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ABSTRACT

This thesis considers the problem of detecting known narrowband
signals transmitted over random dispersive channels and received in addi-
tive white Gaussian noise. Methods for calculating error probabilities
and performance comparisons between optimum snd suboptimmm receivers are
presented for doppler-spread, delay-spread, and doubly-spread channels.

The doppler-spread channel is assumed to have a finite state-
variable representation. Asymptotic expressions for the error probabili-
ties of suboptimum receivers are derived in terms of the semi-invariant
moment-generating functions of the receiver decision statistic. The per-
formance of two suboptimum receivers, a filter-squarer-integrator and a
sampled correlator followed by square-law detection, come within one or
two dB of the optimum receiver performance in a number of examples.

The delay-spread channel is related to the doppler-spread model
by time-frequency duslity.. Two suboptimum receiver structures are sug-
gested for the delsy-spread channel: a two-filter radiometer, and a bank
of delayed replica correlators followed by square-law detection. A di-
rect method for finding the performance of the optimmum and these subopti-
mum receivers is given which is convenient for transmitted signals and
scattering distributions with finite durations. The suboptimm receiver
performance is shown to be close to optimmm in seversl examples.

A distributed-parameter state-varigble model is given for the
doubly-spread channel. It is a linear distributed system whose dynamics
are described by partial differential equations and whose input is a dis-
tributed, temporally white noise. The model is specialized to the case
of stationary, uncorrelated scattering, and the class of scattering func-
tions which can be described by the model are given. The realizable
minimim mean-square error estimator for the distributed state vector in
the channel model is used to construct a realizable optimum detector. A
by-product of the estimgtor structure is a partial differential equation



for the estimation error covariance matrix, which is necessary for the
caleulation of the error probabilities.

A modal technique for solving the estimator and error covariance
equations of the distributed doubly-spread channel model is given. It
reduces the distributed model to a finite state system. This approxi-
mate model is compared with a tapped delay line model for the channel.
The performance of the optimum receiver is computed for an example. The
technique for finding the optimum receiver error probabilities is use-
ful for arbitrary signals and energy-to-noise ratios, and for a large
class of doubly-spread channel scattering functions.

Finally, several suboptimum receivers for the doubly-spread chan-
nel are considered. It is shown that their performance can be found by
the methods used to obtain the optimum receiver performance.
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TITIE: Associate Professor of Electrical Engineering
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CHAPTER 1

INTRODUCTION

An appropriate model for many detection and communication
problems is one that describes the received waveform as the sum of a
signal term which is a Gaussian random process and a noise term which
is also Gaussian. For example, in sonar and radar detection a known
signal is transmitted and may be reflected by a target. If the target
is not a point reflector of constant intensity, the received waveform
can be characterized as a random process with properties that are related
to the transmitted signal and the target scattering mechanism. Signals
received after transmission over certain communication channels often
exhibit a similar random behavior. Such channels include underwater
acoustic paths, orbiting dipole belts, chaff clouds, and the tropo-
sphere. The Gaussian signal in Gaussian noise model is also appli-
cable in many situations which do not involve the initial transmission
of a known waveform: passive acoustic detection of submarines, the
discrimination between various types cf seismic disturbances, or the
detection of extraterrestial radio sources.

The optimum reception of Gaussian signals in Gaussian noise
has received considerable attention [1-8]. Van Trees [8] contains
a thorough discussion of optimum receivers, their realization, and
performance evaluation for a wide class of Gaussian signal in Gaussian
noise detection problems. A familiarity with these results is assumed

here.



The detection problem which is considered in the sequel is
formulated as a binary hypothesis test. With r(t) denoting the re-

ceived waveform, the two hypotheses are

i

Hl: r(t) sl(t) + w(t),

HO: r(t) so(t) + w(t),

The observation interval is [To,Tf] and the signals Sk(t) are sample
functions of zero-mean, narrowband Gaussian random processes. That is,

the sp(t) can be written in terms of their complex amplitudes as

Juw, t
s, () = /7 kel8, (t) e k=01 (1.2)

with covariance functions

E[s, (D)3 W] = ¥y (£,0)
: k

(1.3)

I
o

RS, (D)3, (W] =

n jw, (t=u)
Els(t)s(u)] = X (t,u) = Re[kKv (t,u)e ] (1.4)
Sy S,

The superscript indicates complex conjugation and E[.] expectation.
Details of the representation of complex random processes are contained
in Van Trees [8,15].

The additive noise w(t) in (1.1) is assumed to be a sample
function from a zero-mean, white Gaussian random process. In terms of
complex amplitudes

jw, t
w(t) = VZ Relw (t) e Ky, k=o0,1 (1.5)
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E[?vk(c)%’vz(u)] N_6 (t-u)

(1.6)

]
o

E[w, (£)v, ()]

Y
The subscript k in %k(t) indicates that the lowpass processes Wk(t)
are different if the w, are not identical. When the w, are the same
or when the meaning is clear, the subscript will be dropped. The

received waveform r(t) may be expressed as

wkt

|
r(t) = /z‘Re[':?k(t)e 1, k=0,1 (1.7)

?énfk(c,u) - E[%k(t)“%i(u)] - ?(";k(t,u) + N6 (£-u) (1.8)

The detection problem of (2.1) may now be restated in terms of complex

processes

le 'il'l(t) = qs'l(t) + 'vle(t)

H: ¥0(t) 'Eo(t) + %O(t)

A special case of the binary detection problem of (1.9)
occurs when H0 is taken to be the absence of the signal. Then the

carrier frequencies are identical and the problem is one of deciding

between

Hl: ’f~(t) = ’;(t) + 'v\é(t)

Ho: Y(t) = w(t)
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The hypothesis test of (1.10) will be called the simple binary detection
problem.

A communication problem that also receives attention in the
sequel involves the reception of one of il equally likely, narrowband
Gaussian random processes, sk(t), in white Gaussian noise. It will
be assumed that the zero-mean Sk(t) are sufficiently separated in
carrier frequency to ensure that they are essentially orthogonal.
Furthermore, the covariance functions of the sk(t) differ only in carrier
frequency.

jwk(t—u)
K, (6,u) = Re [Ky(c,u) e T, ko=1,...,M (1.11)
k
The receiver decides at which one of the M carrier frequencies a signal

is present. In complex notation there are ! hypotheses
N N \
Hk: rk(t) = sk(t) + wk(t) s k= 1,040,M (1.12)

This will be called the li-ary symmetric, orthogonal communication
problem. Note that when M = 2, the formulation of (1.12) is the same
as the problem of (1.9) when the model of (1.9) has identical covari-
ance functions, %; (t,u), and widely separated carrier frequencies.

The optimum receivers for the detection and communication
problems presented above are well known [1-8]. For a large class of
criteria both receivers compare the likelihood ratio to a threshold.
Both receivers utilize the statistics

T
f f % ~ 3y S
j rk(t)hku(t,u)rk(u)dtdu (1.13)
o lo

=

.-

l
iv— ]
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v
The complex impulse responses hyu(t,u) are solutions to the integral

equations
N Tf Y v %
Nohy, (Esu) + / Ky (€0 Gouydx = ®y (t,u), T < t,u < Ty
T  “k k
o
(1.14)

Figure 1.1 show the optimum receiver for the binary detection problem
of (1.9) as an unrealizable estimator-correlator; the block ILPF
denotes an ideal lowpass filter. Figure 1.2 shows the optimum re-
ceiver for the M-ary communication problem of (1.12).

Several other realizations of the operations which generate

the statistics Rk are possible. If gku(t,u) in (1.13) is factored [8]

T
f
v vk Qv
hku(t’u) = { gk(x,t)gk(x,u)dx, Io < t,u i_Tf (1.15)
o
then (1.13) becomes
Tf Tf . . 2
L, = f f g, (x,u)r, (u)du dx (1.16)
k T T k k
o o

The resulting structure, shown in Figure 1.3, will be called a filter-

~

. v . s
squarer-integrator branch. Whenever Skr(t)’ the minimum-mean-square-

v
error realizable estimate of the signal sk(t), is available, the Rk

can be generated as shown in Figure 1.4 [8-10]. The realizable filter
'k"(t)rd th ti 'th'\'t
4 p(t,u) produces the estimate Skr( ) from rk( ).

In order to find the configurations of Tigures 1.1 - 1.3,

one of the integral equations (1.14) or (1.15) must be solved. In
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Figure 1.1. Complex representation of the estimator-correlator version of the optimum

receiver for detecting Gaussian signals in white Gaussian noise.
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general this is difficult. Several special cases which have solutions
arise when the covariance functions tg (t,u) satisfy a "low-energy-

k
coherence' condition [2,7,8], or are separable [8], or when the gk(t)
are stationary and the observation interval is long [8]. The structure
of Figure 1.4 can be realized for a considerably wider class of prob-
lems: whenever the processes ;k(t) have finite state representations
[8,15,20].

Several measures of the performance of the optimum receiver
for the binary detection problem of (1.l) have seen use [2,11,12].

A popular one is the output 'signal-to-noise' ratio of the detector,
but it is strictly valid only under low-energy-coherence conditions
[2,7]. Collins [13,14] has derived asymptotic expressions for the
detection error probabilities, Pr(e{Hl) and Pr(e]HO), for the optimum
receiver in the general case. His method involves the use of tilted
probability distributions, and the error probabilities are given in
terms of the moment-generating function of the likelihood ratio. This
function can be found for the special cases of low-energy-coherence,
separable kernels, or stationary processes-long dbservation. When
the gk(t) have state-variable representations, the moment-generating
functions can also be conveniently computed.

For the M-ary symmetric, orthogonal communication problem
of (1.12), the probability of error of the optimum receiver is not
known. Kennedy [6] has derived bounds on Pr(e) which also involve
moment-generating functions of the decision statistics Qk. Vhen i = 2
the asymptotic expressions for the error probabilities in the detection

problem can be applied to evaluate Pr(¢) for the communication case.



A special case of the Gaussian signal in Gaussian noise model
which is treated in detail in this thesis arises when a known wave-
form is transmitted over a ''dispersive' or 'spread" channel [2,6,8,16,
17}. The transmitted signal is

jmkt
£.() =2 Re[f, (t)e “ ], OstxT (1.17)

An appropriate physical model for the channel is a collection of
moving point scatterers which reflect the transmitted signal. The
portion of the receivea signal due to fk(t) is then modeled as a
random process. It is convenient to classify this type of dispersive
channel by its effect on the transmitted signal as doppler-spread,
delay-spread, or doubly-spread.

The doppler-spread channel arises when the moving scatterers
are distributed over a region of space which is small, in units of
propagation time, compared to the duration of fk(t). As a.result the
amplitudes of the quadrature components of the reflected fk(t) vary
randomly with time. The complex amplitude of the scattered return

can be modeled as [8]

ny N \
5, () = T (©)y®) (1.18)

N
where y(t) is a complex Gaussian random process. The multiplicative
disturbance in (1.18) causes sk(t) to exhibit time-selective fading;
in the frequency domain this appears as a broadening of the spectrum

of fk(t). The doppler spread channel is also referred to as a fluc-
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tuating point target model.

When the scatterers are moving at a rate which is small com-
pared with 1/T, but have a spatial distribution in units of propagation
time which is significant compared to T, the result is the delay-
spread channel. Here each scattering element returns fk(t) with a
random phase and amplitude which do not vary with time. Mathematically,
the total return is given by

Y

5.0 = [ ?k(t — M) ()dA (1.18)

where ;(A) is a complex Gaussian random process. Equation (1.18) indi-
cates that the duration of sk(t) exceeds that of fk(t); Sk(t) also
exhibits frequency-selective fading. The delay-spread channel is
also called a deep or extended target model.

A combination of the effects which produce the doppler- and
delay-spread models results in the doubly-spread channel model. Here
each spatial element of the moving scatterer distribution acts as

a point fluctuating target. The integrated return is
r\J 0o
s (8) = f ¥k(c - DT O, ) (1.19)

where ;(A,t) is a two parameter, complex Gaussian random process. The
received signal exhibits both time-~ and frequency-selective fading in

this case; both the duration and bandwidth of fk(t) are increased. The
doubly-spread channel is also termed the deep fluctuating target model.

Construction of optimum receivers and evaluation of their



performance for detection or communication with the spread channel
model above is feasible in certain situations. Price [1,2,7] has
considered this problem in detail when a low-energy-coherence condition
prevails. Stated briefly, this condition requires the eigenvalues of
the kernel kg (t,u) all to be much smaller than the additive white

k
noise spectral density, No. Physically, this means that no time
interval over which gk(t) is significantly correlated can contain an
appreciable portion of the total average received signal energy. In
this case, optimum receiver structures and performance expressions are
available. However, the most comnprehensive treatment of the Gaussian
signal in Gaussian noise problem is possible only with the state-
variable techniques outlined above. For the case of the transmission
of known signals over dispersive channels only the doppler-spread
model can be solved in general, since it is possible to specify a
state-variable model for the multiplicative fading process ?(t) and
hence for gk(t).

A considerable protion of this thesis is devoted to the
derivation and discussion of techniques for specifying the optimunm:
receivers for delay-spread and doubly-spread channels, and for eval-
uvating their performance. These methods involve distributed-para-
meter state-variable representations for random processes. Lvaluation
of the moment-generating functions of the optimum receiver decision
statistic allows the calculation of the appropriate error probabilities.

Of the optimum receiver structures in Figures 1.1 - 1.4, the

filter-squarer-integrator of Figure 1.3 is the easiest to implement

from a practical point of view. However, the solution of (1.15) is not
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knovn except in a few special cases. The filter-squarer~integrator
receiver may still he used with a different filter, although it will
then be no longer optimum. Its performance may not suffer much, pro-
vided that the filter is chosen properly. In order to compare the
optimum receiver with any supoptimum receiver, a technique for the
evaluation of the suboptimum receiver error probabilities must be
available.

This thesis presents a method of evaluating the detection
error probabilities for any suboptimum binary receiver. The technique
is similar to that described above for the evaluation of optimum
receiver error probabilities. The results are asymptotic expressions
which involve the moment—-generating functions of the receiver decision
statistic. For the li-ary orthogonal communication problem, bounds on
suboptimum receiver error probabilities are evaluated.

The application of the expressions for the suboptimum error
probabilities depends on the ability to compute the moment-generating
functions of the suboptimum receiver decision statistic. This is done
for two classes of suboptimum receivers: the filter-squarer-integrator
structure and the finite quadratic form. The latter term describes

a receiver with a decision statistic that can be written

N N nkn, A
4 o= Y )) W T .20}
i=1  j=1 3]

where the r, are complex Gaussian random variables [8]. The resulting
expressions for the receiver error probabilities are evaluated for the

spread channel detection problem and compared with the optimum receiver
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performance. These comparisons provide insight into the design of
suboptimum receivers and signals for the dispersive channel model.

A brief outline of the thesis follows:

Chapter II derives asymptotic expressions for the error
probabilities of any suboptimum receiver used for binary detection.
Bounds are given on the probability of error for the li-ary symmetric,
orthogonal commurication problem. !oment generating functions for
optimum, filter-squarer-integrator, and finite quadratic form re-
ceivers are specified for the Gaussian signal in white Gaussian
noise model.

Chapter III considers the doppler-spread channel model. A
particular filter-squarer-integrator suboptimum receiver is specified
and its performance is evaluated. A second suboptimum receiver is
suggested and error probabilities for it are calculated. A compar-
ison of the performance of optimum and suboptimum detectors is given.

Chapter IV treats the delay-spread channel model. The
notions of time and frequency duality [6,18] are used to relate the
delay-spread model to the doppler-spread problem. Ar alterpative
technique is established for finding the performance of the optimum
receiver. Two suboptimum receiver structures are specified and their
error probabilities are evaluated using the results of Chapter II.

