

Hence, the transfer function is given by:

H(z) = Y(2)/X(z) =ho + iz '+ 4 by V7 (2.21)

Remembering that a z~' corresponds to a single sample delay, one can imple-

ment the causal FIR filter using delay elements and digital multipliers as shown in
Fig. (2.16).

2.6.4.2 Software Implementation of FIR Filters

The I/O relation in (2.6) could easily be implemented using a software program on
a DSP chip or a digital computer. However, implementation according to the
definition in (2.6) would require O(N, N,) operations. As suggested in
Sect. 2.4.1.5, a more efficient implementation is possible in the frequency domain
with the use of FFTs. One uses the relations:
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Fig. 2.16 A finite impulse Digital FIR Filter
response (FIR) digital filter x(n) y(n)
and its implementation (with y(n)=x(n)*h(n)

N = 2M + 1) being odd

remembering that it is necessary to zero-pad both the input signal and impulse
response up to N, + N, — 1 samples so as to avoid undesirable circular convo-
lution effects.

2.6.4.3 FIR Filtering of Long Data Sequences

In many applications (e.g., speech processing), the signal x(n) can be very long. In
this case, one cannot perform FIR filtering using the above technique efficiently
since the fft computation time would be very large. Also, saving all of the input
data would put a significant strain on the computer memory. Furthermore, real-
time processing would be impossible since it would be necessary to wait until the
end of the signal to start processing. Instead one can exploit the fact that an FIR
filter is a linear system, and obeys the superposition property. Hence, one can
partition the data record x into a sequence of blocks, each of relatively small length
K, noting that K >> M, M being the filter length. Each of these blocks can be
filtered separately and the resulting outputs combined to yield an overall output.
The process is called the overlap-add method and is illustrated in Fig. (2.17).

MATLAB the above overlap-add method could be implemented on MATLAB
using the instruction £ftfilt (x, h), where x is the signal and h is the FIR filter
impulse response.

2.6.4.4 Pole-Zero Diagram and Stability of FIR Filters
The FIR transfer function in (2.21) can be written as:
HE) = Y@XGE) = (g ) Bod i e )
which shows that an FIR filter with impulse response of length N has N — 1 zeros

and a multiple pole of order N — 1 at the origin (z = 0) (Since this multiple pole is
inside the unit circle, it poses no stability problems).
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Input |
Data x1 ! X2 x3
M1,
1 1 0 1 1
z X e
-y
z2 x2 0 P
— M-
z3 x3 0
Output P o
Data {M-1;
y1 y11 y12
M
y2 y21 y22 y23 ! !
M1
y3 |y31 y32 y33
y=[y11 y12+y21 y22 y23+y31 y32 y33]

Fig. 2.17 Overlap-add method for processing long data sequence
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MATLAB the pole-zero diagram can be plotted on MATLAB using
zplane (A, B), where A and B are the numerator and the denominator polyno-
mials coefficients (in descending powers of 7). See also the example pole-zero plot
for the Digital Differentiator in Sect. 2.6.6.3.

2.6.4.5 Linear-Phase FIR Filters

A sufficient (but not necessary) condition that a FIR filter of impulse response

h(n) with length N is a linear-phase system is that /(n) is either:

1. that the impulse response is symmetric around the midpoint of the filter, i.e.,
h(n) = (N — n — 1), or:
2. that the impulse response is anti-symmetric around the mid-point of the filter,
ie, h(n)= — h(N—n — 1).
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h(n) n =m=3 h(n)n =m-2 =27
‘[ ‘ ‘[ N =7 (odd) N =6 (even)
T T ? T P,
0123 4 012345
(a) (b)

Fig. 2.18 Symmetric impulse response for a FIR filter. a odd length. b even length

If N is an odd integer, i.e., N =2M + 1, the midpoint of symmetry is
n, =M. If N is an even integer, i.e., N = 2M, the midpoint of symmetry is
n, =M — 1 [see Fig. (2.18)].

The frequency response of a linear phase FIR filter (symmetric or anti-sym-
metric) is given by:

H(eijx) = H(Z) ‘z:exp(ijs)
_ {A,,(w)efwT»vMﬂf, N =2M+ 1(odd),a =0or . (2.22)
| Au(w)eOT-M=1/2)4B N =2M(even),f =0or n

where A,(w) and A, (w) are arbitrary real-valued functions.

Example If h(n) = 6(n) + d(n — 1), then:

1
NZZ,M:L7no=(N—1)/2=M/2:§,and

H(ejst) =14+ e—jmTS — 2e—jmTj/2[(eij:/2 + e—ijs/Z)/z]
= 2¢71/2 cos(wTy /2).

Hence, the magnitude response is given by A,(e/“T) = 2| cos(wT/2)|, and the
phase response is ¢ = — wT/2.

In the z-domain, the system functionis H(z) = 1 + 7= (z + 1)/z, sothat there

isapoleatz = Oandazeroatz = — 1 [see Fig. (2.19)]. Itis essentially a LPF. [As

an exercise plot the frequency response vs. true frequency f (Hz) or w (rad/s)!]. The

pole-zero diagram can be found on MATLAB using zplane (A,B), where
=[11]andB=[10].

2.6.4.6 Efficient Hardware Implementation of Linear Phase FIR Filters

Recall that the transfer function of a general FIR filter of length N is:
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Fig. 2.19 Impulse and frequency response of the filter h(n) = d(n) + o(n — 1)

H(z) = Y(2)/X(2) =ho+mz "+ + hy_z VD,

A straightforward hardware implementation which follows directly from the
expression in (2.21) is shown in Fig. (2.16). If the filter is designed to have linear
phase (as many FIR filters are), then its impulse response is typically symmetric or
anti-symmetric and one can exploit this symmetry to halve the number of coef-
ficient multipliers. These elements are generally costly and consume a lot of
hardware resources. An efficient implementation which takes advantage of the
coefficient symmetry is shown in Fig. (2.20) for odd and even length impulse

responses.

2.6.5 Design of FIR Digital Filters

2.6.5.1 Time-Domain Design

The frequency response of an ideal digital LPF over the principal frequency

domain (— f,/2,f,/2) is given by:

Hi(f) = H (™) = {0’

fe<II<A/2.

