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1.1 PREAMBLE

We've set out this material as 24 chapters with a target of 10 pages per chapter. That should make each chapter "digestible" at a
single sitting. After 24 such sittings, you should know something about DSP. This brief and hopefully enticing recipe comes at a
price: it calls for great economy of words, and not much room for elaboration. The chapters may be short, but they demand your
full attention. So be warned.

This chapter is introductory, with very little maths. It helps set the scene for what follows. We talk about the different kinds of
signals, and about signal attributes such as power and energy. We talk about "frequency", and how signals have alternative
descriptions as "spectra”. We note the role of signals in instrumentation and control. We say how signals are used for

information transfer, and we mention some operations on signals, such as compression, enhancement, and encryption. We finish
with some comments on the analogue and digital technologies that make all of these things possible.
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1.2 SIGNAL TYPES

In this section we categorise signals as analogue or digital signals, as pulses or periodic (i.e. repetitive) shapes, as
continuous or sampled data types.

1.2.1 Signals Overview

The term signal refers to the quantitative measurement of parameters that interest us. Some signals, such as temperature,
pressure, velocity, etc, are physical parameters, and we often record their variations over time. A velocity signal, for example,
might be called v(t) where t is the time parameter. For any given t value, the function v(t) gives the velocity at that time. This
v(t) is an analogue signal quantity that varies continuously over time.

Contrast this with a very different signal: the daily variations in currency exchange rates. The value of the Euro against the US
dollar changes daily, and the "signal" is a sequence of numbers, one per day, that show the daily exchange rates. This signal
too varies with time, but it is discrete rather than continuous, just one value per day. And, because it is a number, we probably
think of it as digital rather than analogue. Even analogue signals however, like velocity and temperature, can be converted
electronically to digital form and then viewed numerically on a digital display panel.



Electric Circult Transient

xty . |
A
IR TRVASNEY
A ime.

New Page 1

Not all signals are functions of time. A surveyor will map out a building site as a function h(x,y) that shows the height at each
(x,y) co-ordinate position. The signal is continuous, but the surveyor just records an adequate set of sample points and saves
them in numeric form for future use.

Some signals call for complex—number values. Wind velocity is a good example: it has both magnitude v and direction 6 and
we can record it as v18 meaning "v angle 6". Both v and 6 vary with time, so we should call it v(t)d6(t). In our work, we'll
meet lots of complex—valued signals, so we need to get used to the idea.

1.2.2 Analogue Signal Waveforms

Although many signals vary in irregular manner with no strong distinguishing features, the following distinction is very often
applicable:

1) signals that describe "one-off" events

2) signals that describe events which repeat over and over
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Type 1) signals are transients or pulse waveforms, like the electric circuit transient shown here (Fig &€ ). They have a shape
that happens just once. They frequently begin at a certain time instant (and are zero—valued before that). Some of them
terminate and are zero—-valued thereafter. Others decay slowly to zero but never quite reach zero. Their common feature is that
they have finite area and "finite total energy" as we will shortly explain.

Here's a rather different pulse (Fig ¢ ). This probability density function p(x) is a pulse sure enough, but not a "time event" of
any kind. It too has finite energy, and for processing purposes, it is similar to many other pulse waveforms.

FProbahility Density Graph
Rectangular Pulse Train

Type 2) signals are repetitive or periodic waveforms. Here (Fig ¢) we see a portion of a periodic rectangular waveform. It
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| x(t) | could be a test signal from a function generator, or a clock signal on a digital circuit board. We see just a part of it, through a
| | finite window width, but it is presumed to go on forever. That presumption simplifies the maths, since we don't have to
: : specify how it starts or finishes. The same presumption applies to the waves that we call "sin" and "cos".
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This (Fig i) is another periodic waveform. It has a shape that we will encounter quite often. A single pulse of this kind is
called a "sinc" pulse, and the periodic version shown here will be referred to as an "rsinc" waveform, where "rsinc" stands for
"replicated sinc". Periodic signals have unlimited energy, but finite mean power. We'll elaborate shortly.
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Replicated Sinc

1.2.3 Replication and Periodicity

We can link pulses to periodic waveforms through a process called replication. The idea is that we can replicate a pulse and
thus create a periodic "version" of the pulse. This is a pulse (Fig i ) that we call M(t), pronounced "rect of t" for its
rectangular shape. It's got a height of 1.0 and an area of 1.0, so its width is W = 1.0 also (extending from —0.5 to +0.5). We'll
meet it often, so please note the definition.

We can replicate IM(t) at a replication interval P of our choosing. This plot shows the replicated IN(tyawith(interval

P = 1.5, (Fig &€ ). Notice the ~ symbol on IN(t)~. We use this to mean replication or periodicity.
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The pulse has been duplicated at regular intervals of P = 1.5 all along the axis. The result is the sum of such pulses, and it
forms a periodic signal that goes on forever in both directions. Because we chose P > W, the pulses do not overlap, and we
can still see the rectangular shape of the original pulse. Replication is a very important concept in signal processing.

ﬂ(t) Here's another pulse (Fig ¢ ) called A(t) or "tri of t" for its triangular shape. It's got a height of 1.0 and an area of 1.0, so its
1.0 width must be W = 2.0 (extending from -1.0 to +1.0). We'll meet it often, so please note the definition.

t This plot (Fig & ) shows the replicated triangle A@ with replication interval P = 0.5. The pulse width is W = 2.0 and

10 0 10 now, because P < W, the pulses are overlapping, in fact we see multiple overlaps. The diagram shows us each of the

overlapping pulses, but A@is the sum of all these, and it turns out to be the constant level of 2.0 on the top of the diagram.
a—W=20 —»
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This tells us a lot about replication. First, if P < W, the pulses overlap and the original pulse shape is lost. Note carefully, we
can always build A(8- from A(t) once P is specified, but we cannot reverse the operation. The constant level of 2.0 tells us

nothing about the triangles that formed it. Other pulse shapes could give the same result, for example, a triangle of height 2
and width 2, replicated at P = 1.0. We conclude that, when we replicated A(t), we lost information, and this is true in general
for replication with overlap.

This plot (Fig ¢ ) shows A(t) in slices of width P = 0.5. Careful comparison against A{g§bove during a one—period span

equalling P = 0.5 (the dotted rectangle) shows how A{t)s a superposition of all four slices. We just move all the slices
into the same one—period window and add them together. This has some interesting consequences:

« the area within a one period window of the replicated pulse waveform equals the area of the original pulse.

« any window that is one period (P) in width can be used; sliding it to left or right has no effect.
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The window contains a stack of slices which, if laid out side by side, would re—assemble the original pulse. This is true even
for pulses of unlimited width, such as the p(x) that we showed earlier. In such cases, we have an infinity of slices to add

together. We can't rebuild p(x) uniquely from p¢{xput there remains a connection between them. That connection has
surprising importance in DSP generally, as subsequent chapters will reveal.

1.2.4 Sampled Data Signals

We cited the Euro exchange rate as a discrete data signal, just a sequence of numbers. In the computer—driven world of today,
analogue signals too are routinely converted into number sequences, because computers work exclusively with numbers. This
conversion calls for sampling of the signal x(t) at regular time intervals of T seconds as the diagram suggests (Fig ¢ ). The
signal is sampled at timest=0,t=T, t=2T, t = 3T, and so on, and the sample values are converted to numeric form in

an Analog-to-Digital converter, usually abbreviated as ADC or as A/D. The sample values are the values of x(t) at times

t = nT, where n is an integer counter value, n = 0,1,2,3,4, .. etc. The value x(nT) is the vertical line length on the diagram.

It's a numeric equivalent of the analogue signal level at that instant. The A/D converter gives us a stream of these
value—samples that describe the signal.

This diagram (Fig ¢ ) shows the same information as area—samples. Each area—sample gives the area of a slice of width T,
such as the shaded slice in the diagram. It computeg@s), as opposed to x(nT) for a value—sample. Therefore
area—samples are just value—samples scaled by T, the sample interval. So why use them at all ? Well, first we can observe that:

area under x(t) = Z{T x(nT)}
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The area is approximately the sum of the area—samples. The fact is, area—samples include T and thus retain the link with time,
whereas value—samples are just a stream of humbers with no inherent time information. The usefulness of area—samples is at a
theory level, where they help us retain the link between analogue signals and their sampled—data counterparts. This is quite
important because, when we sample a signal, we lose all the signal information between the samples.

We also noted a loss of information when we replicated a signal. Later on, we will discover a connection between replication
and sampling !
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1.3 POWER AND ENERGY

Its time to say what we mean by power and energy. We'll use the AC mains voltage as an analogue signal example, but we'll
extend our ideas to cover sampled—data sequences as well.

1.3.1 Analogue Signal Power and Energy

For an analogue time-signal x(t), we define the signal power very simply as:

Instantaneous power : p(t) = X2 (t)

The power p(t) is indifferent to the polarity of the signal x(t), and it tends to emphasise the higher values of x(t). If we
integrate p(t) over the life of the signal, we get:

10
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Total Energy: E= Ip(t)dt

This is a "global" measure of signal activity. With pulse waveforms, we can expect the integration to give a finite result, that
is, a finite value of total energy E. Not so with periodic waveforms. Because they go on forever, their total energy is infinite,
and that's not a useful measure. The solution is to measure the energy over one cycle only:

Energy over one cycle: El = jp(t)dt
¥ o

where the upper—case P is the period of the waveform (or the duration of one cycle) in seconds. Then we can also specify the
mean power over a cycle as:

_

1
Mean power: P= ? = E Ip(t)dt
P

These concepts of power and energy are not unlike the true power and energy from which this terminology is borrowed. If x(t)
were the voltage across a resistor R, then the instantaneous power in the resistor W@l berp(t)/R as we have defined

it. The only difference is in the factor R, but true power defines a very real heating effect as a rate of energy consumption,
measured in Watts. The time integral of that activity is E, the energy used, which is also the total heat generated, in Joules.

11
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The AC mains voltage provides a useful illustration. We can specify it as:

vit)= M cos@nft+a), M= 22042 = 31 Ivolts, f=50Hertz

for a typical European distribution system. The angle a is the signal angle at the time we choose to call t = 0. Any angle will
do. This is known as a "220 volt" mains, although its peak value is 311 volts. There's a reason for this, as follows.

This plot (Fig ¢ ) shows a few cycles of the actual mains voltage, v(t), and underneath (Fig i) is a plot of the
"instantaneous power" as we define it in signal theory, that is:

p(t) = v(t)2 in watts

The power waveform goes from a minimum of zero to a maximun?pfid peak value squared. It is a "raised cosine" shape,
with a frequency of 100 Hz. Every half-cycle of the voltage equates to one full power cycle. It is obvious from the shape of
the power wave that the average power is one—-half of the peak power:

}_—) B M2 i 2 watts into 1 Ohm

12
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We like to specify the sinusoidal mains in such a way that this average power (into R = 1Q) equals the voltage—squared, just
as it is for DC voltages. Thus, the voltage is the root of the mean power, and we say:

Vs = B = M /42 = 220volts

This voltage is "the@oot of themean of thesquared waveform”, hence the abbreviation "rms" that describes it. In AC
true—power calculations, when the resistor R is included, it enables us to make statements such as:

§=(Vm)2fR or Rz(Vnns)z"r‘t5

— just as we would do for a DC circuit. Thus, the resistance of a 1 kilo-Watt heater element is just RAQ20 = 48.4

Q. The rms value of 220 volts is the significant quantity as far as power usage is concerned. Then the rms current is calculated
as 220/48.4 = 4.5 Amps. In the signals context, and for future reference, we should remember that the mean power of a
sinusoid is M/2, or one-half of the peak—value squared.

Compare this with the mean value of mains voltage v(t): taken over one or more cycles, the mean value is zero, which renders
it useless as a "global" measure of signal activity. The power, by contrast.ist¥talways positive, its integral is always
increasing, and it works well as the global measure that we require.

The idea of power is very useful for a noise signal. We don't know the noise value at any given time, but we can still quantify
it in terms of its mean power, and thus decide whether it is large enough to be objectionable.

13
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1.3 2 Sampled Data Power and Energy

When a signal x(t) is sampled, with T seconds between samples, the sample values are x(nT) forn =0,1,2, ...etc. We
simplify our notation by calling them x[n], the same sequence of numbers, but with no mention of T.

Signal power X(t) is an instantaneous thing, and so the sample power becon®&suifn]no time dependency. Energy,
however, is (powek time), so we should think of the energy per sampldﬂs]‘%. In practice, we often drop the T, thus
ignoring the time aspect, but still obtaining a useful global measure. The total energy of a sampled signal is therefore
TE[x[n]2 (summed over all samples), or just Z%[ii]we ignore the time factor. We would then find the mean power over

N samples as eithemlS([n]Z/(NT), or as Zx[rﬁ/N when T is ignored. Either way, the mean power is independent of the sample
interval T.

//fun_plot; \\ 4 A P
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1.4 TIME AND FREQUENCY DOMAINS

A great deal of DSP work is about signals that change over time, but in our efforts to describe them, we also speak of
frequencies, such as the 50 Hz frequency of the AC mains. Such references are hard to avoid. They are part of an alternative
viewpoint that we can bring to bear on a signal. We can describe a signal fully in the time domain, or equally well in the
frequency domain. Each description has its good and its bad features, but the frequency approach is of such importance that it
runs all through this work, and through most books on signal processing. We will try to expain the differences in these
approaches.

1.4.1 Time versus Frequency

The time description of our mains voltage might have been:

x(t) =311 cos(2mo0t+0.2)

15
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(We tend to use x(t) for analogue time signals generally). This time—domain description is the collection of all possible signal
values. We've drawn it alongside over a 60 milli-second time window (Fig ¢ ). Even a rough plot of x(t) requires several
data points to convey the general shape.

There's a simple alternative, as this diagram illustrates (Fig ¢ ). We can just say:

A(f)=311£02 @ f=50Hz

This is the frequency—domain description. It says just as much as the time—domain description, but it says it more compactly.
The X(f) plot needs only a single complex—number value placed at f = 50 Hz. Its magnitude is 311, the cosine peak value,
and its angle is the initial angle of 0.2 radians (when t = 0).

But what of other signal shapes ? Actually, this method would not be much good were it not for the fact that we can construct
any shape we please from a sum of sine waves. We'll see the evidence of this as we continue. We can thus have a spectral
diagram X(f) that shows one complex number for each sine wave that makes up the signal.

16
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In the future, we can describe our signals as x(t), the time—domain view, or alternatively and equivalently as X(f), the
frequency—domain view. If we know x(t), we can find X(f) and vice versa. Indeed, the two are linked by a transform (formula)
known as the Fourier Transform (FT). There are different FT's to suit different signal types, as follows:

» The Continuous Fourier Transform (CFT) is for analogue time pulses.

» The Discrete-time Fourier Transform (DtFT) is for sampled time signals, or for number sequences.

» The Discrete—frequency Fourier Transform (DfFT) is for periodic time signals, like the sine wave that we mentioned,
and these signals are represented by a number sequence in frequency.

» The Discrete Fourier Transform (DFT) connects data samples in time to data samples in frequency. It is a fully digital
transform, and is widely used to do calculations by computer.

These transforms are developed over the next two chapters. They will allow us to work interchangeably in the two domains.
The DFT works only with numbers, making it ideal for computer use, and it has a fast version that we call the Fast Fourier
Transform (the FFT). Not only does it switch quickly between the domains, but it can speed up various number—crunching
jobs, doing them much more rapidly than would otherwise be possible. The FFT is the workhorse of signal processing, and is
very widely used.

4 A >
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1.5 TECHNOLOGY REVIEW

As recently as 1970, digital signal processing was a little known area, just beginning to emerge. Thirty years later, in the year
2000, its effects were everywhere to be seen, in music, in computers, in communication, and about to conquer television as
well. And the world wide web had arrived, persuasive evidence of an emerging "Information Age". We will take a brief
glimpse backward over this era of extraordinary development.

1.5.1 The Early Days

The technology of world war two was high technology, for its time, with impressive achievements in electronics, in spite of a
very limited technology base. Radio communication had arrived, and signal processing had commenced, with signals ranging
from morse code through analogue radio signals to the early radar signals and, of course, everything was done using
analogue techniques. The bipolar transistor had not yet arrived, and thermionic valves provided the link into the future. These
were soon made obsolete by the transistor, which for many years prospered as a stand—alone three-terminal device. With the
transistor, analogue design methods flourished, and quite a lot could be done with just a small number of these devices. Rapid
progress in radio and in television provided ample evidence of all this.

The first experimental computers used thermionic valves, and the transistor soon transformed them into serious computing
machines, but in a price range that was affordable to big business, and to military users, but not to many others. All that began

18
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to change with the arrival of the integrated circuit.

1.5.2 Development Milestones

The planar integrated circuit (IC) was introduced by Robert Noyce in 1959, making it possible to build and to interconnect
many devices simultaneously on a single "chip", and to reproduce these circuits easily and in quantity. The IC set the scene for
the accelerated growth which followed.

Nine years later, Noyce joined with Gordon Moore to start the Intel Corporation in Santa Clara, California. The first
microprocessor was built by Intel in 1971, and it heralded the beginning of the personal computer era. The early highlights of
this era included the appearance of the Apple Il in 1977 and the IBM PC in 1981.

The microprocessor is a general—-purpose binary machine, with logic and arithmetic capability. Typical microprocessors can
add and subtract in a single machine cycle, but a multiplication involves many such steps, and must be expressed as a software
routine that takes several machine cycles to execute.

This approach is too slow for a majority of DSP tasks that must operate in real-time. Fast multipliers are a priority, and this is
a primary distinction between DSP processors and other processors. DSP processors have their own internal multiplier
"engine", implemented in silicon, and can generally complete a multiplication in a single machine cycle.

Multipliers have come a long way, from the multipliers of the seventies which filled complete circuit boards, to the
single—chip multipliers of the eighties, and to the vastly reduced geometries of the nineties. The time to perform a
multiplication has fallen dramatically as well, from several hundred nanoseconds for the board-level products to less than 20
nanoseconds in 1997. This latter figure is a mere 26xdé€conds, and its reciprocal is 50%10his multiplier could execute

50 million multiplications per second !

19
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1.5.3 Here and Now

Looking back a quarter century or so, the DSP of that time had few engineering roles, and very little impact that we could see.

In the interim, everything has changed. That change is largely due to the advent of fast inexpensive digital technologies. The
most visible manifestation of change is in the proliferation of computing equipment. But, alongside these advances, a great
many analogue engineering functions have been replaced by new digital counterparts. Most information flow is now in digital
form. This includes audio information, which is now mostly digital, and digital video signals, which are not far behind.

The migration to digital is limited by two main factors: cost and speed. As the cost of digital functions continues to fall, most
of the remaining analogue systems will become obsolete. Speed is a more significant limitation, and certain specialised high
frequency processes will continue in analogue form for a long time to come.

This does not alter the fact that we already live in a mostly digital world, and the current boundaries between radio, television,
telephones, computers, etc are being eroded. We face a new era in which all these systems, and more, are just different
manifestations of information transfer and processing.

4 A >
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1.6 DSP TODAY

In this section, we will take a brief glimpse at the signal processing operations of today, the parameters that interest us, and the
underlying motivations.

1.6.1 Signal Monitoring Tasks

The information that we want from a signal can be in any of several forms, some of which are listed alongside (Fig ¢ ). Here
are some examples.

Feak Value

Average Value
Zero Crossings
Slope

* Peak value
and average value are important in weather monitoring (hottest day, average rainfall), and in a host of other areas.
 Zero crossing

Error detectors count the magnetic flux reversals which denote "0" and "1" on the hard disk of a computer.

« The slope of a velocity signal v(t) is the acceleration that generates dangerous "g forces" in traffic accidents and
Mean Squared Value otherwise.

* Error
Fower

signals are deviations from desired values (of room temperature, of product dimensions, etc). Positive and negative errors (too
high or too low) are often equally unacceptable, and the mean squared value of error over an agreed time period is a useful
parameter for the quality control people. We could call it mean error power, and then do our best to minimise it !

—— e —— e —— ——— ——— ]
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1.6.2 Signal Processing Tasks

The list is a very long one, but we will try to give some small impression of the tasks to be done and the reasons that motivate
them.

Virtual Instrumentation. Instead of using dedicated oscilloscopes, spectrum analyzers, and other instruments, we can use an
ADC to digitise a signal, then do all the processing on a computer, while using the computer screen as the instrument display
panel.

Systems Control. A primary reason for monitoring a signal is so that we can make corrections, as when we measure room
temperature and use the information to adjust the supply of heat. This is as simple form of feedback control system. Control
systems abound in industrial applications.

Filtering. A filter modifies a signal by blocking some of its frequency components and allowing the rest to go through
unaffected.

Noise Removal. Some filters are for the removal of unwanted noise signals. Narrow—band noise is often easy to remove.
Broadband noise is more challenging.

Information Transfer. This covers a multitude. Even "local transfers”, such as the transfer of data from a Compact Disk

(CD) or Mini—disk (MD) to the music output circuitry can involve complex line codes and de—compression algorithms. Long
distance transfers are made over the air waves, or through co—ax cables, or through fiber—optic cables. These involve
multiplexing methods (in time or in frequency) so that several signals can share the same path, modulation methods which
place the signal in a frequency band that suits the transmission medium, and de-modulation methods that restore the original
signal at the receiver. All this applies to telephone, radio and television links, both analogue and digital, and to the world-wide
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web links, which are exclusively digital.

Signal Enhancement. This includes making noisy voice recordings more intelligible, and making blurred video images more
recognisable. There are many techniques, and they use digital processing for the most part.

Signal Compression. This reduces the data length with little or no damage to the content. With lossless compression methods,
we can restore the original data exactly, but compression factors of 2 to 4 may be all we can achieve. With lossy compression
methods, full restoration is impossible, but that is often unimportant, as with audio or video data, provided the final sound or
image seems satisfactory. Lossy compression can achieve far higher compression ratios, as much as 10 to 50 times, but with
some loss of quality as the ratio increases. There are two main benefits from data compression: less space is needed to store
the data, and less time (and cost !) is needed to send it over a data link. Compression is sometimes a necessity: without it,
digital television transmissions would not be viable.

Message Encryption. The internet (and private intranets) make communication easy, but they also create a need for data
security. The answer is to encrypt a message before transmission, which makes it unintelligible, and to reverse the process
later. The methods are mostly digital, and highly sophisticated.

1.6.3 Digital Versus Analogue.

Some of the listed operations have used analogue methods in the past, particularly systems—control, filtering and information
transfer. Now, more and more, they use digital methods instead. We will briefly set ot the reasons for the changeover.

« Analogue methods are subject to large component variations over process and over temperature, making it very
difficult to achieve high precision. With digital methods, the precision is limited only by the word-length employed.

« Analogue design can be difficult and time—consuming. Digital soultions are getting less and less expensive, smaller
in size, and easier to automate.

« Digital solutions have great immunity to noise. In a digital phone link, a signal will pick up noise along the way, but
the binary digital data (0's and 1's) can be fully re—constituted and rendered "noise—free" again (except in extreme
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high—noise conditions).
< Analogue solutions serve one purpose only, but digital solutions are highly re—configurable. The ultimate example is
the computer. It re—configures itself for a new role every time we open a new application.

That leaves only a few categories in which analogue methods win out. At very low price levels, an analogue solution may be
cheaper, and still suffice (cheap radios, etc). For very high—speed systems, the digital option may be too slow, and an
analogue solution must be used. And finally, at the Analogue/Digital interface (in A/D and D/A converters), some analogue
circuitry cannot be avoided.

1.6.4 Algorithms and Implementations.

There are two distinct parts to a problem: the algorithm and the implementation. The algorithm is the mathematical strategy,
and it applies to both analogue and digital solutions, although the word algorithm most often refers to software.

The implementation refers (mainly) to the hardware employed. The resistors, capacitors, transistors, etc, of the analogue
implementation give way to logic circuits in the digital implementation. The algorithm defines the result that we want, but the
way that we get that result will depend on the implementation.

The algorithm is the concept side, and is relatively unchanging. The implementation is decided by technology, and can change
quite rapidly. This book is mostly about algorithms. Our references to implementations are mostly for illustration, and to give
a more practical bias to the work.

The future of electronics is mostly about information, and with less reason to separate the various audio, video, and other
information systems. We will see some merging of traditional roles, and a growing reliance on computers, while commercial
firms compete to define the shape of things to come.
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2.1 PREAMBLE

First we show how to describe signals, both as maths expressions, and as pictures of waveforms. We explain signal symmetry.
We introduce phasors, their properties, and we show how two phasors make a sine wave. We discuss sums of sine waves, and
how periodic signals are built from sine waves. Then we switch to a spectral viewpoint, and we show how to find the phasors

in a periodic signal. We arrive at the Discrete—time Fourier Transform, better known as Fourier Series.

4 A >
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2.2 SIGNALS IN TIME DOMAIN

Now we revisit the pulses, the replication, and the periodic signals of Chapter 1, but from a more mathematical viewpoint, that
allows precise descriptions.

2.2.1 Sketching Signal Waveforms

(t,) This x(t) is a pulse (Fig ¢ ) with no special symmetry. We'll show some simple ways to move it and to stretch it, both
X vertically and horizontally, and even to flip it around an axis. Vertical stretching is easy: the signal 5x(t) is 5 times taller than
1.0 x(t), with a peak value of 5.0, and no change in shape.
t
-04 0 +0.8

Now we'll stretch it horizontally by 5. There are two ways to show the result. Here the stretch is visible (Fig € ), but
space—consuming. Here (Fig i ) we've used less space, and changed only the numbers. Both methods are equally valid, but
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we'll usually opt for the space—saving method.

x(t/5) x(t/5)
1.0 1.0

20 0 +40 -20 0 +4.0

Watch how the maths label has changed. It now reads x(t/5). To explain, x(t) comprises a funclioitix@ parameter,

normally t, inside the brackets. We give a parameter value tgxénd x( ) gives us back a function value. By changing

the parameter to t/5, we now need a t which is 5 times larger to get the same parameter value. This stretches the x-shape by 5
on the time axis. We could compress it by 5 in a similar way by using x(5t) as our new function.

(_ t) To flip x(t) around its horizontal axis, we just take —x(t). This reverses the sign but not the magnitude for all values of t. To
X flip x(t) around its vertical axis, we take x(-t) instead, as shown here (Fig ¢ ). The positive—t axis becomes the
1.0 negative—t axis and vice versa. This is time-reversal, and we will meet it occasionally.
t
-08 0 +0.4

To slide a signal along the t-axis by T seconds, we use x(t-1). Here we see a plot of x(t-0.4), representing a 0.4-sec time
delay (Fig i ). In x(t-0.4), t has to be greater by 0.4 to give the same parameter value as x(t), and this explains the
right—shift. The function x(t+0.4) performs a 0.4sec left—shift, or time advance.
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x(t—0.4)
10 F

o
o
e

+1.2

This (Fig 1) is a plot of x(t), and two copies of x(t), shifted right and left by a distance of P = 2. It looks periodic, but there
are 3 periods only.

X(t+2) +x(O)+x(t—2) "o

-2.0 0 +2.0

To make it truly periodic, we must add more pulses to left and right ad infinitum. Here are a few of those pulses:

Cx(t+6) + x(t+A) + x(t+2) + x(O) + x(t—2) + x(t— D) + x(t - 6) .

The fully periodic signal would be:
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x(t)” = Zx(t— nP), with P=2

n=-co

We called the result x() because this is the replicated version of x(t), with replication interval P = 2. Because P exceeds
the pulse width, the replication is without overlap, and the pulse identity is not lost. By this expression, we've defined what we
mean by replication, and the replicated %(t)as some notable features, as we described earlieh .2.3).

The symbok~ in x(t)~ is a mark of periodicity, and most signals to follow will be periodic but, as no confusion is likely, we
will revert to the simpler form x(t).

2.2.2. Signals and Symmetry

Many signals have important symmetry properties. The familiar cosine and sine are good examples. This plot (Fig & ) shows
both. Note that both describe the same sinusoidal waveform, except that "sin” lags "cos" by a quarter cycle (which is
12 = 1.57 radians). This means that sin(wt) = cos(wt — 172).
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%, (t) %, (t)

AAAAA A A
vV /\/\4\/

x,(t)=cos(mt) x, (—t) = x,(t) x,(t)=sm(wt) x,(-t)=-x,(t)

We've called the cosine wavegty because of its even symmetry about the vertical zero—axis. We've called the sing(tyave x
because of its odd symmetry about the same axis. These symmetries are defined by saying:

Xe (-t)= e (t) and Xo (-t)= —Xo (t)

A given (real-valued) x(t), such as this one (Fig ¢ ), might have neither symmetry, but we can routinely decompose it into
even and odd parts. Its even part is:

X (1) = ¥2[x(t) + x(-1)]

31



X ()

X, ()

New Page 1

Notice, the right-hand-side (rhs) of the equation is unchanged if we use -t in place of +t.. This proeéstthak xe(t) as
per the definition. The odd part of x(t) is found as:

%o (1) = 12[x(t) — x(-1)]

Notice, the rhs of this equation is sign—reversed if we use -t in place of +t. This provegtitptx-x o(t) as per the
definition.

To illustrate the method for the x(t) given above (Fig & ), we've also shown x(-t), and we've sketched)thiadkthe x(t)

that result from our equations (Fig ¢ ). All plots use the same scale factor. Take a moment to check that they make sense.

Periodic signals likewise can have even or odd symmetry. The rectangular wavefagri.K.x) has even symmetry if we
place the t = 0 axis on the middle of the pulse (or midway between pulses), but not otherwise.
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2.2.3 Phasors, Sines and Cosines

A vector can be described as L6 meaning "length L at angle 6". This is shorthand for the maths ex@gsﬁeoause

&b is a vector of length 1 at angle 6. A vector that rotates at some uniform rate,1céi itriits of cycles per second or
Hertz), is a phasor of frequency. f

A sinusoid of frequencyifcan be traced out as the projection of this rotating vector, or phasor, (which also explains why a
rotating turbine—generator yields a sine—shaped mains voltage). It resembles a wheel, rotating as:

w(t) = gl (2nhitHe)

where a is the initial angle at t = 0.The horizontal projection of w(t), as w(t) rotates, is seen here (Fig ¢ ). This sine-shaped
X(t) is the real part of w(t).

X(t) = Re { W(t)} the real part of w(t)

Note that the vertical projection is the imaginary part of w(t), or Im{w(t)}, and both parts are featured in this well-known
relationship:
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ot 2nkttor)

w(t) = = cos{ 271t + ) + jsin( 27 t+ )

FAWAWAL:
YAVAVA R

The cos is the real part; and the sin is the so—called imaginary part. We'll use these ideas whan we talk about band-pass
signals. Another way to generate a sine wave is based on the sum of a vector v and its complex conjugate v*.

