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1.4 Classification of Signals
1) Continuous-time and discrete-time signals

3
3

ContinuousSignal DiscreteSignal



1.4 Classification of Signals
1) Continuous -time and discrete -time signals

ÅA signal x(t) is said to be a continuous-time signal if it is defined for all time t.

ÅFigure 1.11 represents an example of a continuous-time signal whose 
amplitude or valuevaries continuously with time. 

ÅContinuous-time signals arise naturally when a physicalwaveform such as an 
acoustic wave or a light wave is converted into an electrical signal.

ÅConversion is effected by a transducer; examples include the microphone,
which converts variations in sound pressure into corresponding variations in 
voltage orcurrent, and the photocell, which does the same for variations in 
light intensity.
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Figure 1.11  (p. 17)Continuous-time signal.
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1.4 Classification of Signals
ÅIn contrast, a discrete-time signal is defined only at discrete instants of time. 

ÅThus, theindependent variable has discrete values only

ÅA discrete-time signal is often derived from a continuous-time signal by 
sampling it at a uniformrate. Let Ts denote the sampling period and n denote an 
integer that may assume positiveand negative values. 

ÅThen sampling a continuous-time signal x(t) at time t = nTsyields a sample with 
the value x(nTs). For convenience of presentation, we write

x[n] = x(nTs), n = 0, ±1,±2, (1.1)

ÅConsequently, a discrete-time signal is represented by the sequence of numbers . 
... , x[ -2], x[-1 ], x[0], x[ 1 ], x[2], ȣ , which can take on a continuum of values.

ÅSuch a sequence ofnumbers is referred to as a time series, written as {x[n], n = 
0, ±1, ±2, ȣ }, or simply x[n]. The latter notation is used throughout this book. 
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Figure 1.12 illustrates the relationshipbetween a continuous-time signal x(t) and a
discrete-time signal x[n] derived from it as described by Eq. (1.1).
Here, Symbol t denotes time for a continuous-time signaland symbol n denotes time 
for a discrete-time signal

Figure 1.12  (p. 17)
a) Continuous-time signal x(t). b) Representation of x(t) as a discrete-time signal x[n].
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Convertinga continuous-time signal x(t) into a discrete-time signal x[n] 8



2) Even and odd signals

ÅContinuous-time signal x(t) is said to be an even signal if

x(-t) = x(t) for all t (1-2)

ÅThe signal x(t) is said to be an odd signal if

x(-t) = -x(t) for all t (1.3)

ÅIn other words, even signals are symmetric about the vertical axis, or time 
origin, whereasodd signals are antisymmetric about the time origin. 
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Example 1.1 EVEN AND ODD SIGNALS: Consider the signal

ὼὸ
ÓÉÎ
“ὸ

ὸ
ȟ Ὕ ὸ Ὕ

πȟ ÏÔÈÅÒÖÉÓÅ

Is the signal ὼὸan even or odd function of time t?

Solution: Replacing t with ɀt yields

ὼ ὸ
ίὭὲ ȟ Ὕ ὸ Ὕ

πȟ έὸὬὩὶὺὭίὩ

ίὭὲ ȟ Ὕ ὸ Ὕ

πȟ έὸὬὩὶὺὭίὩ
ὼὸ for 

all t.

Which satisfied Eq. (1.3). Hence ὼὸis an odd signal.
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Conjugate Symmetric Signals

A complex-valued signal x(t) is said to be conjugate symmetric if

ὼ ὸ ὼᶻὸ (1.6)

where the asterisk denotes complex conjugation. 

Let ὼὸ ὥὸ Ὦὦὸ

where a(t) is the real part of x(t), b(t) is the imaginary part, and Ὦ ρ.