The impulse response of this filter can be obtained from (see Tables to be:

This impulse response and its Fourier transform are depicted in Fig. (2.21).
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Fig. 2.20 Efficient imple-
mentation of a linear-phase
FIR digital filter with sym-
metric impulse response
h(n) a with odd length

N = 2M + 1, b with even
length N = 2M

x(n)

y(n)

x(n)

y(n)

(b)

Since there are non-zero values of h(n) for for n < 0, the ideal LPF is non-
causal, and is hence physically unrealizable. It cannot therefore be used to process
real-time signals. In addition, Y |k (n)| — oo, and so the filter is also unstable.
Since —o0 < n < o0, the ideal LPF is an IIR filter. A practical 2M + 1 sample
FIR approximation to the ideal LPF can be obtained by first shifting 4, (n) right by
M samples to get Hi(n) = hy(n — M). Note that this time-shift causes only a phase
shift in the frequency domain (see Tables, Fourier Transform Properties), and
hence |H,(f)l = |H.(f)l. Second, h,(n) needs to be truncated (symmetrically around
n = M) by putting h;(n) = 0 for n < 0 or n > 2M (total length is N = 2M + 1).
This process yields a finite impulse response h;(n), which is symmetric about
n = M, as shown in Fig. (2.22) for the scenario where M = 5, N = 11, f. = 1.25,
and f; = 5 Hz.

As would be expected intuitively, larger values of M tend to give rise to
better approximations of the ideal impulse response. It is important to note that
when the original infinite length time domain impulse response is truncated, the
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Fig. 2.21 Transfer function of the ideal digital LPF and its impulse response
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Fig. 2.22 Magnitude and impulse responses of a practical digital LPF, where the impulse
response is obtained by truncating the ideal response using a rectangular time window

effect on the frequency domain is a reduction in the sharpness of the transition
band. In particular there is an introduction of ripples into the transfer function
H, (f), with the appearance of these ripples often being referred to as the Gibbs
Phenomenon [see (Fig. 2.23)]. This phenomenon is discussed further in the next
subsection.
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< Rectangular window
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Fig. 2.23 The rectangular time window and its magnitude spectrum (with total length N = 11
points, mid-point M = (N — 1)/2 = 5 points, and sampling frequency f; = 5 Hz)

Gibbs Phenomenon

The Gibbs phenomenon pertains to the oscillatory behavior in the frequency
response corresponding to a truncated digital impulse response sequence. In
the previous subsection the approximated impulse response was obtained by
truncating a shifted version of the ideal low-pass impulse response (h(n) =
h;(n — M)) to get the truncated impulse response /; (n).This truncation process is
equivalent to multiplying 4(n) in the time domain by a rectangular time window
wn) = IIy(n — M). This time window has a Fourier transform of the form

_ oy SINC(NE/EO) vpomy
W.(f) =N sinc(f/fs) e’ ’

which is a sinc-like frequency function with a major lobe and many side lobes as
seen in Fig. (2.23). This multiplication in the time domain is equivalent to con-
volving H,(f) with W,(f) in the frequency domain. This convolution with a function
having substantial side-lobes is the reason for the oscillations which appear in the
magnitude response.

To reduce the effect of the oscillations in Hy,(f), one can multiply the ideal
impulse response with a non-rectangular window which has lower amplitude side-
lobes. Some suitable windows include the Hamming window, the Hanning win-
dow, the Blackman window, the Gaussian window and the Kaiser window [1] If
one does use this kind of smooth windowing one typically needs a longer impulse
response to have an equivalent quality of approximation.
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General formula

A general formula may be used to describe many smooth windows used in
practice. This formula is: w(n) =a+ b - cos(nn/M) + c - cos(2nn/M), 0<n
<2M length 2M + 1

Some common smooth windows conforming to this formula are listed in
Table 2.1 and Fig. (2.24).

2.6.5.2 Frequency-Domain Design

So far the design of FIR filters has focused on approximating the desired impulse
response (i.e., the time-domain characterization of the filter). An alternative
approach is to design the filter by approximating the desired filter transfer function
(or frequency representation). This is the approach that is used in the so-called
frequency sampling method described next.

hL ( n) [Ideal LPF impulse response shifted by 10 samples]
1

(a)

Qo Q. ?T? Q. Q o o o o o o
g0} 10 ® © o

0 20 n, Sample count

Voot ( n) [rectangular window impulse response shifted by 10 samples]

e TTATIITATII

-

0 10 20 n, Sample count
W,an ( n) [hanning window impulse response shifted by 10 samples]
1
(c) 7
_ ?le
0 10 20 n, Sample count
[H, (D] (solid) & |H (f|: 21ptw__ , (dashed)
e e 2L W 1 Lol ¥ = =
\ ! !
(d) :
z \, z , \. N " z f H
= ) = 0 f f/2 - i
s s [ [ s s

e | \ // \\ """ /

e T2 s 0 7 72 7
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Fig. 2.24 Rectangular and Hanning windowing of the impulse response of an ideal digital LPF
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A. Design of FIR Digital Filters by Frequency-Sampling

A intuitively appealing approach to designing a FIR filter is to simply take the
desired frequency transfer function and then inverse Fourier transform to find the
filter’s impulse response. Within a digital computer, however, one cannot specify
the Fourier transform, only the samples of the desired Fourier transform. In other
words one can define the samples of a desired frequency response Hy(e/®Ts) =
H,; (&), then use the IDFT to find the impulse response h(n). Often in digital
filters it is the transition band which is particularly critical and so it is necessary
to specify this portion of the transfer function most accurately. This implies that
one needs to have one or more samples within the transition band if one is to
achieve good filter designs. It is also important to note that if one seeks to
specify too sharp a transition band one will be confronted by the Gibbs Phe-
nomenon-substantial ripple will then manifest in both the pass-band and the stop-
band.

Example The goal is to design a 33rd order LPF with cutoff frequency f. = f,/4
(or, Q. = 21/4 = ©/2). With the frequency sampling method it is necessary to use
a 33-point DFT to define the samples of the desired frequency response Hy(e/“T).
This desired response is the ideal rectangular response over the principal domain
0 < f < f; which is sampled to yield the set of samples {H,(k) | k =0,1,...,32}.
The frequency sampling method is illustrated in Fig. (2.25) for two scenarios, The
first scenario is where no samples are specified in the transition band, and the
second is where one sample is specified in the transition band. Once the samples
have been specified the IDFT can be taken to recover the filter’s impulse response.
Figure (2.25) shows the DTFT magnitudes of the impulse response so obtained. It
is seen in Fig. (2.25) that when no transition band sample is specified the ripple in
both the pass and stop bands is significantly greater [Note that H4(9) and H,24)
are the transition samples, chosen to be 0.5].