Chapter V presents a distributed-parameter state-variable
model for the doubly-spread channel model. A realization for the
optimum detector is given and a method for evaluating the error

probabilities is derived. An example is discussed in detail.



Chapter VI considers two suboptimum receiver structures for
the doubly-spread channel detection problem. They are related to the
suboptimum receivers treated ecarlier in the doppler-spread and delay-
spread models. A method of evaluating their performance is given. The
suboptimum receivers are compared with the optimum receiver for the
same example presented in Chapter V.

Chapter VII is a summary of the results of the thesis.

Some comments on signal design for dispersive channels are included.

Suggestions for further research are given.
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CHAPTER II

ASYMPTOTIC ERROR FPROBABILITY EXPRESSIONS
FOR THE DETECTION OF GAUSSIAN SIGNALS

IN GAUSSIAN NOISE

The problem of finding the detection error probabilities for
a receiver which makes a decision by comparing a random variable with
a threshold can be approached in several ways. The most direct is to
find the probability density function of the decision statistic and
integrate over the tails of the density to get the error probabilities.
For the detection of Gaussian signals in Gaussian noise, the optimum
receiver of Chapter I performs a non-linear operation on the process
%(t). In this case the probability density of the decision statistic
is not known. Even in problems where the density function is known,
it may be difficult to perform analytically or numerically the inte-
gration required to obtain the error probabilities.

For the Gaussian signal, binary detection problem of Chapter
I, it is possible to write the optimum receiver decision statistic
as an infinite, weighted sum of squared, independent Gaussian random

variables with known variances [8]
P T (2.1)

This suggests two possibilities for finding the error probabilities.

The first is the application of the central limit theorem to the sun
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of (2.1) to establish that % is a Gaussian random variable. This fails
because (2.1) violates a necessary condition for the use of the central
limit theorem [8]. The second approach is based upon the fact that an
expression for the characteristic function of % is available [§,13].
Inversion of the characteristic function gives the desired density func-
tion, but in this case the inversion must be done numerically. This

is impractical due to the form of the characteristic function and the
necessity of accurately obtaining the tails of the density function [13].

Collins [13,14] has developed an alternate method of com-
puting the optimum receiver error probabilities provided that the semi-
invariant moment-generating function of the logarithm of the likelihood
ratio is available. This technique involves the notion of tilted
probability densities and the resulting error probability expressions
are in series form. The semi-invariant moment-generating function is
closely related to the characteristic function of 2 in (2.1); thus for
the Gaussian signal in Gaussian noise problem the optimum receiver
error probabilities can be evaluated.

Lssential to Collins' derivation is the fact that the receiver
is optimum: it compares the likelihood ratio with a threshold. The
discussion above on the calculation of error probabilities is relevant
also when a receiver which is not optimum is being used. This is the
case in many practical situations. Hence a generalization of Collins'
results would be useful, if the moment-generation function of the out-
put of this receiver is available.

This chapter derives expressions for the binary detection



error probabilities of receivers which are not necessarily cptimum. The
results are evaluated in terms of the semi-invariant moment-generating
functions of the receilver decision statistic. Beunds on these error
probabilities are also given, as well as bounds on the error probability
of a certain class of receivers for the l-ary orthogonal commnunication
problem of Chapter I. The techniques of Collins [13,14] and Kennedy

[6] are used in the derivations. loment-generating functions for
several receiver structures, including the optimum, are presented for

the Gaussian signal in Gaussian noise model.

A. Bounds on and aAsymptotic Ixpressions for Binary Detection Error

Probabilities

This section derives bounds on, and asymptotic expressions
for, the detection error probabilities for any receiver which decides
on one of two hypotheses by comparing a statistic £ with a threshold Y.
The development of the results is similar to that used by Collins
[13,14] for the optimum receiver error probabilities.

The conditional error probabilities for this problem are

given by
Pr(s!HO) = Pr(e>y) = | Pol (L)dL (2.2)
Y 0
v
Pr(e|B,) = Pr(2<y) = [ p., (L)dL (2.3)
1 - £ 111

The semi-invariant moment-generating functions of 7 on the two hypo-

theses are



= M = ¢ sk =
ui(s) RanlHi(s) 2n Efe |Hi], i 0,1 (2.4)

The functions u,(s) generally exist only for some range of values of s.
i
Given HO a tilted random variable QOS is defined to have a

probability density function

sL—uO(s)
p, @) = e pQIHO(L) (2.5)

Trom (2.2) the probability of error give HO is

o0 uo(s)~sL
Pr(elu) = [ p, e dL (2.6)
0 2
Y Os
Note that
a" uO(S) A ()
—g& < nth semi-invariant of ROs = ¥, (s) (2.7)

Thus the random variable

Los ™Mo (®)

(2.8)
vﬂo(s)

<
I

is zero-mean and has a unit variance. Rewriting (2.6) in terms of the

density function py(Y) gives
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uo(s) - sﬁo(s) © -sVﬁO(s)Y'
Pr(eIHO) =e [ e p_(Y)dY (2.9)
5 y
where
Py () = gGY by (WGT) + d(e)) (2.10)
Y - u,(s)
R — (2.11)

i g (s)

An upper bound on Pr(e|H0) is obtained from (2.9) by

noting that

exp (-s Vﬁo(s) Y) <1 (2.12)
if

s>0,Y>0 (2.13a)
Then 1if

v 20 o(s) (2.13b)

(2.9) becomes

po(s) - sp(s) «
0 0" g p, (1)dY

Pr(c]HO) < e
8

o (s) = sug(s)
e » >0, v > uo(s)



Note that the bound of (2.14) is valid for any s that satisfies the
conditions of (2.13).

If the random variable v in (2.8) is Gaussian, the evaluation
of the integral in (2.9) is straightforward. In general y is not
Gaussian, but it is often the sum of a larpge number of random variables.
Thus for cases in which pV(Y) bears some similarity to a Gaussian

density it appears reasonable to expand py(Y) in an FEdgeworth series

[13,21]
Y3 (3) 1 (4)
M =0 - oD 4 | v,e@m
v 27 ¢(6)(Y)J - [%—; v+ B vy P
+ —Zi‘% y33®(9)(Y)J + ... (2.15)
where
w8 (s)
K = - n N k i 2 (2.16)
&,
2
(v = exp (- =) (2.17)
= 2

(The superscript (k) denotes the kth derivative.) Introducing (2.15)

into (2.9) gives
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—ay Y
Pr(e|H ) = euO(S) o) I - Zé-I il 1
170 0 3! 73 41 4
10 2
+ ?)_! Y3 I6:I [P (2.18)
where
o -aY (k)
I, = J] e ¢ (Day (2.19)
§
a = s Vi 0(s) (2.20)
Integration of (2.19) by parts yields the relations
a2
IO = exp (-5* ) erfc, (8 + a)
- _ _ (k-1)
L = aIk—l exp(-ad) ¢ (8)y k> 2 (2.21)
with
< 1 u2
erfc*(x) = £ o exp ( 7 ) du (2.22)

Equation (2.18) gives an asymptotic expansion for Pr(e|HO)
in terms of po(s) and its derivatives. Truncating the series provides
an approximate expression for the error probability. Any non-negative
value of s for which uo(s) and its derivatives exists is valid in

(2.18 - 2.20); a desirable value is one for which the series converges



rapidly.
To obtain a similar series for Pr(s]ﬁl) a second tilted
random variable 213 is defined
sL-ul(s)
p (L) = e P,1,. (L) (2.23)
2 Lyl
1s 1

where ul(s) is given by (2.4). From (2.3)

Y uy(s) - sL
H) = [ e p, (L)dL (2.24)
1 —00 le

Pr(e

With the normalized random variable

_"}_s_—_il_(i),
v/ fiy (s)

(2.24) becomes

up (s) - Sﬁl(s) A TIOR:
e e

Prie|H,) = I p, (X)dx  (2.26)
where
p, (X) Vi, (s) pzls(}\ml(S) + iy (s)) (2.27)
v =g (s)
A o= (2.28)
Vit (s)
An upper bound on Pr(cIHl) is obtained by noting that
exp (-s Vﬂl(s)X) <1 (2.29)
when

s<0, X<0 (2.30a)
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Thus if
RN C) (2.30b)

(2.26) becomes

u,(s) - s, (s) A
Pr(c|¥W) < e : 1 [ p GOax

-0

b (8) = sip(s) _
< e ,y 8 < 0, v i_ul(s) (2.31)

note that the bound of (2.31) is valid for any s satisfying the conditions
of (2.30).

An asymptotic expansion for Pr(e|Hl) is obtained by the same
procedure used for Pr(eluo). The density pX(X) is expanded in the series

of (2.15) and introduced into (2.26). The result is

u, (8)-sh, (s) ' o '
. = 1 1 v Y ' Y ' _1_0__ 2 o -
Priefn) =e Ip- 3 I+ 4 I, + ay vyt I
31 41
(2.32)
where
A -gx (k)
Ik' = {w e o (x)dx (2.33)
k
u]( )(S)
1 = L
(2.34)

o=

Yi
[%1(8)]

g = s Vii; (s)
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The integral I can be expressed recursively as

k
p2
LI o 3 ~A=R
IO exp ( 5 ) erfc, (-2-B)
o= e, +expet) s ® V), ks (2.35)

Approximations to Pr(€|Hl) are obtained by truncating the series (2.32).
Equation (2.32) is valid for any non-positive s for which ul(s) and its
derivatives exist.

The error probability bounds (2.14) and (2.31) deserve further
attention. The constraints of (2.13) and (2.30) limit the range of the
threshold y. Since Uo(s) and ﬁl(s) are variances, they are positive,
and thus the ﬁi(s) are monotonically increasing functions. Then the

conditions (2.13) and (2.30) imply that

Y 20,000 = E[e|ng]

(2.36)

Y < 1y (0) E[2]H,]

This indicates that the threshold y must lie between the means of £ on

HO and Hl if the bounds of (2.14) and (2.31) are to bc used.

The bounds on the error probabilities may be optimized by
the proper choice of s. The derivative of the exponents in each of
the bounds (2.14) and (2.31) is —sﬂi(s). Since s is constrained to be

positive on H, and negative on U and since the ﬁi(s) are positive,

1 0’

this implies that ]s] should be made as large as possible in each case.

The conditions (2.13b) and (2.30b) limit how large [sl can be. Hence
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the optimized bounds are

Mo (g5 (s0)

Pr(e|HO) < e (2.37)
py(sy) =80, (s;)
Prefuy ce T AL (2.38)
where s0 and s1 are determined by
uo(so) = ul(sl) = v
(2.39)

Since the values S5 and Sy in (2.39) optimize the bounds, they are
good candidates for use in the series expansions for the error prob-
abilities.

The bounds on, and asymptotic expressions for Pr(e[HO) and
Pr(e!Hl) given above hold for any binary receiver that compares a
random variable to a threshold. For these results to be useful, the
semi-invariant moment-generating function ui(s) must be available.
Also convergence of the series expressions is not likely to be rapid
if the tilted probability densities differ greatly from a Gaussian
density. Unfortunately, little is known about the convergence of the
error probability expressions in general; see Collins [13] for a
discussion of this issue.

When the decision statistic £ is the logarithm of the

likelihood ratio, Pr(e|H1) and Pr(e]HO) are related. The connection is

established by noting that
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pR|H)
Q‘Op = in A (r(t)) = Q,n*l;@j—ﬁ‘o—)‘ (2.1&0)

where R is a sufficient statistic [20] and A(r(r))is the likelihood
ratio. Then

s
wy () = in Ele °P|H]

8
]
[
+
=

(s+1), 0<s<1 (2.41)

The condition on s comes from the relation of (2.41) and the simul-
taneous satisfaction of (2.11) and (2.28). Thus both of the optimum
receiver error probabilities, or their bounds, can be written in terms
of one of the ui(s), where the value of s is determined by the

threshold; usually uO(s) is used [13].

B. Error Probability Bounds for li-ary Orthogonal Communication

This section evaluates upper and lower bounds on the
probability of error of a receiver deciding which one of M bandpass
Gaussian random processes is present. The receiver structure is
similar to that shown in Figure 1.2: the complex representation of
each branch is identical; only the carrier frequencies differ. It will

be assumed that the , are sufficiently separated to ensure that the

k
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branch outputs are independent random variables. Furthermore, it is
assumed that the outputs of all the branches which have inputs con-
sisting of white noise alone are identically distributed. The re-
ceiver makes a decision by choosing the largest of the branch outputs,
Rk' Equally likely hypotheses are also assumed. Note that the re-
ceiver is not necessarily optimum. This section uses the results of
Section A to evaluate bounds originally established by Kennedy [6].

The probability of error is given by

Pr(e) = Pr(elHi)
(2.42)
= 1-Pr(y, >all g, k#i] H)
From Kennedy [6], Pr(e) may be bounded by
Pr(e) E_Pr(zs < h) + M Pr(h<£S g_ln) (2.43)
Pr(e) > %- Pr(2 < h) Pr(2 > h) (2.44)
z 5 — n =
where the latter bound holds provided that
MPr (¢ >h) <1 (2.45)

The random variables ls and ln are branch outputs when s(t) + w(t)and w(t),
respectively, are inputs. The variable h may take on different values
in the two bounds.

The lower bound (2.44) is composed of factors for which

expressions are available froﬁ Section A. From (2.32)



-37-

Pr(ks < h) =e [16 - 3%_ Ié + 0. ] (2.46)
where
? (k)

Ioo= [exp (=s Vi () x ) ¢ (x)dx (2.47)

h -4, (s)
A = lc (2.43)

il . ()

' u(§2 (s)

= (2.49)

Y ——

k
[%lc(sﬂ 2

The semi-invariant moment-generating function for ZS, the branch output
when a signal is present, is

Sl
s

ulc(s) =gn E[ ¢ ] (2.50)

Similarly, from (2.18)

Haa (8) = sip . (s) Y
Pr(s_>h) = e Oc 0™y - §%~1 + ... (2.51)

0 3

(e o]

exp (-s Vii, (s)u) & (k)(u)du (2.52)
g Oc

=
il



sl
uoc(s) = en Lfe n]

=35~

(2.53)

(2.53a)

Equations (2.46) and (2.51) permit evaluation of the lower bound (2.44)

and the condition (2.45). The value of h can be varied to maximize the

lower bound.

The upper bound of (2.43) is first replaced by a looser bound.

frowm Appendix ILI of Kennedy [€]

rrh<2 <2y = [ [ § v
S n L L 1«2 (1.45)13%’ (uh)u“r\L A_‘S
S s It
© t(Ln—Ls)
< f f e Py (Ls)p2 (Ln)dLndLS
h L S n
s
o (£) e -tL
Oc s
< e f P, (Ls)e dLS
h s
) Hoe (B)Hug ((-t) }v @ )e-th-ulc(-t) "
hst s s

(2.55)
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where t > 0. Equation (2.55) can be evaluated by noting that the
integrand is a density function with semi-invariant moment—generating

function

© Tl -ti _-u, (-t)
u(r) = f e ° Py (Ls)e le dLs
—o0 s
My (rmt) - Wi 08D (2.56)
Then by (2.18)
wo (£) + u, (r-t)-ri, (r-t)

! N Oc ic lc 3
Pr(h < )Z,s < Ln)ie [IO—B‘?IB‘F o]

where the Ik and Y of (2.52) and (2.53) can be used with the u(r) of
(2.56). Equations (2.46) and (2.57) provide the expressions necessary
for the evaluation of the upper bound; the value of h can be varied to
minimnize the bound.