If v=_L0O6 then v*¥ = LO-6 and v + v* = 2LcosO

34



New Page 1

This diagram (Fig ¢ ) explains how it works. For a phasor, 8 becomesif2tf), and it increases uniformly over time. We
can then generate x(t) as:

> x(t) = Yo o BT L yp mHEHO) o onf 4+ @)

This combines two phasors, both of length %, to form a unit-amplitude sinusoid. The first phasor rotates (positive,
anti-clockwise) at frequency tvith initial angle of +a. The second rotates (negative, clockwise) at frequeneythf
initial angle of —a. This diagram (Fig ¢ ) shows the individual phasors. Below (Fig i ) we see how the phasor sum is
real-valued (horizontal), and its length is the height of the sinusoid at that same instant.

Phasor 5
sum =10 c=%::

cos(2mfit+ o) cos(2 nf)t)
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This phasor sum (Fig € ) is the general sinusoid, and can have any value of initial angle a. The signals "cos" an#itsin" (
2.2.2...1) are special cases. Setting o = 0 gives us cos(rfts vectors are horizontal at t = 0 (Fig € ), and they add to
1.0, the cosine peak at that same instant. Setting a = —172 gives us sit)2it$ vectors are vertical att = 0 (Fig € ), and
they add to 0.0, which marks the positive—going zero—crossing of the sine at that instant. We prefer to writg sis(27f
cos(2mit-1v2), since this identifies the angle correctly. That makes the "sin" somewhat redundant.

We've shown how signals can be advanced or delayed, or even flipped about the time axis. Its of some interest to see how a
sine wave would respond. We'll take time reversal first. Suppose x(t) = cos(2aj. Then x(-t) = cos(2mh(-t)+a) which

is the same as saying x(-t) = cos(21t-a) because the cos is even (cos(-0) = cosB). The effect of time reversal is to

change the sign of a. This plot offers graphical confirmation of that idea (Fig & ).
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x(t) x(—t)

To delay a sine wave x(t) by T seconds, we must wind back both phasors by a corresponding angle, going against their
direction of rotation (Fig ¢ ). At frequency 1, the delay angle igf cycles, which is 21t radians. The result is x(t — 1),
expressed as:

x(t—T)=Y2. gJlanfitta—2atn) o\, —jlenfitto—2nf)

The angular change is —2mffor the + phasor and is +21f for the —f. phasor. If we delayed several sines of different
frequencies by the same T secs, the delay angles would be different for each, and would be linearly proportional to the
frequency of each. A plot of delay angle versus frequency would then look like this (Fig i ), a linear phase lag. This is very
important, because it happens when we delay any signal x(t), whatever its shape. The x(t) may be a sum of many sine waves,
and all are delayed by different angles, but, if we have linear phase lag, the shape of x(t) will not be distorted —— which is
often our major concern.

To illustrate, suppose x(t) has 50Hz and 100Hz components:



(+) Freq Phasor

-2t
N

Delayed
FPhasors

+27f)T
-) Fregq Phasor
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x(t) =cos( 2m50t) + 0.9 cos(2m100¢t)

A 5—-msec delay is ¥ cycle at 50Hz or % cycle at 100Hz, and the delayed signal becomes:
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angle vs Xz (1) =cos@n50t—7/2)+0.9cos@nl100t— 1)

frequency

linear phase lag

We can leave it like this, or re—write it as:

Xz () =s1n(2n50)— 0.9 cos@ml 00)

Either way, x(t) and its delayed versiat{txlook like this (Fig ¢ ). There is no change in shape. Signal integrity has been

preserved.
2 X(t) Xg (t)
1 4 e
Ak 2.2.4 Sums of Sine Waves
msec 25 a0
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We can build arbitrary signals from sine waves. The following is a sum of N sine waves, all of different amplitudes M
frequenciesi, and angles ok :

N
x(t) = ZM;C cos(2nfit + o)
k=1

Almost any result is possibe, but if we limit our options, it becomes more interesting. One way is to use the same
frequency 1 for all.

N
x(t) = ZM“ -cos@mfit+ o)
=1

The magnitudes and phase angles are still arbitrary, but the sum x(t) is far from arbitrary. It is still a sine wave, and of
frequency f. We can find its peak valuexMnd its angle ax from the relationship:

N
MXLOﬂx = széagg
k=1
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To understand why, recall that the phasors which make up the sine waves are all rotating together at the same frequency.
Relative to one another, they are stationary. That's why we can add them all as vectors to get this result. In strict maths
notation, we must replace 08 bif @verywhere. This is the method that we use in AC circuit theory. We can treat all voltages

and currents as vectors, because they all have the same frequency, and when they add they retain their sinusoidal shape. You

can't say that about other waveforms (square, triangle, etc).

Moving on from just one frequency, we will allow different frequenaiebuit with this constraint:

fo=kc, k=001273 .

The permitted frequencies are integer multiples of €, where ¢ is the fundamental frequency. The result is a periodic x(t) of
period P such that:

P=1/¢

The sinusoid of frequency £ k [gis called the k-th harmonic component. The shape of x(t) is decided by, trelNhe

ak of the various harmonics, noting that rapid changes in x(t) call for high harmonic frequencies. It turns out that any periodic
X(t) of period P can contain the harmonic frequengiesK [g, where € = 1/P, and only those frequencies. This diagram

(Fig &) explains why. It shows the first and third harmonic components of an x(t) that repeats itself in windows of width P.
The third harmonic has a period of P/3, but more importantly, it is also periodic in P, that is, it repeats identically in
successive windows. This is essential for periodicity, and only harmonic frequencies have this property.
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Notice, we allowed for a k = 0 term. This is a zero—frequency or DC component. It's action is to raise or lower the waveform
by a fixed amount, and that does not affect the periodicity.

4 A >
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4

M 2 2.3 SIGNALS IN FREQUENCY DOMAIN

Ik

0.250 0 Wejcan assemble a periodic x(t) of arbitrary shape by specifying its various harmonic components. The shape of x(t) over a

per{od is the time—domain view. The list of harmonick,(b¥k), is an alternative view, a frequency—domain view, or a
spectral view, which we will now present.

0.450 -45

0.318 -90

2.3.1 Periodic Signal Spectra

0.150 -135
0.000 ~180 Ihis table (Fig € ) is a list of (Mk, ak) values up to the tenth harmonic. We can build the waveform that it describes as:
0.090 —-45
0.106 -90
0.064 -135

0.000 -180
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9 0.050 ~45
10 | o.064 ~90
et i 50 10
4 x(t) = ZM;, ccos@mlk )t+cy)
=0

When we do this, we get the waveform shown here (Fig ¢ ). It resembles a rectangular waveform of amplitude 1.0 and
period P = 1.0, with pulse-width 0.25. The waveform repetition frequency is € = 1 Hz. The highest frequency present is
10 Hz, the 10-th harmonic, and this limits the available steepness at pulse edges.

The table of (M, ak) values is more often seen pictorially as a line spectrum such as the single-sided line spectrum shown
here (Fig ¢ ). We have a set of line lengths describing Wlues, and a separate set for ak values (how in radians), with
frequencies identified by k on the horizontal axis. Eadh ¢M) pair describes one of the sine waves that make up the signal.

But the sine is not the most basic signal element. Each sinusoid is a sum of two conjugate phasors. The phasor of frequency
+fi, = k [gcan be represented as:

44



05 ¢ (a)

My =210 |
k
] | 1|
01 2 3 5 10

0

rads (b)

. | oy, = arg{Ch }
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Ch = Wl Loy = Yol &' ™

The phasor of frequency £ —k [g can be represented as:

C = WML — o = %Mpe ™

Notice how |Ck| = |C K = %M k, but arg{Gk} = —arg{C k) = —ak, where "arg{C k}" just means "the angle ofiC The
k-th harmonic becomes:
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There may be more here than meets the eyand ak are real numbers, bu¢ &d Gk are complex numbers whose angles
give the phasors their initial phase. We could also write this k—th harmonic as:

X (£) =| C l_eJ'Eﬂket .ejarg{C*}_'_l Cls |_e—j2ﬂk8t .ejarg{C_*}
The angles combine by addition:
X (t) =| Ch |.ej(2 nket+arg{C, ) n | C.p, | _e—j(ZﬂkSt—&fg{C_*})
We can eliminate & by using |Ck| = |C | and arg{Ck} = -arg{C K} :

X5 () =| C | .ej(anBHarg{C‘*}) +Cy | _(_2—_;"(21t5c:8t-§-&rg{C‘,t h

The |G| is now common to both, and sincé® (ee -19) = 2cos8, we get:
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x(t) = 2|Ck | cos(2mket +arg{ T })

This is the k—th harmonic. The complete x(t) is the sum of the DC term and all of the harmonics, resulting in:

x(t)=Cy + Z 2|C|- cos@mk et +arg{Cy })
k=1

Or, equivalently, we could just add all the phasors to give:

x(t) = Z Ch pl(Znket)

f=—0co

This very compact form includes the DC termaf k = 0, while the phasors combine in pairs at k = +1, k = £2, k = +3,
etc to build the sine-wave components. Note thit ® o is the (real) DC level, but all othek@re complex, with only half
the length of M. We can have any number of harmonics, so we've extended the sums to infinity.

If we think in terms of phasors, then we will display the phasors on a double-sided spectrum, such as that shown below
(Fig &), for the same rectangular waveform as before. This spectrum shows the negative frequencies too, and some
symmetry rules apply. Becaus&||€ |[C -k|, the magnitude plot shows even symmetry about the vertical zero—axis. Because
arg{C-k} = —arg{C «}, the phase plot shows odd symmetry instead. The spectra of real-valued signals will always have
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these symmetries. That makes it frequently unnecessary to use a two-sided spectrum, since one side tells us all that we need to
know. But there are advantages in doing so, and this will be more apparent as we progress.

k M a
“ 025 | 1G]
I« (a)

0 0.250 0
1_| 0450 45 L1 || I | L [

-10 -5 o1 2 3 5 10
2 0.318 -90
3 0.150 ~135 1/ argiC} (k)

| | | | | | 1 2 3 5 10

4 0.000 -180

10 5 I | I | I |
5 0.090 45 —-nidr

rads
6 0.106 ~90 Atwo-sided (or double-sided) line spectrum
7 0.064 -135
Returning to our table of spectral data (Fig € ), we note that th¢lj@e lengths are just half thekMalues. We must also
8 0.000 -180 womder how the Mand ak, or the corresponding @lues, were chosen. This is the problem of finding one phasor in a signal
build from many phasors, which we will now address.

9 0.050 -45
10 0.064 -90
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2.3.2 Testing For Phasors

We'll start with phasor integration, by observing that:

t,+F .
I el?™=t b — 0 when P=1/¢
tp

We've integrated a phasor over k phasor cycles, for integer k, and the result is zero. This is always true when the integration
covers and exact number of cycles, regardless of the starting poirttjd is intuitively correct, but we may also note that:

Je

e’” = cosh+ jsinb

This reminds us that k cycles of the phasor equates to k cosine periods for its real part and k sine periods for its imaginary part.
Both parts separately integrate to zero over any k—cycle interval — for integer values of k.

Suppose we want to find a phasor of frequencjedma periodic x(t) of period P = 1/e. Our supposition is that x(t) may

have a phasor of this frequency, with phasor lengthrnhd initial angle am, but thisn= Lmdam is as yet unknown to us,
and we know that x(t) contains many other phasors as well. Therefore:
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X(t)= L, -el%n otiammet L oiher phasors

We propose the following test to findC

1 t+F —-12amet
C,, = EI x(t). emiZmmet gy
ip

To find a phasor of frequency +gin x(t), the strategy is to multiply it by a phasor of frequencye-amd then integrate over
P =1/e. We get:

1 eto+F . . i
C,, = I L, . ein pidmmet | | milnmet g
I

P

In place of "other", we'll use a phasor of some other frequdgcy k

ty+F
Cm=lj'°
Pto

L, .ejcx,m .ej2*nm8t + I .ejor,,t .eﬂﬂkst _e—j'ZﬂMBt'dt
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yielding:

Cyp = l.ro"‘P L, L@ d%m .ej'2n(m—m)8t + I oIk -eﬂﬂ(k_m)et]dt

Ptg

The phasors rotating at t&and at —rfg (Hz) are now "frozen" by multiplication into a stationary vector, and we get:

L, _ejoa,,, + I _ejoak _ej'Eﬂ(k—m)st]dt

tg+F
cm=lJ'°
Ptg

The first term returns,{,@“m, which is precisely what we want, but it will work only if the "other" term is zero. If x(t) were

just any signal, it could not work, and the test would fail. But x(t) is periodic with period P, and the only frequencies that

can occur are integer multiples of € = 1/P. This has the effect that k and m must be integers, so that (k — m) is an integer

too. Therefore, the "other" term is assured to cover an integer number of phasor cycles, and the result will be zero every time.
We can conclude that:

_ 1 fto+F -j2nmet _ JOUaw
Cp = — x(t)-e dt=1L, ¢
F to

It identifies this Gh, and we can similarly find all othek®@alues which define the spectrum of a periodic x(t) of period
P = 1/e. We now have a pair of "Transform Relationships" which link x(t) witk Gis follows:
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1 eto+P . = .
Ck:EIO xt) ¢ P g and xt)= 3 Gy el

t
0 e oo

Forward Transform Inverse Transform

Through the "Forward Transform" we get the spectral data (a set of complex nhumbpérat@escribe a known x(t).
Through the "Inverse Transform", we can build the continuous periodic x(t) if we know its spectral nuknbers C

2.3.3 Rectangular Waveform Spectrum

As a first test of the method, we'll return to our sample rectangular waveform and we'll try to findpec€um:

g+ F : 1 :
C, =%j0 x(t)e_'}zﬂkst.dt:.l‘}C(t)-é’_‘}znkst.dt
o 0

The x(t) period is P = 1, which gives € = 1 also. It has value 1 for (0 <t < %) and is zero for the rest of the period.

Therefore:
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, - D%].O‘e_jgﬂktdtz ﬁl@_ﬂnktt;" _ J‘ZLE;C[]_(_J{)IC]

=== ====cqeccceeea=, —y
! .
1 f'W’| ) :"fp (t) d We wrote €i2 as (—j) in this result. (They both indicate 1.00-172). It is now a simple matter to check thatilagseeC
: 1 with the numbers in our (Mak) table. Remember, thexMre twice the |}, but the angles are the same for both.

I
I

I
I

I
I

I
: : We've also seen how thesglfliild a good approximation to the desired waveform (Fig ¢ ), So we can start to gain
! ; confidence in this new way of working with signals. But, before we leave it, we want to formally define the "Transform"
! e naah . 1 method that we've uncovered. We also want to "stand back" from all the details, so that we can appreciate the full significance

UVEUNTY VU UV ] g
) ! o of this result.
1
-1 t=10 +1 !
2.3.3 The DfFT (or Fourier Series)
.mcd We've just described a transform mechanism that is commonly known as Fourier Series. It builds a peradicxgm of
.m sinusoids:
[

// signals_ T \\
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x(t)” =Ch+ Z 2|Ck |cosC2m’cst+ arg{C,. })
k=1

and it shows us how to identify the @alues, commonly known as Fourier Series coefficients. The above summation is
convenient for building x(8, but as a general statement of the transform and its inverse, we will use our earlier description

(T Eqn xx, but including~ to show periodicity) :

1 pto+F

Cp =— x(t)™ - goiimket x o4 x(t)™ = ch gl inket
Pt —

Forward DfFT Inverse DfFT

This implies that we can use x{)o find C1< and then use I((10 rebuild the same x@. There are a few subtleties, but this is
indeed the case, and therefore we have a "Transform pair", a way of working interchangeably with a signal in two domains.
We like to think of x(t} as a real-valued signal. A complex x{seems more abstract, but it is allowable. Whenrxi&)

complex, the %coefficients lose their symmetry. Note that a complexx{$)just a sum of two real signals which have been
"packaged" as one complex signal: *{tF x r(t)~ +jX i(t)—~—.
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The frequency—-domain view (the spectrum) gives important insights that are not apparent in the time domain —— but the
converse is also true, so we should normally draw our information from both domains.

This is a transform that links a continuous periodic signal in one domain with a discrete set of numbers in the other domain.
The two descriptions are interchangeable. This is a Discrete—frequency Fourier Transform, or DfFT for short. More generally,
our data can be continuous (analogue) or discrete (numeric) in both domains, and the data "shape" can be either pulse-like or
periodic. To cover all of these possibilities, we’ll need some more Fourier Transforms, and that will be our work for the next
chapter.

4 A >
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4

3.1 PREAMBLE

This is the keynote chapter. It develops the transforms that we need for continuous (analogue) data and for discrete (sampled)
data, and for waveforms that are either pulse—shaped or repetitive (periodic). It is condensed, and needs careful reading, and it
lays the groundwork for virtually everything that follows.

4 A >
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4

3.2 THE CONTINUOUS FOURIER TRANSFORM (CFT)

At present, we have a DfFT (discrete.in frequency), also called Fourier Series. It links a periodic time signalf ygYiod

P, to a set of spectral samples(@e Fourier Series coefficients), at sample interval € = 1/P, in Hertz. We will use it to
derive the CFT (continuous in both domains), that links a pulse in time to a pulse—-shaped spectrum.

3.2.1 From DfFT to CFT

The DfFT (using € = 1/P ) took the form:

oo
1 to+F - ~ :
Cr==| x@7-ea wd x®) = G
Pt
fi=—0c0
Forward DfFT Inverse DfFT
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We've included~ in x(t)~ to mark its periodicity. In this chapter, the simpler x(t) will mean a pulse-shaped signal. The

forward DfFT integral above refers to the harmonic frequencies f = ke, and we can think @ 8eing samples from a
spectral function X(f) taken at the frequencies f = ke, where:

tg+FP .
X)) = ()™ . e 2™ g

0
1y
and then:

Cr=2X(k-€) withe=wp

These  are area—samples of X(f) (value-samples X(keyample—spacing €). X(f) is the result of integration over a
one-period segment of xf&) This segment is a pulse which we will namelx(a)s illustrated here (Fig i ). It is clear that

X(t)~ is just a replication of these x](tpulses with spacing P. We'll refer to the replicated pulse set as-x(t)
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B = »
: X7 | : :
" X " X X t:
ty 0
It follows that:
t0+P 1

) +P )
X =j ()™ e 2 g [0 el o2t g
o L0

At present, the pulse spacing P (or the replication interval) is also the width W of #hew¢g in the diagram. We could
increase the interval P between the xftlilses, and our x¢) will change accordingly as shown (Fig i ).
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Y

- P

x(t)”

The Gk will, of course, change also. But, we will still have the same X(f). That's because the empty space beyond the pulse
adds nothing to the X(f) integral. The newsamples are different only because of their reduced spacing (¢ = 1/P) on the
same X(f) waveform. We can carry this to the extreme by letting P - o, then watching what happens t@Xtke):

The pulses move further apart and the integration range expands, while the spectral sample-spdgieagd the samples
X(ke) crowd together into a continuum over X(f), causing f to replace ke in the limit. The centrplilge) on the t = 0 axis
remains, but all of its replicas are removed to infinity, and then X(f) becomes this pulse's spectrum:

X)) = J':x(ol L L
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Meanwhile, the harmonics crowd ever more closely together:

o co
~ 2nkst 2nkst
x(t)" = 20;,-@" mEL - Zxac.s).ef mEEL o
fe=—0on fr=—on
As K€ - f, this summation becomes an integral, and all that remains ef is(the central x(%)pulse:

X! = J'°° X)) el 258t gy

Combining our two results:

X(f)=f:°x(t)l-e'ﬂ““.dt and  x(®)' = | XE) 2t g

-0

Forward CFT Inverse CFT

This is a new transform, a Continuous Fourier Transform (CFT), and it links a pulse—shaped time signad x(t)
pulse—shaped spectrum X(f). The CFT is notable for its symmetry: the two integrals are almost identical, with only (=j) versus

(+)) to separate the Forward from the Inverse. It might seem that the DfFT does'nt share the CFT's symmetry, but that can
change with the way we write it:
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to+F . > .
XGhoo=|  x) e g and x(t)” = Exgc.s).eﬂ’”"“.s

o P

Forward DfFT Inverse DfFT

—TIl = This has better symmetry, although the inverse DfFT is still numeric, it sums over a set of numbers, very different from

% % integration over a function. But we can make even this sum look like an integration, if we choose to think of a number as a
special type of pulse, which we will call an impulse. We can arrive at the impulse as an extension of this rectangular pulse
(Fig ¢ ). As A - 0, this pulse grows taller and narrower, but its area remains fixed at 1.0. In the limit, when A = 0, the pulse

and an (analogue) function shape. It is our bridge between the analogue and the digital. Until now, we used a double-sided

line spectrum becomes an impulsive X(f) spectrum, such that an Inverse CFT integral over this X(f) becomes a sum over
t impulse areas, or an ordinary numeric summation.

ot

becomes an impulse. If we integrate across the impulse, it adds 1.0 to the area. The impulse is at once a numeric (digital) value

line spectrum to describe a set of numbers. Each line represents a number, but we can also view each line as an impulse. The
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x(t)" = 3 Kol g jf:oz'(f) IInT

f=—on
X () - Impulsive
spectrum
i
N N | | Ll 1
-10 -5 0 1 2 3 5 10

This diagram (Fig é ) shows how the Inverse DtFT sum over a line spectrum is the same as an Inverse CFT integral over an
impulsive X(f). The impulse areas are thev@lues. They are the area—sampld3(ke)} of X(f). In this way, the DfFT is just
a special (impulsive) version of the CFT.

3.2.2 CFT Pairs: rectangle and sinc

A pulse in time has a pulse—shaped CFT spectrum. As an example of this, we will find the CFT spectrum of the rectangle
pulse x(t) = MN(t) shown here (Fig ¢ ). The integration is easy:

o0 . 2 .
X(f)= J'_mn(t) e i2ntt oy - J:él.o. g i2nft
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The integral of & is et/a (whether a is real or complex), and so:

. =14 . .
-j2nft jaf _ _—junf - f

X = € . _c _ © = S )Esinc(f)
- j2nf 5 jenf 7if

The result is sin(mt)/(1tf), a well-known shape (Fig € ), which we call a "sinc" pulse. This pulse is infinitely wide and very
smooth. Its value is zero for all integer values of f, except at f = 0, where it peaks at a value of 1.0. The total area under
sinc(f) is 1.0, the same as the area under I1(t).
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[ty < singf) 0 sine (f)

total sinc area=1.0
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05 g =5 D 1 TRAY !

The Inverse CFT integral (or ICFT) over this sinc gives a finite result (in spite of its infinite pulse width). Quite remarkably,
the result will be either 0 or 1, the only possible values of 1(t). Notice how we use ~ to symbolise a CFT pair.

From the symmetry of these waveforms, and the symmetry of the CFT/ICFT integrals, it also emerges that the CFT of a sinc
in time is a rectangle—shaped spectrum, that is:

sinc(t) <« II)

To interpret this result: because the sinc—shaped time—pulse is so smooth, its spectrum is band-limited. It has no frequencies
higher than Y. These CFT pairs have great significance, and we will use them shortly.

4 A >
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3.3 THE DfFT AND THE DtFT

We've seen the DfFT (discrete in frequency), and we will soon find a corresponding DtFT (discrete in time). We'll develop
them in a very general way, using a CFT pair { x(t) ~ X(f) } as our starting point, so that the DfFT and the DtFT can
both be viewed as impulsive extensions of the CFT.

3.3.1 Sampling and Replication

We've seen how a periodic xt)s fully described by its one—period pulse x(gnd is in fact a replication of such pulses,

. 1 S . .
that is, X(t~ = x(t) ~~. The replication interval P is also the pulse width W ofLXWe also saw that x%thas aCFT
spectrum X(f).

Then we moved the x%t)oulses apart. The new x@)is still a replication, except that P > W now. We found that the new

impulsive spectrum is still a set of area—samplefr@n the same X(f) pulse. As P increases further, h®a@ples are more
closely spaced on X(f). Eventually, they fill all of X(f), which is now the CFT of g{tith its replicas removed to infinity).
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We can understand the role of X(f) when P > W, because its pulse shape is definedpgndt)hat shape is preserved as
P increases. But, if we replicate x(tusing a spacing P < W, the pulses that form x@ will overlap, yielding a new
periodic x(t~ in which the shape of x%t)/vill be lost. We've illustrated this below (Fig € ) using a triangular waveform, in
which x(t)! is a triangular pulse, and it has a CFT spectral pulse X(f). When P = W we can say that:

tn+F )
XM =| x®™. e iinft g

iy

When P < W, the overlapped pulse—shape is no longer triangular (Fig &€ ). Over one period, this pulse is narrower that
x(t)1 and its shape different. We've shown it as x{#)(Fig i ), and it must have a different CFT spectrum X(f)
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It now appears that the above integral should returd Kgjead of X(f), and this is true in general. But we will show that X(f)
is still relevant, in spite of the overlap, but only at the sample frequencies f = ke.

To do this, we'll use a pulse x(t), and its replicated versior-x&3$ given in this diagram (Fig & ). The x(t) pulse is 3 times
wider than the replication interval P, and we've sectioned x(t) as 3 slices of width P. Then, one period P of the replicated
X(t)~ is the sum of the three slices of x(t), as shown.
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3P

x(t) ~

]
slice: O

slice: -1 slice: +1

0
> x(t-nP) “ i >
=

It follows that, if we integrate over one period of ¥{tWwe integrate over a sum of all the slices of x(t). We cover all of its
area. Therefore:

J' X~ = | x(t).dt
F

—-CD

We used W = 3P for illustration, but even an infinite W, with unlimited overlap, is allowable. We noted this integral property
earlier { Ch 1.2.3) when we said:

« the area within a one period window of a replicated pulse waveform equals the area of the original pulse.
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But the Fourier integral that we've encountered has an additional term, an exponent term, and when we include this term:

J' x(t)“.e-ﬂ"“dwr x(t)- e 12t g
F

-0

Note the inequality. They are not the same. To make them the same, the exponent term should look identical in each and every
slice of x(t). That calls for an exponent that is periodic in P, and this condition will be met when f = ke. We can now say that:

j x(t)m.e'ﬂ“k“dt{l. x(t)-e Ikt gy for £=1/P
P -0

We have an equality again, and we can use it on our overlapped triangular waveform ( P < W) to find that:

tg+F : o0 :
He =[x~ eI ae= [ el eI gt = x(ke)

to -0

X(f)d and X(f) give the same result at sample points, f = ke. The picture now emerging is that if a pulse x(t) with a CFT
spectrum X(f) is replicated to form a periodic %{tthe FS coefficients describing x&are CE( =¢ [X(ke), for any replication
interval P = 1/¢, even when it causes the original x(t) pulses to overlap one another. There is another way to say this:

« If a time pulse x(t) has a CFT spectrum X(f), then the DtFT spectrum of a periodic x(t)
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~, formed by replication of x(t) at intervals P = 1/, is a set of area—samplesk{=Cs X(ke) } from X(f).

Even more concicely, we could say that:

« area—sampling in frequency corresponds to replication in the time domain

We will find that the converse is also true, that we can interchange the two domains, and then we will have a DtFT as well.
Now we need a more formal language to describe them both.

3.3.2 DfFT and DtFT Definitions

We will need a notation to describe number sets as impulse functions. For a solitary impulse in time, we adapt the symbol d(t).
It represents a pulse of infinite height, zero width, and unit area, occurring at time t = 0. As with any pulse, we can scale it

and shift it: for example, the impulsive function 53(t — 4) is an impulse of area 5 occurring at time t = 4. The impulse area

is also called its strength. If we multiply some continuous function x(t) by &(t — 4) we get:

x(t) - o(t—4) =x(4) 6(t—4)

All that remains after multiplication is an impulse of strength x(4) at time t = 4. By this action we sampled x(t) at time
t = 4. To sample x(t) at regular intervals of T seconds, we can define:
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X(t)> o X(t) . i 6(':—' P’IT) value-sampling

n=—oo

We use x(t) to mean the value—sampled x(t). It is a string of impulses (or a set of numbers) describing value—samples x(nT)
taken from x(t). We can also define:

X(t,)» = X(t) z 7. S(t— P’ZT’) area—sampling

n=—0oo

We use x(t» to mean the area—sampled x(t). It is a string of impulses ( or a set of numbers) describing area—&mples T
taken from x(t). Note, the numbers are the impulse strengths (or impulse areas), while the impulse heights are infinite.

We can define identical operations in frequency. For example, to perform area—sampling of X(f), we write:

X(f)» = X(f) z e 6(f - ;CE) area—sampling

k=—o0

After a function is sampled, only the sample values remain. Thus:
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o0

XY =X Zs-é(f—ks)= Z{S-X(ks)}- &(f — ke)

k=—on fi=—0o0

The result on the right has impulses of stren@tke). Values of X(f) at frequencies other than f = ke have been lost. In
similar manner:

x(t)” = x(t)- ET- &(t—nT)= Z{T-x(n’f’)}- &(t—nT)

nN=-0oo N=—0D

We also need to recall how we defined replication of x(t):

x(t)” = i x(t—nP)

n=-—0oo

The notation that we need is now in place, and it allows us to present the CFT and the DtFT in the tabular form shown below
(Fig &).
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Row (@) of the table is for a CFT pair. The x(t) and X(f) are shown as similar bell-shaped pulses, and some pairs of this kind
do exist. They are also convenient for our illustrations. The column on the left shows the Forward and Inverse integrals (the

CFT and the ICFT) that connect x(t) with X(f).

Row (b) of the table is for a DfFT pair. The diagram shows the replication of x(t) to for a(tJl the corresponding

area—sampling of X(f) to give us a set of impulses. We've used a special symbol [0to mean an area—impulse. Its drawn height is
the value X(ke), but its strength, or impulse area, is understood & (&e)e In this way, there is no change of scale. The sums

overhead the diagrams are just our definitions ofxéhd of X(f}>. Notice, the spectral sample interval is €, and the time
replication interval is 1/e. We don't need an additional symbol P. The column on the left shows the Forward DfFT integral and
the Inverse DfFT (or IDfFT) summation that link x{tYo X(f)yy. We could say all this very compactly as:

JC(t)N ~ X (f )» a DfFT pair
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If we look at the symmetry of the CFT and ICFT integrals, we realise that the DfFT must have a counterpart, a DtFT, with
very close similarity. We only have to swap (-j) with (+j), to interchange f and t, and to use a time—domain sample interval

T where previously we had ¢, the spectral sample spacing. Whereas the DfFT linketd (), the DtFT will link
X(t)» to X(f)~. We've presented the DtFT in row (c) of the table, and careful inspection should convince us of its validity. It

would be easy to repeat all of the arguments that gave us the DfFT, and to arrive at the DtFT instead. Now we can generalise
our earlier statement:

» area—sampling in one domain corresponds to replication in the other domain

The switch between (=j) and (+j) does not affect this conclusion. Notice in the left column of (b) and (c) above, the transform
summations run over all frequency (from k = —oo to k = +), or over all time (from n = —c0 to n = +). As such, they are

just CFT/ICFT integrals applied to impulsive functions. But, the transform integrals in these columns run over one period only
(over 1/ or over 1/T ). In fact, there is more to be said about these, and some interesting conclusions as well.