B. Optimal Frequency-Sampling FIR Filter Design

The frequency-sampling method described above is straightforward but it is an ad
hocl method. It is possible to design filters which are optimal in the sense of
minimizing the maximum error between the desired frequency response and the
actual frequency response. These types of filters are referred to as equiripple, and
can be designed using the. Parks-McClellan algorithm. The latter utilizes Remez
and Chebychev approximation theories to design optimal equiripple linear-phase
FIR filters.
MATLAB the Parks-McClellan algorithm is available on MATLAB as:

h = remez(N — 1,Fd, Ad).
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Fig. 2.25 FIR filter design using frequency-sampling method. Above without a transition sam-
ple. Below with two transition samples (dotted curve for the first case without transition samples)

This command yields the impulse response of a length-N (i.e., order N — 1)
linear phase FIR filter with desired magnitude response, given by the vectors Fd
and Ad. Fd is a vector of normalized frequency points, ranging from 0 to 1
(corresponding to the range 0 < f < f,/2 Hz), and Ad contains the desired mag-
nitudes for points in Fd. Example: To design an optimal FIR filter in MATLAB
with the specifications in the previous example, one can use:

h =remez(N—1,[00.50.61],[1100])

Figure (2.26) shows the actual frequency response as compared to the ad-hoc
frequency-sampling approach described in Sect. 2.6.5.2-A.
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Fig. 2.26 Frequency response of a LPF designed by remez (dotted curve for ad-hoc frequency-
sampling design)

2.6.6 Applications of FIR Digital Filters

2.6.6.1 Communication Channel Equalization

Telephone and wireless channels often behave like band-limited filters with fre-
quency response H(f). This filtering is in general an undesirable frequency
dependent distortion which needs to be eliminated - it can be removed via the use
of an equalizer as explained below.

The transfer function of the channel can be estimated by sending a training
signal [e.g., a unit pulse function d(n) along the channel and then measuring the
impulse response A(n) and the corresponding transfer function H(f) = F{h(n)}].
An equalizer (or inverse filter) with a frequency response H,.(f) = 1/H(f) is then
applied to counteract the channel distortion. Normally one chooses an FIR filter
(also called a transversal filter), and the frequency sampling approach is often used
to design H,(f).

2.6.6.2 The Moving Average Filter

Sometimes it is necessary to smooth data before making a decision or interpre-
tation about that data. Averaging is a commonly used smoothing technique and
this averaging can be implemented with simple FIR filters. For example, the stock
market prices fluctuate from day to day, and even sometimes hour to hour, To
observe trends some form of smoothing or averaging is necessary. Typically, one
takes an average of the stock price over several days before deciding the actual
trend of prices. Note that the global average is misleading in these cases and
cannot be used—rather, local or moving average should be used. (See Fig. (2.27)).

Since data x(n) is assumed to be continuously flowing in for the stock market
scenario, local averaging is done at each instant n. If, for example, averaging is
performed over three consecutive samples, the output becomes:
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Fig. 2.27 Moving average of 15
a stock price over 35 days
using a 10-tap FIR filter. Note
that the first M — 1 = 9 10
samples are inaccurate due to ,§ N . Global Average
insufficient information at e
start § 5
(D -~
0 10 20 Time (days)
1
y(n) = 3 [x(n) +x(n — 1) + x(n — 2)] (2.23)

+x(1) + x(0)], at n=3,y(3) :%[x(f”) +

~

For example, at n =2,y(2) = 1[x(2

x(2) + x(1)]. Comparing the above Eq. (2.23) with the general FIR equation:
N-1
y(n) = h(k
=0
—h()( )+h1)€( 1) +hN 1X[l’l— ( — 1)]

it is seen that (2.23) represents an FIR filter with N =3 taps: h(0) = h(1) =
h(2) = % Although these filter coefficients are all equal in this case they can be
different in general. For example, in the stock market studies one may give more
weight (importance) to the current sample [i.e., x(n)] than to others, e.g.,

h(0) = 0.5, 50% weight to the current price (today)
h(1) =0.3, 30% weight to the previous price (yesterday)
h(2) =0.2, 20% weight to the first price (2 days ago)

Figure (2.27) shows an example of a changing price over 35 days along with the
overall average and the moving average with h(n) = [.1 .1 .1 .1 .1.1.1.1.1.1]
(M = 10 taps with equal weight).

2.6.6.3 The Digital Differentiator
Time Domain Approach

The derivative of a signal x(f), dx(¢)/dt, can be approximated in the digital domain
(when the sampling period 7 is small and x(¢) is slowly varying) by the relation:

y(n) = [x(n) — x(n — 1)}/, (2.24)

as shown in Fig. (2.28). Comparing with the general form of an FIR filter:
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N—-1

y(n) = h(n) xx(n) = > _ h(k)x(n — k)

k=0
ho(n) + hix(n — 1)+ -+ + hy_1x[n — (N — 1)]

It can be seen that (2.32) represents a FIR filter with two non-zero samples impulse
response {h(n) = (1/T)o(n) — (1/T)o(n — 1)}, i.e., h(0) = — h(1) = 1/T,. From
this one can find the system transfer function by taking the z-transform of both
sides of (2.32):

Y(z) ZTLS[X(Z) —X(@) '] =[(1-27")/T)X(2)
= H() =)%=—(1 —

Now consider the magnitude and phase response:

. 1 s
H(EIQ) = H(Z) |z:exp(jQ): ? [1 —e€ ]Q}

oY@ [ e _ ef%;g]

¢ 72)sin(Q/2)]

&> ¢ ¥ sin (l Q>
T, 2

Hence, the magnitude response is given by:

() = (7 )1sin(59) 1 =2

and the phase response is:

S| — -

7 N\

sin (; wn> ‘ — of|sin(nf /£,
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Q =
¢ = <—5+§) +c,

where ¢ = 7 is to compensate for the change of sign in sin(3 Q).
The magnitude and phase responses are plotted in Fig. 2.28. It is seen that the
digital differentiator is a high-pass filter.

Frequency Domain Approach

From Fourier transform Tables one can find the transfer function of the continu-
ous-time differentiator as:

Hy(w) = jo (2.25)
which can be transformed into the digital domain as follows:
H(?) = jQ/T; —n<Q<m. (2.26)

Figure (2.29) shows the magnitude and phase responses of the above transfer
functions (compare with Fig. (2.28)). Note that Fig. (2.29a) represents a theoretical
magnitude response, as practical differentiators are band-limited within a cutoff
frequency ..

The impulse response of the above filter can be found to be:

1 [T
hn) = - / %d’lﬁdg

_ 1 cos(nm) sin(nm) (2.27)

;0 —o0<n<oo

T, n nn?

