Laboratory 1

Signals, Signal Statistics, and Signal
Detection |

1.1 Introduction

In everyday language, signalis anything that conveys information. We might talk about traffic
signals or smoke signals, but the underlying purpose is the same. In the sgiggalf and systems
engineeringhowever, we adopt a somewhat more specific notion of a signal. In this field, a signal
is a numerical quantity that varies with respect to one or more independent variables. One can think
of a signal as a functional relationship, where the independent variable might be time or position.

As an example, one signal might be the voltage on the wires from a microphone as it varies
with time. Another signal might be the light intensity as it varies with position along a sensor array.
The important aspect of these signals, though, is the mathematical representation, not the underlying
medium. Thatis, the voltage and light signals might be mathematically the same, despite the fact that
the signals come from two very different physical sources. In signals and systems engineering, we
recognize that the most important aspects of signals are mathematical. Thus, we don’t necessarily
need to know anything about the physical behavior of voltage or light to deal with these signals.

What purposes do signals serve? Let us highlight a few of the many important ones. First, a
signal can embody a sensory experience, as in a sound that we would like to hear or a picture that we
would like to see. Second, a signal can convey symbolic information, as in the text of a newspaper.
Third, a signal can serve to control some system. For example, in a typical modern automobile, an
electronic control signal determines how much gasoline is emitted by the fuel injectors. Last, we
mention that a signal can embody an important measurement, for example, the speed of a vehicle or
the EKG of some patient.

What is the advantage of having a sound or a picture or text or control information or a mea-
surement embodied in a signal? For one thing, it enables us to transmit it to a remote location or
to record it. In many, but not all, cases, these are done electronically, either with analog or digital
hardware. For another, the signals we encounter frequently neegtodessegdwhich can also be
done electronically with analog or digital hardware. For example, a sighal may contain unwanted
noise that needs to be removed; this is an example of what is cadled reductioror signal recov-
ery. Alternatively, the desired information or sensory experience may need to be extracted from the
signal, as in the case of AM and FM radio signals, which need tddmodulatedefore we can
listen to them, or in the case of CT scan signals, which need extensive processing before an X-ray
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like image can be viewed.

Finally, in many situations, the purpose of signals is to permit decisions to be made. This kind
of signal processing is variously calls@jnal classificationsignal recognitionor signal detection
As examples, a radar system processes the signal received from its antenna to determine whether or
not it contains a reflected pulse, which would indicate the presence of an airplane in the direction to
which the antenna is pointed. The bill changer in a vending machine processes the signal produced
by its optical sensor to determine if the inserted piece of paper is a valid dollar bill. A speech
recognition system processes the signal produced by a microphone to determine the words that are
spoken. A speaker recognition system processes the same signal to determine the identity of the
person speaking. A heart monitoring system processes an electrical EKG signal to determine if
arythmia is occuring. A digital modem processes the received signal to determine what bits are
being transmitted. These are a just a few of the situations in which signals must be processed to
make decisions.

As one of part of this lab assignment, we will implement and tune a simple signal processing
system for detecting whether or not a recorded signal contains a spoken sound. In later lab assign-
ments, we will develop more sophisticated decision making systems — for detecting the presence
or absence of radar pulses, for decoding a sequence of key presses from the signal produced by a
touchtone telephone, and for deciding which of several vowel sounds has been spoken into a micro-
phone.

Throughout this course we will develop tools for analyzing, modifying, processing and extract-
ing information from signals mathematically. One of the most basic (and sometimes most useful)
methods involves the calculation sifjnal statistics Calculating signals statistics provides us a sub-
stantial amount of useful information about a signal. These statistics allow us to determine “how
much” signal is present (i.e., thegnal strength, how long a signal lasts, what values the signal
takes on, and so on. We will use signal statistics to develop measuwsigmaf quality(with respect
to a reference signal) and also to perfasipnal detectior(by determining when a signal contains
useful information rather than just background noise).

1.1.1 “The Questions”

e How can | quantitatively determine a signal’s “quality”?

e How can | detect the presence of “speech” within a segment of a speech signal?

1.2 Background

1.2.1 Continuous-time and discrete-time signals

In its most elementary form, signalis a time-varying numerical quantity, for example, the time-
varying voltage produced by a microphone. Equivalently, a signal is a numerically valued function
of time. That is, it is an assignment of a numerical value to each instance of time. As such, itis
customary to use ordinary mathematical function notation. For example, if we tasgenote the
signal, i.e. the function, thes(t) denotes thevalueof the signal at time instande In common
usage, the notatios(t) also has an additional interpretation — it may also refer to the entire signal.
Usually, the context will make clear which interpretation is intended.