3.3.3 Observations on Periodicity

Our triangular waveform is re—drawn here (Fig & ), slightly modified. We've moved the one—period startingododam t
t=-P/2to t = 0. That gives us a very different x(t) pulse (Fig i ), but when it is replicated, it gives the same s

before. This new x(has a different X(f) spectrum as well, but its spectral samples X(ke) have not changed, because they
describe the same x)
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The same is true for any other value @fEvery different ¢ gives a different X(f) but they all share the same samples X(ke).
This lends a circular property to the periodic x{tas depicted here (Fig ¢ ). We can place OIdI’aI any point and, after
P seconds, we re-visit the same values again, as if traversing a circular time path. In fact we can say this more generally:

« any signal which is discrete in one domain has a circular behaviour in the other domain

Each newd yields a new x(f) with its own unique X(f), but these are not the only X(f) pulses that share the same X(ke)
samples. We can also include the X(f) spectra of all those wider x(t) pulses which overlap when replicated, but still yield the
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same x(t}- as do the x(%) pulses. In general, therefore, all those time pulses which replicate to form the sameilké)so
share the same X(ke) values.

We can interchange the two domains, and make identical observations. The maths are much the same, but we tend to view the
two domains differently. With this in mind, we will switch our attention to the DtFT of row (c) in the Table, and then continue
our discussion from there.

3.3.4 The Sampling Theorem

The DtFT diagram is repeated here (Fig € ), slightly altered. We've shown the X(f) pulse as band-limited, that is, it has a
finite width which we will call its bandwidth, B.

oo - - "
2ty = Z{T.x(n?’)}.a(t—n?’) X = Z e f_?
S band-imited ko
3=7fT |
- J\d
5 ur
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X(f) is the spectrum of a time pulse x(t), and the replicatee-X¢fihe spectrum of x(), the area—sampled time sequence.

We chose a sample spacing of T = 1/B sec, thus ensuring that the replicated X(f) pulses would just touch one another, but
without overlapping. This means that the identity of X(f) is not lost on replication. That would seem to imply that just the time
samples from the x(t) pulse may be sufficient to define x(t) completely, that is, even at points between the known sample
points. We get further evidence of this if we increase the rate of sampling by making T even smaller. Then the replicas of X(f)

in X(f)~ move further apart, but the X(f) pulse at f = 0 does not change. Meanwhile, the samples of x(t) grow denser and
eventually merge into a continuous x(t) which has the X(f) at t = 0 as its CFT spectrum. We can find X(f) by DtFT from a
sample set x($) at any spacing which does not exceed T = 1/B. ( If that limit is exceeded, spectral overlap occurs, and then
X(f) is not recoverable from X@& ). Having found X(f) from samples at the maximim spacing of T = 1/B, the Inverse CFT

of X(f) can tell us all other values of x(t). It follows that:

e a signal x
(t) whose double-sided spectrum is band-limited to B Hertz is fully recoverable from its samples taken at a rate exceeding B
samples/second.

This Sampling Theorem has great importance for sampled time signals, but it is equally true that a time—pulse x(t) of finite
width P sec has a spectrum X(f) that is fully specified by its samples taken at € = 1/P Hertz, or less.

3.3.5 Sinc Interpolation

Given a sample set xgp)from some x(t), the process of finding intermediate x(t) values is called interpolation. We'll first

consider a very simple xg)in which only one of its sample-values is non-zero. Even this has a valid interpolation, and we

already know one pulse shape that can pass through all the sample values and also fill the spaces in between. This is the
time—domain sinc, or sinc—t pulse, as shown here (Fig é ).
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Single-paoint
'IT |‘ Sinc Interpolation

An arbitrary sequence can be considerd to be a sum of one—point sequences like that shown above. This sequence (Fig é )
has five non-zero values, each of them interpolated by a sinc-t pulse of corresponding height.

Multi-point
Sinc Interpolation

The final interpolation is the sum of all the sinc pulses. It is always a smooth interpolation (Fig 1), although it can be quite
oscillatory at times.

Result of
Sinc Interpolation
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This sum of sincs meets the time—domain constraints in that it passes through all of the given sample points. It must also meet
the frequency constraint of being band-limited to B = 1/T Hertz. To check this, we recall the CFT pair sinc(t) [{f) in

which the zeros of sinc(t) have a spacing of 1.0, and its spectrum M(f) has a width of 1.0. But the sinc pulses in our diagram
have a zero—spacing of T, and this changes the spectral width to 1/T, a result that matches our bandwidth constraint exactly.
This argues strongly for the sinc as the true interpolator for band-limited signals. More formal methods would confirm that

this is correct. The sinc—t interpolation yields a pulse that we cal x(t)

o = . ft—nT
x(t) = Z x(nT) sinc —

n=-o

where the symbd} denotes interpolation. We can conclude thatbygt)d X(f) are a CFT pair:

A A A vyl .
X(f)=Jax(t) R =I%8X(f)-eﬂ"“.aff

Integration limits of (—,) could be used for both integrals, because X(f) is band-limited to B.

We've spoken only of a band-limited X(f), but the one—period ¥(flse of a non-band-limited X(f) is by definition
band-limited, and the same result must apply to this. This gives us the result in row (d) below (Fig & ).
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Eqns (d) 1 and 2 are the CFT/ICFT integrals. We could write both with (=, limits becausis Kéhd—limited to 1/T.
Eqgn (d) 3 refers to sample points only. In this case, any one—period width-ef(ifdo, regardless of where it starts.

Some of the detail from the original CFT pair {x(t) - X(f)} is no longer available in the pair {x(t) o X(f)l}.
X( has only the samples from x(t), and X(f) cannot be fully recovered frof‘n@é(f;ause of spectral overlap. Both4@nd
X(f)1 express the same loss of information between time—samples, but they do it in different ways.

We extracted X(?)from X(fy~ above through multiplication by the window function M(fT). This M(fT) equals 1.0 for
(%IT <f<%/T) and is zero everywhere else. Windowing is a widely—used concept in DSP.

When we interchange the domain roles, row (e) gives us the results for DfFT interpolation. Eqns (e) 1 and 2 are the CFT/ICFT
integrals. We could write both with (—c0,00) limits becausebi@)oand-limited to 1/¢. Eqn (e) 3 refers to sample points only.

In this case, any one—period width of x¢tvill do, regardless of where it starts.

In the next section, we will sample the band-limited pulse af®l X(f} and this will replicate their interpolated spectra.
This process will bring us to the Discrete Fourier Transform (DFT), a transform which is discrete in both domains.

4 A >
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3.4 THE DFT

The DFT has importance as the all-numeric transform for computer use. We will derive it now, but we will defer all use of the
DFT until later.

3.4.1 From Interpolated DfFT and DtFT to the DFT

Starting from the CFT pairs:

{x*

o XOMrand {x@®) A o X®H}

we will area—sample the band-limited *nd X(f} pulses at a spacing which equals the band-width divided by N, where
N is any positive integer. This has the effect of replicating &ifid x(t) at a spacing which is 1/(band-width). These
operations give us the signals shown here (Fig & ).

84


access_04s.htm

New Page 1

" x(nT)  8(t-nT)

l
‘/éf'T Yl T

K Sl
—-j2n—n ! —_ o ™ —
r-xnT) " ye N . | 0 0
E /e 1/2;"8
T
I AT
. | [x(t) } o]
| R
e X(ke)™ 8F —ke) . NT— — N=8
; | ; bDr! k=-4.+3
' ; T
ki : el ¢
X(kg) } e N E —— o e —




New Page 1
In row (f), we had sampled X(f) with sample spacing €. This gave a bandwidth of 1/ ¥@andthe sample—spacing in time
becomes 1/Ne as shown. This time—sampling cause’ ¥(he replicated at intervals of Ne to yield a new periodic signal
[X(HN]~. When the replicas are added, the sample points of all the replicas il be alligned, but only because we

chose N as an integer. Thanks to this allignment, and because the samplésatX(§o samples of X(f), the samples of
[X(H ]~ will now become samples of X{) This allows us to write a forward CFT over the area—samples of, Xtit we

will evaluate it only at the points f = ke.

(X 1™ = Xke)™ = Hx(t)l]» g AmEE

The signal [x(t}]» is a set of area—impulses, and the integration reduces to a summation over time-samples at spacing

of 1/Ne. It becomes:

~ g n ~ -j2n—n
il 1 (L) giimkegg 1 (L) | N
(ke _Z e e € _Z e e €
n n

We can make a corresponding statement about the signals in row (g):
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The signals in row (f) have two spacing parameters, N and g, while the signals in row (g) have spacing parameters N and T.

There is no necessary relationship between € and T, but, if we choose T and € such that:
1/Ne =T or, equivalently, 1/NT = ¢

we will have the same sample positions (in time and in frequency) for row (e) that we have for row (f). Then both rows will
refer to the same numeric data and we can re—-write our summations as:

- j2n—n

X(;C 8)~ = Z{T X(HT)N}- € N Forward DFT
n

and
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The diagram shows summing ranges for n and k to cover one period with N = 8. But the range —4 .. +3 can be replaced by
the range 0 .. 7 without penalty. In fact, any set of N consecutive samples will do, and the range 0 .. N-1 is widely used as
a matter of convenience.

These equations apply to the replicated signalsx®(f) ~}, but not to the original CFT pair {x(t), X(f)}. They connect

N time—samples that span one period ofx(® N spectral samples that span one period of=X{fhey use a sum over

area—samples in one domain to determine value—samples in the other domain. On a purely numeric level, the DFT uses an
N-point time vector x[n] to find an N—point spectral vector X[k], and the Inverse DFT (or IDFT) uses X][k] to restore the
original x[n].

The use of replicated signals {x&) X(f) ~} rather than {x(t), X(f)} is a necessary consequence of sampling, because

replication in one domain is an expression of what was lost between samples in the other domain. For a fully digital transform,
replication in both domains is inevitable.

But overlap is not inevitable. For a given CFT pair {x(t), X(f)}, it is possible for x(t) or X(f), but not both, to be band-limited.
Thus, in one domain only, we can have replication without overlap. This can mean #vat(t) or that X(f) 1 = X(f), but
not both of these simultaneously.

This concludes our introduction to Fourier Transform theory. We now have the transform base that we need for the DFT
application work of later chapters.
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4.1 PREAMBLE

The DfFT, also known as Fourier Series, provides discrete spectral descriptions of periodic time signals. Periodic signals are
important in several areas of engineering, and their spectra are frequently of interest. This chapter takes a closer look at
Fourier Series.

4 A >
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4.2 PERIODIC WAVEFORMS AND THEIR PROPERTIES

We will examine a number of periodic waveforms, with observations about their symmetry, and the spectral implications. We
will see the spectral impact of time-shifting a signal. We will show the Energy and Power expressions for these signals. We
will look at periodic impulse trains with their periodic impulsive spectra. Finally, we will talk about Harmonic Distortion,

which is a useful measure of non-linear effects in amplifiers and related equipment.

4.2.1 The Rectangular Waveform

The rectangular waveform (Fig &) is a replication of rectangular pulses, each of width W, and with pulse spacing P > W.

2

91



New Page 1

We can start by taking the CFT of the pulse, which we will call x(t):

2

XO=] x© e Mae= | g

-0 w157

_ - A e-j’ZﬂftEfW — A -ejﬂWf_e—jﬂWf
jenf jinf "

_ A | gy, (D)
it 2] it

Finaly: & (£ )= AW - smc (FT)

We can then specify the FS coefficients as:

Cr=c-X(ke)= lX(E] = ﬂsino[gk]
P P P F

From these, we can re—construct the periodic waveform as:
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x(t) = C, ceddmkEt _ e LU0l | cod 2t +are{C
(t) k;wk 0 kz_; ICx | o g{Cr }

A direct summation that used A =1, P =1 and W = 0.25, up as far as k = 10 (the tenth harmonic) gave this result
(Fig &).

We can see an oscillation (often called "Gibb's oscillation") that is widely observed in Fourier synthesis. It occurs when we
attempt sharp transitions with a limited bandwidth (frequencies no higher than 10/P or 10 Hz in this case). If we include more
harmonics, the frequency of the oscillation will increase but its amplitude will not diminish. Later on, we'll describe ways to
curb the oscillation where needed. If this waveform looks familiar, its because we saw itbe@tr@.3). On that occasion

the Gk expression seemed quite different, and this brings us to our next topic.

4.2.2 Time-shifted Waveforms
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The present x(& has its t = 0 axis on the centre of a pulse, and this imparts even symmetry to the waveforn’ll.tfﬁhm@

found for it are real-valued numbers. This means that akdg{CD, causing Xx(t) ~ to be built from a sum of pure cosines.
That makes sense, because the cosines themselves have even symmetry also.

Our earlier x(ty (i Ch 2.3) had its t = 0 axis on a pulse edge, equivalent to a right-shift (a delay) of the present waveform

by T = W/2 sec. We also notedi( Ch 2.2.3) that a T sec delay was equivalent to a phase change (f reii®ins at some
frequency f. To apply this phase change to owrdBefficients, where the harmonic frequencies are (ke) Hertz, we require:

Cp — CRl(-2TkeT) = Cp.e 2™kt

We will apply this to the waveform that we just plotted:

A (WY il kY ik
Cp =—sinc|l —k e F2 =025sinc—|e 4
F F 4

1
Compare this with our earlier result: Ck = ﬂ_nb?f [l - (_ Jr)kl

They may not look the same, but they are the same. That's easily checked numerically, but can you manipulate the equations
to prove it ?
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We've just shown how a signal's spectrum changes when the signal is shifted in time. A shift of T seconds multiplies the
spectrum X(f) by €27t | This multiplier has a magnitude of 1.0. We conclude that:

« time shifting of a signal does not alter the spectral magnitude, but it applies a linear—phase adjustment to the phase.

This result holds for all periodic waveforms, and equally for other waveforms, so we will meet it quite a lot in the future.

4.2.3 Periodic Waveform Listing

We've tabulated several waveforms here (Fig & ).
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Shape Function

Shape Description

X () Cr=¢t Xke), e=1/P
Rectangle . — P —
I —A I
AW - sinc(¥ ) : W " C g
0
Trangle : P .
—A
14 AW . sinc? (4 I0F) : W /&P /\ "
0
Half-Cosine | “«— F —
AW [sina(vt —14) /\ W ,,/ A /\
— - Cy ot
2 | +sincWf +3%) : - :
Ramp
t

- JA |sin(nif) -
wwel () cosnivef)

|
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For the Rectangular waveform, we used the Forward CFT integral of the one—period pulse to arrive at the X(f) formula. The
same approach, with a little more algebra, gives us the others X(f) expressions in the Table. If the Triangle waveform were to

be constructed using W < P, we would see the change of shape, due to overlap, that we predictgd @arBe3.().

The Rectangle, Triangle and Half-Cosine all have even symmetry about t = 0. They also have real-valued X(f) expressions,
and the & values, which are samples from X(f), will be real-valued too. This is as it should be, because waveforms with even
symmetry are constructed from cosines, and cosines have zero phase.

A waveform which has odd symmetry about t = O is built from sines rather than cosines, because the sines themselves have
odd symmetry. In this case, the @lues will have phase—angles of £172. As such, they are imaginary numbers. The Ramp
and Sign waveforms have odd symmetry, and their X(f) expressions are imaginary as anticipated.

It makes sense to avail of waveform symmetry wherever possible. If we shift a symmetric waveform horizontally, we destroy
that symmetry, and the coefficientg B2come complex (rather than just real or imaginary). However, they do so in a very
predictable way, by application of a linear phase lag, as was demonstrated earlier. To recap, if we modify any of these X(f)
according to:

X(f) — X(f) e_"‘.zﬂﬁ applying a t—second delay

the x(ty~ reconstruction is moved horizontally by T seconds, to the right (a time delay) when 1 is positive, and to the left (a
time advance) when T is negative.

4.2.4 Odd Half-wave Symmetry
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The Fourier Series coefficients of a periodic*(an be found from:

1 ¢F - —ﬂnit
Ck:EL X~ e P gt

A waveform having odd half-wave symmetry is one for which:

x(t+%P) =-x(t)"

Here (Fig ¢ ) we see one period from different waveforms, and waveform (a) has odd half-wave symmetry. For even
harmonics (when k is a multiple of 2), the exponent term in the range (0 <t < ¥P) is repeated exactly in the range

(%P <t < P), while the x(t) ~ shape just changes sign. The two halves of Lh'et@gral will have equal and opposite areas.
It follows that G« = 0 when k is even, and that odd half-wave symmetry causes the even harmonics to disappear altogether.

Waveform (b) might seem more symmetric, but it does not have odd half-wave symmetry. Waveform (c) is a special case of
waveform (a), so it too has no even harmonics. The same can be said of waveform (d). Waveforms like this can occur as the
distorted responses to sine-wave inputs in balanced amplifier circuits, and the absence of even harmonics is well known in
this context.

Some of the waveforms that we tabulated have no even harmonics under certain conditions. The Sign waveform has no DC
level, and it has no even harmonics when W = P. The Triangle waveform has no even harmonics when W = P, but it does have
a DC level of A/2.
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Dllll

- -

4.2.5 Power and Energy

gb a periodic x(8~ is the Energy over a period P, divided by P, that is:

r_
X

As a matter of definition, the mean powe
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~ 1 i D
&_ELM©|.m

In general, x(8- is built from sine waves of amplltudekM 2|C k|, each with a mean power of 1|/(ﬁvlwh|ch is 2(& . Each of

the two phasors that make up the sine wave contributes half of this power, that's a mean pej#éoroé#Ch phasor. It
follows that:

_ 1 ~ 2 = 2
By = |, 1=® &= 31|

We've used a modulus symbol | | on both expressions to mean the magnitude, or the vector length. We must do that for
complex numbers (such asg ¥; but its use is optional for real signals (such as a real-valued)x(t)

The integral over one period of x{)is an integral over the x%tpulse which has a finite width P. The Energy of this pulse
(noting that & = eX(ke) ) is:

E, = L b0 ‘adt=c i|}{(ks)|2

f=—cn
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This refers to the CFT pair { x&) o XN}, and the X(ke) are samples from X(f). For an arbitrary pair

{x@®) o X(f) }, we could not express the energy in terms of samples from X(f), but we can do so here because
x(t)1 has finite width P and can be represented by its spectral samples, taken at a spacing of 1/P or less.

Notice, the summation describing is the approximate area under [X{ﬁ. In this case, because >%(t)as finite width P, it is
also the true area under [X(ﬁ. This is a consequence of sinc interpolation, using some properties of the sinc pulse which we
will now briefly introduce.

4.2.6 Properties of the Sinc Pulse

We defined the sinc pulse to be:

SIN(TX)
T

sinc(x) =

and its main characteristics are shown here (Fig € ). It is a smooth pulse which, for integer n, satisfies sinc(n) = 0, but with
the exception that sinc(0) = 1.
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sine(x) | 1

lobe width = 1.0
%10 [

total sinc area= 1.0
tnain-lobe area =~ 1.18

The distance between zero-values is the lobe width, which is 1.0. The shaded area above is called the main lobe, but it is two
lobes wide and its area is about 1.18. The sinc has some notable properties under integration. Firstly, the total sinc area is
exactly 1.0, that is:

J‘ sinc(x).cbc =1.0 sincareais 1.0

G0

Secondly, for integer values of mand n :

I sinc(x—m)-sinc(x—mdx =1 form=n =0 otherwise

—C0

This is the orthogonality property of overlapping sinc pulses. Except when they coincide, they interact destructively, and their
product area is zero. The sincs coincide when m = n, and if we set m = n = 0, we obtain:
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.[ Siﬂ02 (x).dx= 1.0 sinc areais 1.0

—CD

This sinc—squared pulse is always positive, as shown here (Fig & ).

1.0
lobe width = 1.0

sine? (x)

sinc-squared area = 1.0
main-lobe area = 0.90

10 |

With these results, we can comment on the area under sinc-interpolated data sets.
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Multi-point
Sinc Interpolation

Result of
Sinc Interpolation

The sincs that we see here (Fig é ) have a lobe width of T seconds, and a height which equals the sample value, x(nT). The
nominal sinc area of 1.0 is scaled by T horizontally and by x(nT) vertically. This sinc's d#aT3, The value of an

area—sample. The sum of area—samples is our usual approximation to the area under the curve but, for sinc-interpolated
samples, it is also the exact area under the curve. The same applies to energy calculations, where the estimate would be:

E =T Zx(n?’)z

Here again, the estimate yields an exact result when the samples are replaced by their sinc pulses, but for more than one
reason, as follows. The square of the sum of sinc pulses results?itesins and also in cross—product terms from the
various pulse pairs. The sthterms are exact because 3@ has unit area, and the cross—product areas go to zero because
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sinc(x — n) [dinc(x — m) integrates to zero when n # m. A little earlig¢r Ch 4.2.5), we wrote the energy of a band-limited
time pulse as a sum over spectral samples:

By = .[p }I(t)l‘ 2dr,= - i|}f(k8)|2
Jo=—o0

Here too, the sum gave an exact result, identical to the area undéy pe¢@use the X(f) of a band-limited time signal is
related to its samples by sinc interpolation.

.mcd
m

// fs_waves \\

4 A V>
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4.3 IMPULSIVE WAVEFORMS

Here we derive some impulsive periodic transform pairs. They are comprised of impulse trains in both domains. Their main
significance is as the theoretical sampling functions that convert analogue signals into sampeld—-data sequences.

4.3.1 Railings Transform Pairs

We now return to the rectangular pulse train, but with a few minor changes included (Fig € ). We've set the pulse height A to
be 1/W, and we've re—defined the pulse spacing with symbol T rather than P.

A=1/T -~ ] —m

X = sinc(Wf) ' — W 5
G, =A-X(kA)

2
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With these changes, AW = 1, and then X(f) = sinc(Wf). Thex®@alues are its area—samples, and if we define A = 1/T we
get:

1 . W
C. =N X(EAN) = —sine| F—
‘ &) T T

The result becomes more interesting if we let-W0. Then each pulse becomes tall and narrow, and eventually becomes a
unit—-area impulse when W = 0. We then have a string of impulses of strength 1.0 with spacing T, and their spectrum is:

= %sinc((})z =2

s
T

All coefficients now have the same value, A. Thiss@ectrum is a sequence of numbers, but we can treat each number as an
impulse, with impulse strength (or area) as given by the numeric value. The result is a highly unusual transform pair that
looks like this (Fig &) :
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> strength =1.0 o strength =
z o(t— ) Z {?L - B(f - k‘l)} 1.0 x spacing
N=-—0cD 1.0 k: -0 1.0

valne-sampler U area-sampler U w by e

L 1
x T

Both sides are impulse trains, with reciprocal spacing, T and 1/T, ( or 1/A and A if we prefer). By adapting two different
impulse symbols, we can conveniently have the same drawn height of 1.0 on both sides. On the left, we have value—-impulses,
of strength equal to drawn height. On the right, we have area—impulses, of strength equal to (drawn height

x impulse-spacing). The left side is called a value-sampler. The right side is called an area—sampler. They are sometimes

called "Railings" because of their resemblance to a railing-type fence.

We obtained this from a pulse train with a pulse height A = 1/W, which gave a pulse area of 1.0, and this became the impulse
strength on the left—hand side. If we had set A = T/W instead, the left—side impulse strength would be T, and the right-side
Ck coefficients would be larger by T, with a value of 1.0. This gives us an alternative rendering of the same transform pair, as
shown here (Fig € ).
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oo

— strength = s strength=1.0
Z{T- o(t— P’ZT)} 1.0 x spacing z o — ?)
N=-0o0 1.0 f=—o0 1.0
area-sampler U T valne-sampler U0 Ml
T

Notice how the value-sampler and the area—sampler have changed places. If a continuous signal x(t) were to be multiplied by
the area—sampler on the left, the result would be a set of impulses with spacing T and with impulse stig(ofis T

numeric form, this is just a set of area—samples from x(t), which is the reason that we called this an area—sampler. By the same
reasoning, we could multiply x(t) by a value—sampler to get a set of value samples x(nT). We can summarise our findings by
saying:

e an area—sampler transforms to a value sampler
 a value—sampler transforms to an area—sampler

These are rather extreme tramsform pairs. To give some appreciation of how they work, we will sum the harmonics of the
most recent pair, in an attempt to build the area—sampler on the left. The right side says théiGall k, and so:

~ . J2n—t
x(t)™ = zCk-eﬂ“k“: Zl.O-e T

fi=—0o0 f=—co
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This reduces to a DC level of 1.0 plus a sum of cosines:

o ok ok -
-~ J2n—t -j2n—t
x(t) =1.0+Z e T ¢ T =1.0+22003 Zn?t
k=1 k=1

To see how this x(# develops, we summed as far as k = 8, and got the result shown here (Fig ¢ ). In the limit, we expect a

set of impulses, each of area T. This result is tending that way, with a pulse area of abouT/(1L7) on inspection. At

multiples of T, the cosines are in phase and they add up. At all other times they are out of phase, and ultimately sum to zero. In
this way, we can account for these Railings transform pairs.

Later on, we may find these pairs of some assistance, in that they can help us to visualise the consequences of sampling.

4 A >
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4.4 HARMONIC ANALYSIS

One of the practical uses for Fourier Series is in the measurement of how a sine wave is distorted by its transmission through
an amplifier, or through some other analogue system. Because of system non-linearities, there is some distortion of the signal
shape at the output. It is no longer a pure sine wave, but its frequency has not changed. The distortions will be seen as small
harmonic components of the sine-wave frequency. We use the amplitude of these harmonics as a measure of the distortion
introduced by the system.

4.4.1 Measuring Harmonic Distortion

On this plot (Fig ¢ ), the dotted line is a straight line at 45° describing the input—output relationship of an ideal unity—gain
amplifier. The solid line is closer to reality. It saturates at the highest output levels, and shows some non-linearity within the
signal range. A sinusoidaihwvill emerge somewhat distorted agitvA spectral analysis obut will show up some harmonic
components. The amplitude of these harmonics is a useful measure of the distortion.

The signal yutis the sum of its harmonic components :

111


access_05s.htm

New Page 1

Vs = V(O + v (0 + v () +

where \(t) is the fundamental 2¢t) is the 2d harmonic, etc. The distortion is from the sum of the harmonics, with
instantaneous distortion power:

0= O+v@) + ¥

= v, (02 +v, (0 + 2w, (v (t) +

We want only the mean power over a cycle, and we will find that the mean of the cross—product term&)kiké)2g zero.

(That's because the different harmonics are uncorrelated with one another). Consequently

Pyt = %J.P (v, (t)? +V5 t)° + . )dt= Vy (t)? +v3(t)2 +
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where the bar overhead indicates mean value. We typically define the harmonic voltages to be the square-roots of these
mean—power terms:

2 % 2 ”
V2 = Vz (t,) Y V3 = V3(t)

and the total harmonic distortion, or THD, in per—cent, becomes:

= 2 2

x - 100
At "

where \{ is the rms value of the fundamental. Notice however that we can use peak sine-wave values to get the same result,
because all of these waveforms share the same sinusoidal shape.

The distortion due to one harmonic component may be of special interest. For example, we can write the distortion due to the
second harmonic component as:

V.
HD, = —2.100%
"
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EXAMPLE. A spectrum analyser shows the distortion components of a periodic waveform. Relative to the fundamental, the
second, third and fourth harmonics are at —24dB, —36dB, and —30dB respectively, while higher harmonics are negligible. Find

the 2d harmonic distortion, and the THD.

Solution: The harmonic voltages, relative to the fundamental, are:

_24 _36 _30
& =10 T =0.063 E=1O T =0.01§ Qle T =0.032

" " "

The 21d harmonic distortion is at a level of 6.3%. The total harmonic distortion is calculated as:

2 2
AMIANEZ
THD = | = | +|— | +| — | 1004 =7.2%

" " "

Total Harmonic Distortion, expressed as a percentage, is the popular measure of non-linear distortion for amplifiers,
recorders, and other analogue instruments.
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4

5.1 PREAMBLE

A signal, after sampling, becomes a data sequence, and we will look at the effects of sampling of a periodic signal. The rate of
sampling must be high enough to avoid aliasing, a phenomenon that we will investigate. From the sampling of periodic
signals, we will see how spectral replication brings us once again to the DFT, but by a different route from before, and with
some helpful new insights to be added. Although we've seen the DFT before now, this chapter brings it much closer from an
applications perspective.

4 A >
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5.2 SINE-WAVE SAMPLING AND IMAGING RULES

If we sample a signal frequently, such that it changes only slightly between samples, then the samples will give a good
impression of the underlying shape. Less frequent sampling (larger T) gives a poorer result, with substantial signal variations
between samples. It would appear that the signal values between samples are lost forever, but the sampling theorem which we
discussedi( Ch 3.3.4) assures us that this is not necessarily so :

« a signal x
8 (t) whose double-sided spectrum is band-limited to B Hertz is fully recoverable from its samples taken at a rate exceeding B
samples/second.

4
L 4

X(f
( ) To meet the band-limited condition, the spectrum X(f) that describes x(t) must go to zero for |f| > 2B, (Fig ¢ ). We can
then use a sampling rateds low as§=B = 2f max where fnaxis the highest signal frequency in x(t). This rate of
sampling gives us only two samples per cyclenak f We're assured that this very sparse sampling is sufficient for accurate
f reconstruction. We'll need some time to appreciate this fully, but we can start the process now by looking at some sampled
sinusoidal waveforms.

-¥2B 0 ¥2B
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5.2.1 Sampled Phasors and Sampling Ambiguity

Suppose we take a sine wave of frequency f and initial angle a.
x(t) =cos(2mft+ )

Then we sample it at a rate gff 1/T samples/sec :

xn]=xnT)=cos@nfrT+c)= cosCZ:rtfin+ Ct)

S5
This result depends only on the ratiogf/fa normalised measure of frequency, to which we will assign the symbol f:
f - cycles per sample-interval (normalised freq)
Then: X[2]=cos(2Tfxn+ )
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With this step, we've moved from f and t to a normalised f and to an integer time parameter n, which is time expressed as a
sample count. This is a routine transition when we perform Analog to Digital (A/D) conversion on a signal:

AID
(cycles/seck secs ft _} fn (cycles/sample) x samples

It establishes a new time scale, in which the sample—interval replaces the second as "one unit of time". Once a signal is
sampled, its best to use f rather than f because it allows us to process the data independently of the actual rate of sampling.
We now think of the signal frequency f as cycles per sample interval and, according to the sampling theorem, it can be as
high as 0.5, (equivalent to 0xfg samples/sec) but not any higher. The range of signal frequencies becomes (0 < f < 0.5)

for a single-sided spectral view, or (-0.5 < f < 0.5) for a two—sided spectral view.