Somewhat looser bounds on Pr(e) when the suboptimum receiver
is of the type considered in Section D are derived in Appendix I. The
derivation is related to one carried out for the optimum receiver by
Kennedy [6]. The results are

—TCEO( %—)
Pr(e) i_ku 2 (2.53)

-1CE( -‘5
Pr(e) i-kl 2 2.59)
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where

- = A —_ 2 {

T If TO (2.60)
log. M

R = 2 2.61)

c = —2 (2.62)
&n 2

o = Fr (2.63)
N
[e]

and ku, kg are constants, Er is the expected value of the received
energy in Sk(t) over the observation interval, and C is the infinite
bandwidth, additive white Gaussian noise channel capacity in bits/second.
The function Eo( %') is termed the system reliability function, and it

is discussed by Kennedy [6]. Appendix I shows that

R v
= ! R .
El ( C ) R E-Icrlt
C R (2.64)
; = T n
Eh ( C ) R> Rerit
where R . 1is determined by the equations
crit
Rcrit @ .
S = msig (9)ug (-8)
(2.65)
Hic(8) = Vo (78) s 820

The function EZ (<B ) is
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.o R - _R 1 PR
AN c G L)+ 8]
(2.66)
ulC(S) = uOC(-S) s <0
R ..
and Eh( E-) is
. Ry 1. -
Ey ( C ) - [sulc(S) ulc(S)]

T 7 e mup(®

The uic(s) are the semi-invariant moment-generating functions of (2.50)
and (2.54).

An expression for Pr(e) can be derived when M = 2. Then

Pr(e) = Pr(QS - 2n< 0) (2.63)

The semi-invariant moment-generating function of Qs - Rn is

s( -2)
n E[ e s n ]

ubc(S)

sls -si
2n Efe ] + n Efe

Ry

B (8) +uy (=8) (2.69)
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The asymptotic expansion for Pr(e) follows directly from (2.32)

Hpe (8) —SﬂbC(S)

Pr(e) = e [I(') - _}%_ 13 + ...] (2.70)
i i)
I = [ exp(-s i (8)x) 0 (x)dx (2.71)
(k)
v _ H bC(S_)
R T k (2.72)
[}bc(sﬂ ?
b= TP (2.73)
Vﬁbc(S)
A bound on Pr(e) is available from (2.38)
v, (s)
Pr(c) < e 0° (2.74)
bpe(8) =0, s<0 (2.75)

When i = 2 and the optimum receiver is used, tight bounds on

Pr(e) are available from Pierce [27]. From (2.69) and (2.41)

u?'CbC(S) = U*OC (S + l) + U*OC(-S) (2-7())

where the % indicates that the optimum receiver is used. Then Pr(e)

may be bounded by [13]



—43—

exp (U,  (=-5)) exp(Hyp . (=+5))

< Pr(e) < (2.77)
2[1+/. 12570, (-=.5)] 2[14/. 1250, (-.5)]

Note that this is consistent with (2.74). Equation (2.77) indicates
that for optimum reception in the binary symmetric orthogonal communi-
cation problem, the quantity u*bc(—.S) is an accurate performance
indicator.

This section has evaluated bounds on the Pr(e) for the MM-ary
communication problem of (1.12). Any receiver may be used that has
identical branch structures and statistically independent branch outputs.
The expressions given are not useful, however, unless the moment-—
generating functions are available. The remainder of Chapter II considers
the moment-generating functions associated with the optimum receiver and
with two classes of suboptimum receivers for the Gaussian signal in

white Gaussian noise model outlined in Chapter 1.

C. lMoment-Generating Functions for Optimum Receivers

This section reviews the semi~-invariant moment-generating
functions for the optimum receivers in the detection problemns (1.9)
and (1.10), and the communication problem (1.12). These results are
due to Collins [13] and Baggeroer [24]. The evaluation of the re-
sulting expressions is considered for situations in which the random
processes in the models have finite state-variable representations.

For the binary detection problem of (1.10) the moment-gener-

ating function for the optimum receiver decision statistic on HO is
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o }k o f}z on by

ba(® = @) ] @+ +s ] a2 - ] @+ 2
n=1 "0 n=1 "0 n=1 o

0<s<1 (2.78)

where the {Aln} , {x .} , and {kcn} are the eigenvalues of the

On

U

DToCess s
I 1

(t),léo(t), and the composite process §c(t):

}:C(t) =/5 'él(r.) +/1 - s 'éo(c) (2.79)
Equation (2.41) gives the moment-generating function on H

u*l(s) = u*o(s + 1) (2.80)

)s

For the special case of (1.10), simple binary detection, (2.78)

reduces to

- if} g (1-s)x
u*O(S) = (1-s) Z (1l + ND ) - Z an(l + T )
n=1 n=1 0
0<s <1 (2.81)

Here the {An} are eigenvalues of the process g(t) in (1.10).
For the ii-ary communication problem of (1.12) the moment-—

generating function of (2.54) is identical with that of (2.81)

w An w ~§l~s)kn
Vape (8) = (=8) [ an(+ =) - ) ot —— )
n=1 "o n=1 s

(2.82)
U*lc (S) = pf\.oc( l + s)
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v
liere the {An} are the eigenvalues of the complex process s, (t) which

has the same complex covariance function for all k. For the binary

symmetric communication problem (M = 2), u*bc(s) is given by (2.76)
and (2.82)
° An v SA
Mepe (8) = 1 a1+ =) - ] en(- “Tn )
n=1 0 n=1 N
0
o (l + S))\n
- 1 @+ = ) (2.83)
n=1 Yo

Closed form expressions for the moment-generating functions
given above exist under certain circumstances. All of these formulas

involve the Fredholm determinant associated with the random process

S(r) [22]

Dpa) = 1+ axi) (2.84)

=

i=1

The {Ai} are the eigenvalues of kg(t,u). This function can be related

to a filtering error [8,24]

Znﬂp(a) = q

P

£, (6:8(8),a) de (2.85)

where gp(t) is the minimum-mean-square realizable filtering error

. o . . .
obtained in estimating the random process s(t) which is imbedded in
conplex white Gaussian noise of spectral density «.

When g(t) has a finite state-variable representation, (2.85)
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can be evaluated, since &p(t,g(t),a) is available as the solution of a
non-linear differential equation obtained in solving the estimation
problem [20]. A more convenient method for evaluating the Fredholm
determinant is known [10, 24]. Suppose g(t) has the complex state-

variable representation [15]

() = FoX(r) + Lo)lce)
(2.86)
B(t) = U)X (L)
E[S(Y )] = gs(t - o)
(2.87)
Yo VT o _
E[X(r )X (1 )] =P
E[M(Y ()] = EXOY ()] =0 (2.88)

. T + .
where the superscripts and ' denote transpose and conjugate transpose,

respectively. Then the Fredholm determinant for E(t) is given by

"
£

gnDy (0) = gn det g, (T) + 4 er[F () 1de (2.89)
[0}

where ¢q(Tf) is the solution at t = Tf of the matrix differential
£

equation
- S e T _
£, Py T IRO)
d
e — (2.90)
¢, (6) o' () ¥ (o) 8, (€)
- . - J ]
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ii(To) Eo
- (2.91)
4, (1) I
e J — —

The functions det (-) and tr(.) are the determinant and trace, respec-
tively, of their matrix arguments.

Thus either (2.85) or (2.39) provides a way to evaluate
the Fredholm determinant for a wide class of signal processes. This
in turn allows computation of the optimum receiver error probabilities

or bounds on those probabilities.

D. lioment-Generating Functions for Filter—-Squarer-Intcgration Receivers

This section obtains the moment-generating functions for a
class of receivers which are generally suboptimum. The structure of
each branch in the receivers for the binary detection problem and

M-ary communication problem of Chapter I is a linear filter followed

"

by a square-law device and an integrator. This filter-squarer-

integrator (FSI) receiver is shown in TFigure 2.1. The filter may
] . 2% . r\l . ~ .
be time-varying. The choice of g(t,u) which makes the FSI receiver
an optimum receiver is unknown except in a few special cases.
The moment-generating function for the FSI receiver output
. . , . P v
statistic £ can be obtalned by first writing the random process z(t)

in Figure 2.1 in a Karhunen-Loeve exransion [20,22]

v Y Y - . ‘
z(t) = z Iyn(t), 10 <t < I.f (2.92)

i et
LR
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Figure 2.1. Complex version of the filter-squarer-integrator receiver branch.
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(2.93)

llence £ 1s the sum of the squares of statistically independent, complex

Gaussian randow variables [§], with variances given by (2.94).

moment-generating function of ¢ under Hi

gn Lle  |H.]

3

in Elexp(s z

The
is
v 2 .
z 1) hi]
~ 2
s‘zn!
oH]
e , 2.96
¢n (1 s}ln) ( 1)



by (9.87) of [22]. The first {A  } are the eigenvalues of S ()

siven that Ri is true. Equation (2.96) is valid for

¢ < . -1 9 q
s ;{?zx {*in}] (2.97)

For the simple binary detection problem of (1.10), the

pi(s) of (2.4 ) follow directly from (2.96)

ny(s) = - §=1 an(d - sk ) (2.98)
ul(s) = - z en(l - sAln) (2.99)

The {AOn} and the {Aln} are the eigenvalues of %(t) in Tigure 2.1
when %(t) = %(t) and %(t) = g(t) + %(t), respectively, are inputs.
For the general binary problem of (1.9) with branch outputs 21 and QO

which are independent, the ui(s) are

gl = - Z g (L= sk ) - g gn(l + sk ) (2.100)
n=1 n=1

Ul(S) = - z En(l—sxlln) - 2 Qn(+sA10n) (2.101)
n=1 n=1

o . n
The {Aijn} are the eigenvalues of zj(t) on Hi'

For the M-ary communication problem of (1.12), UOC(S) and
plc(s) in (2.54) and (2.50) are identical to po(s) and ul(s), respec—

tively, given by (2.98) and (2.99). When i = 2, ubc(s) in (2.69) is



) - fn(l + sAOn)

L (s) = - E n(l-sh

ol e I

=1

The moment-generating functions (2.98 -2.102) can all be
expressed in terms of Fredholm determinants, (2.84). The previous
section indicated that computation of DF(a) is feasible whenever the

{Ai} of DF(a) are eigenvalues of a state representable process. In

(2.102)

the case of the FSI receiver, then, the error probability expressions

can be conveniently computed when %(t) in Figure 2.1 has a finite
state representation. For this to happen, both %(t) and the filter
E(t,u) should have state-variable representations.

Figure 2.2 shows a model in which the filter in the FSI
receiver has a finite number of states and the signal g(t) is re-
presented as the output of a finite state system driven by white
noise. Figure 2.2a is the model when the receiver input is signal

plus noise. The signal state equations are

%) =¥ (©F () + & (O, (©

(2.103)

(2.104)

HORKNGING

B[ (OF ()] = 9 8(t - o)
v LNV _

Ma G )T = Bo

and those for the receiver
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a) Signal plus noise input.
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RECLIVER FILTER
b) Noise input.

Figure 2.2. Complex state-variable model for the detection of a Gaussian signal in white
Gaussian noise with a filter-squarer-integrator receiver.
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¥ () = F (6)x (£) + G (e)r(t)
a (2.105)
Z() = ¢ (DX _(t)
(% (T ()] =P (2.106)

The receiver initial condition Eor is arbitrary. A composite state-

variable model for the system of Figure 2.2a can be defined by letting

% (t)

X(t) = (2.107a)
x.(t)
T (v) 0

F(r) = (2.107Db)
¢ () _(©) * )
KRS 0

gy = (2.107c)

0 G (t)

Q 0

Q = (2.1074)
L‘Q My

tw =0, ¢ @ | (2.107e)
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u(t)
MO -s (2.107£)
W (L)
P -
Yos 9
P =
B
0 F
— or.

Equations (2.84 - 2.91) can be used directly to give the Fredholm
determinant for the model above. This in turn provides a means of
obtaining ul(s) in (2.99).

When the input to the FSI is just %(t), the model of Figure
2.2b is appropriate. The system of differential equations is defined

by letting

e
~
rt
~
[

= %)

Fe) = ¥ (o)

&) =8 (o
Ewy = T (2.104)
¢ = w,
U(r) = w(t)
Fo = Tor

Again the results of the previous section provide the Fredholm deter-
n, . . . .
minant for z(t) when noise alone is the input to the FSI receiver;

then (2.98) follows immediately. The rest of the moment-generating
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functions of this section can then be expressed in terms of (2.98) and
(2.99).

Although it is necessary that both the signal g(t) and the
receiver filter have state-variable representations for easy compu-
tation of the Fredholm determinant, a wide class of signals and filters
fall into this category. Once the semi-invariant moment-generating
functions are available for the FSI receivers, the error probabilities
can be calculated. The resulting suboptimum performances can be

compared with the optimum.

E. Moment-Generating Functions for Quadratic Forms

In the following chapters another receiver which is generally
suboptimum will be considered. It is one composed of branches with

outputs that can be written as finite quadratic forms

N N % "

g = 7 LY W T (2.109)
i=1  j=1 3

The {ri} are complex Gaussian random variables ( see [8] for details).

A"
If a vector g and Hermetian matrix W are defined

(2.110)

=2
L

Dtij ] (2.111)



then

=

(2.112)

o
il
e

An example of a receiver with this decision statistic is one
in which %(t) is passed into a bank of linear filters. The sampled
filter outputs, ¥i’ are quadratically combined, as in (2.109). This
type of receiver will be considered in the following chapters. The
optimum receiver for a diversity communication system operating over
a Rayleigh fading channel is another case in which the operation of
(2.109) appears.

The moment-generating functions of & can be found by first

defining the conditional covariance matrices

h, o= E[X X' | signal + noise ] (2.113)
Aﬂ = E[g_gi l noise] (2.114)

where the conditions refer to the branch input. The joint probability

density function for E_given noise only is

.‘ — l
@) = —x—— exp{-p A _p} (2.115)

where the notation I-] means determinant. Then

uo(s) = gn LEfe Sk noise]
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e sp W
= fn f e pﬁ(g)@l
lz | =
- 1 ; +.-1
= n / < exp (- oI p) dp
Al == oz |
“n n
= —gn det (£ LA (2.116)
with
Lo o (2.117)
“ n ~n =
Thus
= e - Q
Hg(s) = =tn det(L - s W) (2.118)
and correspondingly
by (s) = -tndet (L-sHA_) (2.119)

The expressions of (2.118) and (2.119) can be used in place of
(2.98) and (2.99) for simple binary detection. TLquations (2.100 - 2.102)
for the other cases follow directly. Thus the error probabilities for
another class of generally suboptimum receivers can be evaluated, pro-
vied that the matrices W, A_, and A in (2.118) and (2.119) are

known.



F.  Summary

This chapter has considered methods of computing error prob-
abilities for receivers which use a threshold comparison to make a
binary decision. A technique for evaluating the error probabilities is
derived which depends on the knowledge of the semi-invariant moment-
generating function of the decision statistic. The derivation uses
tilted probatbility densities and is similar to one devised previously
for optimum receivers. The asymptotic expressions for the error
probabilities are also used to evaluate error probability bounds for
an !l-~ary communication problem.,

The case of the detection of Caussian signals in Gaussian noise
is considered next., Moment-generating functions for the optimum
receiver are reviewed, as well as an efficient technique for computing
them when finite state-variable models are available for the received
signal processes. l!loment-generating functions for two classes of generally
suboptimum receivers are derived: filter-squarer-integrator receivers
and quadratic form receivers. The moment-generating functions of the
first class can be conveniently computed if the receiver filter has
finite state representation. The error prohabilities of the optimum and
suboptimum receivers can then be compared.