We will deal with many different signals and to keep them separate we will use a variety of
symbols to denote them, such as suchr,asy, z,z’. Occasionally, we will use other symbols to
denote time, such &$, s, u. In some situations, the independent parametepresents something
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Figure 1.1: (A) A continuous-time signal. (B) A discrete-time signal.

other than “time”, such as “distance”. This happens, for example, when pictures are considered to
be signals.

As illustrated in Figure 1.1, there are two basic kinds of signals. When the time vatiable
ranges over all real numbers, the sigegd]) is said to be @ontinuous-timeignal. When the time
variablet ranges only over the set of integdrs., —2,—1,0,1,2,...}, the signal(t) is said to be
adiscrete-timesignal. To distinguish these, from now on we will use a somewhat different notation
for discrete-time signals. Specifically, we will use one of the lettgisk, I, m, n to denote the time
variable, and we will enclose the time-variable in square brackets, rather than parenthesgs]as in
Thus, for examples[17] denotes the value of the discrete-time sigsjal at timen = 17. Note that
for discrete-time signals, the time argument has no “units”. For examiplg,simply indicates the
17th sample of the signal. When the independent pararmetet represents something other than
time, for example distance, then the signal can be said tcob&nuous-spacer discrete-space
respectively, or more generallypntinuous-parametesr discrete-parameter

It is important to reemphasize the inherent ambiguity in the notationands[n]. Sometimes
s(t) refers to the value of the signal at the specific timét other timess(¢) refers to the entire
signal. Usually, the intended meaning will be clear from context. The same two potential interpre-
tations apply tos[n].

1.2.2 Describing Signals

Some continuous-time signals can be described with formulas, sugh)as sin(¢) or

0 t<0
s(t) = { cos(t) t>0 ° (1.1)

For other signals, there are no such formulas. Rather they might simply be measured and recorded, as
with an analog tape recorder. Similarly, some discrete-time signals can be described with formulas,
such ass[n| = sin(n) or

(1.2)

S[n]_{ 0 n<o0

cosjn] n>0"
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and some are described simply by recording their values for all values of

Often, a discrete-time signal is obtainedsamplinga continuous-time signal. That is, i, is
a small time increment, then the discrete-time sigifal obtained by sampling(¢) with sampling
interval or sampling periodl’; is defined by

s[n] = s(nTs) ,—00 < n < 00 (1.3)

For example, ifs(t) = sin(¢) andTs = 3, then the discrete-time signal obtained by sampling with
sampling interval’; is s[n] = sin(3n). The reciprocal of s is called thesampling rateor sampling
frequencyand denoted’; = 1/T;. Its units are samples per second. The discrete-time signal in
Figure 1.1 was obtained by sampling the continuous-time signal shown above it.

In the above example, we have allowed the time parameter to be negative as well as positive,
which begs the question of how to interpret negative time. Time 0 is generally taken to be some
convenient reference time, and negative times simply refer to times prior to this reference time.

Nowadays, signals are increasingly processed by digital machines such as computers and DSP
chips. These are inherently discrete-time machines. They can record and work with a signal in just
two ways: as a formula or as a sequence of samples. The former applies to continuous-time and
discrete-time signals. For example, a computer can easily compute the value of the continuous-time
signals(t) = sin(t) at timet = /2 or the value of the discrete-time signdh] = cos(n) at time
n = 17. However, the latter works only with discrete-time signals. Thus, whenever a digital machine
works with a continuous-time signal, it must either use a formula or it must work with its samples.
That is, it must work with the discrete-time signal that results from sampling the continuous-time
signal. This admonition applies to us, because in this and future lab assignments, many of the signals
in which we are interested are continuous-time, yet we will process them exclusively with digital
machines, i.e. ordinary computers.

Except in certain ideal cases, which never apply perfectly in real-world situations, sampling a
continuous-time signal entails a “loss”. That is, the samples only partially “capture” the signal.
Alternatively, they constitute an approximate representation of the original continuous-time signal.
However, as the sampling interval decreases (equivalently, the sampling rate increases), the loss
inherent in the sampled signal decreases. Thus in practical situations, when the sampling interval
is chosen suitably small, one can reliably work with a continuous-time signal by working with its
samples, i.e. with the discrete-time signal obtained by sampling at a sufficiently high rate. This will
be the approach we will take in this and future lab assignments, when working with continuous-time
signals that cannot be described with formulas.

When digital machines are used to process signals, in addition to sampling, one mgsizalso
tize orround, the sampled signal values to the limited precision with which numbers are represented
in the machine, e.g. to 32-bit floating point. This engenders another “loss” in the signal represen-
tation. Fortunately, for the computers we will use in performing our lab experiments, this loss is so
small as to be negligible. For example AWMLAB uses 64-bit double-precision floating point repre-
sentation of numbers. (Lab 5 is an exception; in that lab, we will consider systems that are designed
to produce digital signal representations with as few bits as possible.)