We can show rather simply why these limits must apply. We begin by expressing x[n] as a sum of two phasor terms, just as we
did earlier { Ch 2.2.3) for a continuous sinusoidal x(t) :

x{n]=cos@nfn+o)= o GRS ) gy = (2 f ko)

But these are sampled phasors, and we can view the anti—clockwise (+ f ) phasor and the clockwise (- f ) phasor at
successive sample positions as they rotate (Fig ¢ ). We should recognise f as the angle between successive samples,
expressed as a fraction of a cycle. The drawn angle here (Fig ¢ ) is 45°, and it describes a frequency of

f = 1/8 cycles/sample = 0.125. Also shown is the initial angle a when n = 0, drawn as 60° on the diagram. The (+ f)
phasor starts at +a, while the (- f) phasor starts at —a. The sum of the two phasors at any instant is a real number, and it
traces out the sampled sinusoid, x[n]. The x[n] that these phasors describe are shown here (Fig i ).
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We now consider what happens if we take the signal frequency f above, and far beyond, the limg dh@s5will take
f far beyond 0.5. At f = 0.5, there is 180° between samples. At higher frequencies, a confusion sets in, as follows.

Our drawing showed the (+ f) phasor at f=0.125, (Fig € ), or 1/8 cycle between samples. We could not distinguish this
result from f=1.125, which includes an extra (unseen) cycle between samples. The same is true for f=2.125, and for
f =3.125, and so forth.
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All this presumes that the (+ f) and (- f) rotations are as indicated. But the samples alone do not convey the direction of
rotation. We still get real-valued x[n] samples if both of the drawn directions are reversed. We could add 1.0 (cycles/sample)
to the (- f) frequency of f=-0.125 causing this phasor to change direction to a new (+ f) frequency of 0.875. This

phasor is presumed to rotate at f=-1/8 = -0.125, but it cannot be distinguished from phasors at f=+7/8 = +0.875, or

at f=1.875, orat f=2.875, and so forth. As part of this reversal, the (+ f) phasor at f=+1/8 = +0.125 becomes

the (- f) phasor with frequencies of f=-7/8 = -0.875, f=-1.875, f=-2.875, and so forth. A further consequence

of reversal is that the new (+ f) phasor has an initial angle of —a rather than +a.

It turns out that the presumed f value ( f = 0.125 in this case) is only the lowest of many possible sine-wave frequencies
that would give us the same set of samples. Sine-wave frequencies, unlike phasor frequencies, are inherently positive. For
directions of rotation as drawn, the possibilitues are:

f=f|], 1+f0, 2+fg, 3+fg, .. (with f =0.125 and initial angle o )

0

These are the result of adding 1, 2, 3 etc, to the phasoreat=+{0.125. If the directions of rotation are interchanged, we
get more possibilities:

le_f[j, 2_f[], B_f[], . (with f =0.125 and initial angle —a )

0

These are the result of adding 1, 2, 3 etc, to the phasorcat=10.125. The set of all possible sine-wave frequencies
becomes:

f=f[], lifg, 2if0, 3ifg, .. (for0< f <0.5)

0
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The eligible frequencies abowedre called the images af fThe actual frequencies in samples/sec (or Hertz) are just these

f values multiplied by &. If a signal x(t) could contain more than one of these frequencies, then its samples x(nT) cannot
distinguish one from another. From the samples alone, there is no way to say from which of the images they originated. The
samples describe the sum of image components, and there is no way to separate them. This describes the ambiguity that
surrounds a signal after sampling. The only way to avoid it is to guarantee, in advance, that x(t) can contain only one (usually
the lowest) of a whole set of image frequencies. In other words, x(t) must be band-limited, and the limits are the same as was
predicted by the Sampling Theorem. This brings us to the subject of image bands.

5.2.2 Normalised Frequency and Image Bands

This spectral diagram (Fig & ) shows the various images that we described. Each line describes a phasor with a (fractional)
frequency label attached. The phasors at (+1/8) describe shufoid. The phasors at (+7/8) are for the (b)-sinusoid.

The phasors at (+9/8) are for the (1d) Sinusoid. This pattern is repeated at higher frequencies. Notice, the black (+1/8)

phasor is replicated up and down the spectrum with a spacing of 1.0 on the f scale. The gray (—1/8) phasor is replicated in an
identical manner. Taken together, the (black + gray) phasor pair at (+1/8) is replicated at intervals of 1.0 to form a periodic
spectrum. This concurs with our earlier finding that sampling in time equates to spectral replic&tin8.8.2).
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The dotted frames on the diagram are a set of one—period windows, each of width 1.0, and each divided in two by a vertical
line at the centre. This divides the spectrum into numbered bands, with the band numbers overhead, such that each band
contains one of the possible frequencies. The range (-0.5 < f < +0.5) is band-0, usually called the base-band, with
half-bands labels (0—-, 0+) overhead. The ranges (-1.0 < f< -0.5) and (+0.5 < f < +1.0) define band-1 with

half-band labels (1-, 1+) overhead. Similarly for band-2, with labels (2—-, 2+) overhead. When a base-band sift)soid x

of frequency f = f g/8 is sampled at ratg,fthe samples can be interpreted as base—band phasors at f=+0.125, or as
band-1 phasors at f=+0.875, or as band-2 phasors at f=+1.125, and so forth. Thus, any of several analogue signals
could have given us the same set of samples :

An (t) = COS( 27[%—f5t + 60 0) the band-0 interpretation
X (t) = COS( 27 %— fst — 60 0) the band-1 interpretation

X9 (t) = COS( 27 %— fst + 600) the band-2 interpretation

Notice how the initial angle changes sign in the odd—numbered bands. If we have only the samples to work with, they could
have come from any of these analogue signals. These signals, with one signal per band, are just some of the possible
"interpretations" of a single set of samples. We can easily confirm this by substituting t = m{t)nx¢(t) and x(t) to find

that »(nT), x(nT) and x(nT) are identical sets of data values.

From a set of image frequencies{ $+f o, 2+f o, 3£f 0, etc }, it is usually the base—band frequency that is the

intended frequency. To protect this signal from the corrupting effect of images, we must guarantee that the higher image
frequencies do not exist in the signal, or are reduced to an acceptable level. To do this, the analogue x(t) must be filtered in
advance by an analogue low—pass filter so as to remove those parts of x(t) at frequencies higher thahigsfvay, x(t)

becomes band-limited to the base—band region. Because image frequencies are sometimes called "aliases", the analogue filter
that does this is called an anti—alias filter. We'll have more to say about these in due course.
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5.3 PERIODIC SIGNAL SAMPLING AND THE DFT

Now that we know the imaging rules, we will apply them to periodic signals, so as to determine the consequences of sampling.
We will see how these efforts lead us directly to the Discrete Fourier Transform (DFT).

5.3.1 Aliased FS Coefficients

This is the spectral plot (Fig & ) of a periodic signal &) The heavy black lines are the FS coefficieq(ts With
line—spacing € = 1/P the reciprocal of the waveform period.

The harmonics imply periodicity, but do not account for the band-structure that we've superimposed. These bands describe a
proposed sampling of this signal at a ratefNe, with N = 9 on the diagram. The window width is &, which is also 1/T,

where T is the sample—interval. We've also shown the normalised frequency scale. In terms of f, the harmonics now occur at
1/N, 2/N, 3/N, etc, reaching N/N = 1.0 at the sampling frequency.
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The spectral lines describe coefficienksh(éfore X(tr is sampled. When we sample xf)the spectrum is replicated. The

entire set of lines is duplicated at intervals®fdr at intervals of 1.0 on the fscale. The result is shown here (Fig € ). The
final set of lines is the sum of all the replicated sets.
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This final set is periodic as shown. Notice, all of the lines fall into harmonic positions besause, fwith integer N. If
N were not an integer, a much more difficult and complex picture would emerge, and we don't want to deal with that just yet.
The result is a new set of coefficientg Such that:

Co={. Copprr+CanstCpr +Cy

ot Copnp + -

We've shown just a few terms of an infinite set. A more compact description would be:
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Because there are N harmonics in a spectral window, the new sat<t be periodic, with a period of N = 9. It means that
Ck' has only N unique values, occupying one spectral window, and the same values are repeated in each and every window.

The action of sampling with N = 9 generates N samples over precisely one period-ef ¥{® then have N unique sample
values and, because N is an integer, the same set of N samples occur for all other perieddfdfl x(gre not an integer, the

sample set from x(# would not be periodic in N. It might be periodic over some higher number of samples, or, it might not
be periodic at all !

With N = 9, we have 9 unique time samples described by 9 unigde/@lues. It makes sense that a sampling action which

reduces the data to a mere 9 samples in time should have a corresponding effect in frequency, giving us 9 spectral coefficients
as well. More generally, this is a transform mechanism that links a set of N time samples to a set of N spectral coefficients. It

is a Discrete Fourier Transform, or a DFT.

5.3.2 The Discrete Fourier Transform (DFT) —— Again

We've already arrived at the DFT, but by a different rout€lf 3.4), and with some difference in notation, as follows:
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-j2 ﬂin

X(;CS)N = Z{T-X(VIDN}-Q N Forward DFT
n

and

n—N

2
x(n?’)"":Z{s-X(ks)N}-ej N verse oFT
i

with: 1/Ne =T or, equivalently, 1/NT = €.

The indexes n and k normally use the range 0 .. N-1, but a range such as m .. m+N-1 (where m is any integer), will do
just as well. Both of these DFT expressions perform a sum over area—samples to deliver a set of value—samples, and both

refer to periodic signals x() and X(f»~ which can (optionally) be considerd to be the replicated versions of pulses x(t) and
X(f). In our Fourier Series discussion, thew@re the area—samples f&(ke)} from X(f). By observing that
N@k' =N [EX(ke)~ = X(ke~/T, we can re-write the DFT and the IDFT in terms that l]l(SaiIhe spectral quantity:

. 1 N —_;'Znin
G = - Z x(nT)" .e N Mathcad CFFT
n
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k
J2n—n

x(nT)” = z Cp € N Mathcad ICFFT
k

CFFT and ICFFT are the function names in Mathcad that perform these DFT operations, but they do so using a "fast"
computational algorithm. The label CFFT means "Complex Fast Fourier Transform", and ICFFT is its Inverse. The MATLAB
definitions, however, are in terms of N@ther than € :

k
- j2n—n

I
NC, = z x(rzT)" € N Mathcad NCFFT, MATLAB fft
n

w1 v
xnT)~" =—> NC,.¢ N Mathcad ICFFT/N , MATLAB ifft
N k

The MATLAB functions are called fft and ifft, again using a fast algorithm. Tih@@ation is fine for Fourier Series work,
but a popular alternative uses:

An)=x@T)",  X[k]= NC,
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and then:

N-1 :
-j2n—n
X[ic]:Zx[n].e N k=0.N-1
n=0
Mathcad NCFFT, MATLAB fft
N-1 :
j2n—n
x[n]:iz;f[k].e N =0, N-1
N k=0

Mathcad ICFFT/N, MATLAB ifft

This notation is a purely numeric one, in which x[n] and X[k] are simply data vectors of length N. We'll use these as our
standard DFT/IDFT definitions, and we'll use the x[n] and X[k] symbols throughout most of our DFT work. When dealing
directly with sine waves however, we may prefer CFFT/ICFFT with thadation. For now, we'll return to the/@otation,

and to the role of the DFT in a Fourier series setting.

5.3.3 Spectral Symmetry and the DFT

131



New Page 1

We can use the DFT for our Fourier Series work but, because we use samplegailndr)than the continuous x{)the

spectrum is inherently replicated, forcing us to work withr&ther than & If the replication causes@nes to overlap, we
have an aliasing problem, and thg @ill be different from G. Very often, however, we can minimise aliasing effects by
using a long DFT. That means using large N so that T = P/N is made smaller. This increases the sampling frequency
fs= 1/T, and then the spectral replicas will be further apart and the overlap is thereby reduced.

Most often, the x(n'H are samples from a real-valued time signal, and this leads to spectral symmetries which we have
noted before now. On a two—sided spectral diagram, where the harmonics have peak vathevyle ok :

M, = Oyl = | e % =2rg{Ci)= —arglCLy )

This is because the two phasors that build the sine—wave have equal lengthskaftiidir angles are ak for the +f phasor
and —ak for the —f phasor. These symmetries still apply for the aliased coefficients that we call C
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Within the baseband therefore (Fig € ), we can say that:

]
r = Ck *  aconjugate pair

The symbol * denotes "complex conjugate of .. ", meaning equal length but the angle changes sign. It follows that if we know
theBAND 0+ lines, then th&AND 0- lines are known too, provided x(r¥ pre real numbers. (On the diagram, onéyaﬁd

Ck for k = 1..4 are unique, but the four Eare complex, with two numeric values for each, so we still need nine spectral
numbers to correspond with nine sample values in time).

The DFT window (Fig € ), by convention, uses the index range 0 .. N-1, so that it extends &Mgp 0+ andBAND 1+ .
We must then remember tHBAND 1+ is both the top half of the DFT window and an exact imadgAtb 0- . So, for a
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normal two-sided spectral view, we must mentally transpose the top—half of the DFT window BRSRHE position. This
peculiarity stems from our use of 0 .. N-1 as the convenient DFT summing range. Referring to our diagram with N = 9,
while it's OK to sum the DFT over 0 .. 9, but we'll soon see that the true range of —4 .. +4 must be used in any attempt to

rebuild x(ty~ from its samples.

5.3.4 Continuous Signal Reconstructions

It took a possibly unlimited set ofk(hoefficients to describe the analogue(thut the sampled x(nT) has only N unique
sample values and, correspondingly, only N coefficiertsQearly, much detail is lost when we sample a signal. We cannot
re-build a detailed picture of x¢from G ' alone. What we can do is to build an interpretation of x(t), one that agrees with
X(t)~ at the sample points. In fact, we can build numerous interpretations, a different one for every band ! We will
demonstrate how this re—construction process works.

BAND-0 Reconstruction. For 8AND 0 reconstruction, we assume that ¥(f)as no components at higher than base-band
frequencies. That means using the set of lines which we see here in black (Fig & ).
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The resulting reconstruction is:

N
Ic~<2

X0 (t)N = ch .e_}'E‘JtFCBt (for N odd)

-
==

In our example, the sum is over {k = =4 ..+4}. This 6(t)~ agrees with x(8- at sample points. If x@ had no spectral lines

beyond the base—band, theaﬁt)(- is identical to x(ty~ everywhere. If x(§- did have spectral lines beyond the base-band,

then their base—band images are includedo(m)*-. They will still agree at sample points but, between sampget};pxwill

vary less rapidly than x@) because the higher frequencies in(Blave been given a lower—frequency interpretation.
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BAND-0 Reconstruction when N is Even. There are some notable differences when N is even, as for the N = 8 case shown
here (Fig & ).

We now have a spectral line at the Nyquist frequency, at f = 4¢ in this example. When the origihaé€at +4¢ are
replicated at intervals o= 8¢, they replicate with self-overlap, and a consequent "doubling—up" effect. As a result, the
re—construction must use only one—half of the @lues at +4¢. We get the following re—construction formula:

Rec.  H<k
1 . ? 2

Xt = R, .giinket L | .
;.Z:%k B =20, |”"'|=‘j;,i

The summing range is {-4 .. 4} in this example. Againo(x)~ agrees with x(§- at sample points, provided that any
non-zero component at the Nyquist frequency has been handled correctly !
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The difficulty at the Nyquist frequency is illustrated here (Fig ¢ ). At only 2 samples per cycle, the samples could fall on
signal peaks, or on zero—crossings, or somewhere in between as we have illustrated. Therefore the sample values do not tell us

the true phase of the signal. Suppose, in the example, that the original signal data included the following:

C4=1406, C_4=14—0{,
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This describes a sinusoid of peak value 2 and angle a at frequency 4¢. Replication at intervals 8¢ then causes C—4 to be
superimposed on£and vice versa. The resulting aliased coefficients are:

C';l = C'_4 = (1L + 14— ) = 2cosc

The reconstruction then yields:

Xy (6 = %CI_4 g damdet %C; 2B _ (2 cosa). cos@rdet)

This does not describe the true sinusoid with an amplitude of 2 at angle a. This reconstruction describes an amplitude of
2cosa, with zero phase. It assumes that the sample points are at the peak of the signal, whether that be true or not. It does this
of necessity, because no better information is available when sampling at this frequency.

This constitutes a failure to recognise a signal correctly at the Nyquist frequency, and it is a fundamental sampling limitation.
Notice that, because of this "phase-blindness" at the Nyquist frequency, the coefficiaitkG= N/2, will always be
real-valued, so long as x(t) is a real-valued time signal.

BAND-1 Reconstruction. For 8AND 1 reconstruction, we use the black spectral lines as shown here (Fig & ) for N = 9.
These are thBAND 1 lines. The lines at &fwill self-overlap on replication, so they must be used at one—half of their face
value:
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We still have agreement at sample points, meaning @i x= x o(nT) = x(nT), but x1(t) varies much more rapidly
between sample points. At the frequensy ¢, we have only one sample per cycle. The same value recurs over and over,
and is indistuinguishable from a DC component at f = 0
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The same reconstruction process applies in higher bands also. This is significant for band—pass signal processing where, under

proper conditions, a high—frequency band-pass signal can be sampled and, with no further processing, these samples can

serve as a base—band image of the signal. The intermediate "demodulation" step is thereby rendered unnecessary !
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This chapter has helped to broaden our understanding of the DFT, and we are ready to proceed to some practical DFT
application topics. That will be our focus in the chapter just ahead.

4 A >
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6.1 PREAMBLE

We'll begin our work with the DFT in this chapter. We'll use the fast algorithm, the FFT, to speed the computation. We'll show
how the DFT can display the spectra of sine waves and of periodic data, and how it obeys the imaging rules. We'll write the
DtFT in terms of normalised frequency, and we'll use it to find the spectra of number sequences. Because filters are described
by number sequences, the DtFT can compute a filter spectrum, and we'll see how the FFT can do this work more quickly, and
more systematically.

4 A >
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6.2 DFT WINDOWS AND THE FFT ALGORITHM

This section describes the scaling of DFT windows, and the fast DFT algorithms that we have available to us.

6.2.1 DFT Time and Frequency Windows

It is vital that we understand the scaling of DFT time and frequency windows. The scaling of both these windows is fully
defined by just two parameters, T and N. We use other symbols as well, but they are not essential.

The time-window scaling is shown here (Fig ¢ ). Its main parameters are sample interval T, and window width P = NT, both
in seconds. The sample set runs from 0 to (N — 1)T, a total of N points. Because of periodicity, the sample at time NT is
identical to the sample at time 0.

A normalised time scale t (or n) is drawn underneath. On the normalised scale, we consider that T = 1 sample interval, and
that{t=0, 1, 2 .. N-1} counts the sample intervals over the window. When t = N, the cycle starts to repeat. The
corresponding (normalised) frequency variable is f, with units of "cycles per sample interval”, or just "cycles per sample”.
Although we use f quite widely, we prefer the integer symbol n, rather than t, as our normal time counter. We do this to
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conform with popular usage, but we risk losing sight of n as the normalised time variable that it is.

The frequency-window is shown here (Fig i ). Its main parameters are the sample interval € = 1/NT, and the window width
fs=1/T. Clearly, f s= Ng, and both € andsfare measured in Hertz (cycles per second). Occasionally, we use the symbol Q,
noting that Q = fs = Ne.

The frequencies at which spectral lines are calculated are the frequencies 0, €, 2¢, .. (N — 1), where € = 1/(NT). These are
often referred to as "frequency bins", in the sense that the total signal power is distributed over a set of N "bins". We will often
use the term "bin" in this connection.

The normalised frequency scale fis also shown (Fig ¢ ). It has a range of 0 to 1, with a normalised bin spacing of (1/N).
The normalised bin frequencies are the set of values f = (k/N), with k=0, 1, 2 .. N — 1. We can also treat the bins as
numbered bins, with k as the bin number, ranging from k = 0 up to k = N-1, for a total of N frequency-bins.
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The scaling of the time and frequency windows is such that the window—-width in one domain is the reciprocal of the
sample-interval in the other domain :
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The DFT time and frequency scales, as presented above, must be clearly understood. These scales are the first, and perhaps the
most important, requirement for a good understanding of DFT practice.

By choosing a DFT summing range of 0 .. N — 1, we choose a frequency window thaBédizes andBAND 1+ . The
lines inBAND 1+ are a copy of thBAND 0- lines. For example, with N = 8, a bin—3 sinusoid has phasors at (-3¢, +3¢), but
the phasor at -3¢ is not visible. Instead, we se®AID 1+ image at —3¢ + 8¢ = 5¢.

The spectra of real signals have magnitude—even and phase-odd symmetries. It follows that the upper half of the DFT window
(theBAND 1+ area) offers no new information. It contains BA&ID 0- data, and it obeys the symmetry rules.

6.2.2 Using FFT Algorithms

The "Fast Fourier Transform", or FFT, is a fast algorithm for the DFT, nothing more. It computes the Forward and Inverse
DFT summations which we presented, but it can do so far more quickly that the direct method. Actually, there are several
variations on this algorithm, but that need not concern us. The FFT algorithm works best when N is a power of 2, such as

N =32 or N = 1024. Normal DFT evaluation computes N values of X[k], each of which uses N complex multiplications for

its summation over N terms. That's a total &iMltiplications, and it can take some time to compute. In comparison, the FFT
needs only ¥2flbgN, multiplications. To illustrate the saving, when N = 1024, the number of multiplies is reduced from

N = 1048576 to %N IbgN, = 5120, a reduction of more than 200 times. Not surprisingly then, the various software

packages use a fast algorithm, but they do not restrict N to powers of 2. They can handle any value of N (and pay some time
penalty), and we will avail of this flexibility in our examples, using DFT lengths such as N = 20, which is not a power of 2,

but it helps keep the numbers simple.

4 A >
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6.3 DFT SPECTRA OF PERIODIC SIGNALS

When working with sine waves, we prefer to see a spectral view that shows phasor vatued((Cdirectly. We will
therefore use:

-j2ﬂ£n

| 1 N
C = " Z x(nT)" -e N Mathcad CFFT
"

j2n—n

x(nT)" = Z C}C e N Mathcad ICFFT
k

We'll use CFFT to find the spectra of signals that are sums of sinusoids. We'll also see how to re-build a signal, using ICFFT,
when the spectrum is known. We'll see the evidence of imaging, first for sine—wave signals, and later from the spectral
aliasing of a sampled periodic waveform.
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6.3.1 Sinusoids at bin frequencies

We'll start with some signals which we will sample at intervals of T = 0.05 sec, for a sample rate i T = 20 Hz.
Then, by choosing a DFT length of N = 20, we get 20 bins from DC ugst®b the spectral bin spacing (conveniently)
becomes 1 Hz. The time window width is NT = 1 sec. For our first trial, we choose:

x(t)=cos(2m2t) +1.4sm( 2ME L)

After sampling:

x[n]=xnT)  torn=0.N-1

The signal x(t) and the samples x[n] are plotted here (Fig ¢ ). We have a 2 Hz tone and an 8 Hz tone. Although the
sampling is evidently sparse, the signal is inside the baseband, which extends as $ar 46 V4. It follows that there
will be no spectral overlaps on replication, so we can be sure ghatCC k.
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The x[n] values become our time vector x of length N. We obtain the spectral vector X as X = CFFT(x), also of length N, and
this contains the Kvalues.

Because are complex, we must use separate magnitude and angle plots:

mX, =%, |, aXp=aglX;}  frc-o.na.

The results are shown alongside (Fig ¢ ). They show phasors in bins 2 and 8, for the 2 Hz and 8 Hz components. The

—2 Hz phasor is in bin —2+N = 18. The -8 Hz phasor is in bin —8+N = 12. We can also view these3asD 1+ phasors,

as the images located at 12 Hz and 18 Hz. The phasor lengths are 0.5 and 0.7, or one-half of the sine—~wave amplitudes, as
expected. The angle plot (Fig ¢ ) shows zero phase, a = 0, for the 2 Hz cosine and an angle of a = -1/2 = -1.57 rads

for the 8 Hz sine. But the —8 Hz phasor angle is —a = +172, as seen in bin 12. All of this agrees with our earlier discussion

on sine wavesj(Ch 5.2).

We'll follow this with a further example:
X(t)=08+1.5cos@n8t+1.0)+0.6cos@nl0t+0.8)

We have a DC level of 0.8, an 8 Hz tone and a 10 Hz tone, but the 10 Hz tone is at the Nyquist frequency. Following the
same procedure as before, we get these results (Fig ¢ ). The DC level is seen at its true value of 0.8 in bin 0, and its angle is
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inherently zero. The 8 Hz tone shows up in bins 8 and 12, with phasor lengths of 1.5/2 = 0.75, and with phasor angles of +1

radian, all as expected. The 10 Hz tone is mis—interpreted. It comes across as a pure cosine of peak value 0.6cos(0.8) = 0.418.

The length of Xois 0.418, the apparent peak value, twice as long as normal phasor—lengths, which are only half the peak
value. This is because both phasors at the Nyquist boundaries of +10 Hz appear in the same bin located at N/2 = 10, where
they overlap and add, with a loss of phase information. The reported angle is zero, even though the true signal angle was 0.8
radians. This is the "phase blindness" that we expect to see at the Nyquist frequency.

To summarise our findings, the pure cosine is the "zero—angle" sinusoid, and the general sinusoid in bin number K is:

x, (t)= M, cos Zx{%fs}+ Cy.

The brackets [ ] contain the frequency in Hz. To sample, we set t = nT = g/&nd the sample set becomes:
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k
X [n]=2M; co 2n§n+ Ciy,

Time is counted by n (in samples) and the normalised frequency is k/N. This sinusoid is described by phasors in bin k, and in
bin —k+N, at phasor lengths of &Mnd with phasor angles of tak. A pure sine isidt) with initial angle = —1/2. The DC
component, and any component ag e treated differently, as noted above.

The story so far is of a very well-behaved transform which accurately identifies the sine—wave tones that we give it. The
reality is more complex, as the next example demonstrates.

6.3.2 Sinusoids at non—bin frequencies

Everything worked well for sinusoids at bin—frequencies. Using the same DFT length and sample interval (N = 20,
T = 0.05), we'll now try the signal:

x(t) = 2.0 cos( 274 .5t +1.0)

The frequency is mid—way between bin 4 and bin 5. The spectral magnitude plot that emerges looks like this (Fig ¢ ). We
might hope to see two lines, each of length 1.0, but this is what we get instead. Even the longest lines are around 20% too
short, and more seriously, we have spectral lines at all the other bin frequencies. This sine wave is "making itself felt" at
frequencies far removed from the true frequency. It's a problem known as spectral leakage. It puts an end to our hopes of a
well-behaved DFT (unless we can guarantee that only bin frequencies will occur). Its too soon to deal with this problem now.
Later on, we'll find ways to reduce the harmful effects that we see here.
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6.3.3 Checking out the Imaging Rules

Returning to our first example:

xX(t)=cos@n2t)+1.4sin(2n8t)

we can re-write it in standard cosine form as:

x(t)=cos(2m2t+0) +1 dcos(2NEt — T/ 2)

To get theBAND-1 image signal t), we change the sign of the angles, and we gdd20 Hz to the negative phasor
frequencies:
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x () =cos@nl8t)+1.4cos@nl2t+n/2)

We could have written the 12 Hz term as —1.4sin(2112t). To geB#iD-2 image signal Xt), we leave the angles
unchanged, and we adsl$ 20 Hz to the positive phasor frequencies:

Xy ()= cos@n22t)+1.4cos@n28t-7/2)

We could have written the 28 Hz term as +1.4sin(2128t).

The image signalsift), x2(t) etc have progressively higher frequencies than x(t), but they share the same sample set. That will
be evident in this comparison (Fig ¢ ) between x(t) anf{txand their samples. We conclude that x[n] = x(nT) H®T)

=x2(nT), etc. Because x(t) and its image signals share the same sample set x[n], they also have identical DFT spectra. By
showing their spectra to be identical, we also verify their imaging property.
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We can also obtain a DFT spectrum that shows us the higher image bands. To do this, we double the DFT length to N = 40,
and we enter our time samples as:

x[n]=1{x(0) 0 x(7) 0 x(27) 0 x(37) 0. L x(197) 0}

We use the same 20 sample values as before, but we double the sample count by placing zeros in between samples. The DFT
now sees a sequence with only T/2 sec between its samples (including the zeros), and so the spectrum X[k] goes from DC up
to 2/T = 2f s. This spectrum covers bands 0+, 1+, 2+ and 3+. For the signal of our first example, which previously gave us

this plot (Fig ¢ ), we now obtain this new result (Fig € ).

‘ . . . M
phasor lengths I M =40
10 mX,, - | '
1 ' 1
1 ' 1
BAND 0+ . BAND 1+ ' BAND 2+ . BAND 3+
05 ' : :
I 1 I
I ' I
B RN N R A
. ! ] ! A
0o 2 3 12 18 22 28 32 38

The time axis shows the bin numbers, which are also the frequency in Hertz. This window is just two adjacent copies of the
original window (Fig &€ ), but with one difference. All of the magnitudes are halved. Other than this, it shows the images in
all four bands just as they should be. Had we drawn the phase plot, we would again see two identical windows side by side,
but without the scaling by %2 that we see on the magnitude plot.

The zero—-insertion that we used just now gave an effective doubling of the sample rate, or an "up—sampling" in the ratio
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U = 2. This up—sampling by zero—-insertion is called an expansion of the data sequence. Except for the magnitude scaling, it
does'nt change the spectrum that we see, but it lets us see more cycles of the same periodic spectrum. If we were to expand by
U =4, we would insert 3 zeros between adjacent samples, thus increasing the DFT length, and the sample rate, by U =4
times. We would then see image bands fB#ND 0+ up toBAND 7+, and the spectral magnitudes would fall by 1/U = V..

This change in spectral magnitudes is a general feature of expanded sequences. We will again refer to expanded sequences
when we come to talk about multi-rate syste@<h 22).

6.3.4 Signal Reconstruction by zero—padding

On our first example, we noted that the sampling was sparse (Fig ¢ ), but we added that the signal frequencies were inside
the baseband (below 8f This inferred that the samples were sufficient to allow full reconstruction of the signal, which was:

e ™
2 x{n] —
4 h
mx phasor lengths '
M ! =50 x(t)=cos(2m2t) +1 dsin{ 2ME t)
:
|
- |
: We’'ll now show one way to reconstruct it. The sample sequence x[n] = x(nT) gave us a spectral vector X = CFFT(x), and
1 )?C its magnitude mX is redrawn here (Fig ¢ ).
1
. I I | ; | I | |
0o 2 8 12 18
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'd phasor lengths ™ But we could have used a longer DFT, perhaps of length M = 80, four times longer that we did use. We could have used the
) — 7 [{ extra length to obtain 4 times as many samples in the same 1-second time window. That would quadruple the sampling rate,
k N =280 and also the number of frequency bins, but the bin spacing in Hz would be unchanged. The new longer spectrum, which we've

named LX, would then look like this (Fig ¢ ).