Then the complex conjugate of x(t) is
ὼz ὸ ὥὸ Ὦὦὸ

Substituting x(t) and ὼᶻὸinto Eq. (1.6) yields
ὥ ὸ Ὦὦὸ ὥὸ Ὦὦὸ

Equating the real part on the left with that on the right, and similarly for the 
imaginary parts, we find that ὥ ὸ ὥὸand ὦ ὸ ὦὸ

It follows that a complex-valued signal ὼὸis conjugate symmetric if its real part is 
even and its imaginary part is odd. (similar remark applies to a discrete-time signal) 13



Fundamental Frequency / Fundamental Period of 
Continuous Time Signals

To identify the period T, the frequency Ὢ ρȾὝor the angular frequency 

ύ ς“Ὢς“ȾὝ

of a given sinusoidal or complex exponential signal, it is always helpful to write 
it in any of the following forms

ÓÉÎύὸ ÓÉÎς“ὪὸÓÉÎς“ὸȾὝ)

The fundamental frequency of a signal is the Greatest Common Divisor (GCD) 
of all the frequency components contained in a signal 

and equivalently, 

the fundamental period is the Least Common Multiple (LCM) of all individual 
periods of the components.
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Fundamental Period of Discrete Time Signals

For a discrete complex exponential ὼὲ Ὡ to be periodic with period N, 
it has tosatisfy

Ὡ Ὡ ȟ ὭȢὩȢ Ὡ Ὡ ρ

that is, ύὔhas tobe a multiple of  ς“ᵼ ύὔ ς“Ὧᵼ ὯȾὔ

As k is an integer, ύȾς“has tobe a rational number (a ratio of two integers). 
In order for the period ὔ Ὧς“Ⱦύ to be the fundamental period, k has tobe 
the smallest integer that makes N an integer. 

The fundamental angular frequency is then: 

ύ ς“Ⱦὔ ύȾὯ

The original signal can now be written as:

ὼὲ Ὡ Ὡ Ὡ Ⱦ 15
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Figure 1.13  (p. 20)
(a) One example of continuous-time signal. 
(b) Another example of a continuous-time signal.
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Figure 1.14  (p. 21)
(a) Square wave with amplitude A = 1 and period T = 0.2s. 
(b) Rectangular pulse of amplitude A and duration T1.
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Figure 1.15  (p. 21)
Triangular wave alternative between ɀ1 and +1 for Problem 1.3. 
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Figure 1.16  (p. 22)
Discrete-time square wave 
alternative between ɀ1 and +1. 

Two examples of discrete-time signals are shown in Figs. 1.16 and 1.17; the 
signal ofFig. 1.16 is periodic, whereas that of Fig. 1.17 is nonperiodic.

Figure 1.17  (p. 22)
Aperiodic discrete-time signal 
consisting of three nonzero samples.
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4. Deterministic signals and random signals
ÅA deterministic signal is a signal about which there is no uncertainty with 

respect to its value at any time. Deterministic signals may be modeled as 
completely specified functions of time

ÅEx. Square wave in Fig. 1.13 and rectangular pulse in Fig. 1.14 are deterministic

23

Figure 1.14  (p. 21)
(a) Square wave with amplitude A = 1 and period T = 0.2s. 
(b) Rectangular pulse of amplitude A and duration T1.



4. Deterministic signals and random signals
ÅThere is always uncertainty before 

random signals occurs. 
ÅElectrical noise generated in a radio 

or television receiver amplifier is an 
example of a random signal. 
VIts amplitude fluctuates between 

positive and negative values in a 
completely random fashion.

ÅAnother example of a random signal 
is the signal received in radio comm. 
ÅThis signal consists of 
V an information-bearing 

component, 
V an interference component 
V and electrical noise generated at 

front end of radio receiver. 24

RF Signal-Based UAV Detection and Mode Classification
https://www.mdpi.com/1099 -4300/23/12/1678

https://www.mdpi.com/1099-4300/23/12/1678
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https://soterixmedical.co
m/research/ mobile-eeg

https://www.researchgate.net/publication/3
09291466_Complexity_of_resting-
state_EEG_activity_in_the_patients_with_early
-stage_Parkinson%27s_disease/figures?lo=1

Electroencephalogram (EEG) 
signal examples of human brain.

https://soterixmedical.com/research/mobile-eeg
https://soterixmedical.com/research/mobile-eeg
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https://www.researchgate.net/publication/309291466_Complexity_of_resting-state_EEG_activity_in_the_patients_with_early-stage_Parkinson%27s_disease/figures?lo=1
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Yet other examples of random signals are the EEG & ECG signals waveforms of a rat.

https://europepmc.org/article/med/29443088

https://europepmc.org/article/med/29443088


Figure 1.9  (repeated for convenience)
The traces shown in (a), (b), and (c) are three examples of EEG signals 
recorded from the hippocampus of a rat.  Neurobiological studies suggest that 
the hippocampus plays a key role in certain aspects of learning and memory. 27

Yet another example of a random signal is the EEG signal waveforms in Fig. 1.9.