1.2.3 Signal support and duration

The supportof a signal is the smallest time interval that includes all nhon-zero values of the signal.
For example, the continuous-time signdt) = cos(t),0 < t < 3,s(t) = 0, else has support
interval [0, 3]. The discrete-time signaln] = cos(n),0 < n < 3, has support intervdD, 3] =
{0,1,2,3}. Thedurationof a signal is simply the length of its support interval. In the previous
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examples, the duration &ft) is 3, and the duration cf[n] is 4. Note that the support and duration
of a signal can be either finite or infinite.

1.2.4 Periodicity

Periodicity is a property of many naturally occurring or man-made signals. A continuous-time signal
s(t) is said to be periodic with peridl, whereT is some positive real number, if

s(t+T)=s(t), forall ¢ (1.4)

If s(t) is periodic with periodT’, then it is also periodic with perio2l’, 37, .... Thefundamental
periodT, of s(t) is the smallest’ such thats(¢) is periodic with period’".
Similarly, a discrete-time signai[n] is said to be periodic with period, where N is some
positive integer, if
sln+ N] = s[n], foralln (1.5)

If s[n] is periodic with periodV, then it is also periodic with peric2V, 3N, .... The indamental
period N, is the smallestV such thats[n] is periodic with periodV.

1.2.5 Signals inMATLAB

While signals can be represented by formulas or by recorded signal values, when workiag-in M
LAB, we generally use the latter. That is, we represent a signalastar(i.e., a one-dimensional
array) of numbers.

Discrete-time signals

We begin with an example. Suppose we want to represent the following discrete-time signal as an
array in MATLAB:

sln] =

In MATLAB, we do this by creating two vector:saupport vectoiand avalueor signal vector The
support vector represents thgpport intervabf the signal, i.e. the set of integers from the first time

at which the signal is nonzero to the last. For this example, the support vector can be created with
the command

2 <n<
{n 5<n<15 (1.6)

0 else

>> n = 5:15

This causes to be the array of 11 numbess6, . . ., 15. Next, the signal vector can be created
with the command

>> s = n."2

which causes to be the array of 11 numbe?§, 36, . . ., 225.

Note that as in the above example, we usually only specify the signal within the range of times
that it is nonzero. That is, we usually do not include zero values outside the support interval in the
signal vector.

It is often quite instructive to plot signals. To plot the discrete-time sighdl , use the stem
command:

>> stem(n,s)
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You can also use thplot command; howevemplot draws straight lines between plotted
points, which may not be desirable.

It is important to note that in MTLAB, wheni is an integer thes(i) is not necessarily the
signal value at time . Rather it is the signal at time(i) . Thus,stem(n,s) andstem(s)
result in similar plots with different labelings of the time axis. Occasionally, it will happen that
n@i) = i ,inwhichcase(i) = s(n(i)) andstem(n,s) andstem(s) resultinidentical
plots with identical time axis labels.

Continuous-time signals

We begin with an example. Suppose we wish to represent the following continuous-time signal as
an array in MATLAB:

s(t) =

2
{t 5<t<15 (1.7)

0 else

We first choose a sampling interve$ with a command such as
>> Ts = 1/20
We then create a support vector with the command
>> t = 5:Ts:15
Finally, we create a signal vector with the command
>> 5 = t.72

What have we done? To represe(it), we have created a support vectothat contains the
sample times, 5 + 1/20,5 + 2/20,5 + 3/20,...,15 , and we have created a signal vecsor
that contains the sampleg5), s(5 + 1/20), s(5 + 2/20), s(5 + 3/20),...,s(15). That is, for
n=1,...,301,s(n) contains the signal value at tin@) = 5 + (n-1)/20

Note that when representing a continuous-time signal as an array, it is usually important to
choose the sampling interves small enough that the signal changes little over any time interval of
Ts seconds.