The following chapter considers a particular example of the
Gaussian signal in Gaussian noise model: the reception of known signals
transmitted over a doppler-spread channel. Since a state-variable
representation is available for the signals in this model, it is

possible to directly apply the results of this chapter. The
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periormance of two classes of suboptimum receivers for the doppler-
spread channel will be compared with the optimum receiver pertor-—
mance. Insight into the design of signals and suboptimum receivers
will be provided by numerical examples. The delay-spread and

doubly-spread channel models are considered in subsequent chapters.
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CHAPTER TII

DLTECTION OF KNOWN SIGHALS TRAWSHITTLED

OVER DOPPLER~SPREAD CHANNELS

This chapter considers the problem of detecting known signals
which are transmitted over doppler-spread dispersive channels. This
problem is « special case of the Gaussian signal in Gaussian noise
detection problem of Chapter 1. The results of Chapter II can be
applied here if a state-~variable model for the doppler-spread channel is
available. Such a model is specified, and the performance of the
optimum receiver and several suboptimum receivers is analyzed.

The first section gives a model for the doppler-spread
channel. Implementation and the performance of the optimum receiver is
reviewed. Filter-squarer-integrator (FSI) suboptimum receivers are dis-
cussed. A particular FSI configuration is chosen, and the results of
Chapter II are used to evaluate its performance. A second suboptinum
structure, called a correlator-squarer-sum (CSS) receiver, is suggested.
Its performance is analyzed and is compared to that of the optimum and
FSI receivers for a variety of signal and channel parameters.

A. The Doppler-Spread Channel HModel

The doppler-spread channel model considered here can be de-

rived [6,8] by assuming that a narrowband transmitted signal

£(t) = V2 Re[F(t) e 3“F], o<t <7 (3.1)
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is reflected by a collection of moving point scatterers. The dimensions
of the spatial distribution of the scatterers are small, in units of
propagation time, compared to the transmitted signal duration T. It

can be shown [6] that the random movement of the scatters produces a
fluctuation in the amplitudes of the quadrature components of %(t). In
terms of complex amplitudes, a suitable model for the scattered return

in white noise is then

) = Fo)y(e) + we)

S(t) + w(t) 0<t<T (3.2)

il

The multiplicative disturbance ;(t) is a complex Gaussian random process.
Any pure delay or doppler shift in the channel is assumed to be known
and therefore is not included in the formulation of (3.2). The ob-
servation interval in (3.2) takes into account that the only interval
during which a scattered return may be present is [0,T]. This model
is also known as a fluctuating point target model [2,7,8,16].

The multiplicative fading process ;(t) will be assumed to be

zero~-mean and have the known covariance function

B ©F @] = Ryce,w (3.3)
Then the covariance function for the signal component g(t) is

B (t,u) = ¥(o) k;(t,u)¥*(u) (3.4)
The energy in the transmitted signal %(t) is

-

B2 ar & (3.5)

OV
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The expected value of the received energy in s(t) is

]

1 2
E[ [ |£()] k;(t,t)dt]

Te
~ 2
E[ [ |s()]|” dt ]
T 0
(o]

ne>

Er (3.6)

. . . Y . .
The zero-mean, additive white noise w(t) has the covariance function

E[w(t)y (u)] = N_6 (t-u) (3.7)

The model above has a convenient state-variable description
v . .
whenever the fading process y(t) has a state-variable representation.

Suppose ;(t) is the output of a linear system driven by white noise

oo = B @+ o o

(3.8)
vy = E) X ()
E[Y (0) Yp(@)] =  Q.8(t-0)

(3.9)

v T o
Then the signal g(t) is described by the model of (2.86 - 2.88) if

ey = ¥

gy =¥
) =g mtw (3.10)
Q= g

20 —of
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This state-variable model permits a direct application of the results of
Chapter I1. A diagram of the model is shown in Figure 3.1.
n

When y(t) is a stationary random process, the channel model
is a special case of the "wide-seunse stationary uncorrelated scatterer"
(WSSUS) channel model [6,8,16] that will be discussed in Chapter V. In

. . . v . . N PR
this case the covariance function of y(t) is written h%(t—u), and the
. g uY S .

matrlces_;f(t),.gf(t) and gf(t) in (3.10) are all constant. Also

(3.6) reduces to

rev

¥ ) [ |£e)] e
y O

jual
1]

(3.11)

i

PE

t

s A . v . .
where P is the average power in y(t). Although y(t) is stationary, the
'\' . . 03 .
process s(t) is still non-stationary, in general.
The examples that follow is this chapter are limited to the

case of stationary fading. First and second order state-variable models
are used for the numerical results. The model of (3.8) for the first

order case is

¥y = “k k, >0
X ¢ = A =
&;f\t) Ce(E) 1
(3.12)
Q = 2Pk
B{o = '

The constant kl is chosen to be real since any imaginary part would

represent a pure doppler shift [8]. For the second order model
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Figure 3.1. A complex state-variable model for the bandpass doppler-spread channel.
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0 1
Foo) =
K &, -k + K
0
Ge(v) = (3.13)
1
¢y = 1,0l

and Qf and Eo are functions of P, ¥. and tz given in [8,15,24]. The

£ 1

A% AV
constants kl and k2 are complex with positive real parts. This is not
the most general second order process possible, but it is a reasonably

flexible model. For details about complex state-variable models, see

[8,15,24].

B. The Optimum Receiver and its Performance

This section reviews several configurations for the optimum
receiver for the doppler-spread model given above. The performance of
the optimum receiver for binary symmetric orthogonal communication for
various channel parameters is summarized. The contents of this section
are not new [8], but they provide a framework for the results of the
following sections.

When the doppler-spread channel state-variable model of
(3.8 - 3.10) is valid, the realizable branch structure of Figure 1.4

can be used in each branch of the optimum receiver for the binary
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detection or the il-ary communication problems of Chapter 1. This state-
variable receiver branch is shown in Figure 3.2. This realization of
the optimum receiver has the widest applicability of the structures
reviewed in Chapter I.

When low-energy-coherence conditions prevail and the fading
is stationary, Price [2,7] has shown that the filter-squarer-integrator
receiver branch of Figure 3.3 is optimum. Note that the post-detection
integration interval here is infinite.. The realizable filter aopt(jw)

is specified by

Ao = e’ (3.14)
where
B = [ o e~I0T gy (3.15)

-—00

and the superscript + indicates the non~unique factor of the argument
which contains poles and zeros in the left-half complex plane. Note
that the structure in Figure 3.3 is similar to the filter-squarer-
integrator receiver of Figure 1.3.

A second case for which the structure of Figure 3.1 is
optimum occurs when the fading is stationary, %(t) is a constant, and
the observation interval approaches infinity. The optimum filter in
Figure 1.3 is [8]

+
§’§ (w)

(Guw) = ———— (3.16a)

a
opt (W) + K
S (o]
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where

L (3.16b)

©

¥ ) = {m k(o)

Except for these two cases, a [ilter-squarer-integrator implementation
for the optimum receiver is not known for the general doppler-spread
channel problem.
The performance of the optimum receiver can be evaluated by
the techniques of Collins {13], which are reviewed in Chapter II. 1In
order to compute the error probabilities or evaluate bounds on them,
the semi-invariant moment-generating function of the decision statistic
is necessary. These are given for the optimum receiver in Chapter II,
Section D. When the state-variable model of (3.8 - 3.10) is used, the
evaluation of the moment-generating functions is particularly convenient.
The numerical examples which follow involve either the
simple binary problem: of (1.10) or the binary symmetric orthogonal
communication problem of (1.12), with i = 2. The latter case is
particularly instructive because the tight bounds of (2.77) involve the
quantity u*bc(—.S), which influences the error probability exponentially.
The numerical examples which follow show that the relative performance
of a binary symmetric communication system for different signals and
fading parameters is closely related to the relative simple binary
detection optimum performance for the same sets of parameters. “hus

the quantity u (-.5) will be used in some cases as a direct measure of

*be
relative performance.

Kennedy [6] has shown that the minicum value which “*br<—'5>

can assume for any signal %(t) and fading covariance function is
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E

I

N
o

min “*bc(_'s) = -,1488 (3.17)
Thus u*bc(—.S) normalized by Er/No provides a good measure of the
efficiency of a particular binary communication system.
For the doppler-spread channel, the binary symmetric com-
munication performance of the optimum receiver behaves as shown in
Figure 3.4. Here }(t) is a constant, as illustrated by Figure 3.5a, and
the fading is specified by the first order model of (3.12). Note that
there is a value of le which optimizes the normalized u*bc(—.S).
Figure 3.6 shows this optimum le and the corresponding value of “*bc(—'S)'
It is evident from Figure 3.6 that in the first order case
for some signal-to-noise ratios,a constant ?(t) provides nearly the best
possible performance, as indicated by (3.17). Note that for such values
of Er/No the optimum le\is zero. In this case the channel fading is
so slow that a Rayleigh fading model s for the channel is appropriate.
Kennedy [6] has provided an approximate description of dispersion
channels which is useful for interpreting the results above. le argues

that there are roughly

Ndp = 1 + kT (3.18)

degrees of freedom in g(t), where T is the duration of %(t) and k a
reasonable measure of the bandwidth of the fading process. Ndp may also
be thought of as the available number of independent samples of g(t),

since such samples are nearly independent if taken 1/k seconds apart.

This suggests interpreting the communication system as having an Ndp— fold
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"implicit'' diversity.

From the results available on conventional diversity systems
[28], it is reasonable to expect that there is an optimum value of Ndp
which provides the best distribution of signal energy over the implicit

diversity elements. For conventional diversity this optimization

occurs for Ndp such that [0]

= 3.07 (3.19)

and provided the diversity paths have equal strength. Of course, for
dispersive channels the distribution of energy is determined implicitly
by F(t).

For the doppler-spread channel and a constant %(t), the
behavior in Figures 3.4 and 3.¢ 1is consistent with the implicit

diversity interpretation, since k. is a measure of the fading band-

1
width. Figure 3.4 shows performance maxima at values of le consistent
with (3.18). In Figure 3.6 the best value of le for low Er/NO
minimizes the implicit diversity, which agrees with (3.19). Since,
in this latter case, the channel is effectively a Kayleigh fading
model, the results of Figure 3.6 are in exact agreement with the
optimunm diversity results of FPierce.

The concept of implicit diversity suggests that when Er/NO
and le are such that the optimum number of implicit diversity elements

is preater than one, the pulse train ?(t) of Figure 3.5b may provide

a better performance. The reasoning for this expectation is that the
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individual pulses divide the signal energy more evenly amon; the optimum

number of implicit diversity elements. Table 3.1 gives My, C(-—.5) for this

b
?(t) with first order fading. Note that the optimum number of pulses in
each example is consistent with the argument above. Also, the better
performance of the lower duty cycle cases can be attributed to a
more even distribution of signal energy over the implicit diversity
elements.

When the second-order fading model (3.13) is used, a similar
behavior is observed. If tl = t; in (3.13), the fading process is
called second order Butterworth. Figure 3.7 shows the optimum value

of Re[ﬁlT] and the corresponding u -.5) for the case of second

*bc(
order Butterworth fading and a constant %(t). Table 3.2 shows the
values of u*bc(—.S) when tl and %2 are not conjugates. Table 3.3 examines
the performance of the pulse train ?(t) under second order Butterworth
fading conditions. These results are all consistent with the implicit
diversity ideas discussed above for first-order fading, since the
real parts of tl and tz provide a measure of the bandwidtii of the
second order fading process.

The notion of implicit diversity is useful in the binary
symmetric orthogonal communication examples above because it permits
an understanding of the important parameters in the optimum reception
problem. As the following examples show, the performance of the
optimum receiver for simple binary detection can be interpreted in

the same manner. 1In addition, the notion of implicit diversity is

helpful in the choice and design of suboptimum communication systems
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kll duty cycle number of pulses —“*bc(—.u)
E /X
r O
3 .1235
5 4 .1251
«J
5 L1254
6 .1252
5
3 .1288
4 L1344
- 5 .1359
6 .1355
2 .1036
3 .1050
.5 4 .1048
5 .1045
1
2 .1059
3 .1085
4 .1080
.1 5 .1070

Table 3.1. HNormalized error probability bound exponent, binary
orthogonal communication, optimum receiver, pulse train
(t), Er/No = 20, first order fading, doppler-spread channel.
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v . e (709)
s ot L/
5.9 + 14.7j 3.9 - 14.7] 1374
7.5 + 13 ] 7.5 - 13 3 1377
10.6 + 10.6j 10.6 ~ 10.6] 1358
13+ 7.5j 13 - 7.5j L1340
14.7 + 3.9 14.7 - 3.9j .1329
12.6 + 10.6 5.6 - 10.6] .1353
14.6 + 10.6] 6.6 - 10.6j 1336
16.6 + 10.6j 4.6 - 10.6] 1294
14.7 + 3.9j 3.9 - 14.7] .1289

Table 3.2.

Normalized error probability bound exponent, biunary
orthogonal communication, optimum receiver, constant

Ee), B /N

channel.

20, second order fading, doppler-spread
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N e duty number _ _

klr1 kZT of u*bc( -5)
cycle
pulses
2 1374
3 .1400
.5 4 .1386
5 L1375
4 + 43 4 - 4j

2 .1419
3 <1445
.1 4 .1410
5 .1387
Table 3.3. Normalized error probability bound exponent, binary

orthogonal communication, optimum receiver, pulse train

(t), Er/No = 10, second order Butterworth fading,

doppler-spread channel.
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and detectors, which is considered in the next two sections.

C. A Filter-Squarer-Integrator Suboptimum Receiver

This section applies the results of Chapter 11 to the performance
analysis of a suboptimum receiver for the doppler-spread channel: the
filter-squarer-integrator structure of Figure 2.1. The equations of
section C, Chapter II are used to evaluate approximations to the error
probabilities for the simple binary detection problem (1.10) and binary
symmetric communication problem of (1.12) with ¥ = 2., The signal g(t)
is assumed to have the state-~variable representation of (3.9-3.10).
Stationary fading is considered exclusively, although the results of
Chapter II are valid for the non-stationary case also.

To apply the results of Chapter II it is necessary for the
filter in Figure 2.1 to have a finite state-variable representation.
Any such filter fulfills the conditions for convenient evaluation of
the error probability expressions. Of course, it is desirable to have
a FSI suboptimum receiver which performs well.

The structure of Figure 3.3, which the previous section
indicated is optimum for two special cases, provides some insight into
picking a good suboptimum FSI receiver under other conditions. Suppose
the first-order fading model of (3.12) is assumed. Then under low-

energy-coherence conditions Eopt(jm) in Figure 3.3 is, by (3.14)

2k, P
¥ ey = X
opt Ju jw + k

1 (3.20a)

This is the same filter which generates the first-order fading process
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a
y(t) from white noise. When %(t) is a constant and T > « |

2E_
" k1 N kT
opt J0) = (3.20b)

2Er
Juw + kl N T + 1
ol

by (3.16). This has the same form as the filter of (3.20a) but with a

different pole. For these two special cases, then, the filters of
(3.20) used in the structure of Figure 3.3 are optimum for first order
fading.