5. Energy signals and Power Signals

ÅIn electrical systems, a signal may represent a voltage or a current. 

ÅConsider a voltage v(t) developed across a resistor R, producing a current i(t) 

ÅThe instantaneous power dissipated in this resistor is defined by

ὴὸ ὙὭὸ (1.12, 1.13)

ÅIn signal analysis, power is defined across a 1-ohm resistor, so, we may 
express the instantaneous power of the signal as

ὴὸ ὼ ὸ (1.14)

Åwe define the total energy of the continuous-time signal x(t) as

(1.15)

28



5. Energy signals and Power Signals

Åand time-averaged power of a periodic signal x(t) of fundamental period T is 
given by

ὖ ÌÉÍ
ᴼ

᷿ ὼ ὸὨὸ ᷿ ὼ ὸὨὸ (1.17)

ÅSquare root of average power P is called the roof mean-square (rms) value of 
the periodic signal x(t).

ÅIn the case of a discrete-time signal x[n], integrals in Eqs. (1.15) and (1.16) 
are replaced by corresponding sums. 
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5. Energy signals and Power Signals

ÅThus, the total energy of x[n]is defined by

Ὁ В ὼ ὲ (1.18)

ÅAnd its average power is defined by

ὖ ÌÉÍ
ᴼ

В ὼ ὲ (1.19)

ÅFrom Eq. (1.19), the average power in a periodic signal x[n]with 
fundamental period N is given by

ὖ В ὼ ὲ (1.20)
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5. Energy signals and Power Signals

ÅA signal is referred to as an energy signal if and only if the total energy of the 
signal satisfies the condition

0 < E Ѓ Њ

ÅThe signal is referred to as a power signal if and only if the average power of 
the signal satisfies the condition

0 < P Ѓ Њ

ÅThe energy and power classifications of signals are mutually exclusive. In 
particular an energy signal has zero time-averaged power, whereas a power 
signal has infinite energy. 

ÅPeriodic signals and random signals are power signals, whereas 
deterministic and nonperiodic signals are energy signals

31



5. Energy signals 
and Power Signals
Problem 1.6: 

(a) What is the total energy of the 
rectangular pulse shown in Fig. 
1.14(b)?

(b) What is the average power of 
the square wave shown in Fig. 
1.14(a)?

Answers; (a) A2T1 (b) 1.

Problem 1.7 

Determine the average power of 
the triangular wave shown in Fig. 
1.15.

Answer: 1/3
32



5. Energy signals and Power Signals
Problem 1.8
Determine the total 
energy of the discrete-
time signal shown in 
Fig. 1.17.
Answer: 34

Problem 1.9
Categorize each of the 
following signals as an 
energy signal or a power
signal, and find the 
energy or time-averaged 
power of the signal:

33



1.5 Basic Operations on Signals
ÅTwo classes of operations on signals are 

Åoperations performed on dependent variables and 

Åoperations performed on independent variables

Amplitude scaling

Let x(t) denote a continuous-time signal. Then the signal y(t) resulting from 
amplitude scaling applied to x(t) is defined by

y(t) = cx(t) (1.21)

Åwhere c is the scaling factor. 

ÅDevice that performs amplitude scaling are electronic amplifier and resistor.

ÅIn a manner similar to Eq. (1.21), for discrete-time signals, we write
ώὲ ὧὼὲ
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1.5 Basic Operations on Signals
Addition

ÅLet x1(t) and x2(t) denote a pair of continuous-time signals. Then the signaly(t) 
obtained by the addition of x1(t) and x2(t) is defined by

y(t) = x1(t)+ x2(t) (1.22)

ÅExampledevice that adds signals is an audio mixer (combines musicand voice)

ÅFor discrete-time signals, we have

y[n] = x1[n]+ x2[n]

Multiplication

ÅThemultiplication of a pair of continuous-time signals x1(t) and x2(t) 

y(t) = x1(t)x2(t) (1.23)

ÅExampleof y(t) is an AM radio signal

ÅFor discrete-time signals, we writey[n] = x1[n]x2[n]
35



Figure 1.18  (p. 26)
Inductor with current 
i(t), inducing voltage 
v(t) across its 
terminals. 