As with discrete-time signals, it is frequently instructive to plot a continuous-time signal. This
is done with the command

>> plot(t,s)

which plots the pointst(1),s(1) ), (t(2),s(2) ), ..., and connects them with straight
lines. Connecting these points in this manner produces a plot that approximates the original continuous-
time signals(t), which takes values at all times (not just integers) and which usually does not change
significantly between samples (assumirgyis chosen to be small enough). Note tpéit(s)
produces a similar plot, but the horizontal axis is labeled with sample “indices” (i.e., the number of
the corresponding sample) rather than sample times. When working with continuous-time signals, it
is important that you always ugdot(t,s) rather tharplot(s) . Italso important that your plot
indicates what the axes represent, which can be done usintptited andylabel commands.
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1.2.6 Signal Statistics

1.2.6 Signal Statistics

When dealing with a signal, it is often useful to obtain a rough sense of the range of values it takes
and of the average size of its values. We do this by computing one orsigmra statistics

The following lists a number of common signal statistics. It gives the defining formula for each
for both continuous-time and discrete-time signals. Also includedAsuMB code for calculating
the statistié for a discrete-time signal. If we wish to compute a statistic for a continuous-time signal
when we only have a sampled representation, we can use the discrete-time statistic to approximate
the continuous statistic. The formulas needed for this approximation are included here with the
label “sampled.” (In most cases, this approximation becomes better as the sampling ifiterval
decreases.) For completeness, signal support and duration are also defined below.

1. Support Interval. A signal'ssupport interval(also occasionally known as just the signal’s
supportor itsinterval) is the smallest interval that includes all non-zero values of the signal.

Continuous-time: t; <t <ts (1.8)
Discrete-time: n; <n < nsg (1.9)
MATLAB: n = nl:n2 forasignals. (1.10)

2. Duration. Thedurationof a signal is simply the length of the support interval.

Continuous-time:  ty — t; (1.11)
Discrete-time: ng—n; +1 (1.12)
MATLAB: Assumed length(s) for a signal s. (1.13)
Sampled:  (t2 —t1) = (ne —n1 + 1)T5s (1.14)

3. Periodicity. Periodicity was described in section 1.2.4. The key formulas are included here.

Continuous-time:  s(t) = s(t+T) (1.15)
Discrete-time:  s[n] = s[n + N] (1.16)
Sampled: T =~ NT; (1.17)

4. Maximum and Minimum Value. These values are the largest and smallest values that a
signal takes on over some interval defineddgyandn,. In MATLAB these values are found
using themin andmax commands.

MATLAB Mazimum(s) = max(s) (1.18)
MATLAB Minimum(s) = min(s) (1.19)

5. Average Value Theaverage valugl/, is the value around which the signal is “centered”

1This code assumes that the signal vestds defined only over the range of times for which we wish to compute the
statistic. More generally, ifi is the support vector amuil andn2 define a subset of the support vector over which we wish
to calculate our statistic, we can compute the statistic over only this rafhge? , by replacing the signa with the shorter
signals((n1:n2)-n(1)+1)
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over some interval.

. . 1 t2
Continuous-time:  M(s(t)) = r— /t1 s(t)dt (1.20)
Discrete-time:  M(s[n]) = n;nﬁ i s[n] (1.21)
2 — N1 —
MATLAB : M(s) = mean(s) (1.22)
Sampled: M (s(t)) ~ M(s[n]) (1.23)

6. Mean-squared value Themean-squared valu@r MSV) of a signal,M S, is defined as the
average squared valued of the signal over an interval. The MSV is also callestarege
power, because the squared value of a signal is considered to be the instantaneous power of

the signal.
ta
Continuous-time: M S(s(t)) = " L " / s2(t)dt (1.24)
2 — U1 Jty
. . 1 - 2

Discrete-time: M S(s[n]) = P——" n; s%[n] (1.25)

MATLAB: MS(s) = mean(s.”2) (1.26)

Sampled:  MS(s(t)) ~ MS(s[n)) (1.27)

7. Root mean squared value Theroot mean squared valu@r RMS valug of a signal over
some interval is simply the square root of mean squared value.

to
Continuous-time:  RMS(s(t)) = \/t 1 " / s2(t)dt (1.28)
2 U Jy
1 =
: . ot )

Discrete-time:  RMS(s[n)) $ —— n;; s2[n] (1.29)
MATLAB: RMS(s) = sqrt(mean(s.”2)) (1.30)
Sampled: RMS(s(t)) ~ RMS(s[n]) (1.31)

8. Signal Energy. Theenergyof a signal,F, indicates the strength of a signal is present over
some interval. Note that energy equals the average power times the length of the interval.

Continuous-time:  E(s(t)) = /t2 s2(t)dt (1.32)
t1

Discrete-time:  E(s[n]) = i s%[n] (1.33)

MATLAB : E(s) = surr;(sl.“Z) (1.34)

Sampled:  E(s(t)) ~ E(s[n))T, (1.35)
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Figure 1.2: Signal value distribution and a discrete histogram approximation

9. Signal Value Distribution. Thesignal value distributions a plot indicating the relative fre-
guency of occurrence of values in a signal. There is no closed-form definition of the signal
value distribution, but it can be approximated usirigstogram A histogram counts the num-
ber of samples that fall within particular ranges,bims Note that the y-axis is effectively
arbitrary, and that the coarseness of the approximation is determined by the number of his-
togram bins that are used. Figure 1.2 shows an example of a signal value distribution and the
histogram approximation to that distribution.