The results of the example above suggest that a potentially
good suboptimum FSI receiver for the doppler-spread channel is one
which multiplies %(t) by ¥?t), passes the result through a filter
which has the same order as that which generates the fading process
}(t), and squares and integrates the filter output. Figurce 2.8 shows
this configuration. Equation (3.20b) also indicates that perhaps the
bandwidth of the suboptimum receiver filter should be widened for
increasing Er/No' This procedure is consistent with (3.20a) since

the low-energy-coherence condition for the doppler-sprcad channel is [8]

E
r

BT < < 1, LEC (3.21)
e}

In any case, for a given }(t) and fading model the suboptimum
FSI receiver of Figure 3.8 can be optimized numerically over the
parameters of the receiver filter. Further design options are replacement
of the reference signal %(t) with some other waveform, or use of a

different order filter. In the numerical examples that follow, only
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the structure shown in Figure 3.8 is considered. DNote that when the
fading is stationary, the filter in the FSI receiver is time-invariant;
also, if ?(t) is a constant, the multiplier may be replaced by a gate.
The performance of the FSI filters follows directly from the
results of Chapter II. The composite state-variable model of (2.107 -

2.108) can be used with the following substitutions

Fe=F

g = Fo ¥

ORI RO (3.22)
= Fm

g () = B0

g =tw® .

where the subscripts f and p denote the fading generation filter and the
receiver filter, respectively. The moment-generating functions for
the simple binary detection problem, (2.98) and (2.99), are calculated
by using the composite state variable model on each hypothesis im
in (2.89 - 2.91). For binary symmetric orthogonal communication pbc(S)
follows from (2.102). The probability of error expressions, (2.18),
(2.32), and (2.70), and the bounds, (2.37), (2.38) and (2.74), can then
be evaluated.

For the simple binary detection problem the following examples
compare receiver operating-curves (ROC), which are plots of Pr(s|Hl)

versus Pr(elﬁo), as the decision threshold is varied. It should be



emphasized that the probability of error expressions are approximate,
since the series expressions for them have been truncated. Figure
3.9 shows the effect of truncating the series for the suboptimum FSI
receiver error probabilities in a particular example. An "Nth order"
approximation means that the series of (2.18), (2.32), or (2.79) has
been truncated after ) terms. As discussed by Collins [13], the first
and second order approximations have roughly the same magnitude, as
do the third and fourth, and so on; hence Figure 3.9 gives just the
second and fourth order approximations. Figure 3.9 also shows the
error probability bounds of (2.37) and (2.38). Note that bounds are
not tight; this illustrates why it is useful to have the ability to
compute the error probabilities.

In the examples which follow, the convergence exhibited by
the suboptimum receiver error probabilities in Figure 3.9 was observed
for the optimum receiver error probabilities as well. Furthermore, the
rates of convergence of the optimum and suboptimum approximations were
roughly equal in each case. This provides a justification for using the
bounds of (2.37), (2.38), or (2.74) as a measure of the relative
performance of several systems, when it is convenient to do so. Unless
otherwise indicated, the error probabilities calculated in the follow-
ing examples will be second-order approximations.

Stationary fading is considered in all of the numerical
examples that follow. In each, the filter in the FSI suboptimum
receiver also has a zero initial condition; that is, the matrix Eor
in (2.106) is zero. This is convenient but not necessary. Some other

value for Eor may improve the performance of the FSI receiver in a
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given example.

Figure 3.10 shows the ROC's for the case of first order
fading (3.12), a constant %(t) (Figure 3.5a), and simple binary
detection. The receiver filter is also first order; the poles klf
and k1r refer to the fading process and receiver filter, respectively.
The approximate suboptimum error probabilities are shown for several
different values of ker; the optimum value is in approximate agree-
ment with the indications of (3;20b). This example assumes a fading
bandwidth, signal duration product, klfT, which is optimum (Figure 3.6).

Figure 3.10 indicates that it is possible to obtain a TSI
receiver performance that is quite close to being optimum over a wide
range on the ROC's. In order to compare the optimized FSI performance
with the optimum receiver performance in terms of the energy difference
required to obtain equal performance, it is useful to postulate that
the logarithm of the error probabilities is linearly proportional to
Er/No' To see that this is approximately so, consider the exponents
of the optimum receiver error probability bounds shown in Figure 3.6
and 3.7, which exhibit a roughly linear dependence on Er/ﬁo. Under
this assumption the FSI receiver performance is within several tentis
of a dB of the optimum receiver performance for the example of Figure
3.10. Of course, it is possible to vary Er/No in the probability of
error expressions to obtain this comparison directly, but this simple
estimate will be sufficient here.

Figure 3.11 compares the FSI and optimum receiver approximate

error probabilities for several other first order fading parameter

sets. In each case %(t) is a constant, and the value of ker has been
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varied to give the best FSI receiver performance. Again the suboptimum
performance is close to that of the optimum receiver.

Figures 3.12 and 3.13 show the optimum and FSI suboptimum
ROC's for first order fading and the pulse train %(t) of Figure 3.5b.
Again the suboptimum receiver filter has been roughly optimized. Figures
3.14 and 3.15 give similar plots for the second order fading model of
(3.13). Figure 3.14 assumes Butterworth fading and a constant %(t);
Figure 3.15 is an example in which the poles of the fading process are
not conjugates. TFigures 3.12-.15 also indicate that it is possible to
obtain good performance with the FSI receiver of 3.8, provided that
the filter in the receiver is properly chosen.

For the binary symmetric communication problem, Table 3.4
compares the performance of the optimum receiver and suboptimum FSI
receiver for a variety of signal and fading parameters. In each case
the receiver parameters are chosen to approximately optimize receiver
performance. Given are the normalized exponents in the Pr(e) bounds,
as well as the fourth order approximations to Pr(e). Note that the
bound exponents are good indicators of relative performance. Again the
performance of the optimized FST receiver is close to that of the
optimum receiver.

For orthogonal communication when I is greater than two, the
results above and the bound of (2.59) provide an indication of the
suboptimum FSI receiver performance. The exponent in (2.59) for

rates less than RC is proportional to R as shown by (2.66). The

rit
zero rate exponent, given by (2.66) with R = 0, is just ubc(s) of (2.69)
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e - e bt E/x
E/N r' Yo L/
(4th _order) ° (4th order)
30 1 constant .092 .155 10 . 037 .148
20 5 constant .119 .217 10 .113 «209
10 2 constant .121 .285 10 .116 277
2 pulses
20 5 duty . s .120 .216 10 .15 .201
cycle
4 pulses
20 5 duty _ 1 .131 .229 10 .130 .219
cycle
A 8 + 83
10 constant .136 . 366 123 .288
o b 8 - 83
3+ 3j 6 + 6]
10 1.5 - 1.5j constant .130 .293 3 - 3 .110 .275
Table 3.4. Binary orthogonal communication, optimum and suboptimum receiver fourth order

approximations to error probabilities, doppler-spread channel.
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normalized by Er/uo. For low rates, then, an M—ary communication
systern using a suboptimum FSI receiver can be made to perform nearly

as well as the optimum receiver, provided the FSI filter is optimized
as in the binary communication examples above. Comparison of the
optimum and suboptimum M-ary error bounds for higher rates can be
carried out as indicated in Chapter II, but this has not been done here.

For both the simple binary detection problem and the binary
symmetric communication problem, the examples above show that a
properly designed suboptimum filter-squarer—integrator receiver will
achieve close to the optimum performance over a doppler-spread channel.
In these cases it is possible to obtain a FSI performance within 1 dB
in Er/NO of the optimum, for a wide range of fading parameters and
for several signals. It should be pointed out that the techniques used
can be applied to other signals and higher order fading spectra as
well.

The examples presented in this section provide a rule of
thumb for selecting a good filter in the FSI receiver: choose a filter
bandwidth which is larger than the fading spectrum bandwidth, k, by
a factor of roughly /i—:TEZ;ﬁEEFF , where T is the signal interval.
Of course, in any particular case the filter optimization can ke done
numerically. Tigure 3.16 shows the effect of varying the FSI filter
bandwidth in an example. WNote that the performance maximum is broad.
Thus the choice of the filter by the criterion above is likely to be a

satisfactory one in most cases.
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. A Correlator-Squarer—-Sum Suboptimum Keceiver

[Ean]

iiis section considers another class of suboptimum receivers
for the doppler-spread channel detection and communication problems
of Chapter I. The branch structure of the receiver consists of a
bank of correlators followed by square-law devices whose outputs
are weighted and summed to form the decision statistic. This receiver
is called a correlator-squarer—sum (CSS) receiver. Its performance is
analyzed for the doppler-spread channel and compared with that of
the optimum and FSI suboptimum receivers of the previous sections.

There are many ways to choose the reference signals and
correlation intervals for the CSS receiver. The diversity discussion
in Section B of the present chapter suggests one such choice. If
k is the bandwidth of the fading process';(t) in (3.2), then samples
of }(t) taken 1/k seconds apart are approximately uncorrelated. That
is, ;(t) is significantly correlated only over time intervals approx-
imately 1/k seconds long. From the model of (3.2) the same statement
can be made about g(t): the correlation between samples of g(t) 1/k
seconds apart is small.

This relation suggests the approximate staircase model for
;(t) shown in Figure 3.17. Here the value of ya(t) in each segment is
assumed to be a zero-mean complex Gaussian random variable with a
variance equal to E[y(ti)y?ti)], where ti is some time between
(i-1)1 and it. The random amplitudes of ;a(t) in different intervals
are assumed to be independent. This staircase approximation to y(t)

is, of course, not exact.
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Figure 3.17. A random staircase approximation to the fading process y(t).



The approximation for the fading process ;(t) shown in Figure
3.17 suggests the question: if the channel fading were really represented
by the model of ;a(t), what would the optimum receiver be for the
problem of (3.2)? The answer can be found by realizing that in this
hypothetical problem the channel output consists of a signal %(t)
multiplied by the staircase ;a(t)' This corresponds exactly to a
time diversity system in which the segment of %(t) between (i-1)t
and it 1is transmitted over a bandpass Rayleigh channel [8,20]. The
fading from interval to interval is independent.

The optimum receiver for this diversity model consists of
a gate which feeds %(t) to one of I correlators or matched filters
[8.20]. Each filter is matched to the appropriate segment of ?(t).

The filter outputs are sampled, squared, weighted by the expected

value of the energy in g(t) during the appropriate interval, and summed.
Tigure 3.18 gives a block diagram of this receiver; Figure 3.19

shows a simpler realization of the same structure using a T second
correlator.

The correlator-squarer-sum receiver has been derived by
assuming the independent, slowly-fading staircase approximation to
y(t). It can still be used with the original model for the fading
process, in which case it is a suboptimum receiver.

When the transmitted signal ?(t) is a constant (Figure 3.5a),
the CSS receiver in Figure 3.19 assumes a particularly simple form.

The signal ?(t) is passed into a 1 second integrator. The integrator
output is sampled at the times itv, i =1, ...,8,. A weighted sum

of the squared samples gives the decision statistic.
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Another motivation for using the CSS suboptimum receiver of
Figure 3.18 is provided by considering the case when the correlation
time of the fading, 1/k, is much larger than the signal duration T.
Then the doppler-spread channel model reduces to that of a known signal
%(t) transmitted over a slowly fading Rayleigh channel. By the
argument above the CSS receiver of Figure 3.18 is optimum for this
case, if N = 1.

There are several levels of optimization possible for the
CSS receiver of Figures 3.18 and 3.19:

(1). If the weights wri are chosen in accordance with the

discussion above as

it N
W, o= f K_(t,t)dt
(i-Dt
it 2
= [ |¥w]° R(e,e)de , di=1,...W (3.23)
(i-1)t y

then the number of correlators N = T/1 is a design
variable. Note that, if ¥(t) is constant and the
fading is stationary, the wri are equal.

(ii). Both the weights, wri’ and the number of correlations
can be varied. This is a more complicated optimizaticn
problem.

The performance of the CSS receiver for the detection and

communication problems of Chapter I with the doppler-spread channel
model of thisz chapter can be found by a direct application of the

results of Chapter II. The decision statistic of the CSS receiver in



-103~-

Figure 3.18 is a finite, weighted sum of squared complex Gaussian
random variables. Hence the equations of Chapter II, Section L can
be used to find the semi-invariant moment-generating functions re-
quired to evaluate error probability expressions and bounds. The
following relations enable direct use of the equations of Chapter II,
Section E. The vector Elin (2.110) has components ¥i’ shown in
Figure 3.18. The weighting matrix @_of (2.111) is real and diagonal

with elements

W.. = W.$§ (3.24)

ij ri ij

The elements of the N dimensional covariance matrices of (2.113) and

(2.114) are

it iT % " ik
A .. = } ¥ (e)¥ () E[T(e)T (u)| noise] dtdu
ot G-1)t G-1)T
it 2
= N 8y (£~1)T|f(t)| dt (3.25)
and
it it
Mgy = ] T ¥ () E[¥@)Y (u)| signal + noiseldtdu

(i-1)r G-t

}:T }T I}'f(t)lzl'}?(u)l2 ¥n (t,u)dtdu + A
(i-1)t (G- vy nij

(3.26)

The moment generating functions uo(s) and ul(s) of (2.118) and (2.119)

follow directly.
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The expressions given above indicate that it is not necessary
in this case to have processes which can be represented by state-variable
models. Only the integrals in (3.25) and (3.26) need to be evaluated,
and they require only knowledge of the covariance function k;(t,u). of
course, evaluation of the integrals in a given problem may not be easy.

The performance of the CSS receiver can now be compared with
that of the optimum and FSI suboptimum receivers. The binary symmetric
communication problem is considered here, since computation of the
exponents in the error probability bounds, ubc(s) and u*bc(—.S),
provides an accurate comparison of relative performance. The trans-
mitted signal ?(t) is the constant envelope waveform shown in Figure
3.5a. The fading is first order and stationary, as specified by
(3.12). The covariance function k;(t,u) is

-k lt—ul
Bye,w) = pe 1 (3.27)

The covariance matrices As and An follow easily from (3.25-.26).
The weights wri in (3.23) are equal for this case. The simplified CSS
receiver shown in Figure 3.19 is appropriate in this example. The
number of integrator samples N is variable.

Figures 3.20 and 3.21 contrast the performance of the optimum,
FSI, and CSS receivers for this example. Plotted in each case are the
normalized exponents in the error probability bounds versus le:
u*bc(—.S) for the optimum receiver, and the minimum value of the
appropriate ubc(s) for the suboptimum receivers. Figure 3.20 shows the

performance comparison for Er/No = 5, Figure 3.21 for Er/No = 20.
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‘Both suboptimum receivers are optimized: the receiver filter pole is
varied in the FSI case, and the number of correlators for the CSS
receiver. This resulting value of Nop is indicated in parentheses
for various points on the CSS curves; the FSI receiver optimum para-
meters have been indicated previously in this chapter.

The curves of Figures 3.20 and 3.21 show that the optimized
FSI and CSS receivers both have a performance that is not far from the
optimum. Furthermore, for low le the CSS receive} is the better of
the two suboptimum receivers, whereas the FSI gives a better performance
for higher values of le. This is not surprising since the CSS
receiver becomes optimum in the limit of low le and the FSI receiver
becomes optimum in the limit of large le. Note that the optimum
number of correlators in the CSS receiver is approximately equal
to the implicit diversity of the system, 1 + le. This provides
a rule of thumb of optimizing the CSS receiver without actually
calculating the performance.

The results of Figures 3.20 and 3.21 indicate that one of
two suboptimum receivers can be used to obtain a performéncé that is
within one dB, in this example, of the optimum receiver performance’
for binary symmetric communication over a doppler-spread channel.

For values of le less than one, the CSS receiver should be used; for
other le the FSI receiver is a better choice. This is significant
because the CSS and FSI receiver structures are considerably simpler

than that of the optimum receiver. It should be pointed out that this

performance comparison can be carried out for other signals and

higher order fading spectra as well.
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E., Summary

This chapter has considered in detail the performance of the
optimum receiver and two suboptimum receivers for the doppler-spread
channel. A state-variable model for the channel and the performance
of the optimum receiver were reviewed. A suboptimum receiver with a
filter-squarer-integrator structure was suggested. Its performance
was analyzed from the results of Chapter II and compared with the
optimum. Proper desigp of the FSI receiver permitted nearly optimum
performance. A second suboptimum receiver was proposed which consists
of a bank of correlators followed by square-law detection and a weighted
summation. Its performance was compared with the optimum and FSI
receivers, again by the techniques of Chapter II.