Differentiation . 
Å Let x(t) denote a continuous-time signal. Then the 

derivative of x(t) with respect to time is defined by

ώὸ ὼὸ (1.24)

Example: An inductor performs differentiation. 

Let i(t) denote the current flowing through an inductor of 
inductance L, as shown in Fig. 1.18. Then the voltage v(t) 
developedacross the inductor is defined by

ὺὸ ὒ Ὥὸ (1.25)

1.5 Basic Operations on Signals
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Figure 1.19  (p. 27)
Capacitor with 
voltage v(t) across 
its terminals, 
inducing current 
i(t). 

1.5 Basic Operations on Signals

Integration

ÅLet x(t) denote a continuous-time signal. Then the 
integral of x(t) with respect to time t is defined by

ώὸ ᷿ ὼ†Ὠt (1.26)

ÅA Capacitor performs integration. 

ÅLet i(t) denote the current flowing through a capacitor of 
capacitance C, as shown in Fig. 1.19. Thenthe voltage 
v(t) developed across the capacitor is defined by

ὺὸ ᷿ ὭtὨt (1.27)
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1.5.2 Operations Performed on the Independent Variable
Time scaling

ÅLet x(t) denote a continuous-time signal. Then the signal y(t) obtained by
scaling the independent variable, time t, by a factor a is defined by

y(t) = x(at)

ÅCompressed(a > 1), expanded (0 < a < 1) version of x(t) shown in Fig. 1.20

ÅIn the discrete-time case, we writey[n] = x[kn], k > 0,

Figure 1.20  (p. 27) : Time-scaling operation; (a) continuous-time signal x(t), (b) version of 
x(t) compressed by a factor of 2, and (c) version of x(t) expanded by a factor of 2.
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Figure 1.21  (p. 28)
Effect of time scaling on a discrete-time signal: (a) discrete-time signal x[n] and (b) version 
of x[n] compressed by a factor of 2, with some values of the original x[n] lost as a result of 
the compression.

Å y[n] = x[kn] is defined only for integer values of k. If k > 1, then some values 
of the discrete-time signal y[n] are lost, as illustrated in Fig. 1.21 for k = 2

Å The samples x[n] for n = ± 1, ±3, . . . are lost because putting k = 2 in x[kn] 
causes these samples to be skipped.

1.5.2 Operations Performed on the Independent Variable
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1.5.2 Operations Performed on the Independent Variable
Reflection
ÅLet x(t) denote a continuous-time signal. Let y(t) denote the signal obtainedby 

replacing time t with -t; that is,
y(t) = x(-t)

ÅThe signal y(t) represents a reflected version of x(t) about t = 0.
ÅFor even signals, where x(t) = x(t) for all t; signal issame as its reflected version
ÅFor odd signals, where x(-t) = -x(t) for all t; signal isnegative of its reflection

Figure 1.22  (p. 28)
Operation of reflection: (a) continuous-time signal x(t) and (b) reflected version of x(t) about the origin. 
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Time shifting

ÅLet x(t) be a continuous-time signal. Its time-shifted version is defined by

y(t) = x(t - to)

Åwhere to is the time shift. If to > 0, the waveform of y(t) is obtained by shifting x(t) 
right, relative to the time axis. If to < 0, x(t) is shifted to the left

ÅIn the case of a discrete-time signal x[n], time-shifted version is

y[n] = x[n - m]

Åwhere the shift m must be a positive or negative integer.