MATLAB: hist(s,num_bins); (1.36)

1.2.7 Measuring signal distortion and error

Suppose that we wish to transmit a signal from one location to another. This is a common task
in communication system# common problem is that the signal is often modifiedd@tortedin
the communication process. Thus, the received signal is not the same as the transmitted signal.
Typically, we want to reduce the amount of distortion as much as possible. However, this requires
that we have a method of measuring the amount of distortion in a signal. In order to develop such a
measure, we'll look at aignal plus noisenodel of signal distortion.

Suppose we are transmitting a sigapl] over FM radio. Someone tunes in to our radio station
and receives a modified version of our signdh]. We can represent this modification mathemati-
cally as the addition of aarror signal v[n], like this:

r[n] = s[n] + v[n]. (1.37)
Assuming that we have bottln| andr|n], we can easily calculatgn] as
vn] = rn] — s[n]. (1.38)

Note that ifs[n] andr[n] are identicalp[n] will be zero for alln. This suggests that we can simply
measure the signal strengthwdf] by using one of the energy or power statistics.
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Figure 1.3: An “overview” block diagram for a “signal present” detector.

Mean squared value is a natural choice because it normalizes the error with respect to the length
of the signal. Sometimes, though, the RMS value is more desirable because it produces error values
that are directly comparable to the values)jn]2. When we measure the MSV of an error signal,
we sometimes call it thmean squared erroor MSE Similarly, the RMS value of an error signal is
often called theoot mean squared erroor RMSE

In MATLAB, we will usually want to calculate the MSE or RMSE over the entire length of the
signals that we have. Supposing that we are given a sggaald a modified versioa_mod (with
the same size), we can calculate the MSE and RMSE like this:

>> mse = mean((s - s_mod)."2);
>> rmse = sqrt(mean((s - s_mod)."2));

Notice that we could also subtracfroms_mod; the order doesn’t matter because of the square
operation. Also note that yamustinclude the period before the exponentiation operator in order to
correctly square each sample.

1.2.8 Signal detection

Suppose that we are designing a continuous speech recognition and transcription system for a per-
sonal computer. The computer has a microphone attached to it, and it “listens” to the user’s speech
and tries to produce the text that was spoken. However, the user is not speaking continuously; there
are periods of silence between utterances. We don’t want to try to recognize speech where there is
silence, so we need some means of determining when there is a speech signal present.

This is an example cfignal detectionThere are many different types of signal detection. Some-
times signal detection involves finding a signal that is obscured by noise, such as radar detection.
In other applications, we need to determine if a particular signal exists in a signal that is the sum
of many signals. The “signal present” detector for our speech recognition system is a simpler form
of signal detection, but it still important in many applications. As another example, some digital
transmission systems send bits using what is knowonasff keying They send an electrical pulse
to represent “1” and send nothing at all to represent “0”. The receiver for such a system uses a “pulse
present” detector.

In this laboratory, we will consider the design of a “signal present” detector to identify spoken
segments of a speech signal. Note, however, that the detector we will design can be used for many
other applications as well. Figure 1.3 shows a block diagram of such a detector. The detector
consists of two blocks. The first block computes one or more statistics that we will use to perform
the detection. The second block uses the computed statistic(s) to make the final decision.

2Mean square values are comparable to the square of the valups in
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Figure 1.4: A detailed block diagram for the “signal present” detector.

Specifying the detector’s operation

The first step is to specify what our system needs to do. From the description above, we know
that we will receive a signal as an input. For simplicity, we’'ll assume that we are given an entire
discrete-time signal. What must our system do? We need some sort of indication as to when speech
is present in a signal. However, the signal that we are given will contain both periods of silence and
periods with speech. For some integér let us break the signal intblocksof N samples, such

that the firstV samples make up the first block, the ndksamples make up the second block, and

so on. Then, we will make a “speech present” or “speech not present” decision separately for each
block. The output of our system will consist of a signal with a 0 or 1 for each block, where a 1
denotes “speech present” and a 0 denotes “speech not present”. To describe this sigrralis M

our system will produce a signal support vector containing containing the index of the first sample
of each block and a signal vector containing the 0 or 1 for each block. Choosing the support vector
in this way will allow us to plot the decisions on the same figure as the signal itself.