The sameAND 0+ lines would occur, and in bins 2 and 8 as before.BAtN® 1+ images would be found in bin

k‘ —2+M =78, and in bin —=8+M = 72, (Fig ¢ ). There would be no difference in these line values, and all the other lines
would be zero. In fact, our spectrum X for N = 20 has all the information that we need to build this new LX spectrum. We
2 8 79 78 simply set:

Liy=2Xy LAg=Xg LX gy =X gww LA gy = g

and we set all other lnpXvalues to zero. We then find the time signal from LX via the operation xi = ICFFT(LX). This new

xi (where i denotes interpolation) gives us 80 sample points in the same 1-second interval, whereas previously we had only
20, (Fig ¢ ). We can still recognise the original 20 points (with symBphs x[n] = xi[4n] for n = 0 ..19. But we’ll have 3

new points between any pair of these points, and they will "fill the gaps" between the sparse sample set x[n]. They will also
match x(t) exactly, such that xifm] = x(mT/4) form =0 .. 79.

This is an example of interpolation by U = 4. It is different from expansion in that the new samples are authentic samples
from x(t), provided that x(t) was band-limited. We could have used a higher U value to get an even more detailed
reconstruction. There is no upper limit on U. Therefore, we can reconstruct x(t) to any degree of detail, using only the sparse
20—-point sample set x[n]. This is what we were promised by the sampling theorem.
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We obtained LX from X by a process of spectral zero—padding. We used the lines that we had available, and then filled out
the middle of the spectrum with zeros. This did not alter the amplitude or the shape of the time signal, but it gave us a much
more detailed set of time samples. Later on, we'll perform zero—padding on a time signal, in order to obtain a more detailed set
of spectral samples. Zero padding (in whatever domain) adds no new information, but it correctly fills the spaces between
samples in the other domain.

6.3.5 DFT Spectra of Periodic Signals

We tabulated this triangle waveform (Fig € ) much earlig¢r Ch 4.2.3), and the diagram also shows how we can find its
Ck coefficients exactly. For example, if we choose A = 1 and W/P = 0.2, we obtain:

Shape Function Shape Description
X() Cy=c X(ke), e=1/P

—A
16 AT - sinc® (W IE) | W /{\}- /\ R
0
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Ck=1/2AKSinCQ L - Lsind L3
F 2 Fy; 10 10

This method relies on a derivation that gave us a formula forklhalGes. Derivations get more difficult as the waveform
shape gets more complex, but the DFT can do the same job without a derivation. If the periodic sigralvithxggriod P,
we take a DFT of length N, and we choose a sample interval of T = P/N. Then we form:

x[n]=x(mT)"~, n=0.N-1

This time window covers exactly one period, from t = 0 to t = P. Then we find the spectrum as X = CFFT(x), and we
know that G = X k. We did this for the triangle waveform using N = 32 (a power of 2), and we tabulatediire@
theory and the € from the DFT as far as k = 10, with this result:

k 0 1 2 3 4 5 6 7 8 9 10
Cx  10.100 10.097 10.088 0.074 [0.057 0.041 10.025 0.014 0.005 0.001 0.000
C¢ ]0.102 0.098 10.089 0.075 0.059 0.042 0.028 0.016 0.008 0.003 0.002

We see that theCare too high in all cases. That's because of the additive effect of the aliases from higher frequencies, which
are always real and positive, becauseZimceal and positive. To make'@ome far closer to the truecCwe must reduce

the overlap due to aliasing. The way to do this is to use far higher N, such as N = 256, and then set T = P/N as before. We
then get many more time samples over the same one—period time window. The sampling fregudAtyd greatly

increased. Thissfis the spacing between spectral replicas and, by increasiwg'f/e reduced the amount of overlap. If we
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repeat our tabulation using N == 256, we will find Ck' very close to the trueiialues. We will have harmonics up as far

as %N = 128, not because the higher harmonics are of any interest (usually), but because large N makes tketioneer C
nearly equal to €

The big advantage of the DFT method is that it works for any shape of periodic waveform. By progressively increasing the
DFT length N, and monitoring the resulting Cwe can make a reasoned judgement as to when aliasing becomes

insignificant. This confirms our ability to view periodic—signal spectra with the help of the DFT, so long as we take care to
minimise spectral aliasing.

4 A >
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6.4 THE NORMALISED DtFT AND THE FFT

The DtFT (Discrete-time Fourier Transform) links a discrete—time signal to its continuous periodic spectrum. The time signal

is a number sequence, and it may be the sample set from some analogue pulse waveform. As such, the sequence has many
possible analogue interpretations, a different one for every band of the spectrum. This is why the specta of data sequences are
inherently periodic.

We will first introduce the DtFT in terms of normalised frequency f. Afterwards, we'll see how the the DFT gives us a fast
and convenient way to evaluate it.

6.4.1 The DtFT in Normalised Form

We introduced the DtFT much earligr Ch 3.3.2) in the form that we see here (Fig & ).
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T

oo

E{T (T} e—j2nfn'f

N=-—0oo

x(t)” = Z{T.x(nT)}- 8(t—nT)

[ X6y~ e 2nET gy
T

The number sequence is depicted here as the set of area—samplé®n(th pulse x(t) whose spectrum is X(f). The
spectrum of the x(3) sequence is just the replicated X{(f)rhe forward DtFT is a sum over sample values. The inverse DtFT

is an integral over one period of X{f)Both (Fig & ) are shown alongside.

When dealing with sampled data, the normalised frequency fis more convenient, and we generally use the DtFT in its
normalised form. We'll also find out very soon that digital filters are fully specified by a number sequence, which we usually
call h[n]. The (normalised) DtFT of this h[n] becomes the filter spectrum H(f). We will switch over to the filter notation, as
follows:

2nfnT — 2'nfnfi=2nfn, X&) = H(), T-x(nT) — A#r]

S
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Then the Forward DtFT summation becomes:

H(f) = Zh[ﬂ] . Q-‘}'btfn normalised DtFT

N=—co

and the inverse integral becomes:

}I[P’I] = ' 0 H(f) e'}.zqtfn-df normalised IdtFT

This integration is over the base-band (-0.5 < f < 0.5), or over an equivalent one—period width of 1.0. The period width
is different by a factor T from the width before normalisation, which was 1/T. That is why we see h[R[FT] on the left

side, instead of the x(nT) of the original form. (Also, because H(f) = %(flhe heights under both integral forms are
identical).

We'll make extensive use of these normalised DtFT forms. For any numeric sequence h[n] of length L, the DtFT sum gives us
its periodic spectrum H(f). Computation of H(f) can be time—consuming, because it requires L complex multiplications for
every value of fin H(f). This is where the FFT can produce a time saving.

6.4.2 DtFT Evaluation by FFT
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For this application, we prefer to use the DFT in the x[n]/X[K] notafioBH 5.3.2). We defined x[n] = x(nT)~ and
X[k] = NC «, and the DFT/IDFT became:

—ﬂﬂin

N-1
X[k]=2x[n]-e N k=0.N-1
n=0

Mathcad NCFFT, MATLAB fft

J2 ﬂin

N-1
1
= — : N - -
X[ 1] = kE_UX[k]e , n=0.N-1

Mathcad ICFFT/N, MATLAB ifft

The only difference from the earliek'Gorm is that the spectral heights X[k] are larger by N, the DFT length. We'll re-write
the Forward DFT using filter symbols h[n] and H[k] instead of x[n] and X[K] :

J2 ‘JIL’J

N-1 _
H[k]:Zh[n].e N k=0. N-1
n=0

Mathcad NCFFT, MATLAB fft
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Now we'll write the Forward DtFT for comparison:

H(f) — Zh[ﬁ] . e—ﬂnfn normalised DtFT

N=—co

Direct comparison of H[k] with H(f) reveals that, provided h[n] is zero outside the range 0 .. N-1, then H[K] is a set of
N values from H(f), evaluated at the DFT bin frequencies k/N. We have to choose a DFT of sufficient length to contain all the
elements of h[n]. After that, the FFT will find the filter spectrum H(f) very rapidly, at the DFT bin frequencies.

By way of an example, we'll use the following h[n] sequence:
Ar]={02 02 02 02 02}

This is a filter of length L = 5, and all of its "tap values" are 0.2. We use a DFT of length N = 128 (a power of 2), far longer
than the filter length requires. We specify h[n] for the DFT as:

Bn]=02, n=0.4 Bn]=0, n=5. N-1

This h[n] vector is of length N, as required. The filter values come first, then it is padded out with zeros to the full DFT length
N. We compute the spectrum as
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' N _
i, i H = N.CFFT (%)

fiter magnituce Notice the multiplication by N in this version of the DFT. We now have a spectrum with elementspdctral bins

k=0 ..127. Alongside (Fig ¢ ), we show the spectral magnitude plot mkland the angle plot aH On the frequency axis,

we've used normalised frequency k/N instead of the bin numbers k. This gives a frequency range of (0 < f < 1.0), the {
BAND 0+ , BAND 1+ } range.

|

N
0 02 04 06 08 1

These are 128-point plots (since N = 128), but they are drawn as continuous line plots. We chose large N simply to get large

1 - spectral point density. The time—domain zero padding achieved this. It added nothing new in information terms, but it filled in
4 ) the detail of the spectrum. If we now doubled up N to N = 256, it would again halve the spectral point spacing, but the plots
af |2 fiter angle would look nearly identical to what we see here.

N These plots offer a full description of the filter h[n], as we will come to see in the next chapter. As such, they are very
important, we will use them extensively, and the FFT offers a fast and convenient framework for obtaining them.
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6.5 DFT POWER AND ENERGY

When the DFT describes a periodic time signal, a DFT power spectrum is sometimes more appropriate than the normal signal
spectrum. When the DFT describes a pulse in time, then the DFT energy spectrum becomes appropriate.

6.5.1 DFT Power Spectra

We demonstrated earligr Ch 4.2.5) that the power associated with a phaq,gisqq(lz. From this, we saw that the total
signal power became:

_ 1 ~ 2 - 2
By = |, 1x® A= TG

The DFT gives us the aliased coefficients /s @r as X[k]/N) and allows us to calculate mean signal power as:
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total (mean) signal power

This is a summation over one DFT window, equivalent to a summation over the baseband. It gives total mean power because
any signal power outside the baseband is aliased into the baseband when the signal is sampled. Because of this result, we can

also think in terms of bin—power, defined as:

2
’ =|X[k]fN|2, F=0 M-—=1  meanpowerin bin-k

PBIN,, = [C;

If we plot this, rather than plotting mX¥nd aXx , we obtain a DFT power spectrum, which we could also call a
bin—power plot. The total power is spread out over the base-band, often in a non—uniform way. We sometimes like to speak
of power spectral density (PSD), which is power per unit of bandwidth. The PSD level at bin number k is the bin power

divided by the bin—-width, where bin—-width is expressed in cycles per sample:

bin, power |X[k]fN|2 _ |X[f"f]|2
bin width(AF)  A/N) N

power spectral density

PSD, =

Notice, the normalised bin width is just 1/N. PSD and and bin—power plots give essentially the same information, but we may
favour one over the other, depending on the application.
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The power spectrum gives us only the spectral amplitudes, it contains no phase information, and hence no timing information.
For signals whose timing is highly variable or unknown, we can often obtain a power specrum, even though a full X[K]
spectrum might not be obtainable. This helps explain the importance of the power spectrum in many practical situations. It just
tells us at what frequencies the signal power will tend to concentrate. This may be vital information. For example, if we want
to filter a transmission signal, so that it fits in a limited bandwidth, the power spectrum of the signal tells us what frequencies
we should retain, so that very little of the power will be lost.

6.5.2 DFT Energy Spectra

If the DFT time sequence x[n] describes a "one-off" pulse shape, then the signal is confined to one DFT period, which is

NT in seconds, or simply N using normalised time units. Because mean power is Energy per time period, we can identify the
pulse Energy as (mean pow&rNT, or just as (mean power N using the normalised units. To convert from power

guantities to normalised Energy quantities, we just multiply by N. In this way, we get:

ESDk. = |X[k]|2 energy spectral density

and
EBD.\T}C = |},f'[136]|2 ,J‘N energy in bin k

We can view EBIN as just ESP x Af, where Af = 1/N.
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To convert ESD and EBIN figures into time-related Energy quantities, we just multiply by T.

This concludes our first application—oriented session with the DFT. We've seen it do some jobs very well, and with the speed
advantage of the FFT to make it more attractive. But we've also hinted at some difficulties. We will tackle those difficulties
when we next return to the DFT.

4 A >
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7.1 PREAMBLE

Our theoretical framework is not yet complete, and we will deal with it further in Chapter 8. Meanwhile, we want to make a
start on some practical DSP work, by way of a simple introduction to digital filters. We'll begin with the sampling of some
frequently—occurring signals. Then we introduce filters of the FIR and IIR types, using the DtFT to find the filter spectra, and
we explain the importance of these spectra. We show how filters can be connected, in series and in parallel, and we introduce

correlation as a matched-filtering procedure.

4 A >
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7.2 SAMPLING AND SEQUENCES

The signals that we introduce here have importance in digital filtering. We will look at the sampled versions of some signal
shapes x(t), and will introduce new parameters to describe these sampled versions of x(t).

7.2.1 Sampled Step and Impulse Waveforms

We will start with some elementary test signals. Prominent among these is the unit step function, defined as:

wt)=1 t=0
wt)=0 t<0

If we sample this step at sample points t = nT, the resulting sequence is u[n] :
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Wn]={.00111.}

The underline marks the zero—th element, u[0]. The double—dots denote continuation of the trend. The brackets { } suggest
that we treat all elements together as a single entity, as a data—sequence. The sequence is presumed to have infinite length in
both directions (- < n < ). A different but equivalent definition is shown alongside (Fig & ).

s ™
The Unit Step
A slightly modified definition (Fig ¢ ) would show u[0] = %%. This is certainly correct for Fourier synthesis, when we try to
E{[P’Z] = 1, F 2 O build a step from sine waves. But the first definition is favoured for its simplicity, and is more widely used.
ti{#n] =0 otherwise
L v
modified

H[P?] The derivative of the step u(t) is the impulse d(t), already defifedi( 3.3.2). This is easy to see if we think of the step as

the limiting case of this ramp waveform (Fig i ) when the ramp width W is reduced to zero. The derivative is a rectangle of
D area (W)(1/W) = 1.0. As W - 0, it becomes a unit—area impulse, &(t).

n= -3-2-1 01 2 3
We have no close digital equivalent for the impulse. The smallest meaningful W value is the sample interval T. If we sample

the rectangular—-shaped derivative using W = T, we get a single sample of value 1/T, and all other sample values are zero.
Thus, we can reasonably define:
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qn]=1, n=0
§#n]=0 otherwise
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Orp[n]={ .0 0 % 0 0.} digtal-T impuise

as our nearest digital equivalent to an analogue inpulse &(t). We will use this definition in the future, but it is also common
practice to define a time-independent digital impulse as :

6{?’3]={ .00 1 0 O} digital impulse

or as the "Unit Impulse" shown here (Fig ¢ ). This "time—free" definition is more widely—used, although it is more remote
from the analogue impulse that gave it its name. We will use both both d[n] and dT[n] as the situation demands.
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7.2.2 Sampled Exponentials

The right-sided analogue exponential is defined by:

x(t) = e® (L)

where a < 0 for a decaying exponential as shown (Fig ¢ ). Taking value—samples of x(t) with sample interval T, we get:

dn] = x(mT) = ™ .u(nT) = (earr 1]

Even more simply:

qn]=rtuln], r=é&*’

This sequence is shown here (Fig ¢ ) for a = —0.14 with sample interval T = 1. The rate of decay from sample to sample
depends both on a and on T, such that the two combine to form a single decay constant, r = 0.87. This r becomes the ratio of
any sample value to the sample value just before it, that is, r = x[n]/x[n—1].
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The area under the x(t) exponential (for a < 0) has a finite value, found as:

[BECES j: o g = %[e“*}f - ‘?l

The value—samples x[n] above give no sense of this area, but the area—samples do (Fig ¢ ). Clearly, the sum of
area—samples {X[n]} is an approximation to the area under x(t), that is:

NT N-1 N-1
jﬂx(t).dt 7 Z{T x(nT}es > {Area - samples)
n=0 n=0

This is true for other waveforms also. To see how it works for our exponential x(t), we must first sum the x[n] samples above.
If we use & to mean the sum over the first N samples of x[n], we have:

N-1
SN=Zr” 144+ 4
n=0

N-1

Now we multiply both sides by r to obtain:
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7Sy = r+r2+r3+ . +rN'1+rN

Subtracting IS from §; , most terms cancel and we find:
SN l o SN - 1_ r

Finally,

N—1 1— 7
z : n

S' fot 0 o= ﬁ
n=

This is a very useful closed—form expression forIScontinues to hold as N- oo, provided the sequence decays (requiring

that r < 1). Thus:

= 1
S =3 =— rel
o ; . ( )

176



New Page 1

. ™ These geometric sums are equally valid when r is a complex number. They play a big part in DSP work, and are summarised
Geomemc Su]:ns alongside (Fig ¢ ) in terms of some complex parameter x. Returning to our exponential, the sum of value-samples is Se and
the sum of area—samples i&& . Thus:

1-x T T T -1

N-1 N
an=1_x
n=0 = = ,

and .. 1-r 1-&* 1-{14aT+.} «a

(aT << 1)

oo

1
Zf”: 1-x

We've used the approximatioh & 1 + x + ¥4x 2+ .. with x = aT, valid for small aT, to show how the sum of

n=0 area—samples converges to the area under x(t) when T is small (frequent sampling). A familiar sum occurs when r = 0.5.
. Then:
provided |x| < 1
. A
=144l 411 = 1 =
Se=l+s+g+ot+i=+ . —z =20

We could have written this sum on inspection. And, since we can find the sum for any value of r < 1, we can
always integrate over a decaying exponential to get a finite result. It even holds for oscillatory decay, which is our next topic.

7.2.3 Decaying Oscillatory Sequences

The decaying sinusoid is a signal of the form :
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y(t)= e sin(ayt)-2(t)

where w0 = 211f o is just the radian frequency (rads/sec). After sampling:

y[n]= y(uT)y=e™" . sin(wgnT)- u@nT)
We now have two constant parameters:
r=e% 8=w,T
such that:

yn]=r" sin( #8) u[xn]

The sequence is shown here (Fig ¢ ) for r = 0.87 and 6 = 0.5. Recall that a sine wave is a sum of two rotating phasors,

and the angle 6 is the amount by which the phasors rotate from one sample to the next, in units of radians/sample, a
desciption which is independent of the sampling frequency. The decaying sinusoid can always be represented by a single
complex number r(J0 as shown here (Fig i ). The radius r gives the decay between samples, while 6 is the rotation between
samples. As long as r(16 lies inside the circle of radius 1.0, the signal will decay, and its area under integration will be finite,
because it lies within the envelope of a decaying exponential. Signals of this type, and diagrams like this, will recur again and
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again in our later work.

rs g

circle of radius 1.0

4 A >
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7.3 DIGITAL FILTERS AND CONVOLUTION

Digital filters are used to modify a signal by removing (or re—shaping) some of its frequency components. The input signal is

represented by its samples x[n], and the "filter" is just a set of calculations that are repeated over and over on the input samples

X[n], to generate a set of output samples, y[n]. The filter action repeats under control of a "clock" signal, where

n=0,1,2 .. etc counts the clock cycles such that, on each clock cycle, the filter takes in a new input sample x[n], and
outputs a new output sample y[n]. Most often, the action of the filter can be specified by another set of samples called h[n],
which is known as the "Impulse Response" of the filter (Fig ¢ ).

7.3.1 LTI Filters

LTl is short for "Linear and Time—Invariant". Most of our filters will be LTI filters, and their impulse response h[n] defines
them completely. It is so named because, if the input signal to the filter is the impulse sequence J[n], (a solitary "1" atn =0
and nothing thereafter), the resulting output sequence y[n] is the sequence of humbers that we call h[n], the "response to an
impulse”. The filter's response to some different input sequence is determined by h[n] and by the LTI nature of the filter, and
we will illustrate this with an example.
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We'll choose a filter whose impulse response is h[n]%&uin] with r = 0.5. Thus:

Hr)={1 05 025 0.125 .}

This sequence continues indefinitely. For the input x[n], our choice is simple but arbitrary:

qn]={.0 1234 0.}

The filter responds to each element of x[n] in succession=A2,nt responds to the "1" by outputting {1 ¥2 ¥ etc }. The
response to the "2" is doubled in size, and delayed by one cycle: {0 2 1 % etc }. The response to the "3" is tripled in size and
delayed by two cycles. Similaly for the "4", and then the input terminates.

This table (Fig &€ ) shows each response as a separate row. At the bottom, it adds up the responses by summing columns
vertically. The output y[n] on the last row is the sum of all the responses.
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no | x[=] | ¥0] | 1| 2] | XI3] | ¥(4]
1 0 0 0 0 0 0

0 I | 1.000 [0.500 |0.250 | 0.125 |0.0625
1 2 2.000 | 1.000 | 0.500 [0.250
2 3 3.000 | 1.500 |0.750
3 4 4.000 | 2.000
4 0 0.000

Y =>{»] |1.000|2.500|4.250]6.125 |3.0625

. fesponse
to x[0]

o FESpOnSE
to x[3]

This filter showed linearity by giving a response directly proportional to the size of the input sample. It showed time
invariance by responding to successive samples (each arriving at a different time) with a scaled version of h[n], all in the same
unvarying manner. These are the features that make it an LTI filter.

To see how y[n] is assembled, we look at the y[3] column (inside the grey box) and, on close examination, we find that:

W[3]= [3] 2 0]+ 4[2] x[1]+4[1]- 2[2]+4[0]- x[3]

We can generalise this result for any output sample y[n] :
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y[r]= Zh[n—m]-x[m] . n=0,1273 .
m=[

Notice how n is a constant while we do a summation over m to obtain y[n]. Then we increment n by one and do the next
summation, resulting in y[n+1]. This equation sums up the filter action, and describes a process that we call convolution. Our
tabular approach has shown this to be the natural result of linearity and time invariance. But, to better understand convolution,
and to do convolution on paper, we recommend a different method, as follows.

7.3.2 Convolution of Sequences

This diagram shows the graphical method that we prefer (Fig é ):

Aln—-m]: 0125 0250 0500 1000 @ —* pictwedatn=10
xm]: 10 20 30 40 00 @ ..

yln]: 1.000 2500 4.250 6.125 3.0625 ..

The first row shows h[n] in time-reversed form. The second row shows x[n] in its normal form. We've underlined the n =0
index positions and lined them up vertically, so that the first elements of each are overlapping. These are_1.000 and 1.0 on the
diagram. The product of this vertical pair [§]y= 1,000, the first output sample from the filter. Now we slide the h[n]

sequence to the right, one step at a time. After one step, we have two pairs overlapping, and the output y[1] becomes the sum
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of vertical product pairs y[1] = 1.0x2.0 + 0.5 x1.0 = 2.500. After another step, we obtain y[2] as y[2] = £330 +
0.5%2.0 + 0.2%1.0 = 4.250. It's easy to check that this is equivalent to the tabular method, but it gives us a better insight
into what convolution is about.

We prefer to think of sequences as covering all possible index values (-« < n > ). If we assume that x[n] and h[n] are
both zero for all n < 0, we'll see from the diagram that we can extend the limits to infinity without affecting the result.
Therefore:

y[n] = Zh[n—m]x[m] . (-0 <7< igital convolution
m=—co

We use the special symbblto indicate convolution:

ynl=Hnl*xln] = > Aln-m] xm]

It also turns out that:
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==

yln]= x{n]*i[n] = EX[H—M]%[M]

m=-w

This means that we can time-reverse x[n] rather than h[n], then continue the process as normal, and the result y[n] will be the
same as before. Therefore:

y[?ﬂ] = }3[?2] *?x’[?@] = X[-’?] *}3[?3] digital convolution (or filtering)

This is the commutative property of convolution.

A sequence is said to be causal if it is zero—-valued for all n < 0. We convolved two causal sequences x[n] and h[n], and we
found that the output y[n] was causal too. This is true of filters in general. The output y[n] is causal because we cannot get an
output before we apply an input. It is simply the principle of cause and effect (hence the term causal). Filtering is most often
performed in real time, meaning that the filter must wait for the next input sample before it can deliver the next output sample.
It's not always like that. If the input data has been recorded in advance, we may have access to any input sample on demand. If
we avail of that, we then have a non—causal filtering action.

7.3.3 Filter Frequency Response

If a digital filter is driven by a sampled sinusoidal sequence of frequency f (in cycles/sample), the output y[n] develops into a
sinusoidal sequence of the same frequency, but with different amplitude and phase, as we will now demonstrate. Because a
sine wave is built from two phasors, we can use a sampled phasor as our input x[n], and extend our result later to sine waves.
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So, we have:

dn]=e?™™"  and yinl= > dn-m]- Hm]

m

Then:

}’[P’I] _ zeﬂﬂf(n-m) m] = eJ'E?Ifn .ze-ﬂﬂfm Hm]
m

m

Finally—— for this specific inout sequence:

yn] = xn] Zh[m].e"ﬂ"f ML % (Ot of hin)
m

We recognise the bracketed quantity as the DtFT of h[n], which is also the filter spectum, a complex function of frequency
called H(f). Suppose that, at some specified fvalue, H(f) = G0. (magnitude G at angle 6 radians). For a phasor input at
+ f we obtain:
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x[n]= e;’Eﬂfn and y[}‘?] _ eﬂ*ufn ' Ge;e _ G‘ej(ZﬂfrHe)
For a phasor input at (provided h[n] are real-valued) we obtain:
dn]=e 12" " and y[n]= eI qemi® _q.g iEnSNH0)
For a cosine input cos(2rn), we take one-half of the sum of these inputs, and similarly for the outputs, which gives us:
xrn]=cos(2nfn) and y[xr]= G cos(2mfxn+0)

Thus, if the filter spectrum is H(f) = GOB, the response y[n] to a cosine input will be scaled in magnitude by G, and its angle
will be altered by 6. Clearly, G and 6 are functions of frequency, they are |H(f)| and arg{H(f)}. The plot of [H(f)| versus fis
the filter magnitude spectrum (mH), and the plot of arg{H(f)} versus f is the filter angle spectrum (aH). We'll be using these
results very shortly.

4 A D
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7.4 FIR FILTERS AND FILTER STRUCTURES

All of our filters do a convolution as we described, but they come in two major categories: FIR filters have a Finite-length
Impulse_Response, and we will deal with these now. IIR filters have an Infinite-length Impulse Response, and we will deal
with those in the next chapter.

7.4.1 The FIR Averaging Filter

We'll describe a 5—point averaging filter that operates in real time. At any given time, it remembers the most recent incoming
sample x[n], and the four previous samples, x[n—1] back to x[n—4]. The filtering action is the repeated calculation of the output
y[n], forn=0,1,2,3, .. etc, according to:

y[nl= L{dnl+x{n-1]+x[n- 2]+ x[n- 31+ x{n-4]) n-o01za.

This is a familiar averaging procedure. It tends to suppress rapid changes in the output. As such, it reduces the high—frequency
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parts, but has little effect at low frequency. In this diagram (Fig ¢ ), the filtering is drawn to resemble the graphical

convolution method. The filter is a set of "taps" or multiplier values (depicted as small triangles), all of them 0.2 in this case,
and they slides from left to right, while monitoring the most recent five samples of the signal. Each sample is multiplied by the
corresponding tap weight (0.2), and all five products are then added to form y[n]. After another step to the right, the process
repeats, and it determines y[n+1].

We took a noisy signal as our input, and performed 5-point averaging on it over 60 samples, with this result (Fig ¢ ). The

output has lost most of the rapid input variations, as expected. But there is something else as well, namely, the appearance of a
signal delay. In fact, the delay effect is quite real, and is exactly two sample intervals. The reasoning is that our computed
average y[n] is most representative of the middle of the filter window, which is at x[n-2], whereas y[n] appears two samples
later. This reasoning applies to many FIR filters of length L (meaning L filter taps), and the delay is calculated as:

filter delay in samples = (L — 1)/2

The more usual kind of block diagram for this FIR filter looks like this (Fig ¢ ). It shows a chain of four delay blocks with

the label "T" to indicate a T-second delay. Each block is just a data register which holds a data value for one filter cycle, and

then passes it down the chain to the next register. The input data x[n] enters at the top of the chain, and the older data x[n—1],
X[n—-2], etc resides at tapping points along the chain, as shown on the block diagram. These data values are multiplied by the
filter coefficients, the triangles labelled 0.2, and added together to form the output y[n]. This output is a weighted sum of past

and present input values. From the block diagram, one can immediately write the difference equation that describes the filter
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0.2 y[,ag] as:

x[#]

x[rm—1]

x[rn-2] '
Tlo2

x[# - 3] I—D"@
7)oz

xn-4] T——
FIR &-point Averager

y[n]=02x[»]+02x[n-1]4+02x[n-2]+02x[%-3]+02x[n—-4]

mHk N=128 This is quite a simple description, and we can understand intuitively that higher frequencies are somewhat suppressed, but we
need a more satisfactory statement of behaviour over frequency. Actually, we obtained it in the last chapter, and this (Fig ¢ )
is the |H(f)| that we found, the filter's gain magnitude ploth 6.4.2). It describes a gain that is close to 1.0 at low

frequencies (below f = 0.1). Higher frequencies (up to f= 0.5, the top of the baseband) are more heavily attenuated.

fiter magnitude
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The gain is zero at f=0.2. That's because f= 0.2 indicates 1/0.2 =5 samples per sine—wave period at this frequency.
The 5-point filter "sees" exactly one sine-wave period, and the average over one period is zero. The filter averages the 5
samples, their average value is zero, and so the y[n] values are zero every time. The same happens at f = 0.4 where the
average is taken over 2 sine-wave periods, and the average is zero once again.

This 5-tap filter has a delay of (5 — 1)/2 = 2 samples. In terms of phase delay over frequency, this is a linear phase lag,
expressed as:

lag angle = —-21tf n (radians), with n = 2

The lag angle is greatest at f= 0.5, where it reaches —2mradians, which is one sine-wave period. This is indeed a 2—sample
delay, because when f= 0.5 we have only 2 samples per sine-wave period. Our FFT spectrum gave an angle plot arg{H(f)}
that seemed only "piece—wise linear" (Fig € ), but that is very misleading. It has several discontinuities, all with a step size of
miradians. These steps actually describe a change of sign on the magnitude plot. We can re—draw both plots, making the
magnitude plot into a bi—polar plot (Fig ¢ ), and removing the steps from the angle plot (Fig i ). We now see the linear

phase lag (the heavy line), and it reaches —2mtwhen f= 0.5, as expected.