1.5.2 Operations Performed on the Independent Variable

Figure 1.23  (p. 29)
Time-shifting operation: (a) continuous-time 
signal in the form of a rectangular pulse of 
amplitude 1.0 and duration 1.0, symmetric about 
the origin; and (b) time-shifted version of x(t) by 
2 time shifts. 
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1.5.3 Precedence Rule for Time Shifting and Time Scaling

ÅLet y(t) denote a continuous-time signal derived from another 
continuous-time signalx(t) through a combination of time shifting and 
time scaling; 

y(t) = x(at - b) (1.28)

ÅThis relation between y(t) and x(t) satisfies the conditionsand

y(o) = x(-b) (1.29)

and

ώ ὼπ (1.30)

Åwhich provide useful checks on y(t) in terms of corresponding values of 
x(t)
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Figure 1.24  (p. 31)
The proper order in which the operations of time scaling and time shifting should be 
applied in the case of the continuous-time signal of Example 1.5. 
(a) Rectangular pulse x(t) of amplitude 1.0 and duration 2.0, symmetric about origin  
(b) Intermediate pulse v(t), representing a time-shifted version of x(t). 
(c) Desired signal y(t), resulting from the compression of v(t) by a factor of 2.
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Figure 1.25 (p. 31)
The incorrect way of applying the precedence rule.  
(a) Signal x(t). 
(b) Time-scaled signal v(t) = x(2t). 
(c) Signal y(t) obtained by shifting v(t) = x(2t) by 3 time units, which yields y(t) 
= x(2( t + 3)).

49



Problem 1.14 
A triangular pulse signal x(t) is 
depicted in Fig.1.26. Sketch each of
the following signals derived from 
x(t):
(a) x(3t) (d) x(2( t + 2))
(b) x(3t + 2) (e) x(2( t - 2))
(c) x(-2t - 1) (f) x(3t) + x(3t + 2)

Figure 1.26  (p. 32)
Triangular pulse for Problem 1.14. 50
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Example 1.6: Precedence Rule for Discrete-Time Signal. 

A discrete-time signal is defined by

Find y[n]= x[2n + 3]

Solution: 

The signal x[n] is displayed in Fig. 1.27(a). Time shifting x[n] to the left by 3
yields the intermediate signal v[n] shown in Fig. 1.27(b). Finally, scaling n in 
v[n] by 2, weobtain the solution y[n] shown in Fig. 1.27(c).

Note that as a result of the compression performed in going from v[n] to y[n] = 
v[2n], the nonzero samples of v[n] at n = -5 and n = -1 (i.e., thosecontained in 
the original signal at n = -2 and n = 2) are lost.
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Figure 1.27  (p. 33)
The proper order of applying the operations of time scaling and time shifting for the case of a discrete-time 
signal. (a) Discrete-time signal x[n], antisymmetric about the origin. (b) Intermediate signal v(n) obtained by 
shifting x[n] to the left by 3 samples. (c) Discrete-time signal y[n] resulting from the compression of v[n] by a 
factor of 2, as a result of which two samples of the original x[n], located at n = ɀ2, +2, are lost.
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1 .6 Elementary Signals
ÅThesesignals are exponential and sinusoidal signals, the step function, the 

impulse function and the ramp function, all of which serve as building blocks 
for the construction of morecomplex signals. 

ÅThey are also important in their own right, in that they may be used tomodel 
many physical signals that occur in nature. 

1.6. Exponential Signals

ÅA real exponential signalis written as

x(t)=Beat (1.31)

ÅTheamplitude B and a are real parameters. 

Decaying exponential, for which a < 0, Growing exponential, for which a > 0

ÅAs illustrated in Fig. 1.28. 
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Figure 1.28  (p. 34) (a) Decaying exponential form of continuous-time signal. 
(b) Growing exponential form of continuous-time signal.Part (a) of the figure
was generated using a = -6 and B = 5. Part (b) of figure was generated using a = 
5, B = 1. If a = 0, signal x(t) reduces to a dc signal of amplitude B.

Ὡ Ὡ
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Figure 1.29  (p. 35)
Lossy capacitor, with the 
loss represented by shunt 
resistance R. 

From the figure, the operation of the capacitor for tІ πis 
described by

ὺὸ ὺὸ (1.32)

where v(t) is voltage measured across capacitor at time t.

In discrete time,a real exponential signal is
x[n] = Brn (1.34)

The exponential nature of this signal is
r = ea

for some a
Fig. 1.30 showsdecaying and growing forms of discrete-
time exponential signal corresponding to 0<r <1 and r>1, 

When r < 0, the discrete-time exponential signal x[n] 
assumes alternating signs for then rn is positive for n even 
and negative for n odd.