How will we make the decision for each block? Since we can assume a signal that is relatively
free of noise, we can simply calculate the energy for each block and compare the result to a threshold.
If the statistic exceeds the threshold, we decide that speech is present. Otherwise, we decide that
speech is not present. Using signal energy, though, is not ideal; the necessary threshold will depend
on the block size. We may want to change the block size, and we should be able to keep the threshold
constant. Using average power is a better option, but we would like our threshold to have a value
comparable to the values of the signal. Thus, the RMS value seems to be an ideal choice, and this is
what we will use. In summary, for each block the detector computes the RMSRalnd compares
it to a threshold:. The decision is

signal present, iR >c
signal not present, iR <c

Note that our detector system will has two design parameters. One is the bloék, siné the other

is the threshol@. To tune the system, we will need to find reasonable values for these parameters
when we make the detector itself. A more detailed block diagram of the detector can be found in
Figure 1.4.
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Detector algorithm

Now that we've specified the behavior of the detector, let's come up with an algorithm for performing
the detection. Of course, this is not the only way to implement this detector.

Itis assumed that the input signal is contained in a sighal v&otdrose support vector is simply
1,2,...,length(x)

¢ Define a variable calleblock_size , representingv.

e Define a variable callethreshold , representing.

e Calculate thenumber_of_blocks

e Determine the support vectsupport_output for the output signal.
e For each block of the signal:

— Calculate the RMS value of the current block
— Compare the RMS value to the threshold
— Store the result in theutput array

e Return theoutput array

What follows are some details about the algorithm:

1. First, note that we wamtumber_of blocks  to be an integer. For this calculation, recall
that the functiorlength  returns the number of samples in a vector. Also, note that the
floor command rounds down to the nearest integer

2. Suppose that the block size is 512. Then the vesitpport_output should contain the
numberdql, 513, 1025, ...] and so on. You can generaepport_output with
a single line of code by using theoperato?.

3. There are actually two separate ways to implement the “for each block” part of this algorithm
in MATLAB. One involves using #or loop, while the other makes use of theshape
command and MTLAB’s vector and matrix arithmetic capabilities. Both take roughly the
same amount of code, but the second way is somewhat faster. You can implement whichever
version of the algorithm that you choose in the lab assignment.

(a) If youimplement the algorithm usingfar loop, you should first initialize theutput
array to “empty” using the commanauttput =[]; ”. Then, loop over the values in
support_output . Within the loop, you need to determine what valuespfand
ng to use in the RMS value calculation for a given value of the loop counter. Then,
compare the RMS value that you calculate to the threshold and append the result to the
end ofoutput 4.

(b) An alternative to théor loopisto use theeshape command to make a matrix out of
our signal with one block of the signal per column. If you choose taeskape , you
first need to discard all samples beyond the bistk_size  x number_of _blocks
samples of the input signaleshape this shorter signal into a matrix withlock_size

3Typehelp colon if you need assistance with this operator.
4Use eitheoutput(end+1) = result; oroutput = [output, result];
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rows anchumber_of blocks  columns. Then, use” to square each element in the
matrix, usemean to take the mean value of each column, and takestitt of the
resulting vector to produce a vector of RMS values. Finally, compare this vector to
threshold  to yield your output vector.

1.3 SomeMATLAB commands for this lab

e Zooming on Figures:In MATLAB, you can interactively zoom in and out on figure windows.
To do so, you can either find a “+ magnifying glass” icon on the figure window, or you can
typezoom on at the command lines. Then, you can click and drag a zoom box on the figure
window to get a closer look at that portion of the figure. Also very useful iztioen xon
command, which enables zoomiaglyin the x-direction; this is usually how we will want to
zoom in on our signals.

e Using line styles andegend : Whenever you plot two or more signals on the same set of
axes, you must make sure that the signals are distinguishable and labeled. Generally, we do
this using line styles and thegend command . Theplot command gives you a wide
range of options for changing line styles and colors. For instance, the commands

>> hold on

>> plot(1:10,1:10,'-")
>> plot(1:10,2:11,"")
>> plot(1:10,3:12,'--")

plot lines using solid, dotted, and dashed lines. Thpp plot  for more details about
using different line styles and colors. Tlegend command adds a figure legend for labeling
the different signals. For instance, the command

>> legend('Solid (lower)', 'Dotted (middle)', 'Dashed (higher)’)

adds a legend with labels for each of the three signals on the figure. Note that signal labels are
given in the order that the signals were added to the figure.

e Labeling Figures: Any time that you create a figure for this laboratory, you need to include
axis labels, a figure number, and a caption:

>> xlabel('This is the x-axis label’);
>> ylabel('This is the y-axis label’);
>> title('Figure 1. This is a caption describing the figure");

Note that it is recommended that you use your word processor to produce figure numbers and
captions, rather than using tile command. You also need to include the code that you
used to produce the figures, including label commands. Note thasebapiot of a figure

must include its own axis labels.