For a practical design, the above impulse response should be shifted by 2M + 1
samples and then truncated. The shifting operation is described by:

_ 1 cos[(n — M)n]sin[(n — M)7]

h(n) = ; —oo<n<oo, 2.28
0= ) ) (2.28)

while the truncation window w(n) is specified by:
hy(n) =w(n) -h(n); 0<n<2M (2.29)

If a linear phase is required, then the truncation window should be symmetric so
that one can get h(n) = — h(2M — n). The filter in (2.29) can be implemented
using the approach in Sect. 2.6.4.6.
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Fig. 2.29 Frequency response for an analog and digital differentiator-II

2.6.6.4 The Digital Matched Filter

Recall from Sect. 1.4.2 that in the analog domain the impulse response A(f) of the
optimum filter for receiving a transmitted symbol b(#) (0 < t < T) is given by the
T-shifted (delayed) mirror image of the symbol, i.e.,

h(t) =b(T —t)[7(t —T/2).

For orthogonal binary transmission, two matched filters are needed, one mat-
ched to the “0” and the other matched to the “1”. Figure (2.30) shows a digital
matched filter for orthogonal binary signalling with the sampling frequency at the
receiver equal to five times the bit rate. If bipolar signalling is used (i.e., +Vcc
represents “1” and —Vcc represents “0”), then one sample per bit is possible, but
in practical signalling schemes there are normally at least 4 samples per bit.
Increasing the sample rate increases the accuracy of detection, especially in noise,
and it does not affect the transmission bandwidth (which depends on the data rate
1/T only). If the sample rate is N samples per bit, then an N-stage shift register is
needed to store the samples before each symbol is detected for each filter (see Fig.
(2.30)).

In digital matched filters it is necessary to have good synchronization between
the transmitter and the receiver to decide the start time (r = 0). The coefficients of
the ith matched filter {h;(n) |n=0,1,...,N — 1}, which is matched to the ith
symbol (bit), are given by:

hi(n)=b(N—1—-n), n=0,1,...N—1


http://dx.doi.org/10.1007/978-3-642-15591-8_1
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Fig. 2.30 Digital matched filter for orthogonal binary signaling with Ty = 7/5. Above wave-
forms for transmitting logic “0” and logic “1”. The transmitted signal s(¢) represents the data
string 1 0 1. Below digital matched filter receiver

The output of the ith matched filter at the kth sampling instant is given by the
convolution:

where r(¢) is the received signal. Decisions (comparisons) are made only when
kN = N — 1 [every 5 samples for the scenario represented in Fig. (2.30)]. Note that
in Fig. (2.30) the simpler notation 4, = h;(n) and ¢, = ho(n) is used-under noise-
free condition and full synchronization with the transmitter at k = 4 (after 5
samples) the shift register has the following contents: a = 1,b =1, ¢ =1,
d= —1,e= — 1.Hence, M, =1, M; = 5 > M,, and the decision is that “1”
was transmitted. As an exercise try to find the decision of the circuit after 10 and
15 samples.
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2.6.7 IIR Digital Filters

2.6.7.1 Structure and Implementation of IIR Digital Filters

An IIR digital filter is a system whose impulse response h(n) has an infinite
number of non-zero samples. To implement IIR filters in practice, recursion is
often used. That is, to create the output, not only are previous values of the input
used, but also previous values of the output. This kind of recursive implementation
is essentially a feedback system. The general formula for the I/O relations of a
recursive IIR filter are:

y(n) =box(n) + bix(n — 1) + -+ - + byx(n — M) .

_aly(n— 1) _"'_aNy(l’l—N). (2.30)

The above equation is often referred to as a difference equation. Taking the
z-transform of both sides of the equation yields:

Y(n) = b,X(2) + b1z "X (2) + - - + byz MX(2)

—az'Y() = —ayz VY (2). (231)
(= YO bbby S b
o X(z) lHaz!—-—avz?¥ 140 @zt

Hence, unlike FIR filters, IIR filters can have poles at locations other than z = 0.
In fact, the above equations can also represent a FIR filter if one puts
a; = a; = ... = 0. Normally, the number of poles N is larger than the number of
zeros M, and the order of the filter is decided by the number of its poles. For the
IIR filter to be stable, all poles should be inside the unit circle.

2.6.7.2 IIR versus FIR Filters

IIR filters usually have lower orders than FIR filters with similar performance
with respect to sharpness of cutoff, passband ripple, etc. Because of the lower
orders IIR filters tend to require fewer delay elements and digital multipliers for
hard-ware implementation, and they require fewer computations in software
implementations.

One of the key disadvantages of IIR filters is that because of their inherent
use of feedback, they can have stability problems. Quantization effects are also
much more serious in IIR filters, again due to their use of feedback. Addition-
ally, it is generally not possible to have a linear phase transfer function with IIR
filters.
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2.6.7.3 Direct Form Implementation of IIR Digital Filters

From the general equation for an IIR filter:

Y(n) = b,X(z) + blzilX(z) RS sziMX(z)

_ alz_lY(z) e aNZ—Ny(Z)7

one can readily construct a hardware realization, as shown in Fig. (2.31). The
structure shown is called the direct form-I, realization. This form requires
M + N + 1 multipliers, M + N adders, and M + N memory locations.

Now the transfer function for an IIR filter can also be written as:

DY LSRN o VUL ¥ (R B
HE =13 S arz (z(; & ) (1 + X “"Z_k> '
= H\(z)Ha(z) = H2(2)H,(2) .

The above expression suggests an alternative realization for the filter, and the new
realization is called the direct form-II implementation (Fig. 2.32). Importantly the
direct form-II requires only max(M, N) memory locations (or delay elements) in
contrast to the direct form-I, requires M + N + 1. The new realization needs the
same number of adders and multipliers as the direct form-I. The coefficients {a;}
and {b;} are usually chosen to be real to avoid complex processing. It can be
shown that with real coefficients the poles and zeros are either real or in complex-
conjugate pairs.

Direct Form - |

y(n)

H1(z)[TheZeros] Hz(z)[ThePoIes]

Fig. 2.31 Direct form-I implementation of IIR digital filters
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Fig. 2.32 Direct form-II Direct Form - Il
implementation of IIR digital

filters. Note to find the poles x(n)
and zeros of any transfer

function H(z), it is normal to

write it as a function of z, but

for implementation it is nor-

mal to write it as a function of

z~'. The use of ™' terms in
the implementation is due to
the correspondence of the z~
term to a delay element

1

2.6.7.4 Practical Implementation of IIR Digital Filters

Since the feedback structure of IIR filters exaggerate quantization errors, these
filters are often built up in practice as cascaded first- and second-order units rather
than in direct forms - this can be shown to reduce the vulnerability to quantization
errors. Ideally one would use only first order sections, but this would necessitate
using complex arithmetic. To avoid this latter possibility it is necessary to use
second order sections wherever there are complex conjugate poles or zeros.