56



Figure 1.30  (p. 35)
(a) Decaying exponential form of discrete-time signal. (b) Growing exponential 
form of discrete-time signal. 

ÅThe exponential signals shown in Figs. 1.28 and 1.30 are all real valued. 

ÅThe mathematical forms of complexexponential signals areὩ andὩ

ὩὩ
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Asin(2pft + f) Acos(2pft + f)

ÃÏÓς“Ὢὸ ÓÉÎς“Ὢὸ,   Frequency Ὢ ρȾὝHz,    Ὕ ς“sec

1.6.2 Sinusoidal Signals
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1.6.2 Sinusoidal Signals
ÅThe continuous-time version of a sinusoidal signalmay be written as

x(t) = A cos(wt + f), (1.35)

Åwhere A is the amplitude, w is the frequency in radians per second, and 
fis the phase anglein radians as shown in Figure 1.31

ÅThe period of the sinusoid isὝ and the signalx(t) = x(t+T)

Figure 1.31  (p. 36)
(a) Sinusoidal signal A cos(ʖÔ+ ɮ) with

amplitude A = 4, phase ɮ= -p/6 radians 
(b) Sinusoidal signal A sin (ʖÔ+ ɮ) with 

amplitude A = 4, phase ɮ= +p/6 radians
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Figure 1.32  (p. 37)
Parallel LCcircuit, assuming that the 
inductor L and capacitor Care both ideal 

1.6.2 Sinusoidal Signals
ÅIn  Figure 1.32, the voltage across the capacitor at time t = 0 is equal to V0 . The 

operation of thecircuit for t І π ÉÓ ÄÅÓÃÒÉÂÅÄ ÂÙ

ὺὸ ὠÃÏÓύὸȟ ὸ πȟ (1.36)

Åv(t) is voltage across capacitor at time t, C is capacitance and L is the inductance

ÅSolving(1.36) we get

v(t) = V0 cos(w0t), t І π (1.37)

where ύ (1.38)
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1.6.2 Sinusoidal Signals
ÅThe discrete-time version of a sinusoidal signalis

x[n] = Acos(Wn +f) (1.39)

ÅThis discrete-time signal is periodicwith a periodN samplesif it satisfiesEq. (1.10) for all 
integer n and some integer N given by

x[n+N] = Acos(Wn +WN +f)

Åprovided thatWN = 2pm radians where m and n are integers,as shown in Fig.1.33

Figure 1.33  (p. 38)
Discrete-time sinusoidal signal given 
by (1.39) for A=1, f= 0, and N = 12
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1 .6.3 Relation Between Sinusoidal and Complex Exponential Signals

ÅThe complex exponential Ὡ may be 
expanded as

Ὡ ÃÏÓ— ὮÓÉÎ— (1.41)

ÅIf the signal is ὃὩ Ὡ then the Eurelrs
expansion will give us

ὃὩ Ὡ ὃὧέίύὸ ‰ ὮίὭὲύὸ ‰

The real part being 

ὙὩὃὩ Ὡ ὃὧέίύὸ ‰

And the imaginary part

ὍάὃὩ Ὡ ὃίὭὲύὸ ‰
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1 .6.3 Relation Between Sinusoidal and Complex Exponential Signals

ÅIn the discrete-time case, we may 
write

Acos(Wn + f) = Re{BejWn} (1.46)

and

Asin(Wn + f) = Im{BejWn} (1.47)

Figure 1.34  (p. 41)
Complex plane, showing eight points 
uniformly distributed on the unit circle
whereW= p/ 4 and n = 0, 1, . .. , 7
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1.6.4 Exponentially Damped Sinusoidal Signals
ÅMultiplication of sinusoidal signal by real-valued decaying exponential signal 

results in a new signal calledexponentially damped sinusoidal signal

x(t) = A ejat sin( wt + f)   a> 0    (1.48)

Å..