We can use these plots to find the gain and the phase at any frequency. For example, when f= 0.1, we find:

191



New Page 1

-~ T ™ H(f)=06474(—125?) when f=0.1
@ff, fiterangle i
[T (NN
~ ] I N | ~\

\ I~ ! ! . . . .

: N : M1 : oy Suppose we now apply an input sinusoid at f=0.1:

1 "\ 1 :\\ : v

AN

- * N=128 k
. o . N x{n]=cos@mn 0.1f; - »T) = cos@n fn)= cos@nl.1x)
) 06 038 1

H(f) predicts that the output sequence y[n] will be:

y[xn]=0.647 cos(2m0. 12 —-1.257)

smaller in amplitude by 0.647, and lagging by 1.257 radians. To demonstrate that this is what actually happens, we only have
to run the difference equation over and over for n =0,1,2,3, .. etc.

y[n]=02x[r]+02x[xn—-1]+02x[n—-2]+02x[xn—-3]+0.2x[n—-4]

The result will be the same as we predicted. And we can do likewise for any other input frequency. That illustrates the
importance of the H(f) spectrum.
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7.4.2 FIR Filter Structures

The averaging filter is just a particular case of the generalised FIR filter presented here (Fig € ). It can be of any length L,
with L coefficients or "tap values", and with L —1 delay blocks. The coefficients are namedtas tp, etc up to b-1. We

operate the filter by repeated execution of its difference equation:

y[n]=bpdn]+xn—11+bxin-2]+ .. . +b;,_x{n—(L-1)]

FIR filter lengths range from L = 2 to L = several thousand. With suitable choice of coefficients, we can approximate any
of the "brick—wall" filters depicted here (Fig i ), but sharp transitions require longer filters.

If the input to this filter were J[n], a solitary "1", it would ripple down the delay chain step by step. After the last delay, it
would exit and be forgotten. Before exiting, it passes each filter tap in turn, gets scaled by the coefficient value, and then
delivered to the output. It follows that the response to 8[n] will be:
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brickwall filter types

In other words, the impulse response of an FIR filter is just the set of its coefficient values. The coefficients also decide the
filter spectrum, but we normally handle this the other way round. We specify the spectrum that we want, and we then try to
find the coefficients that will give it to us. This is the problem of filter synthesis, and we will leave this problem to a later

chapter.

A
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Hnl={by b b by. by, 00 .}
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Ar]=xr]+r ylr-1]
An integrating filter

7.5 IR FILTERS AND FILTER STRUCTURES

FIR filter are popular, but they are not the most efficient computationally. IIR filters can often do a similar job with far fewer
coefficients. We will use this section to introduce them.

7.5.1 The IR Integrator

This block diagram and difference equation (Fig ¢ ) describe a very different kind of filer. The key difference is the
appearance of y[ ] on the right-hand side. The output is no longer just a weighted sum of inputs. In this filter, earlier output
samples are being fed back around a loop to the input. The use of feedback, and the presence of a feedback loop, are the
distinguishing marks of an IIR filter.

The feedback includes a (multiplier) coefficient r. If we set r = 1, the difference equation reads:
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yln]= x{n]+yln-1]

All new values of x| ] are added to y[ ], so that y[n] becomes the sum of past and present ¥plues. This filter is just
an adding machine, but we call it an integrator. If we apply an impulse d[n] at the input, the output becomes:

_}’[?’3] e {O 0 1 1111. }= u[n] a unit step sequence

The output y[n] goes from 0 to 1 when the impulse arrives at n = 0, and remembers this value thereafter. (It does this by
re—circulating the "1" in the loop on every subsequent filter cycle). This assumes that y[-1] was zero, it assumes zero initial
conditions. We don't need such assumptions with an FIR filter.

Now suppose that r < 1. On every trip around the loop, the y[n] value is multiplied by r. The new response to an impulse
d[n] becomes:

y[r]=kn]={0 01 ~ P2 38 LYy =" uln]

If we use r = 0.87, the impulse response looks like this (Fig ¢ ), a decaying exponential sequence and, yes, we've seen this
sequence beforg (Ch 7.2.2). This is the response of a "lossy" integrator. It loses a fraction (1-r) of its data on every cycle of
the loop. The response decays away to zero, but never quite reaches zero. This h[n] is of infinite length, making this an IIR
filter. It is the re—circulation in the feedback loop that make IIR filter responses infinitely long.
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If the input to the filter is x[n] = u[n], a unit step sequence, the response will be:

We can understand this quite readily as the result of a graphical convolution involving u[n] and h[n]. It looks like this
(Fig ¢ ), and it tends to a limit of 1/(1 —r) as n — . This is fine as long as r < 1. But, if r > 1, the response to an
impulse will grow without limit. That would be described as unstable, and it cannot be allowed to happen. We must guard

New Page 1

yn]=>r"=
m={

1— rn+1

1-r

agains instability with IIR filters, whereas it cannot happen with FIR filters.

The DtFT gives us the spectrum:
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H(f) = Zh[?’l] . é’—jzﬂfn normalised DtFT

N=—0

With the help of this geometric sum (Fig ¢ ), it becomes:

oo . oo . 1
H(f):;rn € Jaxfr = ;(ﬂe jzﬂf]" - 1_(!._@—3.211;}‘)

We've plotted the magnitude mH of this H(f) over the base—band, with this result (Fig ¢ ). It is clearly a low—pass effect, with
a peak gain of 1/(1-r) at f=0. We could scale x[n] by (1-r) to give it a DC gain of 1.0 by writing:

ynl=(A=r) x[z]+r yr-1]

With this small modification, we have an IIR averaging filter. It gives a weighted combination of the new data x[n] and the
existing sum y[n—1]. When r is small, the new data is emphasised, and older data is more quickly forgotten.

This example illustrates the major role of geometric sums in the feedback loop of an IIR filter. The impulse response is a
geometric series, but the closed—form description of the series sum uses just the feedback coefficient r to describe both the
step response in the time domain, and the H(f) of the filter as well.
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7.5.2 lIR Filter Structures

We've just seen a feedback section with only one feedback coefficient. More generally, we can have several feedback
coefficients, like this (Fig ¢ ). We've named them with a minus a3,—eep, etc, because that will give the algebra a cleaner
appearance later. This is quite a complex filter, with a difference equation:

yinl=xn]-ayln-1]-ayn-2].. . -ayyln-N]

More generally however, we allow an IR filter to have an FIR section as well. Here (Fig & ) we see an FIR section followed

by an IIR section. This is sometimes called the Generalised Form 1, and we can write its difference equation on inspection as:
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Generalised LTI filter, Form 1

Generalised LTI filter, Form 2

vinl=fx(r]+bx(n-1]+bx{n-2].. . +dx{n-M]
—ayln-1]-gyln-2]-ayln-3].. —ayyln-N]

It turns out that we can place the IIR part in front, and still get the same difference equation, although that will not be obvious

on inspection. The result is the Generalised Form 2, also shown (Fig é ). Notice how this form uses two delay chains, both
handling the same signal w[n]. One of these chains is redundant. We can eliminate the shorter one and arrive at the simpler but
equivalent version shown here (Fig ¢ ). It still obeys the difference equation that we presented.
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When IIR filters use fixed—point arithmetic, the numeric truncation can give rise to complex and unwelcome non-ideal
effects. That is much of the reason why long filters of this kind are seldom used. The IIR filter that has only two delays is a
"second-order" filter, often called a "bi—quad" (or bi—quadratic section). It is a widely used building block (Fig ¢ ) with the
difference equation:

yinl= fxin]+bxn-1]+bxn-2]-ayln-1]-agyn-2]  b-qud

We will use this block quite frequently. It is all that we need to build IIR filters because we can combine several bi-quads in
series or in parallel to build filters of higher order. That will be our next topic.

7.5.3 Filter in Series and in Parallel

Almost all of our filters are LTI filters (linear and time—invariant), and this allows us to easily combine them in series or in
parallel. Very often, the individual filters will be bi—quads, but other LTI filters can be used as well.

The parallel connection is very simple (Fig ¢ ). We're just adding the outputs of (two or more) individual filters. That's the
same as adding their individual impulse responses. It also means that we can add the two filter spectra to get an equivalent
filter spectrum H(f).
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LTI filters in parallel
_Tl filters in series cascade

The series connection is a "cascade" of two or more filter blocks as shown (Fig i ). It's easy to show that the overall filter

impulse response is the convolution of the individual impulse responses. We also noted that convolution was commutative,
X[”] y[?ﬁ] and that means that we can interchange the order of the blocks without altering the result. We used this property when we
— h] [}3] » hg [93] [ replaced a Form 1 structure with a Form 2 structure.

Rln] = Iy [n] *hy[ 7]
In the next chapter, we will see how convolution in one domain is equivalent to multiplication in the other domain. For filters
in series cascade, it means that we can multiply their spectral functions to get the overall filter spectrum.
H(f)=H\(f) 5 (])

y[z] = i [#]+ yy[#]
hln] = B[] + k[ 7]
H(f) = H1(ﬁ'*‘ Hz(f)
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Later on, we will learn how to design bi—quads for series or parallel connection, so as to implement filters that can meet some
specified H(f) description.

4 A >
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7.6 CORRELATION METHODS

Some filters have a purpose somewhat different from the norm. Their job is to recognise a certain known pattern of input
samples x[n]. Recognition would be easy except that the known pattern x[n] may be heavily corrupted by noise (as when we
try to recognise radar pulses after they have been reflected from an aircraft). That calls for a filter which responds more
strongly to the expected x[n] pattern that to any other input sequence. It is known as a matched filter.

7.6.1 The Matched Filter Concept

The output from a filter is a sum of products. The idea of a matched filter is to incorporate the x[n] "signature” in the detection
filter in a way that will maximize the sum of products for the anticipated x[n]. A maximized sum, with x[n] as one of the
sequences, would be the sum of the squared x[n] values (times an arbitrary scale factor). We can get this result from an FIR
filter whose impulse response h[n] is a time-reversed version of the expected input sequence x[n]. This example uses an
arbitrary x[n] of length six (Fig & ). To match this x[n], we need a filter described by$Hf5 -4 3-1 2 1}, a

causal time-reversed copy of x[n]. To perform the convolution, we must flip h[n] as shown, then slide it across the x[n]
sequence:
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Ar-m]l: 1 2 -1 3 -4 5 —* picturedatn=10
x{m] - 1 2 -1 3 4 5 ..
yln]: 5 6 -10 24 -35 56 -35 24 ..

i

The output y[n] will be maximised when n = 5, with a value of:

5
y[S] = ZX[M]Q = Ex = 56  the total energy in x[n]

m=0

The peak output is also the energy of the x[n] sequence. If there is added noise, the noise terms will tend to cancel rather than
to accumulate. Whenever y[n] reaches a peak that exceeds some agreed threshold, we conclude that the expected x[n] has been
detected.

7.6.2 Cross—correlation and Auto—correlation

In the above illustration, we took two identical number sequences and we slided one across the other until we found a match
(at n =5), as indicated by the peaking of the output sequence y[n]. When the sequences are identical, this kind of action is
called auto—correlation. But, in a practical detection filter, the input x[n] will have added noise, and will not be identical to

h[n]. We are then comparing two different sequences, and we are looking for some similarity between them, as indicated by a
peaking of y[n]. This is called cross—correlation, and a matched filter is a cross—correlator that (usually) works in real-time.
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For sequencesipn] and »[n], the cross—correlation sequence is:

nalz]= le[m—n} x4[#]

It looks very like a convolution. The only difference is that we ugfd x n] rather than xi1[n — m]. It means that unlike
convolution, when we do this operation on paper, we do not reverse one of the sequences beforehand.

Here is a simple example of a cross—correlation of two causal sequences of lengths 5 and 6 respectively (Fig & ). We write
both sequences as given, then we slide the upper sequence to the left and to the right, computing sums of products until no
overlap remains. The resultfn] is of length 10, one less than the sum of the sequence lengths, and the result is not causal (it
has non-zero values at negative indexes, and the maximum similarity is found at n = -1). If this were a convolution, the
result y[n] would again have length 10, but it would be a causal sequence.

>
x[m-»] 1 0 3 -5 1
picturedatn=10
xy[m] 1 3 5 1 -1 2 .

no#ls 01 -2 41735 20013 <18 7 -1 2 0 0 ..
'y

Cross—correlation and convolution are similar in that the same numeric algorithm can be used to do both. (The difference is in
whether we reverse one sequence before we enter it). But they are very different in other ways. Convolution is usually a
real-time operation, one that uses new data as it becomes available. With correlation, we would often have all of the data to
hand before doing a comparison. Cross—correlation is the fudamental operation that underlies identification methods as
performed by a computer (as in fingerprint matching, voice recognition, etc).
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7.6.3 Convolution versus Correlation

Unlike convolution, cross—correlation is not commutative. In fact:

i) = Aql-n]

This means that, if we slide[k] instead of x[n], we get the same answer but in time-reversed order. That is very easy to
verify. On a direct comparison of correlation and convolution:

xln]*gln]= > xln-ml xnlml,  fylel= > xlm-n] xlm]

m
we observe that:
naln] = x[—n]*x,[2]

It is the convolution of a time-reversedn{ with x2[n]. In similar manner:
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my )= xy[—r] *x[#7]
Finally, if y[n] = x 4[n] * %,[n], we also find that:
yl-n]=xj[-n]*x[-n]

If we time-reverse both input sequences, we get the normal y[n] obtained under convolution, except that this too will be
reversed in time.

7.6.4 Auto—correlation of Sequences

Auto-correlation is the special case of cross—correlation where the two participating sequences are identical. So, it can hardly
be for the purpose of discovering similarities ! But, the auto—correlation of a signal can tell us a lot about that signal, as we
shall see. A sequenceg[rf] has an auto—correlation sequencgn] obtained as:

Hiln] = le[m —n]-x;[m]

The auto—correlatiomun[n] has its heighest peak at n = 0, with a value of:
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2
.?"11[0] = le[m] = EXl the signal energy

m

This is the "perfect match" position. We can also see very quicklyitfjabf = r 11[n], meaning that it has even symmetry
about n = 0. This is true of auto—correlation sequences in general. (It was true of our matched filter when the input x[n] was
noise free, however, the peak came later at n = 5, because of the causality requirement under real-time working).

We'll use two very different sequences to illustrate some aspects of auto—correlation. This first sequence is a sampled sinusoid
xa[n] (Fig ¢ ), with its auto—correlation function g1[n] shown underneath. The auto—correlation is a cosine, featuring even
symmetry about n = 0 as expected. It also peaks at n = 0 (when the two copies coincide and are "in—phase"), regardless of

the initial phase offn]. We also see that 1[n] is zero when the copies are in quadrature (¥ cycle apart). iifi§ mas a

broad peak region, and it repeats itself periodically.
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The second example is a random noise sequence (Fig i ), with its auto—correlation sequence r[n] shown underneath. We've
not shown the n < 0 part, because the symmetry makes it unnecessary. It has one very large value ( > 60) when n =0, and
quite small values everywhere else. This is easily explained. When n = 0, we are comparing two identical copies, and the
result is the total energy (or sum of squares). But, with random noise, any sample is unrelated to the sample beside it, so that
even for n = 1, we are comparing two entirely different sequences, and the sum of products will tend toward zero as an
average (provided the sequence has no DC component). This r[n] has a very narrow peak region (one sample wide), in fact, it
tends toward KJ[n] in the limit as more and more input samples are included.

Based on these examples, we can appreciate the following. Noise sequences have little predictability from sample to sample,
they have a wide range of frequencies, and they have a narrow auto—correlation peak. If the noise signal is then low-pass
filtered, the higher frequencies are removed, it becomes more slowly varying, there is much greater predictability from sample
to sample, and its auto—correlation peak becomes very much wider.

The auto—correlation r[n] sequence says much about the frequency content of a signal. Later on, we will see how its Fourier
transform is also the signal's power spectrum. As such, it tells us all about signal amplitudes over frequency, but it tells us
nothing about the phase (or the timing information).

To sum up, convolution is about filtering a signal, cross—correlation is about comparing two signals, and auto—correlation is
about the properties of a signal. This has been just a brief introduction, with much more to be said later on.
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8.1 PREAMBLE

One way to design a digital filter is to have it mimic the action of a known analogue filter such that, as the sample interval
T - 0, they become more nearly alike. By letting T — 0 with our digital filter, we will arrive at an analogue filter model, and
at an integral that describes analogue convolution. We will also see the analogue equivalents of cross—correlation and
auto—correlation.

To assist us in this effort, we will also need the spectral view that the Fourier Transform (FT) can provide. Although we've

encountered the FT in several guises, we have yet to document the FT properties and the FT pairs that will be useful to us.

We'll present these initially in terms of the CFT, but we'll extend them where appropriate to cover other useful forms.

4 A >
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8.2 ANALOGUE FILTER DESCRIPTIONS

This section will take us from operations on sequences to the corresponding operations on analogue signals, and will give us
the time—domain models that we use for linear analogue processing of signals.

8.2.1 From Digital to Analogue

This diagram (Fig &€ ) shows the digital filter as approximating the action of an analogue filter.

T h(xT)

Wn)=T - h(nT) Anl=T- y(nT)
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The filter generates the output sequence as y[n] = Xrj[n]. In order that the time scale is included, we treat these numbers

as area—samples (rather than value—samples) of corresponding analogue signals, namely, y(t), x(t) and h(t). We can therefore
write the convolution as:

ynl=3 " Hin-m)- x{m)

or as:

T y(nT)= ZT-h(nT—mT)-T- x(mT)

We're free to divide across by T. That gives us the option to think of x[n] and y[n] as value—samples, if we prefer, but we
must continue to think of h[n] as area—samples of an analogue impulse response h(t). We will go with this option, because
value-samples are the norm for practical purposes, so we now have:

xn]=x(nT), y[r]=yrT), krl=7T hrl)

and
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ynT) = ZT- hnT —-mT) x(mT)

If we now let T - 0, the summation becomes an integral with continuous time variables replacing the discrete time steps:
i >t m7T = 1, T — dt

and resulting in:

}f’(t) = J.j:oh(t— T,) - X('E).Cft the convolution integral

We've seen how, with digital convolution, we could interchange the roles of x[n] and h[n]. The same is true here:

y(t) = " }C(t— 'E) . h('ﬁ)d’t the convolution integral

—-CD

In both these forms, t is the real-time variable, and 1 is a dummy time variable for the integration. For an integration in
progress, tis just a constant that sets the position of h(-1), or of x(-1), these being the time-reversed versions of h or
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X respectively.

8.2.2 Analogue Convolution and Correlation

As an illustration of analogue convolution by the graphical method, we will convolve the x(t) of plot (a) with the h(t) of plot
(b) as shown here (Fig é).

H(y)
@ | ® | © | 5 ey

-2 0 2 4 6 8 1012

-2 0 2 46 -2 0 2 4 6 -2 0 2 4 6 8

These regular shapes make it easy to do. In plot (c), we time-reverse x(1) and we slide it past h(t), computing the the area
under the product as we go. This area will be the convolution result, y(t) = #(th(t). We've shown it at t = 6, where the
area under the product is made up of three parts, namgBx23 =12, plus (2x2x2) =8, plus (1x3x2) =6, for a total area

of 26. This is the value of y(6). After several other similar calculations, we get the result shown here (Fig ¢ ). Careful
checking of this example should result in a good understanding of analogue convolution.
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Analogue correlation is like analogue convolution except that we do not reverse one of the signals before we integrate. Using
Rxy(T) to mean the cross—correlation of x(t) with y(t), the correlation integral is:

R,y (V) = f;x(t— D) p(6).dt

As usual, t is the real-time variable. The time variable T represents the relative displacement of x(t) from y(t) at which we are
testing for similarity. For an integration in progress, T is a constant, and is the lateral shift of x(t) for this comparison. But x(t)
is not reversed in time. To illustrate, we will use the same two signals as we did for the convolution example, but we will

re—name h(t) as y(t) to avoid any impression of filter action. These are just two arbitrary signals x and y that we wish to
compare (Fig & ).

y(t)
(a) 3 x(t) (b) 3 y(t) (c) . x(t—4)
2 2 /

1 -
t t ! t
-2 0 2 4 6 -2 0 2 4686 20 2 4 6 810

In plot (c), x(t) has been moved to the right by 4, but not reversed. The sum of areas berdx&s+2, plus (1x3x2) =6,

a total of 10, which is &(4). After several other similar calculations, we get the result shown here (Fig ¢ ). Careful checking
of this example should result in a good understanding of analogue cross—correlation.
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Analogue auto—correlation is no different, except that we use the same signal twice over. This (Fig ¢ ) is a pitf) paRd
it has the expected peak at T = 0, and the expected even symmetry as well. Also, the informatiog(thatives us about
X(t) is the same as in the digital case.

8.2.3 Convolution with Impulses

5 -6 -4-20 2 4 6 8

The impulse response of a digital filter is a complete filter description. We can expect a similar result for analogue filters,
which means that, when the input to the filter is the analogue impulse function 3(t), the filter output will be its analogue
impulse response h(t), and this too is a complete filter description.

The analogue impulse 4(t) is infinitely tall and infinitely narrow, and has unit area. The nearest approximation, for digital
working, would be a pulse of width T and height 1/T, where T is the sampling interval. The value—samples from this pulse
would be 3T[n], with a sample of value 1/T at n = 0, and all zeros elsewhere.

B FILTER R(O)
T-h(nT) - BT

An]=06y[x]

unit-aresa
impulse

An)= 2(uT) ™  Mn]=T k(xT) " )inl= yaT)
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That is the situation shown here (Fig € ). The response is:

y(nT)= ZT (T -mT) - x(mT) = z T-h(nT-mT)- 5p(mT)

The summation over m is a trivial one, because only when m = 0 do we get a non-zero value, this value being 1/T. The result
is:

YT = T-h(n:f*)%:h(nm

The output samples are value—samples of h(t), the analogue filter's impulse response. In the limit, as T — 0, our digital filter
becomes and analogue filter which, when driven by (t), delivers y(t) = h(t) to the output. There are two ways to visualise
this:

P(t) = J’i B(t—1).8(0).dT= h(t) by slding hit) over 50
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P(t) = J’i S(t—T)ACT).AT= () by siting 5o over g

We can time-reverse h(t) and slide it past d(t) as shown (Fig &€ ), or we can time-reverse §(t) and slide it past h(1), like this
(Fig ¢ ). Notice, reversal of 8(t) has no effect. In both cases however, the product of h and & yields an impulse of area h(t)
which, on integration, becomes the filter output, y(t) = h(t). Thus:

y(t)=a(t)*5(t) = 2(t)

The sliding action is a scanning of h(t) by the impulse &(t) which, under convolution, yields an exact copy of h(t). Because
o(t) is the "perfect” impulse, the result of the scan is a "perfect" copy of h(t).

We'll meet other situations where a signal is scanned by an approximate impulse shape, resulting in a less—than—perfect copy
of the signal. This is illustated here (Fig 7).

xt) * [t = y(t)
r T t, =
—1 1
1 a T x
t 7t t
0 0t 0
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The signal is a triangle, and is convolved with (or scanned by) a tall narrow rectangular pulse of unit area, located at time
t=t 1. The resultis a rather "blurred" triangle, right—shifted bgeconds. Sharp corners have been smoothed, because of
the finite resolving power of the approximate impulse. If we could let D, the impulse would become a perfect one, and

the blurring would disappear. We can see all this intuitively from our understanding of analogue convolution. The concept is
an important one, because it models many real-world measurement situations, where the result of the measurement is
frequency-limited by the finite resolving power of the measuring device, which in turn is modelled by a less-than—perfect
impulse shape. Indeed, a filter described as h(t) could be the model for our measuring instrument, and the measure of its
performance is the closeness of h(t) to the ideal impulse shape. Ideally, we would have h(t) = (t), so that the measured
response to an impulse at the input becomes y(t) = 8(t), a perfect reproduction of that impulse.

4 A >
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8.3 CFT PROPERTIES

To further our work with filters, and in other areas too, we will revisit the CFT and its properties, and we will tabulate some
CFT pairs. We will later extend our findings to the DtFT, which we use to obtain the spectra of digital filters.

8.3.1 CFT Properties

We will list several properties (Fig & ) of the CFT. They are easily proved, and many of them simply mirror observations that
we made earlier about sine waves and Fourier Series, so they should come as no surprise.
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BASIC PROPERTIES OF THE CFT

# | Property Time Domain Frequency Domain
1 | Linearity & X () + x4 (L) X ) +a, X, (1)
2 | Time Reversal x(—t) X (1)
3 | Scaling % real and positive x(t /W) WX ()
4 | Duality A (t) x(—f)

Xt x(f)
5 | Time Shift x(t—1) X(f).e-ﬂﬂft

& | Frequency Shift

x(t) ) 832 ﬂfot

X -1y

7 | Convolution in Time

xp (), (L)

X)X, ()

8 | Convolution in Frequency

X (1) xy (L)

X @)X, ()

8 | Correlation
(Parseval's Theorem)

I:xl ()3, (t).dt = f:oXl(f)- X, €).df
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We will comment briefly on each. Property 1, linearity, is vital. It says that the response is directly proportional to the
stimulus, and it allows us to superimpose the results from two or more stimuli. Without linearity, attempts at analysis are
greatly complicated. Linearity is a basic premise in nearly all that we do.

Property 2, time reversal, mirrors our earlier experiences with isolated sine waves, and with Fourier Series waveforms. It we
"flip" the time pulse, then we "flip" the spectral description as well. For real-valued time signals, the flipped spectrum X(-f)
is the same as X*(f), because of the even—-magnitude, odd—phase spectral symmetry.

Property 3, scaling, is one that we use a lot, and should be clearly understood. The scaling parameter W is assumed to be a
positive real number. Let us suppose that W is greater than 1. Then x(t/W) is a version of x(t) that has been

stretched horizontally by a factor W. Its spectrum, W - X(W f), is a version of X(f) that has been compressed horizontally, with
scale factor (1/W), but it has also been stretched vertically by a factor W. Overall, the ap¢@Nf) Vémains unchanged by

the scaling. We can summarise the scaling action as follows:

« When a pulse waveform undergoes horizontal expansion (or compression) in one domain, its counterpart in the other
domain undergoes compression (or expansion), and also a height adjustment, such that its area does not change.

This is most important, because it allows us to define transform pairs from basic pulse shapes, and to adjust their dimensions
later using the scaling rule. We will use this rule extensively. But property 1 (linearity) also has a role in re-shaping a pulse: if
we change the pulse height in one domain, then from linearity, the height in the other domain follows suit.

Property 4, duality, exploits the symmetry that we have already noted. It uses the fact that the forward CFT and the inverse
CFT are identical, except for the sign in the exponent. They differ only in the direction of rotation of the phasor term. Property
4 is the general result , which we have written in two alternative forms. But note also that, if a function x( - ) has even
symmetry, then x(-f) = x(f) and we can directly swap x(t) with X(f) to get a new transform pair. We will see examples of this
shortly.
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Property 5, time shift, should come as no surprise. It just says that, if we delay a signal x(t) by t seconds, then its spectrum
acquires a corresponding linear phase lag, amounting to —21t radians. We made similar observations about Fourier Series.

Property 6, frequency shift, says that if we modulate (multiply) a signal x(t) using a phasor of frequtteywe shift

(translate) the signal spectrum horizontally by amogirittis property will be important when we discuss band-pass signals

for data communication. Properties 5 and 6, time shift and frequency shift, are closely similar in form. That is a consequence
of duality, which was property 4.

Property 7, convolution in time, has great importance. The proof is not difficult, but the impact is large. We've seen how an
analogue filter h(t), shown here (Fig ¢ ), delivers an output y(t) which is the convolution of x(t) with h(t). This property tells

us that we get an equivalent effect by multiplying the spectra of x(t) and h(t), that is, Y(f) EH¥K]f)This result is important

for a few reasons. First, multiplication is a far simpler (and faster) operation than convolution. Second, the spectral view is
very useful in engineering. And in addition, a similar convolution property applies to digital signal processing, and we will use
it extensively.

Property 8, convolution in frequency, is linked to property 7 by duality. It is useful in band—-pass communication theory, for
interpreting the spectra of time signals that have been modulated (meaning multiplied).

Property 9 differs from all the rest in that no transform pair is involved. The time—-integral is a correlation test (or a similarity
test) involving the time-signalg ) and »(t). The frequency—-integral is a correlation test (or a similarity test) involving the
signal spectra Xf) and »(f). This property establishes that both tests give the same result. It means that similarity testing can
be conducted in either domain. If() and >(t) show strong similarity, then so also wili(f) and X%(f). Seems very

reasonable !

In the case wheretft) = x2(t) = x(t), the same property becomes a comment on the energy of x(t), as we now demonstrate.
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The integrals become:

J‘w (0 x* ().t = J'°° X X df

For any vector v, the product v-v* equals the squared magnitdd@é/gvhave two instances of this here, so that the integrals
reduce to:

jj:o |3C(t)|2 dt = -[—0000 |X(f)|2 f = total signal energy

The left side is what we defined as the total energy of x(t), and the right side now emerges as an alternative energy measure,
expressed in terms of X( f). Both these measures are of the same forhis gy per unit time, better known as power.
|X(f)R is energy per unit bandwidth, in Hertz, better known as energy spectral density.

8.3.2 Basic CFT Pairs

We will now assemble a small collection of "fundamental” CFT pairs. We will meet other pairs too, but those pairs are easily
derived from the pairs shown here, with the help of the CFT properties which we listed.
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The CFT pairs are tabulated below (Fig & ). Pair 1 connects an impulse in time to a phasor in frequency. We can prove this in
one line, as follows:

X({)= j_w ot—1T)- g ienft g _ o-jinfr fo S(t— ).t = o—i2nft

To explain this, if we take any continuous x(t), in this case a phasor, and multiply it by the unit-impulse o6(t — 1), the product
is an impulse at time t = 1, with a strength equal to x(1). When we then integrate over the impulse, the answer is the impulse
strength, x(1).
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BASIC CFT PAIRS

{x(t), X€)} pair x(t) graph X)) graph
1 | Impulse to Phasor S(t—1)
CFT . l
St-1) < ¢t
0 T t
2 | Rectangle to Sinc TI(t) sinc()
1 1

T <> sinc(f)

f
% U % ¢ -3'/-.-\'2\/l i 1\/\3‘
3 | Triangle to sinc? A(D sinc? (f)
1 1
A(t) & sinc’ () -
. f
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Though the proof is easy, the interpretation may seem otherwise. But consider the special case which occurs if there is no
delay. By setting T = 0 we get:

CFT

ot) < 1.0

It says that an impulse has a flat frequency spectrum; it contains all frequencies in equal measure. For the more general case,
we can read:

CFT
6(t _ T) PAEN 10 x (linear—phase lag of —2mft radians)

Thus the spectral amplitude is 1.0 at all frequencies and the phasor term merely accounts for the t—second delay. We see that a
simple time delay translates into a phasor function of frequency.