e Function Headers: At the top of the file containing a function declaration, you must have a
line like this:

5SRemember to assign the outputreshape to something! No MTLAB function ever modifies its input parameters
unless you explicitly reassign the output to the input.
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function [outl, out2, out3] = function_name(inl, in2, in3)

whereinl ,in2 , andin3 are input parameters amaitl , out2 , andout3 . Note that you

can name the parameters anything you like, and there can be any number of them. The word
function is a MATLAB keyword. Also, you do not need to explicitly return the output
parameters. Instead, MLAB will take their values at the end of the function’s execution and
return them to the calling function.

e sum, mean, min, and max:. Given a vector (i.e., a one-dimensional array), thesa Ms
functions calculate the sum, mean, minimum, and maximum (respectively) of the numbers
in the array and returns a single number. If these functions are given a matrix (i.e., a two-
dimensional array), they calculate the appropriate statistic on each column of the matrix and
return a row-vector containing one result for each column.

e for loops: Mostfor loopsin MATLAB have the following form

>> for index = 1:20
>> % This loop is executed twenty times
>> end

In this case, the loop counténdex , is set to 1 on the first execution loop, 2 on the second,
and so on. The loop will execute a total of 20 times. We can, of course, use any variable for
the loop counter.

A more general form of théor loop is given by

>> for index = row_vector
>> % Code in the loop goes here
>> end

whereindex is the loop counter antbw_vector is a row vector that contains all the
values that will be assigned ilmdex on successive iterations of the loop. Thus, the loop will
executesize(row_vector,2) times.

e Reshaping arrays: Thereshape command is used to change the shape of an array:
>> new_array = reshape(array,[new_rows, new_columns]);

array must havenew_rows*new_columns element$. new_array will have dimen-
sions ofnew_rows x new_columns .

e Logical operators: The logical operators¥, <, >=, <=, ==, "=) perform a test for equality
or various forms of inequality. They all operate in the same manner by evaluating to 1 (“true”)
or 0 (“false”) depending upon the truth value of the operator. After executing the following
statement, for instance,

>> result = (x > 0);

result  will contain a one or a zero K is a single number. It is an arrayresult  will be
an array of ones and zeros with a size equad tavhere each element indicates whether the
corresponding element inis in fact greater than 0.

61f row _vector is actually a matrix (or a column vector), each colummay _vector  will be assigned tindex in
turn.
"The number of elements Erray can be checked using the commandd(size(array))
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1.4 Demonstrations in the Lab Session

Laboratory policies

Signals in MaTLAB — sampling

Signal statistics

Approximating continuous-time signal statistics with sampled signals

Model of discrete-time signal as signal plus noise

The “signal present” detector

1.5 Laboratory Assignment

Note that in this and all following laboratory assignments, the bulletse{i i@dicate items that you
must include in your laboratory.

1. (A simple signal and its statistics) Use the followingsMLAB commands to create a signal:

>> n = 1:50;
>> s sin(2*pi*n/50);

(a) (Plotting a signal with labels) Usgéem to plot the signal. Make sure that you inclde

e The figure itsef.
e An x-axis label and a y-axis label.
e A figure number and a caption that describes the figure.

e The code you used to produce the signal and the figure. This should be included
in an appendix at the end of your reg8rtMake sure you clearly indicate which
problem the code belongs to.

(b) (Calculating signal statistics) Calculate the following statistics over the length of the
signal (i.e., lets; = 1 andny =length(s) ), and include your results in your repbtt
e Maximum value
e Minimum value
e Mean value
e Mean squared value
e RMS value
e Energy

8Note thateveryfigure that you produce in a laboratory for this class must include these things!

90n Windows systems, you can select “Copy Figure” from Edit menu on the figure window to copy the figure to the
clipboard and then paste it into your report. Also, to make your report compact, you should make all figures as small as
possible, while being just large enough that the important features are clearly discernable.There are two ways to shrink plots,
you can shrink them in your lab report document, or you can shrink thgLiB window before copying and pasting.
Shrinking the MaTLAB window is generally preferable because it does not shrink the axis labels. Note, you may need to
specify the appropriate copy option, so that what is in fact copied is the shrunk rather than original version of the plot

10you should includeall MATLAB code that you use in the appendix. However, you do not need to include code that is
built into MATLAB or code that we provide to you.

11IRemember to include the code you used to calculate these in yaurA# appendix.
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(c) (Approximating continuous-time statistics in discrete-time) Supposestisathe result
of sampling a continuous-time signal with a sampling intefa= 1/100 . Use the
discrete-time statistics to estimate the following statistics for the continuous-time signal:
e Signal duration
e Energy
e Average power
e RMS Value

2. (Statistics of real-world signals) Download the féd1 data.mat  from the course web
page. Place it in the present working directory or in a directory on the path, and type

>> |oad labl_data

This file contains two signals which will be loaded into your workspace. You will use the
signalclarinet  2in this problem and in Problem 3. The other sigmahoc, will be used
in Problem 4.