The numerical examples indicated that either the CSS receiver
of the FSI receiver could be used to achieve a performance within one
or two dB of the optimum. TFor low kT the CSS receiver was the better
performer; for large kT the FSI receiver was closer to optimum. The
parameter k is the fading bandwidth and T is the signalling interval.
The significance of this result is that the complicated optimum receiver
cén be replaced in a given problem by one of two much simpler receivers
without much sacrifice in performance.

The numerical examples also provided guidelines for designing
the suboptimum receivers. For the FSI receiver, a filter of the same
order as the fading provides good performance if its bandwidth is

increased by a factor that can be determined from Fr/ﬂo and kT, The
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optimum number of correlations in CSS receiver is roughly the implicit
diversity in the system. The performance maxima for either case are
broad. Thus these guidelines provide a way to realize good performance
without careful numerical optimization in each example.

A final word concerns the applicability of the techniques
used to compare the performance of the doppler-spread channel receivers
in this chapter. It is not necessary that %(t) be a constant or that
the fading be first order, a frequent choice in the examples. Other
signal and higher order fading, stationary or non-stationary, may be

treated.
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CHAPTER IV
DETECTION OF KNOWN SIGNALS TRANSMITTED

OVER DELAY-SPREAD CHANNELS

This chapter considers the problem of detecting or communicating
with known signals which are transmitted over delay-spread channels. This
is another special case of the Gaussian signal in Gaussian white noise
model of Chapter I. In contrast to the doppler-spread channel, however,
it is ﬁot possible to specify a finite state-~variable model for the delay-
spread channel. The ability to do this was essential in much of Chapter
III in order to apply the results of Chapter II.

This chapter considers two approaches to the analysis of the
delay-spread problem. The first is use of time-frequency duality notions
to relate the delay-spread and the doppler-spread models. This was
originally done by Bello [18] and Kennedy [6]. These concepts are
applied to the two suboptimum receiver structures of Chapter III to give
suboptimum receivers for the delay-spread channel. Then an alternate
approach is suggested for the analysis of optiﬁum receiver performance
for the delay-spread channel. It involves reduction of the receiver
decision statistic to an infinite sum of squared Gaussian random vari-
ables. The method is also applied to two suboptimum receiver structures.

The suboptimum and optimum receiver performances are compared in an example.

A. The Delay-Spread Channel Model

The delay-spread channel model used here is similar to the
doppler-spread model of Chapter II. The known narrowband transmitted

signal
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£(£) = VZRe[f(t) &3] o0<t<T (4.1)

is reflected by a large collection of small point scatterers. For the
delay-spread model it is assumed that the spatial distribution of
scatterers has dimensions, in units of signal propagation time, which
are significant compared to the transmitted waveform duration, T.
Furthermore, it is assumed that the scatterers are moving at a rate
which is slow compared to 1/T. Then the scattered return can be con-
sidered as the superposition of returns from slowly fading (Rayleigh)

scatterers [8]. The complex amplitude of the total received signal is

Y(t) = s(t) + w(t)

[ e -0 Foman +%@, 1, s e, (4.2)

where ;(A) is a complex Gaussian random process and %(t) is complex

white Gaussian noise. The formulation of (4.2) implies that the channel

produces no doppler shift. This model is also known as a deep or

extended target model and has received considerable attention [2,7,8,16].
The channel process ;(A) is zero-mean and has the known

covariance function
L nE n
E[yMy (@] = K’;(X,O) (4.3)

3 3 '\I .
The covariance function for s(t) is

(o] oo

Ky(e,u) = [ ¥(t-x)k§(x,o)¥*(u-o)dxdo (4.4)

00 -0
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The energy in the transmitted signal is

HOIRE ~ (4.5)

t
rt
it
o+

. v R .
The expected value of the energy in s(t) over the observation interval

[TO,Tf] is Tf
E_= { ?(rg(t,t)dt
(o]
© oo Tf
= [ J %;(A,o) f ¥@e-¥ (t-0)dt]drdo (4.6)
00 00 T
(o]

Unless k;(A,c) is identically zero outside of some region in
the A-o plane, %(t) will contain the scattered return from f(t) over
the infinite time interval [~«,»]. Thus the larger the interval
[To’Tf]’ the better the optimum receiver will perform. In some cases
it is useful to consider scatterers which have a finite spatial distri-
bution. Then %;(A,o) is zero outside a finite region in the A-o
plane. For example, suppose ﬁ;(h,o) is non-zero only for 0 < A,0 < L;
then the observation interval need not exceed [0, T + L], for %(t)
contains only white noise outside this interwval.

A special case of the above model arises when the scatterers
are assumed to be uncorrelated. That is, the channel process y(k) is

assumed to be uncorrelated for different values of A
k;(x,o) = S(A\)§(A-0) 4.7)

where S(A) is positive and real. S(\) is often called the scattering
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n
function of the channel. The process y(}) is said to be spatially
white when (4.7) holds. This model is also a special case of the
"wide-sense stationary uncorrelated scatterer' channel described in the

next chapter. Introduction of (4.7) into (4.4) and (4.6) gives

Ky (t,u) = }o Yo - s @ - Var (4.8)
T
o f 2
E_= J sy [ [ e - M) |%deldr (4.9)
- 00 'I‘
(o]

The idea of implicit diversity is also a useful one in the
delay-spread channel model. Kennedy [6] has pointed out that samples of
the Fourier transform of the complex envelope of the received signal
separated in frequency by 1/L are nearly independent. The quantity
1/L is the correlation bandwidth of the channel and is determined
by how fast the correlation function ﬁ;(k,o) varies in A and o. 1In the
case of uncorrelated scattering, 1/L is given by the bandwidth of
the Fourier transform of the scattering function S(A). If the
transmitted signal bandwidth is W, the bandwidth of g(t) is roughly

W+ 1/L. Thus it is possible to obtain

Ndl = 1+ LW (4.10)

Y
nearly independent samples of the Fourier transform of s(t). As a

result, the delay-spread channel is said to possess N degrees of

dl

freedom, or to have an implicit diversity of N Such an argument

dst

is clearly approximate in nature, but it will be useful both in
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interpreting performance results and in providing a guideline for

signal design.

B. Duality and Doppler-Spread Channel Receivers

This section discusses the notion of time-frequency duality
and its use in the delay-spread channel detection problem. The original
application of duality ideas to this channel model was done by Bello [18].
Kennedy [6] considered the performance of fhe optimum receiver for the
delay-spread- channel and its relation to a dual doppler-spread channel.
These results are briefly reviewed here. Then this section considers
the use of several suboptimum receivers for the delay-spread channel.
These are related to dual doppler-spread channel suboptimum receivers.

A short description follows of the notion of duality that is
used here. For more details see [6,8,18]. A function ;2(-) is said
to be the dual of ;1(-) if §2(~) is related to ;1(-) by the Fourier

transform

" © -j2rft
y,(8) = [ y () e dt

-—C0

& ¥, (6 (4.11a)

If ;1(-) is a complex Gaussian random process, then ;2(-) is the statistical
dual of ?l(-) if

n, n ¥k

© o —JZﬂ(fltl—f2t2)

[ kyl(tl,tz) e de,dt,  (4.11b)

=00 ==00

If ;2(°) is the statistical dual of ;l(-), and if both processes are

expanded in series with uncorrelated coefficients over the infinite
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interval, then both expansions have the same eigenvalues, and the
, . o N
eigenfunctions of y,(+) are related to those of yl(') by (4.11la) [6].
lWote that the dual of a stationary white Gaussian process is also a
stationary white Gaussian process, by (4.11b).
Consider the deterministic operation g[*]. 7The operator

G[+] is defined to be the dual of g[-] if, when

4] Y
y, = sly;ls (4.12a)
then
Y, = o[ 4.12b
, = GIY]] (4.12b)

where %2(') and %l(.) are the respective Fourier transforms of ;2(-) and
;l('). The definition of (4.12) is also valid for random operators if
?2(°) and §l(.) are interpreted as statistical duals of ;2(°) and ;1(°),
respectively. Some examples are: multiplication by exp(-j2mfT) is the
dual of a delay of T; convolution with ﬁ(-) is the dual of multiplication
by %(-), the inverse Fourier transform of ﬁ(-); multiplication by ﬁ(')
is the dual of convolution with %(-).

With these definitions it is possible to show that there is
a dual relationship between the delay-spread and doppler-spread channel
models. [6,8,18]. Let de(t) denote the output of the doppler-spread
channel in (3.2), and zdz(t), the output of the delay-spread channel in
the model of (4.2). The process gdg(t) is the statistical dual of
;dp(t) if the relationship of (4.11b) holds. Introducing (3.4) and
(4.4) into (4.11b) it is straightforward to show [8] that this dual

relationship exists if
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ny
?dz(t) o By (4.13)

and

" o o j2m (At-ou)
Kv (t,bu) < [ [ K (\,0) e dAdo (4.14)
ydp —o o Vdg

That is, the output of the delay-spread channel is the dual of the
doppler-spread channel output if the doppler-spread model transmitted
signa1‘¥dp(t) is the Fourier transform of the delay-spread channel
signal ¥d2(t)’ and if the corresponding channel covariance functions
are related by the double inverse Fourier transform of (4.14).

This dual relationship has important implications for the
optimum reception of signals transmitted over the delay-spread channel.
If the conditions of (4.13) and (4.14) are satisfied, the received
signal in the delay-spread model of (4.2) is the dual of the received
signal in the doppler-spread model, since the white noise %(t) is its
own dual. Thus the eigenvalues of both processes are the same, which
implies that the moment-~generating functions of the liklihood ratio
and therefore the error probabilities are identical. The delay-spread
channel optimum receiver can be specified in terms of the optimum
receiver for the dual doppler-spread channel [18,8], as shown in
Figure 4.1. The input to the delay-spread channel is %(t) and the
received signal ?(t) is inverse Fourier transformed. The result,

ﬁ(f), is operated upon by the optimum receiver for the doppler-—spread
channel which has a transmitted signal that is the Fourier transform of

%(t) and a covariance function related to the delay-spread covariance
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function by (4.14).

The notion of duality thus provides a way of finding the
optimum receiver and its performance for the delay-spread channel,
provided that the dual doppler-spread receiver and its performance are
available. From Chapter III, the most useful class of doppler-spread
channels with convenient performance expressions and receiver realiza-
tions can be described by state-variable models. This, in turn,
has several implications for the delay-spread dual analysis described
above. First, the transmitted signals for the doppler-spread state-
variable models are strictly time-limited. Thus the duality notion
can be conveniently applied without approximations only to delay-spread
models with transmitted signals of finite bandwidth and, hence, of
infinite duration.

A second limitation of the duality approach becomes apparent
after considering the special case-of stationary fading in the doppler-
spread channel and uncorrelated scattering in the delay-spread channel.

Then (4.7) in (4.14) gives the dual relation

" © j2mAt _
Kv (1) = [ s@) e dA o (4.15)
ydp o
Since (4.15) indicates that S(A) is the Fourier transform of the covari-
ance function of a random process generated by passing white noise
through a finite state linear system, S(A) must be a rational function
in A and hence extends over [-w,»], Without approximations, then, it is

not possible to consider performance of a delay-spread model with a

finite scatterer distribution, by means of a dual state-variable




-119-

doppler-spread channel model.

These limitations are evident in the structure of the optimum
receiver of Figure 4.1. It is unrealizable since an infinite segment of
%(t) is required in order to take the inverse Fourier transform. Never-
theless, the notion of duality is useful in studying the performance
of delay-spread channel models with rational g(k) and bandlimited transmit-
ted signals. For instance, Table 4.1 gives the relationships between a
doppler—spread example treated in Chapter III and its dual delay-spread
model. Often these constraints can be met by suitable approximations
in a particular delay-spread channel problem.

The application of duality above has provided a means to
directly apply the results of Chapter III concerning doppler-spread
channel optimum receivers for the binary detection or M-ary communication
problems. A logical question at this point is: do the duality relation-
ships presented above hold for the two doppler-spread channel suboptimum
receiver structures of Chapter III? The answer is yes, which permits
application of the remainder of results of Chapter III to the delay~-
spread channel problem.

From the preceding discussion on duality, a logical approach
to finding good suboptimum receivers for the delay spread channel is to
inverse Fourier transform the received signal and operate on it with a
dual doppler-spread channel suboptimum receiver. The resulting structures
are unrealizable, however. A more practical receiver would be obtained
if the dual operations could be carried out directly on %(t). This

issue will be investigated in the following discussion.
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Table 4.1. A particular delay-spread channel and its dual doppler-—

model.
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Figure 4.2 shows a suboptinum receiver for the delay-spread
channel that uses a dual doppler-spread channel ¥ST receiver. The

- ~ L. . . i Wy
output of the channel, r(t) is inverse Yourier transformed to give R(f).
o . v . : . . .
The sample function H(f) is operated upon by the suboptimum FSI receiver
which is designed for the dual doppler-spread chammel. That is, if %(t)
. . . . LN . ;
is the transmitted signal and n;(A,o) is the delay-spread channel
covariance, then the FSI receiver is designed for a doppler-spread channel

. . . /\) . : I3 -
with a transmitted signal F(t) and a fadin; covariance function which
. - . v
is the double Fourier transform of k;(l,o).

The performance of the receiver in Figure 4.2 is identical to
the performance of the FSI suboptimum receiver over the dual doppler-
spread channel. Thus the techniques of Chapter III for evaluating
the FSI receiver error probabilities and designing the FSI receiver
can be applied here directly. Note that the receiver in Figure 4.2
requires an inverse Fourier transform, and thus it is unrealizable.
Also, since the results of Chapter III for FSI receivers required a
state-variable model for the channel, this implies the same restrictions
on signals and channel covariance functions as in the optimum receiver
case.

The operations indicated in Figure 4.2 can be carried out
directly, without the inverse Fourier transform, if the filter
i . . . . - s s s . . s
n(t,u) is time-invariant. The decision statistic % in Figure 4.2

can be written
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b

2 = [ %)) %as

T
(o

= [ 120 %ax

oo

= [ 17X @) Fo)? a (4.16)
—c0
where 2(~), %(-), %(-), and %(') are the inverse Fourier transforms

of Z(£), K(f), ¥(f), and H(f). Equation (4.16) has been derived by
replacing the operations in Figure 4.2 by their duals, according to
(4.12).

The inner integral in (4.16) can be realized by passing %(t)
into a filter matched to ¥*(t). The matched filter output is squared,
weighted by ]ﬁ(x)]z, and integrated. This structure is shown in
Figure 4.3 and is called a two-filter radiometer [2]. It is
interesting to note that if [%(A):Z is chosen to hbe g(k), the
structure of Figure 4.3 is the optimum receiver when a low-energy-
coherence condition exists [2].

The performance of the two-filter radiometer is the same as
that of the receiver in Figure 4.2. Thus the results of Chapter 3
can be applied directly, provided the dual doppler-spread channel with
stationary fading has a state-variable representation. Furthermore,
the dual relationships suggest a design procedure for the TFR receiver.

Y]
The gain h()) in the TFR receiver is the inverse Fourier transform of
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ﬁ(f), which in the doppler-spread model is the impulse response of a
filter that has the same order as the fading process. IHence the
squared magnitude of the Fourier transform of ﬁ(-) has the same form

as the fading spectrum. Since (4.15) indicates that the dual doppler
fading spectrum is just the scattering function S(A), this implies
]h()\)l2 in the TFR of Figure 4.3 should be rational with the same order
as S(A), but with possibly different parameters. Table 4.2 gives this
dual correspondence between the FSI and TFR receiver paraﬁeters for the
example considered in Table 4.1. Of course other [%(A)IZ may be used
in the TFR receiver. Convenient performance analysis requires only
that the dual doppler-spread model have a state-variable representation.