Example Implement the IIR digital filter whose transfer function is given by:

22— 1)(z+2)(z+3)
H) = 2(z+0.5)(22 +03z+0.1)°

It is seen that there are two complex conjugate poles since z* + 0.3z + 0.1 has
two complex conjugate roots. Hence, it is best to use a cascaded form of imple-
mentation and write the transfer function as follows:

2(zz—1)(z+2)(z+3)

H p—
) = 05 @+ 03101
- 1—z! 14527+ 6272
| 1505 || 1403z 10122
—————
1st—order unit 2nd—order unit

The implementation diagram is shown in Fig. (2.33).
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Poles Zeros

Fig. 2.33 Implementation of 2(z — 1)(z +2)(z + 3)/[z(z + 0.5)(z> + 0.3z + 0.1)]

2.6.8 Design of IIR Digital Filters

Often IIR digital filters are designed by converting analog prototype filters (such as
Butterworth, Chebychev, and Elliptic filters) into digital filters via suitable
transformation methods. The basic prototype filter type is an analog low-pass filter,
and filter transformations are necessary to obtain LP, HPF, BPF, or BSF digital
filters.

Typically the required digital filter specifications are initially transformed into
their analog counterparts to help in designing the proper analog prototype. For this
to be effective the transformation should:

1. preserve stability and
2. map the jo axis into the circumference of the unit circle &/

There are two approaches for transforming digital IIR filters into analog
prototypes:

1. Time-domain matching using the impulse response,
2. Frequency-domain matching using the frequency response.

2.6.8.1 Time-Domain Design: Impulse Response Matching

In the impulse response matching method (a.k.a. the impulse invariance method),
the impulse response of the digital IIR filter is simply taken to be a sampled
version of the impulse response of the analog prototype filter. That is,

h(n) = hy(nTy), n=0,1,2,....

If the transfer function of the analog prototype filter H,(f) is bandlimited to
(— B, B) and f,/2 > B, then there would be no aliasing. This in turn would imply
that the digital transfer function H(e/?) would be a scaled and repeated copy of
H,(f). With this understanding it becomes apparent that the impulse response
matching method is not suitable to design a digital HPF, due to aliasing problems.
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The analog filter s-domain transfer function is H,(s) = LT{h,(¢)}. Now the
poles of H,(s) are transformed to the poles of H(z) through the relation z = 7.
The method can be summarized as follows (see, for example, A. V. Oppenheim

and R. Schafer, Discrete-Time Signal Processing, Prentice-Hall, 1989):

1. Expand the analog transfer function by partial fractions as Z%:l Sf’; . Note that

P’ S can be non-distinct.
2. The required transfer function is

M M
Cm Z
H(Z) :Tszl —gmesZ71 :TSZC”’Z_Z
m=1

m=1 m

T,

where z,, = eP»'s are the poles in the z-domain.

Note 1 If there is no aliasing, H(e/®) = H,(w) when —n<Q <.

Note 2 Since the relation Q = wTj is applicable, the jo axis is transformed into
the circumference of the unit circle ¢ = /7.

Note 3 Since the poles are transformed according to z = e°
preserved.

Ts, stability is

Example Using the impulse invariance method, design a digital Butterworth LPF
with the following specifications:

1. Ty = 0.01 sec (hence, f; = 100 Hz),
2. f. = 10 Hz (therefore w. = 20 & rad/sec),
3. G, =1, gain < 0.1 (i.e., —20 dB) for 20 < f < f,/2 = 50 Hz).

Solution:
It is necessary to first find an analog Butterworth LPF with the above specifica-
tions. The gain should be less than —20 dB for a normalized frequency of f. >
20/10 = 2 (normalized w.r.t f,). From the graph in Tables—Stopband gain for a
B-LPF, the filter order is found to be n = 4. From Tables—Denominator Poly-
nomial Coefficients for Normalized LPF’s, the transfer function of this normalized
filter is seen to be:
Hy (s)

a()

T 14 2.6131sy + 3414253 + 2.6131sy + 54

Now H(p($)l=o = a9 = G4. = G,, = 1, and sy = s/w.. Substituting these val-
ues for a, and sy into the above equation, yields:

1.55¢7

H,(s) = .
(5) = 15507 1 6.48¢5s + 1.3d4eds? - 164157 - 5°

H,(s) can then be expanded using partial fractions. This can be easily done in
MATLAB using B = [1164.11.34e4 6.48e51.55e7],A=[1.55e7],
[R,P,K] =residue (A, B) where R gives the coefficients c,,, P gives the poles



2.6 Digital Filters and Their Applications 113

DPm» and K is empty if degree(A)<degree(B). For the Butterworth filter above, the
poles and coefficients are found to be the following complex conjugate pairs:
¢ = —27.8+j11.6,
p1 = —23.6 4 j58.3,
c=c,
p2=p1’,
c3 =278 —j73.7,
p3 = —58.4 4223,
c4 =3,
pa=ps".
The z-domain poles are:
z1 = exp(p1Ty) = 0.65 + j0.43,
2 = z1*[since(e¥)* = )],

23 = 0.54 +0.12,

and z4 = Z§ Therefore,

1z c1*z 32 c3*z
H(Z):Ts|: 1 i 1 . 3 I 3 *}
Z— 21 Z—21 Z—23 Z1—23
V122 —nZ 61122 — 22
=Ts|5 +3
2 —1r2+rs T —q32+qa
where rn= —055rn= —0206r=13r,=0.6,qg, =0.55, g =047,

gz = 1.08, and g4 = 0.3. The above grouping of terms is to have real coefficients
for easier hardware implementation.

MATLAB the above problem can also be solved using the MATLAB command
[Az Bz] = impinvar (A,B, fs).

To check that the impulse responses are similar use:

t=0:Ts:1

sysl = tf (A, B)

hl = impulse(sysl, t)
sys2 = tf (Az/Ts,Bz,Ts)
h2 = impulse(sys2,t)
plot(t,hl,t, h2’:")

Note In filter design the following MATLAB commands may prove useful:
B = roots (A) : Finds the roots of a polynomial whose coefficients are in A [e.g.,
B=roots([1 2 3]) finds the roots of (descending order)].

A = poly (B): Converts the roots (in B) to a polynomial.