We gave a proof of Pair 2 much earlier€h 3.2.2). The "sinc" shape of the spectrum X(f) suggests that a rectangular pulse

has predominantly low frequencies, but it has a noticeable content at much higher frequencies as well. The latter are necessary
for the construction of fast changing edges, which are the step—wise boundaries of the time—pulse

Pair 3 is easily deduced from pair 2 using property 7, convolution in time, and it follows from the fact that A(t) is the
convolution of M(t) with itself, that is:

A(t) = TI(t) *TI(t)
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This convolution is easy to visualise. Then, by property 7, the spectrum of A(t) is sinc(f) - sinc(A(F. Sihés transform
pair will later find use in some practical engineering applications. This pair also accounts for the X( f) that we used earlier to
describe a triangular pulse train, when we spi€l 4.2.3):

C, =& X(ke) with X(f)=1%AW sinc* (S4T)

To arrive at this result, we first take the shape A(t), we multiply it by A for a peak height of A, and then we stretch it by

%W for a pulse width of W. The scaling rule compresses thésgiactrum by %W, and also grows its height by 4W. That
accounts for the X( f) given here. The factor A comes from linearity, because when we scale any x(t) by A , the spectrum X( f)
is also scaled by A .

8.3.3 Derived CFT Pairs

From the Table of Basic CFT Pairs, and using the tabulated CFT properties, several new pairs are easily obtained. As a first
example, we will apply the Duality property X(-t) ~ x(f) to Pair 1 above, while also re-naming the constant Tt as a

frequency constant.f The result is Pair 4 in the Table of Derived CFT pairs below (Fig & ). This describes a familiar

situation. A phasor time-function of frequengyid represented in frequency by a single impulse at frequendyefused this

concept for Fourier Series spectra, except that the impulse was then called a line. Both have the same meaning. The length of
the line is the strength of the impulse, and they are both described in digital terms by a number.

Both of the CFT pairs numbered 2 and 3 use time functions x(t) which have even symmetry. Thus, x(-t) = x(t), and the duality
property then permits us to interchange the roles of x(t) and X(f) directly. The CFT pairs 5 and 6 then follow at once. Pair
number 5 has wide application because the rectangular frequency function can be scaled to describe an ideal low—pass filter.
We will see more of this later.
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DERIVED CFT PAIRS

sinc?(t) & A

{x(t), X ()} pair x(t) graph X(£) graph
4 | Phasor to Impulse 6(f—f1)
. CFT 1
e Mt o (- 1)
fi
5 | Sinc to Rectangle sinc(t) II(E)
1 1
sinc(t) < TI(F)
t
3‘/\2\/1 ; 1\/\3‘ %0 %
6 | sinc” toTriangle sine? (t) A
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Pair 7 is easily derived from pair 4. We take two instances of pair 4. The first is at frequandyid scaled by “20a :

el M 5 el 5 1))

The second is at frequencyi-&nd is scaled by Y2[0-a :

RS LRSS VR uEL T, 8

Now we add these two pairs on both sides. The left side becomes a sinusoid of angle a. The right side becomes a pair of
impulses at 1 with strengths of %2[0(a) and Y200(—a) respectively. It is identical to the line spectrum of a sinusoid, except

that line lengths are replaced by impulse strengths. Notice, the scaling and addition used in this example are both dependent
on the linearity of the CFT.

Pair 8 is a special case of pair 1. We can also arrive at it from a scaled version of pair 2 as follows:

1t ] o sinewn
7o\

The time pulse on the left has width W, height 1/W, and unit area. As we letOj\his pulse approaches impulsive shape,
while the sinc on the right spreads itself horizontally to approach a constant level of 1.0 in the limit. Pair 8 is the result after
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limiting, that is, after W 0.

Pair 9 is a special case of pair 4, but it can also be derived from pair 5 in similar manner to that just described. Pairs that
involve impulses are "transforms in the limit". They exist "just over the horizon" from the true CFT pairs that use only
"regular” functions. But they are important for their ability to link analogue functions to digital sequences.

8.3.4 Special CFT Pairs

The next three pairs, pairs 10, 11 and 12 below (Fig € ), are listed here because they describe spectral functions that have
special importance.

These are different from earlier pairs in that their time functions have odd symmetry. This means, in turn, that their spectral
functions are imaginary and odd. The same is true of any time function that is real and odd, and is not hard to prove. The
underlying reason is that odd time—functions are synthesised from sines, rather than from cosines, and a "—j " term in the
spectrum describes the -1t phase rotation of a sine wave, relative to the zero—angled cosine. Hence the "imaginary" spectral
functions found in the Table.

Pair 10 is important because its spectrum mimics an ideal differentiator. After vertical scaling by 21, it becomes the familiar
j21t = jw, valid up to a limit frequency of %2, but this limit can be adjusted by frequency scaling. Later, this will help us to
build digital differentiators as well. For verification of this pair, we can apply the inverse CFT to the spectral function I'1( f),
and the following indefinite integral (in which a can be complex) will be just what we need to complete the task:

_[f = (of 1) /e
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Pair 11 is important because its spectrum mimics an ideal phase shifter. All frequency components up to a certain limit are
phase-retarded by 12 , but their amplitudes are not altered. Phase shifters are especially useful in band—pass signal
processing, and this result will help us to build digital phase shifters too. For verification of this pair, we can apply the inverse
CFT to the spectral function I'2(f), and the solution soon emerges without difficulty.
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SPECIAL CFT PAIRS
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Pair 12 is the dual of pair 11, and is obtained from pair 11 using CFT property 4. The time pulse, in this case, is in the shape of
the bi-phase pulse that is used by Manchester line code. We'll see later how the square of its spectral pulse, I'3(f), is also the
power spectral density for Manchester—coded data streams.

8.3.5 Railings Transform Pairs

We arrived at the Railings Pairs (Fig & ) before our current work with the QFTh 4.3.1), but we can also regard them as
CFT pairs in the limit.
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They are neatly summarised by the statements:

* an area—sampler transforms to a value sampler
 a value—sampler transforms to an area—sampler

As previously noted, multiplication of a signal x(t) by Railings serves to sample the signal, yielding an impulse sequence with
impulse strengths x(nT) for a value—sampler,[®(AIT) for an area—sampler.
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We also sawi( Ch 8.2.3) how convolution of a signal with an impulse 8(t) amounted to a scanning action which reproduced
the signal exactly. Because Railings are a set of equally—spaced impulses, convolution of a signal with railings serves to
replicate the signal, one replica for each impulse in the train. The replicas have the same spacing as the impulses, and this
spacing becomes the period of the resulting periodic waveform. If we convolve a signal with a value—sampler, that signal is
replicated, but its amplitude is not scaled.

When we use Railings with the Convolution Properties, 7 and 8 as tabulated, they assume added significance. We now see that
multiplication in one domain by an area—sampler is equivalent to convolution in the other domain with a value-sampler. The
result on one side is a set of area—samples. The result on the other side is replication without scaling. The outcome is a result
that we already know, namely, that area—sampling in one domain equates to replication in the other domain. There's nothing
new here, but the idea of Railings may help to re-inforce our pictorial vision of sampling and replication.

4 A >
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4

8.4 THE DtFT AND ITS PROPERTIES

Using Railings and the Convolution property, if the x(t) of a CFT pair {x(t), X(f)} is multiplied by an area—sampler, with
sample interval T, then X(f) is convolved with a value—sampler to form a replicatedoX{f®riod 1/T. The resulting DtFT
pair becomes:

, DIFT N DIFT f
Xty o XM~ or xn] < X, f=r=IT
N

The x[n] are area—samples, FXnT). X(f) and X(H- give identical function values, they just express the frequency

differently. Through this process, all of our CFT pairs generate corresponding DtFT pairs. (We will use this later as a way of
designing FIR digital filters). The DtFT is our transform for data sequences, and we will now look at some of its more
important attributes.

8.4.1 Selected DtFT Properties
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Some of the tabulated CFT propertigsGh 8.3.1) are repeated here in DtFT form, and with corresponding CFT/DtFT

reference numbers #, (Fig & ).

Time reversal, property 2, is as before. Time delay, property 5, is counted in samples (rather than seconds), and gives a linear

phase lag in terms of f, for an m—sample time delay. Frequency shift, property 6, describes a phasor—-modulation of the time

sequence, and it shifts the spectrum by a normalised am@uMg ftan use this to see the effects of sinusoidal modulation

also.

>OME PROPERTIES OF THE DFT

# | FProperiy

Time Domain

Freguency Domain

2 | Time Reversal

x[-n]

A(=1)

5 | Tune Shaft

x[n—m]

X-(f')_e—jQﬂfm

& | Frequency Shift

x[n]-eﬂﬂfan

SAGIENY

7 | Discrete Convolution

X [12] %y 7]

X1(N)-X(f)

The most important is property 7, discrete convolution. When we apply this result to a filter, where the input sequence x[n] is
convolved with the impulse response h[n], it gives us an understanding of the filter (Fig ¢ ) through the spectral relationship:
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Y(f)=X(G)-H()

The output-signal spectrum is the input-signal spectrum times the filter—spectrum. For most purposes, the action of the filter
is best seen from this viewpoint. It is much more informative than the convolution sum. It is also much easier to compute.
That's because we can get N values of X(f) using only N complex multiplications, whereas the convolution that gives us

N values of y[n] requires NL multiplications, where L is the filter length.

Our set of CFT and DtFT properties, and our collection of CFT pairs will prove very useful in the chapters that follow.
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9.1 PREAMBLE

Much of our DSP work is about the processing of analogue signals, with audio and video signals as prime examples. The DSP
work must be preceded by A/D conversion of analogue input signals, and it must be followed by D/A conversion to form the
analogue output signals. We will cover some of the issues raised by these operations, and by the inherent windowing of the
signals that we work with.

4 A >
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9.2 ANALOGUE TO DIGITAL (A/D) CONVERSION

The sections deals with A/D conversion from a signals perspective. We are not concerned with the technology of A/D
conversion, only with the effects on the signal itself, and with particular emphasis on signal integrity.

9.2.1 Sampling Overview

An A/D converter has an analogue signal x(t) as its input, and the output is a succession of sample values x(nT), at regular
sample intervals of T seconds, in the form of binary—coded data words. The arrangement shown here (Fig ¢ ) is fairly
typical. It describesa bi—polar analogue input signal in a Full-Scale (FS) range of 2 volts, with +1 volt maxima. The output
is coded in an offset—binary format, which counts up directly from 000 to 111. We've used a 3-bit word (N = 3) for
illustration, but word—-lengths of 12 to 16 bits are typical. For an N-bit word, wéldev&s, with a quantization step-size

of g = FS/2 N volts between levels. The step-size q is also the weighting associated with the right-most bit of the word,

better known as the LSB, or least-significant bit. The usable range goes from -1V at the bottom to (+1-LSB) volts at the top.

The left-most bit is the MSB, or most-significant bit, with a Weighting('a’r'@@ volts. Notice, the MSB is 0 for negative
values of x(t), and is otherwise equal to 1. To convert this offset—binary scale to a 2s—complement scale, which is popular in
computer arithmetic, we only have to toggle the MSB.
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When x(t) is between levels, there is a quantization error that separates the nearest digital level from the true x(t) value. This
error varies from sample to sample, with error limits of +%2q volts (provided switching thresholds are set to give a
rounding effect). We'll return to quantization a little later.

A practical concern with A/D converters is that the signal value is changing while the conversion is in progress. To get digital
values that accurately represent x(t) at a given instant, we need to sample x(t) at time nT, and then hold the value x(nT) in
analogue form until the conversion is completed. This is accomplished by use of a sample—and-hold (or s/h) amplifier. If the
signal is liable to change by more that %2LSB between samples, then an s/h amplifier may be needed. Most signals change
much more rapidly than this, and so the s/h amplifier would normally be included. It has the important effect that, except for
the quantization error, we can often treat the A/D conversion stage as an ideal one, that is, as an accurate generator of the
desired x(nT) values.

A/D converters differ mainly in their maximum sampling rate, and in their digital data—word length. Longer words mean
smaller LSB values, which calls for higher precision in the analogue circuitry. Speed and precision will usually combine to
decide the cost of the converter.
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9.2.2 Specifying Anti—alias Filters

We're already well aware of the spectral replication that results from sampling a signal, and of the necessity that the signal be
band-limited to &§/2 Hz, where § = 1/T, with sample interval T (Fig & ). This ensures that adjacent spectral replicas do
not overlap, or that spectral aliasing is avoided.

x(t) band-limited X(f)w

/ —sipk—  DFT  f NP T
& AU o
x(nT) t A i\
0 -ur LY 0 UT

A low-pass analogue filter, known as an anti—alias filter, is used to band-limit the analogue signal before A/D conversion. It's
an unwelcome chore, but a necessary one. In practice, the filter must have a finite transition width Af between the pass-band
and the stop—band. This LP filter (Fig ¢ ) has a transition band that is centeredh# figures underneath (not drawn to

scale) are for a digital audio signal which is sampled at 44 kHz. (Compact Disk uses 44.1 kHz sampling). The transition band
is centered on %fwhich is 22 kHz, and has a width Af = 4 kHz. The pass—band extends up to 20 kHz, which is considered
satisfactory for high fidelity. Ideally, there should be nothing above 20kHz. In practice, tones in the transition band are not
sufficiently suppressed. A tone at 23 kHz will have an image at (-23+44) = 21 kHz, but this should be inaudible. A tone

just over 24 kHz will have an image just below 20 kHz, but this tone is in the stop—band of the analogue filter, which makes

it small enough to ignore. By centering the transition band gtwéfve ensured that any tones in the transition band, which

are insufficiently suppressed, will not intrude into the passband.
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Other filter specifications include pass—band ripple and stop—band rejection. Pass—band ripple describes a small gain

variation over frequency around a nominal value of 1.0, which is 0 dB. A ripple of 0.1 dB gives about 1% gain variation,

which may not have a noticeable affect. We can give a figure for stop—band rejection as the dB attenuation needed to suppress
a full-scale signal as far as the LSB level. For an N-bit word—-length, thi@gl%pz"\') in decibels, and for a 16-bit

word-length, it becomes -96 dB, as the diagram suggests (Fig & ). This is a worst—case estimate, and some lesser

attenuation may suffice.

A small transition width Af requires a more elaborate analogue filter, but a wider Af would force a higher sampligg rate f
and thus increase the data storage requirement. The choice of Af = 4 kHz in our example, combined with over 90 dB of
stop—band rejection, demands a fairly complex anti—alias filter. As part of a general trend toward digital circuitry, and away
from analogue circuitry, we have a strong motivation to simplify (or even eliminate) this anti—alias filtering requirement. We
will now see how this might be accomplished.

9.2.3 The Over-sampling Option
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Over-sampling means sampling faster than is necessary. If we double the sampling rate for our audio signal, up from 44 kHz
to 88 kHz, we will have an OSR (an Over—-Sampling Ratio) of 2. Using the same method as before, the new specification for
the anti—alias filter is as shown (Fig & ).

dB

Eanalo‘gue
0 7z T
| L | | kHz |

0 20 24 44 68 g8

We now have a transition band Af = 48 kHz in width, up from 4 kHz originally. This will vastly simplify the analogue

anti—alias filter, but it also means processing the digital data at twice the rate that is needed. We don’t have to do that. We can
actually halve the data rate again by discarding every second sample of our digital data stream, but there is a condition. Before
we discard any samples, we must digitally filter this data to the original specification, for a stop—band that commences at

24 kHz as shown on the diagram. The overall result is that a difficult analogue filtering job has become mostly a

digital filtering job. But, this is generally quite acceptable, because the digital filtering can usually be done at little additional
cost.

This OSR of 2.0 is only the beginning. Since the digital circuitry of today runs at speeds that are vastly higher than audio
sampling rates, oversampling ratios of several hundred are realizable. These high ratios have become commonplace in
"Delta—Sigma"-type A/D converters, and with them the analogue anti—alias filter problem is all but eliminated.
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9.2.4 Quantization Issues

This diagram shows signal quantization (Fig ¢ ) as a plot of binary codes versus analogue input voltage, in a range from -1V
to +1V. We've shown a twos complement code with a 3—bit word-length (N = 3). The 45° line shows true analogue levels,
for comparison with the stepped code levels, such that the difference between them is the quantization error. This is an
illustration of quantization by rounding, which always seeks to minimize the error magnitude. For a step-size q, it gives a
guantization error range of +%2q. This error range is also indicated by the small black rectangle symbol on the diagram.

Another option is to quantize by truncation. That means always using the nearest code level that is smaller than the signal
level, as this diagram illustrates (Fig ¢ ). In this case, the quantization error is in a range from 0 to g, and this range is
indicated by the small black rectangle symbol. We could have used a twos complement code here too, but we've shown an
offset binary code instead. The only difference is in the toggling of the MSB.

In some instrument applications, we could find sign—magnitude coding, where the MSB is a sign bit (O for plus and 1 for
minus), and the remaining bits count up the magnitude from zero. That would alter the meaning of truncation, as this diagram
illustrates (Fig i ). Here, the truncation is in the direction of the horizontal 000 line. The error now ranges from —q to +q, as
the small black symbol indicates.

Quantization errors are constrained to the ranges that we indicated and, within those ranges, their sample-to—sample
variations are mostly random. Later on, we'll use this information to characterize the noise in terms of its mean noise power.
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_______________________ _ One thing we can say right away : if the word length is reduced by one bit, then the step—size q is doubled, the quantization
: noise level is doubled, and the mean noise power is quadrupled. In decibels, that's a 6 dB increase in noise—power for a 1-bit
11 — X reduction in word length.
g S 7
maghitude
01 — N=3
0o - L
01 -1 +1Y
10 — / -D.-
11 :
; truncation

We can use simulation methods and a random number generator to investigate quantization effects in a system. For that

purpose, we also need functions that can quantize a signal in the ways that we have illustrated. Such functions are easily
defined in Mathcad and in MATLAB.

4 A >
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9.3 DIGITAL TO ANALOGUE (D/A) CONVERSION

The sections deals with D/A conversion from a signals perspective. We are not concerned with the technology of D/A
conversion, only with the effects on the signal itself, with emphasis on the faithful re—construction of a band-limited signal
X(t) from its samples x(nT).

9.3.1 A Re—construction Model

We will now describe the conversion of a signal from a number—sequence in a computer (or DSP chip) into a continuous
analogue output signal, with the help of a D/A converter. Part (a) below (Fig € ) depicts the signal as x(nT), the sampled
numeric form, as it exists before D/A conversion. The numbers are represented as impulses, and the impulse strengths are the
numeric data values. On the right, we see the band-limited periodic spectrum of this data sequence. Because we consider the

numbers to be value-samples of x(t), the correct spectral description is the scatét, Xdfher than just X@&.

A D/A converter will convert samples sequentially, and will hold the current sample value until the next sample comes along.
Stated otherwise, it interpolates between samples using a zero—order hold (or ZOH) operation, and the result is the stepped
waveform R(t) in part (c) of the diagram. This falls far short of the ideal sinc interpolation that would restore the true x(t). It's
not practical to attempt a sinc interpolation, but we can bA¢ymuch closer to x(t) by doing a little analogue filtering of the

D/A converter output. Before that, it will help if we understand in spectral terms what the zero—-order hold does to the signal.
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That is the purpose of part (b) in the diagram. It shows a pulse M(t/T) of width T and height 1.0. If we convolve this pulse with
an impulse of strength x(nT), we get a copy of the pulse adjusted to a new height of x(nT). This action converts an impulse to a
zero—order hold value, and holds it for T seconds. Consequently, convolution of the impulses x(nT) in part (a) with (t/T) in
part (b) will generate the DAC output signé(tx of part (c). This will now enable us to see how the spectrum is altered by

D/A conversion.
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Using the scaling property of the CFT, the spectrum of M(t/T) becof@ege{fT). The right side of (b) shows this as a

spectral magnitude plot, aggihc(fT)|. We know that convolution in time equates to spectral multiplication, and therefore the
spectrum of &(t) must be :

X' =|XE/T|T sineT))= X&)~ singf T)

This ignores a small T/2 time delay which causality implies, but which has little effect. Because theP(t)iipLarx
analogue signal, it spectrun?() is not periodic. Multiplication by the sinc has accomplished this. The "id€dl)'Would be

X(f), the CFT of x(t), which is also an exact copy of the base—band period 6f ¥ffh all of its images reduced to zero.

(That is what we would get from a true sinc—t interpolation). The reality isAfieoX part (c), with significant shortcomings,
as follows.

The shaded region here (Fig ¢ ) is the sinc— baseband area, and it shows clearly how the higher baseband frequencies are
attenuated by the ZOH action. At the top of the signal band, the reduction is by sinc(%2) = 0.637, that's a 36 % reduction at
the high end. In practice, this is easily remedied before D/A conversion, by use of a digital filter that amplifies the higher
frequencies, in anticipation of this effect. The filter spectrum would look something like this (Fig ¢ ). Analogue output
devices, including audio—CD players, use this kind of compensation.

0

—1.0
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The other problem with ) is the inadequate suppression of image frequencies, as shown in the encircled area here (Fig i ).
This can be remedied by analogue post-filtering, after D/A conversion. We've also shown the outline of an analogue
anti-image filter that would suppress the image but leave the base—band undisturbed. It requires a narrow transition band,
which could result in a moderately complex analogue filtering task that we would very much like to avoid. If fact, we can
again turn to over—-sampling methods to turn this analogue task into a digital one.

9.3.2 The Over—sampling Option

Quite often, the digital information is available at the normal rate, it is not oversampled. As an example, the audio data on a
CD is at 44.1 kHz (because higher rates would take up too much space). So how can we over-sample ?

The answer is to interpolate the available data, and we've already seen how to do this using thEDEB ), but we can

also do it by other methods. To increase the sample-rate by U = 4, we would first insert 3 zeros between adjacent sample
pairs, and then send this 4-times expanded sequence through a low—pass digital filter. The filter output is the 4-times
oversampled signal that we require. We'll describe this technique in much greater detail later. For now, it's sufficient to know
that we can easily increase the sample rate by an integer ratio of our choosing, and then send the up—sampled data to the D/A
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converter. We'll pick up the story at that point, and we'll see how the higher rate has a beneficial effect on the output.

Our illustration is for oversampling by a modest U = 2, but even here the benefits of oversampling are quickly apparent
(Fig &).
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We've used spectral symmetry to save space by showing only a little of the negative—frequency part. The new sample interval
is T/2, but the base—band width is unchanged at a (double-sided) value of B =1/T, as shown on the diagram. The images are
moved out to 2/T and beyond, and this simplifies the post—filtering requirement in two ways. First, the anti-image analogue
filter can have a very wide transition band. Second, the imag&finaX2/T is already smaller than before, and this too

relaxes the filter specification. We can see the improvement more intuitively in the time—domain plot (c), where the stepped
output signal is already closer than before to the x(t) that we want as our end—product.

Higher values of U will give further improvement, with less need for analogue anti-image filtering, as for example in a CD
player labelled "8 x oversampling”. Nowadays, far higher values of U, coupled with Delta—Sigma noise shaping, give us a
solution that is almost totally digital. Delta—Sigma methods are another topic that we will take up in a later chapter.

4 A >
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9.4 WINDOWING AND ITS EFFECTS

If we multiply a signal x(t) by M(t/W), a unit—height rectangular pulse of width W seconds, we retain that part of x(t) in the

range (-¥2W <t < ¥%:W), and we set the rest to zero (Fig i ). It's equivalent to using a copy of x(t) that ignores everything
outside the "window" formed by M(t/W). In DSP we call it "windowing", it is something that we do frequently, and for various
reasons. It may be because the available x(t) data is less than complete, or because we can speed the work by neglecting the
far—out parts that tail off gradually to zero. In some cases, the x(t) is a theoretical shape that goes on forever (such as the sinc),
but when we use it in computations we must limit the work-load by ignoring its outer regions. Whatever the reason for
windowing, it amounts to an obvious distortion of a signal in time domain, whereas it is less obvious but may still be quite
serious in the spectral domain. We need to understand the implications of windowing, and we must often take corrective

action as well.
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9.4.1 Rectangular Windowing

Windowing with M(t/W) ( pronounced "rect of t/W ") is called Rectangular windowing. In practice, we would use
Mt -t o)/W) for a window that is centered ) $o that we can place it where we please. But, to understand windowing,
we'll find it easier to avoid the linear phase terms caused by time-shifting, so we'll continue to use M(t/W) for its real and even

spectrum, which is Winc(Wf). There is no phase term to worry about, and it looks like this (Fig & ).

W sinc (W) W

total sinc area= 1.0 lobe width = 1/ ¥
tnain-lobe area = 1.18 I
w

«slc)&\/L ¢ _‘\/\Lclaf‘

Because the "window" is a lN(t) that's been stretched by W, then, by the CFT scaling property, this spectrum is a sinc(f) that

has been compressed, and made taller, by the same factor W. The shaded part known as the "main-lobe" is of height W, and of
width 2/W, that is two lobes wide. The main—lobe area is slightly over 1.0 and, if we let W — oo, it approaches true impulsive
shape. To the left and right of the main—lobe we have "side—lobes" that oscillate and decay, inside a 1/f envelope extending all
the way to infinity.

We'll use a windowed cosine to see what windowing does to a spectrum. A cosine goes on forever, and the spectrum of the
cosine signal cos(21tf) is a pair of impulses of strength ¥ located at 46 seen below (Fig € ). The windowed cosine is

X(t) = cos(2rt 4t) [M(/W), and is shown here (Fig ¢ ) forf= 2 and W = 3, that is, for a 2 Hz cosine in a 3-second

window. The effect of windowing on the cosine spectrum is to convolve it with the window spectrum, yielding:

257



0 sec

R}

W = 3sec f1=2Hz

=ctangularly-windowed cosine

New Page 1

X(0)= [18 +1,)+ %5 — )] [ sinc(@w)]

This generates two copies of the sinc, one atatfother at 4f and both scaled by the impulse strength of .. The spectrum
becomes:

X (@) =20 sinc(W (§ +1f )+2%0 - sinc(W (- 1,))

This is the X(f) in the diagram (Fig & ), and it replaces the impulsive spectrum of an un-windowed cosine. It shows tall
narrow pulses at the +2 Hz phasor frequencies, and a lot of smaller oscillations elsewhere.
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The new X(f) tries to approximate the pair of impulses, and it does a better job as the window is made wider. fs e

two main-lobes approach impulse shape, each with a strength close to %2, and the oscillations decay more rapidly as we move
away from the main-lobe frequencies.

The shortcomings of X(f) are two—fold. The finite main—lobe width limits the spectral resolution to around Af = 2/W Hz.
It means that on a spectrum of two cosines that are closer in frequency than this Af, we will find it difficult to tell them apart.
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Spectral resolution is inversely proportional to window width W, and we can always make it better by using a wider window,
that means using more data, provided the data is available.

The second problem is the side-lobes. They suggest that we have signal content at frequencies where none exists, even at
frequencies far removed from. in a signal that has two cosine frequencies, a strong tone and a weak tone, the side-lobes

from the strong tone could swamp the weak tone altogether, such that we fail to recognise it. The side—lobe content is called
spectral leakage. It is important that we minimise leakage, but reducing leakage is less easy than improving the spectral
resolution. Intuitively, leakage describes all the frequencies that are needed to build the sudden steps that occur at the window
edges (Fig ¢ ). This in turn gives us a clue as to how the leakage can be reduced.

x(t)

9.4.2 The Hanning Tapered Window

H(t ,-’ W) The basic approach to reducing leakage is to use a tapered window, such as this one (Fig i ), in place of the (broken-line)
rectangular window. The taper eliminates the sharp edges that make leakage so severe, and we can expect a greatly-reduced
1.0
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leakage effect in return. The price paid is that a tapered window distorts a signal, even inside the window region, but this
distortion is often less serious in the spectral view than the distortion by rectangular windowing. We will use the same cosine
signal, for a comparison of the spectral effects.

The tapered window in the diagram (Fig ¢ ) is called a Hanning window, or a raised-cosine window, and it follows this
description:

hann (7, €) = |4 + V2 cos(2714, £) | TT(¢/ )

It's just one period of a cosine, of peak value %, and also raised by %. When we window our cosine signal in this way, the
result is as shown (Fig ¢ ), and the spectrum of this tapered cosine looks like this (Fig & ).
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For ease of comparison, we've retained the scaling of the rectangular-windowed spectrum. Here, the main lobes are half as
tall and twice as wide, with a main—lobe area that is again close to ¥2. The greater main—lobe width halves the spectral
resolution, but we can usually compensate for this unwelcome effect by using a wider time window. More importantly, the
side lobes have been greatly reduced (in confirmation of our intuitive reasoning). The major benefit of a tapered window is

this reduced spectral leakage.
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9.4.3 Hanning versus Hamming

The Hanning window is just one of many tapered windows that we can choose from. Although the windowed cosine was a
useful example, we can evaluate a window in isolation, with no particular signal in mind. A window w(t) has a spectrum W(f),
and we can evaluate the window by inspection of its W(f).

When w(t) = hann(W,t) as given above, we can use the CFT pairs numbered 7 #nd9§.3.3) to see that it's spectrum is:
i i 1 1 l .
Hann (7, ) = { 14 8(F) +14 f+E IRVA f—w I sinc@ )]

This is a convolution of a sinc with three impulses, and the result is a sum of three scaled and shifted copies of the sinc. It
becomes:

: : 1 : 1
Hann(W ,f) = %W sinc (W) + Y W - sinc W f+ﬁ + YW stncq W f_ﬁ

Using a nominal width of W = 1, this spectral diagram shows the three sincs individually (Fig &€ ). The next diagram shows
the sum of these sincs, which is the Hanning window spectrum (Fig ¢ ). The Hanning has low leakage because the sincs add
destructively in side—lobe regions. We've also shown the rectangular window spectrum for comparison. The Hanning
main—lobe is twice as wide, but its side-lobes are very much smaller.
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The Hamming window is just a small variation on the Hanning:
hamm (W, t) = [0.54 +0 46 cos( 27 L, ) | TI(t /17)

and

. . 1 . 1
Hamm (W £)= 054 W  sinc(W )+ 0.23W -stncs f+§ +0.23W - sinca W f_ﬁ

e

&=

oo |2

It makes small adjustments in DC level, and in the cosine amplitude, to obtain better suppression of the nearest side—lobes, but
the side—lobes are hard to see on a linear scale. We will use a log scale to make the side lobes more visible, but we don't need
to show the negative frequencies.