The results of Chapter III indicate that the TFR suboptimum
receiver for the binary detection or the M-ary orthogonal communication
problems can be designed to achieve nearly optimum performance. The
general procedure of suboptimum receiver optimization consists of
varying the post-detection weighting, lﬁ(x)lz, depending on the values
of Er/No’ the scattering function duration, L, and the signal bandwidth
W. It should be emphasized, however, that the requirements of a rational
scattering function and a band-limited transmitted signal make the TFR
receiver in Figure 4.3 unrealizable. Of course, it may be worthwhile
to satisfy these constraints by approximations, in a given problem.

A second suboptimum receiver for the delay-spread channel is
available by inverse transforming the delay-spread channel output and
applying the result to the correlator-squarer-sum (CSS) receiver for
the dual doppler-spread channel model. Figure 4.4 shows this receiver.

As in the case of the FSI-TFR structures, the performance of the
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receiver in Figure 4.4 is available from Chapter III when the correct
dual correspondence between the delay-spread and doppler-spread models
is made.

The operations of Figure 4.4 can be implemented without the

Y
use of the inverse Fourier transform. Each Ri in Figure 4.4 is

W
it-
K, = XEH¥ (£rat (4.17)
. W
(i-)t - 0

This can be rewritten by defining

.
¥y, @G- - g< £ < it -g
Fy(£) = 1 (4.18)
L 0 R elsewhere
N
Then Ri becomes
K. = [ X(O¥(£)as
i = i
= [ ¥©¥(t)de (4.19)

where ¥i(t) is the inverse Fourier transform of ¥i(f)' The resulting
receiver is shown in Figure 4.5; it produces the same output as the
receiver in Figure 4.4, The reference signals for the correlators in
Figure 4.5 are obtained by passing f(t) through a bank of ideél band-
pass filters. An alternate scheme, derived by writing ﬁ(f) in the same

form as (4.18), involves passing r(t) into the same bank of bandpass
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filters and then correlating each of the outputs with f(t). In either
case, the receiver of Figure 4.5 is still unrealizable. However, this
model may be practical in some problems if the necessary approximations
are made.

This section has discussed a way of applying the results of
Chapter III for the doppler-spread channel to the problem of detecting
signals transmitted over delay-spread channels. This method provides the
performance of the optimum receiver and two suboptimum receivers for a
useful class of signals and channels, even though a state-variable
model for the delay-spread channel is not available. The drawback of
using duality‘is that it is best suited for band-limited signals and
delay-spread channels With scattering distributidns of infinite extent.
The next sections give an alternate method of finding the performance of
the delay-spread channel optimum receiver and several suboptimum re-
ceivers. This method is useful for transmitted signals and scattering

distributions which have a finite duration.

C. A Series Technique for Obtaining the Optimum Receiver Performance

for the Delay-Spread Channel

This section considers an alternate technique for finding the
performance of the delay-spread channel optimum receiver for either the
binary detection or orthogonal communication problems of Chapter I. The
derivation of the method begins by expanding the random process ;(A) in

(4.2) in the series

N

v
NS (4.20)

i 138

YOy =
i=1
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Y
where {¢i(k)} is a complete, orthonormal set of functions over the

interval [LO,Lf],

[

f

n n,%%
¢i(k)¢j(l)dk = éij (4.21)

e

(o]

The ?i in (4.20) are obtained by multiplying (4.20) by ¢;(A) and

integrating

t

f
V. = [ Y ma (4.22)

o}

o

Y
Since y(\) is a zero-mean complex Gaussian random process, (4.22)
N
indicates that the y; are complex Gaussian random variables with

covariance

L L
E[§i§?] - { { %;(A,o)&i(x)$j(o)dxdo (4.23)

When the scattering is uncorrelated, (4.23) reduces to

L
L

E[Y.¥.] SIS T, (yd (4.24)
i’j i J

o
Note that the series of (4.20) has correlated coefficients in
general. The set {%i(A)} need only be complete and orthonormal; the
eigenfunctions of the Karhunen-Loeve expansion, which gives uncorrelated
coefficients, comprise just one possible set that may be used in (4.20).
The expansion interval [Lo’Lf] is chosen to include the region in ¢ or

A over which %;(A,o) is non-zero.
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If the series of (4.20) is introduced into (4.2) the complex

envelope of the received signal becomes

"N, - LAVERAV) N
r(t) = 'Z yib (&) +w(t) T <t < T, (4.26)
i=1
where
N Lf ¥ N ’
B(e) = [ E(e-2)¢; () (4.27)
L
fo)
The observation interval is
TO = min (O, Lo)
(4.28)
Tf = max (T,Lf)

since ¥(t) is non-zero over [0,T].

The form of (4.26) suggests the following approach: truncate
the series of (4.26) to N terms, find the optimum receiver for the
truncated model, and determine the moment-generating functions of the
receiver decision statistic. These, in turn, permit evaluation of the
error probabilities for the truncated model optimum receiver. The
limiting value of these error probabilities, provided they converge,
give the error probabilities of the delay-spread channel optimum
receiver.

A secondary issue that will not be treated in detail here is
the use of the truncated model's optimum receiver as an approximation

to the optimum receiver of the actual delay spread channel. In such
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a situation the truncated model receiver is suboptimum for the delay-
spread channel. 1In order to tell how good an approximation to the

truly optimum receiver it is, its performance must be found. The
techniques of Chapter II can be used to find this suboptimum performance,
if such a comparison is desired.

The truncated model is, from (4.26)

N
) = 7 ¥, (e) + W) (4.29)
i=1
Defining the vectors
N n AV
Be) = [B,(6), ...,B (0)]
¥
n .l
.X =
. (4.30)
1
N
permits (4.29) to be written as
T(t) = B(t)y + w(t) (4.31)

The model of (4.31) is similar to one which has received considerable
attention: the transmission of known signals over a Rayleigh fading
channel. The %i(t) are the known signals, and the covariance of the
random gains ;i is given by (4.23) or (4.24).

The optimum receiver for this truncated model can be derived
by the procedure given by (4.399 - 4.404) of Van Trees [20], modified

Y N
to account for the fact that the bi(t) are not orthogonal and the vi
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are correlated. The details of this straightforward derivation are

relegated to Appendix II; the result is that the logarithm of the

liklihood ratio can be written

o
]

where % =

e
(]

|=e
i

gnh (F(t))
KET+BH - tnder @+%H
1 Tf N vt
= 5 [ r()B (t)dt
o T
(o]
T
1 £ ut L
5 f b (t)b(t)dt
o To
B[y ¥

(4.32)

(4.33)

(4.34)

(4.35)

A branch of the optimum receiver for the truncated model is shown in

Figure 4.6. The second term in (4.32), a bias which does not depend on

?(t), can be included in the threshold.

The moment generating functions for the statistic £ in (4.32)

follow directly from Chapter II, Section E, since & is a quadratic

form. The details of the derivation are given in Appendix II.

the simple binary problem

For
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Huo(s) = -8 fndet (L+KD)
~ n det (I - s(ﬁfl + E)—PE)
u*l(s) = U*O(S + 1) (4-36)

and for the binary orthogonal communication problem

Hape (8) = Hyg(s + 1) + u,,(=s) (4.37)

The error probabilities for the truncated model can be computed from
(4.36) and (4.37) as discussed in Chapter II.

Provided that there is convergence, the delay-spread channel
optimum receiver error probabilities can be found from the results
above, by letting the number of terms in the series, N, go to infinity.
In practice, the maximum value of N required to achieve a given
accuracy for u*o(s), u*l(s), or u*bc(s) is determined experimentally.

This series expansion approach has several advantages. One
is that the method can be applied when the transmitted signal ?(t)
has a finite duration. Also, there is no constraint on the scattering
characteristics. k;(l,c) or S(}) need not be related directly or
through duality to a statewvariable channel model.

A disadvantage of the series approach is that its usefulness
is determined primarily by the amount of work that is required to
obtain analytically or numerically the covariance matrix ﬁ, from

a
(4.23) or (4.24), and the matrix B. It would be convenient to choose
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an orthonormal set {%i(x)} that makes these calculations easy. On the
other hand, it is desirable that the {gi(x)} provide rapid convergence
of the performance expressions. It is not obvious how to make this
choice to satisfy either of these wishes.

As an example, consider the case when %(t) has a constant

envelope and the scattering is uncorrelated with the scattering function

shown in Figure 4.7.

o
- 0< t<T
HOBCE B -
(4.38)
0 elsewhere
-
%- (1 - cos ng ) 0<X <L
S(A) =< (4.39)
0 elsewhere

The observation interval is [0, T + L]. Let the expansion of (4.20) be

a Fourier series over [0,L]

1
n, —_—
¢l()\) = /1—" ’

_ 2 2mkA
S = /5 cos

oY _ /2 . 27k
¢2k . 1()\) = [ sin I s k>1 (4.40)

The elements of the covariance matrix g>can be found easily from (4.24).

A"
Somewhat more tediously, analytical expressions for the elements of B
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Figure 4.7. Signal and scattering function for a delay-spread
channel example with uncorrelated scattering.



-139-~

can be obtained from (4.30) and (4.34). The binary detection or ortho-
gonal communication error probabilities may now be computed for this
problem.

Figure 4.8 shows the exponent in the binary symmetric error
probability bounds of (2.77) for the example presented above. The
results of Chapter III indicated u*bc(—.S) is a convenient measure of
relative performance in the binary symmetric communication case and is
useful in assessing relative simple binary detection performance also.
The normaliéed value of u*bc(-.S) is plotted; it serves as a measure of
efficiency of a system, since .1488 is the maximum attainable value
for this quantity. The numbers in parentheses give the number of
harmonics, Nh’ required to obtain an accuracy of three decimal places
in “*bc(_'S); the number of terms in the series of (4.20) is ZNh + 1.

Note that there is an optimum value of L/T for each Er/N0 in
Figure 4.8. This behavior is similar to that observed in the doppler-
spread examples. Figure 4.9 shows the optimum u*bc(-.S) and the
value of L/T which produces it as a function of Er/NO. The concept
of implicit diversity is again useful in interpreting these results.

As given by (4.10), the signal g(t) has roughly 1 + L/T degrees of
freedom (the signal bandwidth is on the order of 1/T). For a given
Er/N0 the optimum L/T should provide a signal-to-noise ratio per
degree of freedom of approximately three.

This example illustrates that the truncated series technique
is useful for analyzing the delay-spread channel optimum receiver
performance. The method may be applied to other signals and scattering

functions as well, without constraints such as band-limited signals and
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state-variable representations. The issue of what orthogonal series to
use in the expansion is an open one; the Fourier series was chosen in
the example above because it permitted easy evaluation of the ﬁ_and ﬁ
matrices. The next sections consider application of the truncated
series approach to several suboptimum receivers for the delay-spread

channel.

D. A Two-Filter Radiometer Suboptimum Receiver for the Delay-Spread Channel

This section applies the series technique, derived above for the
optimum receiver performance, to the problem of evaluating the performance
of the two-filter radiometer in Figure 4.3. As indicated in Section B,
this structure is generally suboptimum. From (4.16)‘the decision statistic

for the TFR receiver is

L T

[}

2 £ Tt .
g o= [ ey [ Ee)Y -0 ¥ u-r)deduan  (4.41)
L T T
1 o o
where
g0 = |Ko|? (4.42)

The observation interval is [To’Tf] and is usually given by (4.28) to obtain
the maximum available information about %(t) from_¥(t). The interval
[Ll’LZ] in (4.41) is the extent of g(A). Since the output of the

matched filter in Figure 4.3 is significant over the interval

[T0 - T, Tf], where the duration of ?(t) is [0,T], the interwval [Ll’LZ]
should not include more than [To - T, Tf].

In order to find the performance of the TFR receiver, the

signal %(t—k) is written in the complete orthonormal series over [Ll’LZ]
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. ¥

e -2 = 121 b, (£)6, (1) (4.43)

L

Y 2 'E $Y

big(t) = { (t = M)§; ()dA (4.44)
1

L

2 N Nk _
{1 G 006 SO0 = 5y (4.45)

The subscript s denotes ''signal", in order to distinguish %is(t)

from %i(t) of the previous section. &Equation (4.43) is substituted in

(4.41) to give

where

The %.
i

g = 7 7 EELY (4.46)
i=i =1 1373
Te
*
¥,o= = ¥oBim (4.47)
o) T
o
L,
v _ 2 AWV
g5 = N { 8¢ (W65 () (4.48)
1

in (4.47) are complex Gaussian random variables.

The decision statistic & of the TFR receiver has been expressed

as an infinite quadratic form. As in the case of the optimum receiver,
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the sums in (4.46) will be truncated to N terms each. In this case

the approximate decision statistic can be written

s = KR (4.49)

where g' is given by (4.33) and the ¥ X N matrix g has elements %ij

given by (4.43).

The moment generating functions for the finite quadratic form
of (4.49) are available from Chapter II; Section E. This permits
calculation éf the suboptimum receiver error probabilities for the
truncated receiver. Then the number of terms in the series is allowed
to increase until acceptable convergence is obtained. This gives the
perfofmance of TFR suboptimum receiver for the delay-spread channel.

In order to calculate the moment-generating functions for (4.49)
it is necessary to have the covariance matrix for ﬁ_when %(t) is %(t)

and g(t) + %(t), respectively. For noise alone (II-16) in Appendix

IT gives
A= E[ﬁ ¥ |noise ]
LN KR
S L o o
= 5 b_(t)B_(t)de
o] T
o
A L%
= §S (4.50)
where
N Y n
gs(t:) = [bls(t), e bNS(t)] (4.51)

When signal plus noise is the input
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E[Elﬁflsignal + noise ]

J)>

Te T o > N Y
7] b_(e)Ry(t,u)b_(u)dtdu + |
T T

i_
N2
o

(4.52)

If k}(k,o) is written in the double orthogonal series over [Ll’LZ]

(=] oo

n LYV L%

)\ = .
Ky (2,0) izl jzl SN OING) (4.53)
A L2 LZ n, % n
dy = [ [ Eu(r,0)4,(\)¢. (0)drdo (4.54)

J L1 Ll y i J

then from (4.4) kg(t,u) is given by

Il ©~18

v ook
bis(t) q;;b

) 1] jS(u) (4.55)

kg(c,u) =7
i=1 j
If the sums in (4.55) are also truncated at the Nth terms, an approx-

A%
imation for Kg(t,u) is

B 8! w (4.56)

N
v
ks(t’u) =5—g

where §s has elements given by (4.54). Introducing (4.56) into (4.52)

and performing the integrations give an approximation for As

ne

(4.57)

Jwe

8,

Jw?
Jm?

A
~s



~146-

The approximation of (4.57) can be used for As since the number of
terms in the series will be increased until the error probability expressions
converge.

The appropriate moment-generating functions are available

from Section E of Chapter II. For simple binary detection

uo(s) = -gn det (I - s__An)
(4.58)
ul(s) = -¢n det (I - s_»AS)
and for binary symmetric orthogonal communication
Hpo(8) = () + uo(-s) (4.59)

The calculation of ES, §J and §S for the li-term truncated series
enables (4.58) and (4.59) to be evaluated. Then N is increased until
the desired error probabilities or their bounds converge. As in the
optimum receiver case, it is not clear how to choose the orthonormal
set {$i(k)} ; rapid convergence and easy calculation of Es’ g, and
ﬁs are desirable.