C = conv (A, B): Multiply two polynomials A and B (Also, find the convo-
lution sum).
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X =fzero(’fun’,xo): Finds a zero of the function “fun” (which is either
a library function or defined in another file) near xo [e.g., fzero(’'x/3-
sin(x)’,pi/2) gives 2.2789].

zplane (A, B): Plots the pole-zero diagram of a transfer function H(z) =
A(2)/B(2).

h = fregs (A, B, w) : computes the complex frequency response of the analog
filter H(s) = A(s)/B(s) at the angular frequencies in the vector w.

h = freqz (A, B, £, £s): computes the complex frequency response of the
digital filter H(z) = A(z)/B(z) at the frequencies in the vector £, with sampling
frequency fs.

2.6.8.2 Frequency-Domain Design: Frequency Response Matching

The impulse invariance method enforced a time-domain correspondence between
the analog and digital impulse responses. The frequency response matching
approach enforces a frequency-domain correspondence between the analog and
digital transfer functions. Assume that one starts with an analog filter transfer
function H,(s), which needs to be transformed into a digital transfer function H(z).
Unlike the time domain matching approach, it is not possible to achieve an exact
correspondence between H,(s) and H(z)-this is because the H(z) displays repetition
in frequency whereas H,(s) does not.

As a first attempt at achieving a frequency domain correspondence between the
digital and analog filters, one can use the natural mapping:

H(eST") =H,(s) for—n<ol,<m.
Hence,

H() = Hy(0) for —n<ol,<m.

ST

The relationship z = ¢*'s is enforced in this approach. Thus,

In(z)

T,

It is apparent that this transformation is non-linear and it is therefore impossible in
general to obtain H(z) as a rational function of z. However, an approximation
to this relation is possible. If z is near 1, the Taylor expansion of In(z) is (z — 1) —
(z — 1?2 + O{(x — 1)*}, while the expansion of (z — D/(z + 1) is [(z — 1) —
(z — D>+ 0{(x — 1)*}1/2. Hence, ignoring the smaller terms, the following
approximation can be used: Inx 2(z — 1)/(z + 1). Then s can be approximated
by:

2z7—1
S ——.
T,z+1



2.6 Digital Filters and Their Applications 115

This relation is called the bilinear transform. It should be noted that the
approximation in used above is true only when z is near 1, which means that the
low frequency region maps quite reliably from the analog domain to the digital
domain. At higher frequencies, however, there is considerable error in the
approximation. It will be seen subsequently that the bilinear transform actually
introduces a warping of the analog frequency axis, and the warping is most severe
at high frequencies. This warping causes the analog frequency range 0 — o0 to be
mapped into the digital frequency range 0 — .

To gain further insights into the nature of the bilinear transform one can put
z = re’® [recall that the frequency response of any digital system H(z) can be
found by substituting z = re/*]. Substituting the polar form for z (= re/?) in the
bilinear transform s ~ (2/T;)(z — 1)/(z+ 1) gives:

2 re’ — 1
2 [rcos(Q) — 1] +jrsin(Q)
T Ty [rcos(Q) + 1] + jrsin(Q)
2 r?—1 . 2rsin(Q)
T Ty [14 72 + 2rcos(Q) ey 2rcos(Q) |

Since s =0 + jow :

2 r?—1 d 2 2rsin(Q)
= — an w =
’ Ty 1+ r2 + 2rcos(Q)

T Ty 142+ 2rcos(Q)

Now for ¢ = 0, Izl = r = 1 and so z = ¢2. Hence, the s = Jjo axis in the analog
domain is transformed into the z = ¢ unit circle, where the new relation between
Q and o is given by:

2 sin(Q) 2
w=———"—~"—=_—tan|—
Ty 14cos(Q) Ty 2 (2.32)
o Q= 2tan(wT/2).

The above equation is non-linear, as illustrated graphically in Fig. (2.34). The
infinite analog frequency domain (w = 0 — o0) is mapped onto the principle
digital frequency range Q = 0—m.

If 0 <O, then r < 1 (hence the LHS of the s-plane is mapped inside the unit
circle), and for ¢ > 0, r > 1.

It can be shown that filter design using the bilinear transform is independent of
T, [2]; hence, one can put Ty = 2 (for convenience) and use the following trans-
form instead:

gt [with Q=2tan™'(w) = 2tan™' (2nf)]. (2.33)
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Digital frequency, Q
1

1

I

I

T
1
Analog
‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘frequency
-6 -5 -4 -3 -2 - 1 2 3 4 5 6 f(H2
1L|=T

Fig. 2.34 Frequency domain relationship between analog frequency and digital frequency under
the natural transformation z = ¢*’s, where Q = wT, (dashed curve, Ts = 2) and the bilinear
approximation s = (2/7)(z — 1)/(z + 1), where Q = 2tan~!(w) (solid curve)

The bilinear transformation can be applied to transform all analog Filters, while
the impulse invariance method cannot be applied to HPFs. This is so because there
is no problem with aliasing, as this transform maps the whole jo axis to the unit
circle. That is, it is a I-to-1 mapping. The impulse invariance transform z = ¢'T,
on the other hand maps every sector of length 27 on the jw axis to the unit circle -
it is a multi-to-1. The price paid for the resilience to aliasing problems is the
deformation or warping of the original analog frequency response. It should be
noted that this warping is for the frequency response of the transformed analog
filter only; it does not imply that the input signal spectrum is also warped.

Example Design a low-pass digital IIR filter with cutoff frequency Q. = 0.6 using
a third order Butterworth analog filter.

Solution: From Tables-Denominator Polynomial Coefficients for Normalized
LPF’s, the transfer function of the analog B-LPF is given by:

1
Hy(sy) =
(sw) 1+ 2y + 253, + 53,

De-normalizing yields,

1
14 2(s/we) +2(s/we)? + (s) )

Hy(s)

The cutoff frequency is obtained as follows: ., = tan(€./2) = tan(0.3) =
0.3093 ~ 0.3 rad/s. Hence,
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H(z) = !

2 3
—1 —1 —1
1+6.651 + 22.2(;,) +37 (§+])

2.6.8.3 MATLAB IIR Filter Design Using the Bilinear Transformation

one can design IIR digital filters in MATLAB using analog prototypes selected
according to our requirements. The most important MATLAB filters are but-
ter, chebyl, cheby2, and ellip.

Example Using MATLAB, design the following digital IIR filters. Use the
bilinear transform and start with either a Butterworth, Chebychev or Elliptic
prototype filter:

1.

LPF at f; = 10 kHz with cutoff f, = 2,000 Hz, maximum ripple allowed in the
passband is r = 1 dB, and minimum stopband attenuation = 60 dB starting at
3,000 Hz. Sharpest transition with lowest order is required.

. HPF with f, = 2,000 Hz, minimum stopband attenuation= 60 dB for frequen-

cies below 1,000 Hz, and other specifications as above.