Figure 1.35  (p. 41)
Exponentially damped sinusoidal signal 

Ae-at sin(ʖÔ), 

with A = 60 and ɻ= 6
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1.6.4 Exponentially Damped Sinusoidal Signals
ÅAn exponentially damped sinusoidal signalis shown in Fig.1.36where a 

capacitor of capacitance C, an inductor of inductanceL, and a resistor of 
resistance R

ÅThevoltage developed acrossthe capacitor at time t = 0 is

(1.50)

where

ÅDiscrete-time version ofexponentially damped sinusoidal signal of (1.48) by

x[n]= Brn sin( Wn + f), (1.52)
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Figure 1.36  (p. 42) : Parallel LRC,circuit, with inductor 
L, capacitor C, and resistor Rall assumed to be ideal. 
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1.6.5 Step Function

ÅThe discrete-time version of the unit-step function in Fig. 1.37 is defined by

όὲ
ρ ὲ π
π ὲ π

(1.53)
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1.6.5 Step Function

ÅThe continous-time version of the unit-step function in Fig. 1.38 is defined by

όὸ
ρ ὸ π
π ὸ π

(1.54)

Figure 1.38  (p. 44)
Continuous-time version of the unit-step function of unit amplitude.
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Example 1.8 Rectangular Pulse
ÅConsider the rectangular pulse x(t) shown inFig.1.39(a). This pulse has an 

amplitude A and duration of 1 second. Express x(t) as aweighted sum of two 
step functions.

ÅSolution: The rectangular pulse x(t) may be written in mathematical terms as

ὼὸ
ὃ π ὸ πȢυ
π ὸ πȢυ

(1.55)

ÅThe rectangular pulse x(t) is represented as thedifference of two time-shifted 
step functions, x1(t) and x2(t), as in Fig.1.39(b) and (c). x(t) can then be 
expressedas

ὼὸ ὃόὸ ὃόὸ (1.56)
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Figure 1.39  (p. 44)
(a) Rectangular pulse x(t) of amplitude A and duration of 1 s, symmetric about 
the origin. (b) Representation of x(t) as the difference of two step functions of 
amplitude A, with one step function shifted to the left by ½ and the other 
shifted to the right by ½; the two shifted signals are denoted by x1(t) and x2(t), 
respectively.  Note that x(t) = x1(t) ɀx2(t).
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Figure 1.40  (p. 45)
(a) Series RC circuit with a switch that is closed at time t = 0, thereby 
energizing the voltage source. (b) Equivalent circuit, using a step function to 
replace the action of the switch.
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1.6.6 Impulse Function
ÅThe discrete-time version of the unit impulse is defined by

ὲ‏
ρȟὲ π
πȟὲ π

(1.58)

ÅAs shown in Fig.1.41. Thecontinous version

ὸ‏ π Ὢέὶὸ π (1.59)

and

᷿ ὸὨὸρ‏ (1.60)

The impulse ‏ὸis alsoreferred to as 

the Dirac delta function.

ÅSeevisualization in Fig.1.42
Figure 1.41  (p. 46) : Discrete-time 
form of impulse.
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Figure 1.42  (p. 46)
(a) Evolution of a rectangular pulse of unit area into an impulse of unit strength 

(i.e., unit impulse). 
(b) Graphical symbol for unit impulse. 
(c) Representation of an impulse of strength a that results from allowing the 
ÄÕÒÁÔÉÏÎ ɝ ÏÆ Á ÒÅÃÔÁÎÇÕÌÁÒ ÐÕÌÓÅ ÏÆ ÁÒÅÁ a to approach zero.
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ὸand‏ u(t) are related to eachother by

ὸ‏ όὸ (1.62)

and όὸ ᷿ †Ὠ†‏ (1.63)

Also‏ ὸ ὸ. The‏ time shifting property of ‏ὸfunction

᷿ ὼὸ‏ὸ ὸὨὸ ὼὸ (1.65)

And also

ὥὸ‏ ὸ‏ ὥ π (1.66)Figure 1.44  (p. 48)
Steps involved in proving time-
scaling property of unit impulse. 
(a) Rectangular pulse xɝ(t) of 
ÁÍÐÌÉÔÕÄÅ ρȾɝ ÁÎÄ ÄÕÒÁÔÉÏÎ ɝȟ 
symmetric about the origin. 
(b) Pulse xɝ(t) compressed by 
factor a. 
(c) Amp. scaling of compressed 
pulse, restoring it to unit area.
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