These (Fig ¢ ) are dB spectral plots for all three windows. Each plot is adjusted for 0 dB at f = 0. To illustrate this for the
Hanning window, the function that we have plotted is:

20 log 1 [Hann (W ,£)|— 20 - log 15 [Hann (7,0}

The side-lobes can now be compared. The rectangular window has large side—lobes, the largest being —13.5 dB for the
nearest lobe. This compares with —32 dB for the Hanning window and —42 dB for the Hamming window. By this
comparison, the Hamming window wins, but the Hanning side—lobes are better in the sense that they fall away rapidly with

264



-20

-40

-60

-80

-20

-40

-60

dB Hamming
1
a2
f
4 8
W W
dB Blackman

Lan

&+

| co

New Page 1

frequency. In practice, the choice of a suitable window will depend on the context in which it is used.

9.4.4 The Blackman Window

The Blackman window achieves even greater side—lobe suppression, using broadly similar methods. It is defined by:

ble (W, t) = {0.42 +0.50 - cos(27 5 £)+ 0.08- cos(2m & t ). TI(t /)

and by
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Bk (W ) = 0420 . sincQ¥f)

| ‘1Y | (1Y

+ 0250 sincs W\ f+— |;+0.250 sines W | f—— |
N W W

. 7 2\\ . 7 2\\

+0.04W sincs W f+ — |+ 004 . sitne< W f— — |;
N W W/

Its spectrum is a sum of 5 sincs, rather than 3 sincs, giving even greater opportunity for side—lobe suppression by careful
choice of weight factors. We can judge the result from its dB spectral plot (Fig € ). Side-lobes are the lowest we've seen, no
more than —57 dB (that's only 0.14% of peak-value), and falling. This is a popular window, but it extends the main—lobe
half-width to 3/W, compared with 2/W for the Hanning and the Hamming, and just 1/W for the Rectangular window. The
relative main—lobe widths are tabulated here (Fig ¢ ) in terms of a width—factor that we've called K

We'll use these windows in the next chapter to design better filters, and also in our subsequent work on the spectral evaluation
of signals.
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10.1 PREAMBLE

This chapter shows how we can build an FIR filter that approximates any specified spectral shape. Some important properties
of FIR filters are identified and discussed. We also commence a gradual move toward a hew "z-notation" which will later
acquire more formal status as the z—transform. We show how advanced computer—based algorithms can give better
performance than our (theoretically simpler) approach, and are also easy to use.

4 A >
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10.2 FIR FILTERS FROM FT PAIRS

An LTI filter is specified by its impulse response, h[n], a discrete data sequence. This is a signal description as well as a filter
description, and no distinction is necessary. The signal spectrum is H(f), and this is also the filter spectrum. Fourier Transform
(FT) theory provides the link between signals and their spectra, and forms the basis for the design method that we will present.

10.2.1 Filters based on CFT Pairs

A majority of filters are based on (idealised) brick—wall descriptions, and these are easily derived from CFT pairs. For
example, a low—pass ((LP) filter with a passband extending from DC to a cut—off frequéincyf) can be based on the
CFT pair shown here (Fig é).
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This {(h(t), H(f)} pair is a scaled version of CFT pair 5 in our Table Ch 8.3.3). We've stretched I1(f) by 2fcausing
sinc(t) to become narrower and taller by the same factor. The resulting H(f) is the spectrum of an ideal analogue LP filter with
cutoff frequency d§ Hz, and h(t) is the filter's impulse response. To convert the filter to digital form, we must have a sampling

frequencygwhich is suitably higher than C21\Ne then replicate H(f) at intervals %fihto a periodic H(f- which is the

spectrum of a set of area—sampl@}(iiT) from h(t), where T = 1/fs. These area—samples become h[n], the coefficients of
our digital LP filter.

Our filter has a two—sided bandwidth ot 2Mertz. For digital working, we prefer the normalised bandwidth which we'll call
b:

b = 2 {/fs = bandwidth (cycles/sample) [two-sided, normalised]

Remembering that h(t) = 2§[Sinc(2tt), our filter coefficients become:
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2f 2f
An]=T hnT)="T 2f, sinc(2f »nT)= f—° .sine| A f—° = b-sinc(nb)

S S

These (Fig ¢ ) are some of our coefficients when b = ¥4 (when the filter passband fills ¥ of the base—band). The largest
coefficient is h[0] = b = 0.25, and we have 1/b = 4 coefficients per lobe width, with 2/b = 8 coefficients spanning the
main lobe. There's just one problem: the sinc extends to + «, so it takes an infinity of coefficients to build the perfect
brick-wall filter. We must make do with a finite length L, a set of L coefficients. Because each iteration of a filter requires
L multiply operations, filter speed depends on keeping L as low as possible.

For a finite filter length L, the sinc must be windowed, but to get satisfactory results, the window should be several lobes wide.
We will define window width W relative to the main-lobe width of h(t), which isif/econds (or 2/b sample intervals), by
saying that W = m_ [(IL/fy) such that:

_— window width
L™ fnain - lobe width

. fc (m = window width factor)

L

The ideal filter spectrum of M(f/2fis modified by windowing. If we call the window w(t), with spectrum W(f), the
multiplication of h(t) by w(t) causes the filter spectrum M@26 be convolved with W(f). For a simple rectangular window

w(t) = M(YW), the window spectrum is iBinc(Wf), and the convolution then looks like this (Fig ¢ ). We've used a
normalised f scale that shows the ideal filter in a bandwidth b, and the main-lobe of the sinc has a width of 2/W Hz, which,
on the f scale, becomes Af = 2§/(m_fs) = b/m L. Under convolution, this sinc shape scans across the filter outline and
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distorts it. The convolution in the diagram is far m4, indicating a window span that just covers the samples in the h[n]
plot above, and that yields a filter length of L = 33. We can view the resulting spectrum as the DtFT taken over these
samples, that is:

16
H(f)= 3 Hn].e ™

n=-16

Direct evaluation of this H(f) gives the plot that we see here (Fig € ). We've shown a range of f that is twice the baseband
width, just to emphasise the periodicity of H(f), although the range (0 < f < 0.5) would suffice.
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The result of convolution with the window spectrunBivc(Wf) is evident in the oscillations that we see. Passband gain

remains close to 1.0 because the area[@ma(Wf) is 1.0, but the ripple gives considerable variation. Stopband attenuation is
poor, again because of the ripple. A f = b/mtakes on special significance as the width of the transition band, as well as
being the main—lobe width of Minc(Wf). We can see why this is so from the spectral convolution caused by windowing

(Fig ).

We defined the time-window width ag mx (main—lobe width) which, expressed in sample intervals, becomg&rh,
which is 2/A f. This is also the filter length, except that we treat h[0] as one extra coefficient, and therefore:

2

L =1+ — the filter length

Af

In practice, we round up the value of L to the nearest integer (often to the nearest odd-valued integer). The important point is
that a sharp transition requires a long filter. Filter length is the price that we pay for a narrow transition band, A f.

Window T}:pe KW The ripple is an unwelcome aspect that needs attention. It arises from the sharp cutoff of a rectangular window, and can be
greatly reduced by using a tapered window instead. All that we said about tapered windows is applicable here. The spectra of

tapered windows have a main lobe that is wider by a fagjpa&previously defined (Ch 9.4.4), and the Table is shown
Rectangular 1 again here (Fig ¢ ). The Blackman window has the lowest side-lobes, but it also give the greatest transition width for a given

filter length. We must now modify our length estimate to read:
Hanning

Hamming

Q| M| R

Blackman
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L=1+2Kﬁ
A

We'll use the Hamming window to show how coefficient values are altered. The window descripti@hiS.@.3):

hamm(¥,£) = | 0.54+ 0 46¢o 21% I/ W)
and our new set of coefficients becomes:
H[n] = b sincnb)- | 0.54+0.46c0 27% 2 p @ i

The indexing range shown is for our present example. We've also moved from seconds to sample—intervals by replacing
t/W with n/L. The tapered coefficients reduce in value as we move away from centre, like this (Fig ¢ ). The DtFT of the
tapered coefficients gave us this new spectral diagram (Fig & ).
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dB hamming windowed
The ripple is much smaller, as expected, but the transition band is wider. Nominally, it is twice as wide, but this is a rather
L =31 imprecise measure, and we'll introduce a better measure shortly. For a better appreciation of filter performance, a log scale is
] - required, and only the positive baseband need be shown. This is the log plot of H(f) for the same hamming—windowed filter
ig ¢ ), and it shows almost of stopband rejection. For comparison, this is the corresponding result when a Blackman
Fi dit sh I 60 dB of band rejection. F [ his is th di It wh Black
] window is used (Fig i ). The stopband rejection is much better, but the main lobe is wider, although not so wide as our

Kw figures would suggest. Notice how the stopband ripple has a period of 1/W Hz, which is étbilne f scale.

| i kb

0 f=054

The following is a suitable design procedure:

1. Choose bandwidth b (= 2 fo/f
S), and transition width A f.
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» Choose a window to give the desired attenuation
» Choose filter length L close to 1+2 K

w/ A f, even or odd.

» Compute coefficients h[n] and spectrum H(f).

» Examine H(f) and iterate the solution if required.

One can use odd-length filters in general, and even-length filters where there is a specific requirement for same.

10.2.2 FIR Filters by Inverse DtFT

In the example just completed, we started with an analogue LP filter based on a CFT pair, and we moved to digital filter form
by time—-domain sampling. We did this to emphasises the analogue domain connection, but in fact we could have found the
same filter more directly using the DtFT. The key to this approach is the inverse DtFT irjiteQhab(4.1):

2 .
h[ﬂ] = .r H(f)_e-ﬂ ﬂfn df normalised IdtFT integral
15

We just specify the H(f) that we require, and then use this integral to find h[n]. We deal with windowing issues in the same
way as before. To illustrate the method, we will design a brickwall band—pass (BP) filter. The LP filter is a special case of the

276



New Page 1

BP design, and we will show that it gives the same set of coefficients as we have found already.

This is a brickwall bandpass filter (Fig ¢ ), and it gives rise to the following integral for h[n]:

handpass H(f)

A
Hn]= 0.2 gf ¢ 11 peitnfn dar
-[—fg A

N
o
n R —

s % -ho 4

This integrates to:

B[n]= ——

1 [_;Zﬂfnl S 1
J2Tn j2mz

e_;'21tfn}2

and emerges as:

An] ——[sm(Z'n o) —sin(2mf n)]
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The case of n = 0 must be integrated separately to yield h[0] =2 f 1). We can also write this h[n] in terms of the sinc
function:

An]= 215 sinc2fn)— 21 - sinc(2fin)

highpass H( )

We can check the low—pass (LP) case by setting © and f 2 = %2b. It yields h[n] = b.sinc(nb), the same result as

before. For the high—-pass (HP) case, wexset(.5, (Fig ¢ ) and the pass—band, which now extends circularly fromz1fo
—f1, has a width which we can write as b = 1- 2f In this case:

b=1F2f

e - - - - -

-f1 0o A fH=0s

Hin) = ——[0- sin@nfy)] = ——[sin(@—- D] = =2 [singtm)
T T T

and it becomes:

hlr]= (1" b sinc (nd)

Except for the (—1) term, this is the same as the LP case. The only difference is that coefficients at odd values of n change
sign.
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We can now obtain coefficients for a brickwall filter of any specification. There is still the matter of ripple, and of

transition—band width, and those issues are dealt with in the same way as before. But we are not restricted to brickwall filters.

We can specify any H(f) in the IdtFT integral. Quite often, the integral is an easy one, and we get an algebraic expression for
h[n]. In more difficult cases, we can use numeric integration, and still get a result. We can even specify the desired H(f) as a
set of DFT spectral values, and then use the IDFT to get the desired h[n], but we should note the possibility of time—-domain
aliasing if we use this approach.

10.2.3 Differentiators by Inverse DtFT

A filter that differentiates a signal is very different from the brickwall type, and we'll use it as a further illustration of the
IDtFT method. The output from such a filter should approximate the slope of the input signal. We may be familiar with the
analogue case, where an input signal x(t) is differentiated to give an output y(t) = dx(t)/dt, and the filter spectrum is

H(f) = j21d, or simply jw. To build a simple digital differentiator, we can approximate this action as:

«— jZ'ﬂZf differentiation

x{n]-xn-1]
T

Substituting f=f/f s=fT, it becomes (x[n] — x[n-1]) o j2td. The filter that gives y[n] = x[n] — x[n—1] has an
impulse response h[r { 1 =1}, and we will soon show that its spectrum H(f) is a good approximation to j27f at low
frequency (below f = v4).

The more formal way to design a differentiator is to set H(f) = j2rf and insert this in the IdtFT integral. Since all H(f) are
periodic in (-0.5 < f< 0.5), we can use these +0.5 limits, but we may prefer a lower lingtefs suggested here (Fig ¢ ).
Using this in the IdtFT integral, we must find:
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h[ﬂ] _ jZ'JTJ.f; f | e-f'zﬂfn-df
/0

We can apply the known integral:

with a = j2 and, after some algebra, we get the result:

Aln]= m%[anUn- cos@T ) — sin(anUn)]
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The case of n = 0 is integrated separately to yield h[0] = 0. We used this result to generate a h[n] of length L = 11 with

fo = 0.5, and the DtFT of the sequence gave us this spectral shape (Fig ¢ ). The straight line marks the target value of

H(f) = j21d. The oscillation is due to simple rectangular windowing, but can be largely removed by use of a tapered window.
We will then have a differentiator that performs well up to f = 0.4 approx. (The much simpler filtey 1 -1 }

with only L = 2 coefficients has a poorer range, up to f = 0.2 or thereabouts).

If we substituted = 0.5 in our h[n] expression, it simplifies to:

cosGamy  (-1)"
n R

Aln]=

with values of { ... 1/3-1/2 1 0 -1 1/2 -1/3 ... }. Notice that if we window this to a length of L = 3, it becomes

hin] ={1 0 -1}, not unlike our intuitive filter h[n ] = {1 _—1}, except that the low—frequency gain of this 3—point

filter is 4mif rather than 2nf ! That's a large error due to the very narrow window, but it diminshes with greater filter length.
We'll revisit these examples in the next section, as part of our discussion on FIR filter attributes.

4 A >
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10.3 FIR FILTER ATTRIBUTES

FIR filters are different in some fundamental ways from IIR filters. They require more computation than IIR filters of
comparable performance, but this drawback is often compensated by other features which we will now explore.

10.3.1 Causal FIR Filters

Until now, we've used symmetric indexing (centered on n = 0) for our set of filter coefficients h[n]. For example, our LP
filter was windowed to a length of L = 33 coefficients, which we described as:

Aln]=b-sinc(nd) for -16 <n < 16

But filters are generally causal, they operate in real-time. The standard causal FIR filter is redrawn here (Fig ¢ ), and it
follows the difference equation:
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yinl= x[n]+bx(n-1]+bx{n-2]+. +5;_x[rn—-(L-1)]

The output cannot precede the input, and this means that indexing cannot start before n = 0. The b—coefficients (not to be
confused with bandwidth b) are just the h[n] values, but the indexing is different. In our LP filter example:

b, =Hnr-16] forn=012..32

The only difference betweem land h[n] is a right-shift, or a time delay, of the h[n] sequence by 16 samples, which is
%(L —1) samples in the general case.

10.3.2 The Linear Phase Attribute

Most of our FIR filters have important symmetries. A glance at the LP filter coefficients (Fig ¢ ) shows that they have
even symmetry, that is:
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;'3[‘-?'3] = h[?’l] even symmetry

In fact, this is true of the BP and HP filters as well. If we turn to the differentiator example, we find that it has odd symmetry,

that is:
}3[ 0] =0 and h[ —P'I] e —h[ﬂ] odd symmetry

A majority of FIR filters have one or other of these symmetries, with important consequences for the filter spectrum, as
follows. When we compute the spectrum by DtFT, the coefficients (except for h[0]) combine naturally in pairs. For a filter of
length L = 3, we have:

H(F)=h[-1].e VWD L pr0). o720 L pry). o 72%
For the even-symmetry case, h[-1] = h[1], and then:
H(F) = h[0]+A[1]- [eﬂ’?” +e ™ )= 5[0]+ 21 cos(27f)

The notable thing about this H(f) is that it is real-valued. For the odd-symmetry case, h[0] = 0 and h[-1] = —h[1], and the
result is very different:
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H(F) =—-h[1]-27*% + b[1] 7% = -2 b[1]- sin( 215)

The notable thing about this H(f) is that its value is imaginary. As we add more coefficient pairs {h[-2], h[2]}, {h[-3], h[3]}
etc, these H(f) continue to be real for even—-symmetry filters and imaginary for odd—symmetry filters.

When we go from symmetric indexing to causal indexing, we delay the filter response by %(L —1) samples. This applies a
linear—phase lag term to H(f):

H(f) — = H(f) ‘e—j?ﬂfd d = %(L -1) sample intervals

For an even—-symmetry filter, H(f) has zero phase at first, and when we make it causal, the linear—phase lag becomes its only
phase term. It has linear phase, and this brings us to the question of distortion.

A brickwall filter removes certain frequencies from a signal, and tries to leave the remaining part undistorted. But it can still

be distorted in two ways. If the gain magnitude varies across the passband, this imposes an amplitude distortion on the signal.
We saw a ripple effect that could distort in this way, but we were able to minimise it by using tapered windows. The other

kind of distortion is phase distortion. If the phase of H(f) varies linearly over frequency, it delays all frequencies by the same
amount, but that does not change the signal shape, it does not cause phase distortion. If the phase of H(f) in the passband is
non-linear over frequency, then different frequencies will be delayed by different amounts, and the signal will suffer from
phase distortion.

The even—-symmetry filter has only a linear—phase lag term, causing it to delay all frequencies equally by %;(L —1) samples, or
by ¥%4(L -1)T seconds. This is just the time difference between symmetric and causal responses, and it does not cause phase
distortion. That is one of the big advantages that FIR filters can offer, all the more so because we will see that IR filters

do cause phase distortion, and to a degree that is often unacceptable.
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Odd-symmetry filters do not have strict linear phase, but they have a phase plot that consists of straight-line segments, so
they do have linear—phase slope. That's not enough to eliminate shape distortion in general, but we'll see later that it is a
sufficient protection for bandpass signals. That makes odd symmetry a useful property also, in some situations. We will soon
see sample spectra to illustrate both linear phase and linear phase slope. Our final task in this section will be to show how we
can ensure that these important symmetries are preserved.

FIR filters having even or odd symmetry are based on a windowed time response:

B () = wit) - k(t)

in which the window function w(t) has even symmetry, and the filter function h(t) has either even or odd symmetry. The
resulting w(t) has the same symmetry as h(t). We want to maintain this symmetry in the samplegstpthdt become our
filter coefficients. For a filter of length L, we will use a window of length W = LT seconds, for both even-length and
odd-length filters.

The odd-length case is illustrated here (Fig ¢ ) when L = 5. The samples include a central value when t = 0, and the
sequence is symmetric about the central value. To obtain the causal coefficiergsrust slide yw(t) to the right by

(L —1) samples, or 2 samples in this case. The samples nhow commence att = 0, and we can sample at instants t = nT for
n=0..4. We then get:

b =T-W*nT-%L-1DT))  n=0.1a
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The even-length case is illustrated here (Fig ¢ ) for L = 4. To maintain symmetry, samples are offset from t = 0 by +%4T.
There are 4 samples, forming 2 symmetric pairs. To obtain the causal coeffigiemésrbust slide \w(t) to the right by

¥%(L —1) samples, or 1¥2 samples in this case. The samples how commence at t = 0, and we can sample at instants
t=nT forn=0.. 3. We then get:

b =T- W uT-%L-1DT))  n=0.1a

This expression is the same as for the odd-length case, so we can use it to ensure symmetry, irrespective of the filter length.

Notice that when L is even, we get a non-integer delay. This carries the inference that an interpolation is being performed,
producing output samples that are mid—way in time between the input samples.

10.3.3 Filter Descriptions using "z".

The term &l2T appeared several times in the last paragraph. It's cumbersome to write, but it describes something quite simple.

It's a linear—phase lag term, the frequency—domain equivalent of a T-second delay, or a 1-sample delay.
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e—ﬂﬂf?‘ _ e—jZ‘nffi; _ 8—3'2 nf a 1-sample delay

Not surprisingly then, it appears quite often, and it makes sense to have a simpler notation. The common practice is to define a
new parameter z as:

Z= ej nf from which Z_l - e_j iy a 1-sample delay

We will use the new z parameter to help describe some filters that we know, and we will be surprised at how it lets us see
these filters in an entirely new light. In all cases, the filter spectrum is:

H(= Yl e B S ) B = 5 i 2

For now, this is just the DtFT using a compact notation. Later on, we'll enlarge the concept and call it the "z—transform". To
get an idea of where this can lead us, we'll apply the new notation to our "intuitive" differentiating filter.

The filter is seen here (Fig ¢ ) and, from its impulse responsg h[fiL =1}, the spectrum is easily found:

Alr]={1 -1}
a simple differentiator
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0 -1 -1_Z-
H(z)=h[0)lz"+H1]. 2 =1-2 = —
A
+
H(Z) J We've called it H(z) rather than H(f) because the frequency is expressed solely in terms of z. This H(z) is a polynomial in z.
zZ H(z) goes to zero when z = 1 and it goes infinite when z = 0. What we normally say is that H(z) "has a zero" at z = 1 and it

"has a pole" at z = 0. In all of this, z is a complex—valued frequency variable. Each value of z is a point on a so—called
"z-plane". We can show H(z) pictorially on the z—plane by marking in the pole and zero points.

-'] D +1 This is a "pole-zero plot" for our simple differentiator (Fig ¢ ). We defined z @8 evhich is the same as 1.00(27f). Its

value is constrained to a magnitude of 1.0, at an angle determined by f. That's the significance of the circle on the diagram. It

contains all possible values of z as we have defined it. It has a radius of 1.0 centered on z = (0+j0). This "unit-circle" is our

frequency axis. We've shown the "zero" of H(z) as a small circle at z = 1+j0. We've shown the "pole" of H(zxasan "

z = 0+j0. These two points are all that we need to say that H(z) #K-1)/z, but they don't give us a value for K. The

A plane _j pole-zero plot describes H(z) completely in a pictorial way, except for a scale factor. These plots are a popular way of
describing digital filters.

7 = e.ﬂ“f - This unit-circle plot (Fig ¢ ) shows baseband frequencies at quadrant points. The numbers inside the circle are z values at the
4 corner points. The numbers outside the circle are corresponding f values, as computed frold™zby eoting that z is a
vector of length 1.0 at an angle 6 such that 8 = 21tf. The DC point f= 0 is at co—ordinates (1,0). If we go anti—clockwise
A from DC around the top—half of the circle, we move through the positive base—band range from 0.0 around to 0.25 and finally
to 0.5. The bottom half-circle is the negative baseband range. The +0.5 points coincide because of the strictly periodic nature
& +1 400 of digital signal spectra. If we keep going around the circle we cover the same ground again as we enter the higher image
: bands. That's because the images are inseparable from the baseband content, and the unit—circle is an expression of this effect.

L
DC
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The pole-zero plot can actually tell us the shape of H(f). This diagram (Fig ¢ ) shows H(z) = (z—1)/z as a ratio of two

vectors which connect the zero and the pole to z, where z is both a unit-length vector and a mobile point on the circle that
represents frequency. As we traverse the baseband, z moves around the circle and the vector lengths and vector angles change
accordingly. We can find the spectral magnitide plot as:

mH(f) = ‘H(e".z"f]= %

and the angle plot as:

aH(f)=aglH e = Lz-1)- L) = p-

By visualising the motion of z on the circle, we can anticipate the shape of these plots. It's worth taking a few moments to try
and do that now. The alternative is to compute mH as |H(z)| udthmeplace of z, as in the expressions above, and similarly

for aH. The results are shown here (Fig ¢ ) and they should match your predictions ! This is a uni—polar plot, the kind that

we would normally get from a computer, but the bi—polar plot shown here (Fig i ) has the very same meaning. We allow the
magnitude to be positive or negative, and we adjust the phase plot by +mtradians to compensate. We draw bi—polar magnitude
plots so that they reflect the underlying mathematics. In this case, H(z) = 1"t and :
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H(efz“f )= ll _ 1 Iz=eﬂ’5? — 1o W

Here’s how we can separate the magnitude and the phase:
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H%ﬂﬂf )= o~ S %Jﬂf _eo inSf )z 2 jsin(f) e Y
from which

mH(f) = 2sm( f)

and

alH ()= j eI =™ IV 1 osmi2- nf)

The bi—polar mH plot was drawn to match the mH(f) result seen here, and then we altered the phase accordingly. This might
now look like linear phase, but true linear phase is linear through the origin, whereas this phase plot is offset by 172. It has
linear slope, but is not strictly linear. We saw a phase plot for an averagind filidr 7.4.1) and it was strictly linear. The

same is true of the brickwall filters that we described.

The slope of the phase plot reflects the delay teifih ewhich describes a delay of ¥%(L —1) samples, or just a Ya-sample
delay. The offset of 172 is the "j" of the ideal j211f transfer function. The dotted line on the mH plot marks the ideal
21f response. This differentiator is close to the ideal as far as f = +0.25, about half of the baseband.
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10.3.4 FIR Transfer Functions using "z".

We can easily extend our z notation to cover FIR filters in general, according to the difference equation:
Y[n]=yx[n]+bx[n-1]+byx[n - 2]+ .. +&;_x[n—(L-1)]

We probably think of x[n] as "théhsample" and of x[n—1] as the one before it, and so forth. But, if consider the action over
all time, we can also see x[n] as an entire sequence, and we can see x[n—1] as the same sequence, once delayed. The sequence
X[n] has a DtFT spectrum which we can write as:

X(z)= Zx[n] .z

while the spectrum of x[n—1] is_JZIZ(Z) where Z' describes the 1-sample delay. In similar fashion, the fefrescribes a
2-sample delay, etc. If the difference equation is valid over all time, we can (by superposition) translate each and every term
into a corresponding spectral function, with this result:

Y(2)=hy X @ +bz X @+byz 2 X D+ . +b;_ 1z VX (2)
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The filter Transfer Function (TF) is {output/input} = Y(z)/X(z), which we like to call H(z), and this becomes:

Y _ _ (]
H(Z)=%=[bg+£azl+b22 24 4by 7D

It may not look much like a spectrum, but we can quickly extract the spectral information and plot it over frequency:

nH (= [He | e aH(D= gl )

(-0.5< f<0.5)
Z b2 The H(z) expression covers FIR filters in general, and we feel prompted td-ils@lace of T as our symbol for a 1-sample
|—[>— delay (Fig ¢ ). But there is not very much new here. This new H(z) is just the DtFT ofitbedificients (the causal version
! i of h[n] ), using the z—notation. However, the polynomial form of H(z) is convenient for many purposes, and that includes
+ what we're about to do next.
-1
z b -
+
-1
Z bz—l 10.3.5 Linear—-Phase FIR Zero Patterns

FIR Filter of length L
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A polynomial f(x) in x is of the form f(x) =l +b 1x+b 22+ .. +b  NxN. Itis of order N and it has N roots. That
means that f(x) = 0 for N values of x. Finding the roots, if N > 2, is probably best done by computer. (Mathcad provides the
"polyroots" function for this purpose). The roots are a useful alternative way to view some of the properties of f(x).

Our H(z) is a polynomial in2 of order M = (L-1). We can write it in terms of its roots as:

H(Zz)= bo(l‘zm 'Z_l)(l‘zoz'z_l)(l‘zoz 'Z_l) . (I_ZUM 'Z_l)

On a z—plane plot, the rootsizz2, etc become the zeros of our filter. They are the values of z that cause H(z) to become
zero, and we've already seen how they can help us to visualise the filter spectrum. Notice, roots may be hard to find, but its
quite easy to multiply out this expression and to find the coefficients if the roots are already known. In general, we need the

coefficients to run the filter, but the roots (that is, the zeros) are useful for the insight that they give us into the filter spectrum.

The zeros of linear—phase filters come in groups that are easy to recognise, as we will now demonstrate.

This is a causal filter (Fig ¢ ) described by the polynomial :
_ -1 -2 -3 -4
H@=h+hz" +b5,z27° +bz " +iyz

If z71is a time delay thert%is a time advance, so that a time-reversed version of the same filter (Fig ¢ ) has this
description:
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Hy(@)=by+H 2 +bz° +byz° + b, 27

H1(z) is a polynomial inZ. There are 4 values ofzthat make H(z) = 0. H 2(2) is a polynomial in z with the

same coefficients. The same 4 numbers, when used as values of z, will ztgke ™ This means that the set of zeros for

H1(z) and the set of zeros fop(d) are at reciprocal locations on the z—plane. We admit th@j li$ not causal, but that is

easily remedied. A 4—sample right—shift makes it causal, and its spectrum beE%@g&): but this does nothing to alter its
zero locations. It follows that if we alter an FIR filter by reversing the order of its coefficients, then the zeros of the filter will
move to reciprocal locations on the z—plane. We will now apply this idea to a linear—phase filter.

Linear phase comes from coefficient symmetry. If we time-reverse an even—-symmetry set of coefficients, we end up with the
same set as we started with (except for a time shift). This implies that reciprocation of the filter zeros has no overall effect on
their placement. Only certain groups of zeros can meet this condition, primarily the group that we see here (Fig i ).

We have a group of 4 zeros labelled A, B, C, D. They are placed at angles +6 and at radii of r (< 1) and 1/r. The zero at A, for
example, is at r(J8 and, when we reciprocate it, we get 1/( r6) = (1/r)d-86, which is where D is located. The special property
here is that when we reciprocate A it moves to D and when we reciprocate D it moves to A, and similarly for the (B,C) pair.
Overall, these points just trade places, and we end up with the same set of zeros as we had before reciprocation. These zeros
satisfy the linear—phase condition, but there are other special cases that we can include also. They are all shown here (Fig € ).
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The general case is the (a) plot. Plot (b) shows two zeros at 1.000+0. Plot (c) shows real zeros at r and at 1/r. Plot (d) shows
real zeros at —r and at —1/r. Plot (e) has a zero at 1.0. Plot (f) has a zero at —1.0. Its easy to see that they all reciprocate without
changing the overall zero placement. A linear—phase filter of length L has L -1 zeros, often quite a large number, and these
zeros can exist as any combination of the groupings in the diagram above. The same applies to filters that have only

linear—phase slope, because time-reversal of an odd—symmetry sequence involves only a change of sign, and a possible time
shift.
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The zeros of an averaging filter are all on the unit circle, so they belong in the category of plot (b) above. When the zeros fall
on the unit circle, the frequency response H(f) goes to zero at the frequencies that those zeros represent.
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