. BPF with passband 2,000—3,000 Hz, minimum stopband attenuation = 60 dB

for frequencies below f; = 1,000 Hz or above f, = 4,000 Hz, and other
specifications as above.

. BSF with stopband 1,000—4,000 Hz, minimum stopband attenuation= 60 dB

for frequencies between 2,000 and 3,000 and other specifications as above.

Solution:

. Since the specification requires the sharpest transition and lowest possible

order, an elliptic filter is the appropriate choice for the prototype. The corre-
sponding digital IIR digital elliptic filter has F,. = f/(f/2) = 2000/(10k/2) =
04, F, = fH/(f/2) = 0.6, r; = 1, and Az = 60. The order is obtained as fol-
lows:

[n fo] =ellipord(Fc,F2,3,AdB)

which gives n = 5 and fo = 0. 4. Having found the order one can determine
the filter transfer function:

[b al=ellip(n,1,60,fo)

where b and a are vectors representing the numerator and the denominator
coefficients, respectively.

. F, = f/(ff2) = 0.2, F. = 0.4, Since the other specifications are as for the

previous example, an elliptic prototype filter must again be used. Its order is
found with the command:

[n fon] = ellipord(fcn, £2n,3,AdB)

which gives n = 4, f,, = 0.4. The filter transfer function is determined with the
command:

[b a] =ellip(n,rdB,AdB, [F1 F2], 'high’)
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3. The solution to this and the following examples proceed similarly to the pre-
vious ones. F.;, =04, F, =06, F.=[F, F.,],F, =02 F, =08, F =
[F1 Fl,
[n fo] =ellipord(Fc,F,3,AdB)
which gives n = 3 and f, = [0.4 0.6].
[b al] =ellip(n,rdB,AdB, fo)
4 F.,,=02,F»,=08,F.=[F, F.,],FL, =04, F, =0.6, F = [F1 F2],
[n fo] = ellipord(Fc,F,3,AdB)
which gives n = 3 and fo = [0.4 0.6]
[b al] =ellip(n,rdB,AdB, fo, 'stop’)

Figure (2.35) shows the magnitude response of the above filters plotted against
the normalized frequency v = f/f; [note that normalization in MATLAB is dif-
ferent from many other parts of the literature; in its plots MATLAB typically uses
the ratio f/(f,/2) for normalized frequency instead of fIf;.

2.6.8.4 MATLAB FIR/ IIR Filter Design and Analysis Toolbox

If the following statement is entered on the MATLAB command line:

> fdatool

a filter design toolbox will pop up. This toolbox supports many different digital
filter design techniques and provides a user-friendly filter design interface. It also
enables the user to export the designed filter coefficients to the MATLAB
workplace.

O I 1 0 I ]
m ] ] m ] ]
© I I el I |
n I I - I I
£ I | £ | |
& -60 ! ! & -60 ! !
] ]

v=Ff/f ! ! vef/f

-100 s -100 ! ! s

-1 -0.5 0 0.5 1 -1 -0.5 0 0.5 1
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~ I I -~ I I
£ | | £ | |
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Fig. 2.35 Magnitude response of elliptic IIR filters: LPF, HPF, BPF, and BSF
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2.6.9 Applications of IIR Digital Filters

2.6.9.1 The Digital Integrator

If the sampling interval 7§ is small, then a digital summer provides a good
approximation to an integrator. That is:

/ x()dt =Y x(m)T, =T, Y x(n) (whereN =T/T;). (2.34)
0 n=0 n=0
Now
k k—1
y(k) = x(n) =x(k) + > x(n) = x(k) + y(k — 1). (2.35)
n=0 n=0
Hence,

1 (2.36)

Therefore, the integrator transfer function is H(z) = Ty H(z). The transfer function
magnitude and phase is plotted in Fig. (2.36) and it is apparent from the magnitude
plot that the digital integrator is low-pass in nature. It is the inverse of the digital
differentiator, which is a high-pass filter.

MATLAB the pole-zero diagram can be plotted in MATLAB using
zplane (A, B), where A is the vector of numerator coefficients and B is the
vector of denominator coefficients. In the above example A = [1 0] and B= [1 —
1] since H(z) = 7/(z — 1).

[}]
e
2
5 T /2
©
= ° Q=
- 0 n oT
o /2
Diagram £ Re(z) 2 0
o
- /2
- T

Fig. 2.36 The digital integrator with its frequency response and p-z diagram
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2.6.9.2 The Alpha Filter

It was seen in Sect. 2.6.9.1 that the integrator difference equation is y(n) =
Ti[x(n) + y(n — 1)]. If properly scaled, the integrator can be adapted to become
an averager. Modifying (2.35) to introduce this scaling yields:

y(n) = (1 —a)x(n) + ay(n — 1). (2.37)
where « is a real positive integer which is less than 1. The choice of « depends on

the importance of the current sample x(n) as compared to the previous average of
data. The transfer function is given by:

1 -« (1 —w)z

H(z)

)

e R

with one pole at z = « and one zero at z = 0. The implementation of the alpha
filter is depicted in Fig. (2.37). Using Tables-z Transform Pairs and Theorems, the
impulse response of this filter is given by

h(n) = (1 — a)o"u(n),

hence, the output of the system in the time-domain is specified by:

¥(n) = x(n) ¥ h(n) = Y x(n = k)h(k)
k=—00
= (1 —a)[x(n) + ox(n — 1) + o*x(n — 2) + - -]

Noting that (1 — a)[1 + o + «* + ---] = 1, the above I/O formula is remi-
niscent of the moving average FIR filter, except that the number of “coefficients”
is now infinite. This IIR averager is much easier to build than the N-tap FIR
moving average filter, with almost similar performance. See Fig. (2.37) for a
comparison using the same financial data as was used in Fig. (2.27). As in the FIR
example of moving average, a few early samples in the plot should be ignored.

Like the integrator, this system behaves as a LPF. Since averaging is not
sensitive to whether the phase response is linear or not, the alpha filter has a great
deal of appeal for many applications (e.g., in SNR estimation for communication
systems).