(a) (Plotthe real-world signal) Define the supportvectocfarinet  asl:length(clarinet)
Then, uselot to plot the signatlarinet

e Include the figure (with axis labels, figure number, caption, amdIMB code) in
your report.

(b) (Zoom in on the signal) Zoom in on the signal so that you can see four or five “p&tiods

e Include the zoomed-in figure (with axis labels, figure number, caption, asd M
LAB code) in your report.

(c) (Find the signal’s period) Estimate the “fundamental periodilafinet . Include:

e Your estimate for the discrete-time signal (in samples).
e Your estimate for the original continuous-time signal (in seconds).
(d) (Approximatethe SVD) Use thlest command to estimate the signal value distribution
of clarinet . Use 50 bins.
¢ Include the figure (with axis labels, code, etc.) in your report.
e From the histogram, make an educated guess of the MSV and RMSV. Explain how
you arrived at these guesses.

(e) (Calculate statistics) Calculate the following (discrete-time) statistics over the length of
the signal:
e Mean value
e Energy
e Mean squared value
e RMS value

12This is a one-second recording of a clarinet, recorded at a sampling frequency of 22,050 Hz. To listen to the sound, use
the commandoundsc(clarinet,22050)
13This signal, like all real-world signals, is not exactly periodic; however, it is approximately periodic.
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3. (Looking at and measuring signal distortion) In this problem, we’ll measure the amount of
distortion introduced to a signal by two “systems.” Download the two fabd sysl.m
andlabl _sys2.m . Apply each system to the variabtdarinet using the following

commands:
>> sysl out = labl_sysl(clarinet);
>> sys2 out = labl_sys2(clarinet);

(a) (Examine the effects of the systems) Uidet 14 and MATLAB's zoom capabilities to
display roughly one “period” of:
e Theinput and output débl _sysl on the same figure.
e Theinput and output débl_sys2 on the same figure.
(b) (Describe the effects of the systems) What happens to the signal when it is passed

through these two systems? Look at your plots from the previous section and describe
the effect of:

e labl_sysl.m onclarinet
e labl sys2.m onclarinet
(c) (Measure the distortion) Calculate the RMS error introduced by each system.

e RMS error introduced blabl_sysi1

e RMS error introduced bjabl sys2

e Which system introduces the least error? Is this what you would have expected
from your plots?

4. (Developing an energy detector) In this problem, we will develop a detector that identi-
fies segments of a speech signal in which speech is actually present. Download the files
sig_nosig.m andlabl data.mat (if you haven't already) from the course web page.
The first is a “skeleton” m-file for the signal/no signal detector function. The second contains
a speech signammboc?®, that we will use to test the detector.

(a) (Write the detector function) Following the detector description given in Section 1.2.8,
complete the function isig_nosig.m . Use a threshold of 0.2 and a block size of
512. Verify the operation of your completed function on theoc signal by comparing
its output to that o6ig_nosig_demo.dll 16,

e Include the code for your completed versiors@f_nosig.m  in the appendix of
your lab report.

(b) (Plot the results of your function) Callg_nosig 7 like this:
>> [detection,n] = sig_nosig(mbaoc);

Then, plot the output o$ig_nosig  (using ‘“stairs(n,detection,'k:"; ")
and the signainboc (with plot ) on the same figure.

14Make sure the two signals are easily distinguishable by using different line styles. Also, any time that you plot multiple
signals on a single set of axes, yowstuselegend or some other means to label the signals!

15This signal has also been recorded with a sampling frequency of 22,050 Hz.

16sig _nosig _demo.dll is a completed version of the functionsig _nosig.m . This demo function has be@om-
piled for use on Matlab version 6 on Windows-based systems ONLY.

17If you did not successfully complete this function, you may use the compiled demo function for this part of the assign-
ment.
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e Include this plot in your report.

(c) (Adjusting the threshold) The threshold given above isn’t very good; it causes the detec-
tor to miss significant portions of the signal. Change the threshold until all significantly
visible portions of the signal are properly marked as “speech” by the detector, but the
regions between these portions are marked as “no speech.” (Note thedryootuse
the compiled demo function for this part of the assignment.)

e What threshold did you find?

e Include the figure (like the one you generated in Problem 4b) that displays the output
of your detector with this new threshold.

5. On the front page of your report, please provide an estimate of the average amount of time
spent outside of lab by each member of the group.
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