2.6.9.3 The Sinusoidal Digital Oscillator

An oscillator is a system that generates a specific waveform without an input,
except perhaps for an initial impulse or a particular setup of the initial conditions.
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Fig. 2.37 Alpha filter. Above Circuit and its frequency response. Below data averaging

To design a digital sinusoidal oscillator, one essentially needs a filter whose
impulse response is sinusoidal. From Tables- z Transform Pairs and Theorems,
such a filter transfer function is specified by:

hn) = sin(bn)u(n) 2 H() = — 2("(>;)Z - (238)

To build H(z), one can write it as H(z) = sin(b)z ' /[1 — 2 cos(b)z~! + z72], the
implementation of which is shown in Fig. (2.38). In this expression b corresponds
to the normalized radian frequency Q, = w,Ts, and hence the frequency of
oscillation is:

f, = 0o /2n = (bT,) /27 = (b/27)f, Hz,

provided that 10l < . The two poles of this system are the roots of the equation
z> — 2cos(b)z + 1 = 0, which are given by:

P12 = cos(b) + \/cos2(b) — 1 = cos(b) % jsin(b) = . (2.39)

Hence, the poles are exactly on the circumference of the unit circle, as shown in
Fig. (2.39), and the system is strictly speaking, neither stable nor unstable.



122 2 Discrete and Digital Signals and Systems

Fig. 2.38 Implementation
schemes for a sinusoidal dig- 3 (n)
ital oscillator

sin(b) y(n)

Im(z)

Magnitude

.

-7 —Qo 0 QO T (J)Ts

Fig. 2.39 Magnitude response and pole-zero diagram of the digital oscillator

2.6.9.4 The Digital Resonator

The magnitude response of the digital oscillator was seen to consist of two very
sharp two spikes. Analogously, one can design a digital resonator, which is a
narrowband BPF centered around a resonant frequency f,. Such a resonator could
be useful for extracting a fundamental sinusoid (with frequency f,) corrupted by
harmonics or other sinusoids. Note that if one attempts to design a resonator using
classical filter design techniques, one needs a prohibitively large filter order. To

ensure stability, the poles should be inside the unit circle, i.e., p1» = reiQ”, with
r very near to 1. A possible transfer function for the resonator can then be:
1 1
Hi(z) = (2.40)

z=p1)(z—p2) T 2- 2rcos(Q,)z + 12’

The magnitude response for this resonator is shown in Fig. (2.40) as the dotted
curve. Note that this curve has non-zero values well beyond the frequency of
interest, Q,.

A transfer function which also satisfies the above criteria with better stopband
attenuation is:
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-z n) | (—u)(z—2)
e = (z—p1)(z—p2) 22 —2rcos(Q)z+ 712 (2.41)

Note that he transfer function in (2.41) has in addition to a pair of poles, two zeros.
These zeros are chosen to null the frequency response H(¢?) at the digital fre-
quency borders f = 0 and f = = f,/2. That is:

1. H(®) = H(1) = 0 can be enforced by putting z; = 1.

2. H(e™Omesas/2) = H(¢™™) = H(—1) = 0 can be enforced by putting z, = —1.
Having the two zeros at these two positions, the frequency response is “pulled
down” more effectively away from the positions of frequency resonance. That
is, the stopband attenuation improves.

To facilitate implementation of the resonator, it is helpful to write its transfer

function as a function of z '

2?1 - Z -1
2 —2rcos(Qy)z+ 712 1 —2rcos(Q,)z ! +r2z 2

H(z) =

Fig. 2.40 A digital resona-
tor. a Magnitude response
with f, =2 Hz, r = 0.9,

fs = 10 Hz (Solid with 2
zeros; dotted: without zeros).
b Implementation using
Direct Form-II

Magnitude

o
x(n) + + y(n)
K z!
_r? 7 1
g N
Y 1>
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This transfer function can be implemented as shown in Fig (2.40). If r is very close
to 1, then the 3-dB (half-power) bandwidth B and the maximum gain G,, of this
system are approximated, respectively, by:
B~l"Tr(Hz) and G
~ ——Ff(Hz) an R
4 T (1 —r2)sin(Q,)
Equivalently, the bandwidth can be written as:
B, = 2n.Bf = 2(1 — r)f; (rad/s), (where w = 2nf, radian frequency), B, =
Br/fs = %, (where v = fif;, normalized frequency), and Bo = B, /f; = 2(1 —r),
(where Q = w/f; = 2nf /f; = 2nv, normalized frequency).

2.6.9.5 A Digital DC Blocker

In some applications an undesirable DC voltage can appear in the information
signal. For example, in some audio applications a DC offset can be added to the
recoded sound from the microphone. The ADC may also add some unwanted DC
to the digitized signal. This DC component carries no information, and in audio
applications cannot even be heard. Nonetheless, in some cases it can hinder pro-
cessing and cause instabilities. For example, the DC component may drive the
signal outside the dynamic range of the processing system which will cause signal
clipping. Hence, DC removal is often desirable before other forms of processing
are pursued.

For DC removal, it is necessary for the magnitude response to be zero at
f=0Hz and unity elsewhere. This kind of frequency response can only be
approximated in practice. To block DC one can place a zero at z = 1, and to
ensure that there is approximately unity gain for non-zero frequencies, one addi-
tionally needs a pole very near to the zero at z = 1, and inside the unit circle. The
following transfer function has the necessary form:

1—z!

H(z) = ———, oacloseto 1. (2.42)
1 — oz~

Fig. 2.41 A digital DC x(n)
Blocker

yn)

Direct Form |

Direct Form Il
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Fig. 2.42 Frequency and time-domain performance of the DC Blocker
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Figure (2.41) shows a block diagram of a DC blocker, while Fig. (2.42) shows
its practical performance with sinusoidal dc-shifted signals. It is evident that this
performance is dependent on how close « is to 1. When o = 0.99, the filter
removes the DC from the (low-frequency) 20 Hz sinusoid, but it also introduces a
phase change and an attenuation.

2.6.9.6 An Application of FIR / IIR Digital Filters: Simulation of Acoustic
Effects

A piece of music played in a concert hall does not sound the same as if it is played
in a living room. This is due to the echoes (early reflections) and the reverberations
(late reflections) which vary from setting to setting. One can actually simulate a
concert hall in a living room using the following steps:

1. Equalize the audio transfer function of the room, H,(z). That is, eliminate any
special effects that the living room is inherently creating. This is done by first
sending an audio impulse d(n), and then measuring the impulse response £,(n).
The transfer function is then given by H,(z) = fft{h,(n)}. Then one designs an
equalizing filter H,(z) = 1/H(z), with say the Remez algorithm.

2. Simulate the echoes and the reverberations as follows:

e For echoes: y(n) = x(n) + ax(n — N). This is so because an echo is a direct
reflection of the delayed input signal. Hence, H(z) = 1 4+ az ™. This is an
FIR filter. In practice, choose NT; > 0.05



2.6 Digital Filters and Their Applications 127

e For reverberations: s(n) = x(n) + f-s(n — M). This is so because a rever-
beration is an accumulation of previous reflections of the signal. Hence,
Hiz) =11 -p [M). This is an IIR filter with M poles.

Figure (2.43) shows a block diagram of the above procedure.
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