For the uncorrelated scattering example of the preceding
section it is informative to compare performance of a TFR suboptimum
receiver with the optimum receiver performance. Insight into choosing
a good g(A) in (4.41) can be gained by considering the doppler-spread
channel FSI suboptimum receiver results of Chapter III and applying
duality. The filter in the FSI receiver was of the same order as the

filter which generated the fading process, but with a.different. bandwidth.
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For the TFR receiver this implies choosing a g(A) which is similar in shape
to the scattering function S(A) and including a parameter which permits
adjustment of the effective width of g(}A).

For the delay-spread channel model of Figure 4.9, let the

TFR receiver post-detection weighting be

1 21
L (A - cos L ) 0<Ax<L

gh) = (4.60)
0 elsewhere
The parameter A is variable; for large A the weighting is uniform over Ai.
The matrices % ¢ and §s follow directly. Note that [L.,L_.] and
=5’ = ‘ 0’°f

[Ll,Lzl are identical in this example, and that ﬁs and §S are the same
as E,and K, respectively, which were calculated for the optimum receiver
in the previous section.

The suboptimum TFR receiver performance for binary orthogonal
communication can be contrasted to the optimum performance indicated in
Figure 4.8 by evaluating ubc(s) and finding its minimum. This has been
done for the above example. The results will be presented in the
next section along with those for a second suboptimum receiver for the

delay-spread channel.

E. A Correlator-Squarer-Sum Suboptimum Receiver for the Delay-Spread Channel

A second suboptimum receiver for the delay-spread channel is
considered in this section. The structure of this receiver is suggested

by the form of the TFR receiver output in (4.16)

' =

5%8

1] R®¥ e - vae)? Ry | 2a (4.61)

Suppose the integral in (4.61) is approximated by the sum
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(-

N N 2 2

L o= ) | [ r()f(t - 1x)dt| | h(dar)| “iax (4.62)
i=]l -

Each term in (4.62) can be considered the squared magnitude of a

correlator output. As in the doppler-spread CSS receiver it may be

advantageous to break down the correlation integral T into subintervals

and add the squared subinterval correlator outputs.

The result is the suboptimum correlator-squarer-sum receiver
of Figure 4.10. The reference signals ¥*(t - iAX) for each branch of
the receiver can be provided by a tapped-delay-line with an input %(t).
The number of branches in the receiver is M = L/AA - 1 where L = Lf - Lo,
the duration of the scattering; the number of correlation subintervals
is at least N = T/t in each branch, where T is the duration of %(t).

The squared outputs of each correlation are weighted by wij’ and the
branch sums are weighted by lh(iAx)|2.

Insight gained from the TFR receiver performance analyzed
with the technique of the previous section can be used in choosing the
weights for the CSS receiver. Note that the CSS receiver of Figure 4.10
does not have the same structure as the dual doppler-spread CSS receiver
in Figure 4.5.

When ?(t) is a constant and the number of branches and
correlation sub-intervals is such that AA = mt for some integer m, then
the simplified structure of Figure 4.11 is possible. Figure 4.11 is
constructed by noting that certain sampled correlator outputs in
different branches of Figure 4.10 are identical under the assumed condi-

tions. The structure of Figure 4.11 is particularly simple. The weights
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Wi can be determined as appropriate combinations of the %ij and lﬁ(iAl)Iz
in Figure 4.10.

Since the decision statistic for the delay-spread channel CSS
receiver is a finite weighted sum of squared complex Gaussian random
variables, the moment-generating functions for computing the error

probabilities can be obtained from the equations of Chapter II, Section E.

For simple binary detection

= - - 1
uo(s) 2n det(I - sW An)
(4.63)
= — - 1
ul(s) 2n det (I E_AS)
and for binary symmetric communication
Hpe (8) = uy(8) + ug(-s) (4.64)

For the CSS receiver of Figure 4.10 the weighting matrix W' is diagonal
with elements wiaij.
Computation of the covariance functionsAs and An is straight-

forward but generally tedious. In Figure (4.10)

LT jt
B(¥, ¥, [notse] = [ [ F(t-1a)N s(e-w)}t (u-kar)dedu  (4.65)
-t (G-t
E[¥1j¥;gl signal + noise ]
LT T *
= J ¥(e-ian) [Ra(t,u) + N §(t-u)] ¥ (u-kAX)dtdu
(2-1)t (3-1)7 N °

(4.66)
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Evaluation of (4.65) and (4.66) provides the elements of ﬁn and As'
For the special case of Figure 4.11, when ?(t) is a constant,
it it

f f N §(t-u)dtdu
G-1)t (i-1)<°

%*
E[L,T, |noise ]
i]

= Ncréij' 4.67)
K jt it
E[rir. [signal + noise ] = f f kg(t,u)dtdu + NOT 61.
J (G=1)7 (i-1)7 J
(4.68)

where kg(t,u) is given by (4.4) or (4.8). Note that no restrictions on
the form of kg(t,u) are required to compute the error probabilities for
this suboptimum receiver.

Figures 4.12 and 4.13 give a performance comparison of the
optimum, the TFR, and the CSS receiver for the binary symmetric
communication problem and the model of Figure 4.7. The TFR suboptimum
weighting of (4.60) is used, and the CSS structure of Figure 4.11 is

assumed with the weighting

W, = 1= cos 2 (i-.5), 1= 1,...,N (4.69)
For each receiver the normalized value of the appropriate error bound
exponent is plotted: u*bc(-.S) for the optimum, and the minimized

ubc(s) for the suboptimum receiver. In each case the appropriate sub-

optimum receiver parameter is also optimized, A in (4.60) for the TFR
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receiver, and the number of correlations. N in (4.69) for the CSS
receiver. The TFR performance is quite insensitive to the value of Aj;
the optimum N for the CSS receiver is shown at various points on the
curves.

Figures 4.12 and 4.13 indicate that the TFR and CSS receivers
can achieve a performance which is no more than a few dB worse than
optimum in this example. Note that the TFR provides consistently good
performance over a wide range of L/T and Er/No' Also the TFR becomes
optimum as L/T gets small, since for L << T there is little post-
detection integration in the TFR; the result is just a matched filter.
The number of correlators which optimize the CSS receiver for a given
L/T and Er/No is consistent with the implicit diversity description of
the channel presented earlier in this chapter. It is possible, of
course, that there exist different choices for the TFR post—detection
weighting, g()), and the CSS weights, Wi, that yield better performances

for some or all of L/T and Er/NO.

F. Summary

This chapter has considered in detail the problem of detecting,
or communicating with, known signals which are transmitted over the
delay-spread channel. The notion of time-frequency duality and the
dual relationships between delay-spread and doppler-spread channel
optimum receivers were reviewed. Their dﬁality was applied to obtain a
correspondence between two delay-spread channel suboptimum receivers
and their doppler-spread counterparts. The fact that the doppler-

spread channel performance and receiver structure results of Chapter III



-156-

required state-variable models and time-limited transmitted signals
implied that the duality concept is most useful for delay spread channels
whose scattering distributions are infinite in extent and which use
band-limited signals.

A second method of performance analysis has been proposed in
which the channel model is expanded in an infinite series. Truncation
of the series provides an approximate optimum receiver whose performance
can be readily evaluated with the techniques of Chapter II. As the
number of terms in the series becomes large, the performance of the
delay-spread channel optimum receiver results. The method of analysis
is attractive for problems in which the transmitted signal and the
scattering have finite durations. The technique was then applied to
evaluating the performance of a suboptimum receiver, the two-filter
radiometer. This structure is a promising one because it is the dual of
the doppler-spread channel FSI receiver. A second.delay-spread sub-
optimum receiver, the correlator-squarer-sum receiver, was suggested.
Its structure is similar to that of the dopper-spread receiver of the
same name, and its performance can be found in a similar manner.

The optimum, TFR, and CSS receivers for binary symmetric
communication over a particular delay-spread channel were compared.

The scattering was uncorrelated and the transmitted signal had a
constant envelope. The results showed that the TFR and CSS receivers
can be chosen, in this example, to achieve performance levels close

to the optimum.
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CHAPTER V

A DISTRIBUTED-PARAMETER STATE-VARIABLE MODEL FOR

KNOWN SIGNALS TRANSMITTED OVER DOUBLY-SPREAD CHANNELS

This chapter considers the problem of detecting known signals
transmitted over channels which produce both delay and doopler spreading
of the original waveform. Chapter III showed that error probabilities for
the optimum receiver and several suboptimum receivers could be computed
for the doppler-spread channel provided the problem had a finite state-
variable representation. Chapter IV indicated that delay-spread channel
receiver performance could be obtained either by relating the delay-
spread problem to a dual doppler-spread model which has a state-variable
model, or by applying an orthogonal expansion technique directly to the
delay-spread channel model. The doubly-spread channel does not have a
finite state-variable representation, and it cannot be related by duality
to a doppler-spread channel. Hence the techniques discussed up to this.
point cannot be directly applied to the doubly-spread problem.

This chapfer presents a distributed-parameter state-variable
model for the doubly-spread channel which permits evaluation of the per-
formance of the optimum receivers for the detection and communication
problems of Chapter I. The finite state-variable models of the previous
chapters will be called lumped-parameter models to distinguish them
from the distributed-parameter case. From the distributed parameter
state-variable model for the doubly-spread channel a realizable optimum
detector structure is derived. A method of finding the moment-generating
function of the decision statistic by means of an orthogonal expansion
technique is proposed. This in turn permits calculation of the optimum

receiver error probabilities. An example is then examined in detail.
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A. The Doubly-Spread Channel: a Scattering Function Model

The doubly-spread channel model considered in this chapter

can be derived by assuming that the narrowband transmitted signal
¥e) = VZRre[F(£)ed®'] 0<t < (5.1)

is reflected by a collection of moving point scatterers. As in the delay-
spread model the dimensions of the scatterer distribution, in units of
propagation time, are significant compared to the transmitted waveform
duration, T.‘ And, as in the doppler-spread case, the scatterers are
moving at a rate which is comparable to 1/T. Thus it is possible to
consider the doubly-spread channel as a continuum of doppler-spread
targets. That is, the scattering element at a delay A effectively
multiplies the complex envelope of the transmitted signal by a random
process ?(x,t)dk. Integrating over all possible delays (scattering

elements) yields the complex envelope of the total received signal

T(t)

e -0Y0,0d + W(t)
J

= S(t) +w(), T <t<T (5.2)

o f

where 3(t) is complex white Gaussian noise.

The ?(A,t) in (5.2) is a complex, two parameter Gaussian random
process. The model of (5.2) indicates that the signal ?(t) undergoes
both delay and doppler spreading in the doubly-spread channel; that is,
both time-selective and frequency-selective fading can be observed in the
received signal. For a more thorough discussion of the features of this

model, a number of references are available [2,6,7,8,16]. It is also
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called a deep fluctuating target model.
The covariance function of the zero-mean Gaussian process is
denoted by

B G0 w] = Kyl tiy,w (5.3)

The covariance function for g(t) in (5.2) is

Bew = [ [ Ten KBo,sont eodd (5.4)

b8

The energy in %(t) over [0,T] is Et' The expected value of the received

energy in g(t) over the observation interval [TO,Tf] is

T

£
E_ = {» kg(t,t)dt
(o]
© Tf .
= [ 1 ] ¥en¥po,to,0f (to)drdo (5.5)
~® —co T
(o]

The comments of Chapter IV on the choice of the observation interval for
the delay spread channel are relevant here also. The non-zero extent of
Ky(A,t;0,u) in the variables X and o determines the duration of the
scatterea signal g(t).

The doppler-spread and delay-spread channels of the previous
chapters can be derived from the doubly-spread model above. For the
delay-spread model, the fluctuations of ?(A,t) in t are negligible;
then ?@(A,t;c,u) can be replaced by k;(x,o), given in (4.3), and ?(A,t)

by ;(A). For the doppler-spread case, the distribution of scatters
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behaves as a point target. Then %(A,t) becomes ;(t) and k%(x,t;o,u) is
replaced by k@(t,u)a(x)é(g).

A special case of the doubly-spread channel model arises when
the scattering is spatially uncorrelated and temporally stationary.
That is, the random process ?(A,t) is uncorrelated for different values
of A and stationary in the variable t. The covariance function for ?(A,t)

becomes

Ky, tiy,1) = K (x,t-1)6 (x-y) (5.6)

When the condition of (5.6) holds, the model is said to represent a
"wide-sense stationary, uncorrelated scatterer" (WSSUS) channel [6,8,16].

From (5.6) the signal covariance function reduces to

Ry(t,u) = [ e -0 GLe-wE (w-a)aa (5.7)

and the average received energy is
T

© f
E = ] %0.0 (] |t e-2)] %de] an (5.8)
[o}

The Fourier transform of kD(A,r) in the wvariable is called the scattering

function

o -j2nfr
o, = [R G0 e dt (5.9)
The doppler—spread and delay-spread channels which are derived from the
WSSUS doubly-spread model have stationary fading and uncorrelated scattering,
respectively.
Kennedy [6] has provided several measures of the implicit

diversity of a doubly-spread channel which will be useful in interpreting
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the results of this chapter. One such approximate measure takes into
account the observation that time samples of the process g(t) are approxi-
mately uncorrelated if they are taken 1/k seconds apart. The quantity

1/k is called the correlation time of the channel. Its magnitude is the
smallest value fOr which E%(K,t;c,t + 1/k) is approximately zero for all
t,A, and 0. For the WSSUS channel k corresponds to the bandwidth of

the scattering function g(x,f) in the f variable.

As in the doppler-spread channel, samples of the Fourier
transform of the complex envelope of the doubly-spread ;hannel output
taken at frequency intervals of 1/L are approximately uncorrelated. The
quantity 1/L is the correlation bandwidth of the channel and is determined
by how fast the correlation function k@(k,t,o,r) varies in A and o. For
instance, in the WSSUS case, 1/L is given by the bandwidth of the Fourier
transform of g(x,f) in the x variable.

If the transmitted signal has a duration T and a bandwidth W,
then there are approximately (1 + kT) independent time samples and (1 + LW)
independent frequency samples of the channel output. This suggests

assigning

Ndb = (1 + kT)(1 + LW) (5.9a)

degrees of freedom to the channel. This argument is not precise, of course,
and Kennedy [6] indicates that other measures of the implicit diversity

may be more accurate. However, (5.10) will be useful in interpreting
performance results that are presented later in this chapter. For various
definitions for the quantities L, k, T, and W in terms of the transmitted

signal and the correlation function k%(l,t;O,T), see Kennedy [6].
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B. A Distributed-Parameter State-Variable Channel !odel

The doubly-spread channel model of the previous section does
not have a lumped-parameter (finite state) state-variable model. This
prohibits direct application of the results of Chapter II to realizing
optimum receivers and calculating optimum and suboptimum receiver
error probabilities. This section shows that it is possible to represent
the doubly-spread channel by a distributed-parameter state-variable model,
and thereby obtain a realizable optimum receiver and its performance.

The distributed-parameter state-variable model presented here
is an application of the model given by Tzafestas and Nightingale [33].
The complex formulation is added according to Van Trees, Baggeroer, and
Collins [15]. For further discussions of distributed-parameter state-
variables see [8,29,33-35].

For the distributed-parameter state-variable model the complex
Gaussian random process ?(x,t) is considered to be the output of a
distributed parameter linear system driven by a noise process ﬁjx,t).

The system is described by the linear partial differential equation

Bgﬁx,t)
— e = FeuoXeoon + B0l
(5.10)
Ye,t) = S, )X (x,t)

The model of (5.10) is a specialization of one given by Tzafestas and
Nightengale [33]; mnote that partial differential equation can be consid-

ered as an ordinary differential equation with x as a parameter. The
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n-dimensional vector process g(x,t) is the state of the distributed

N\, LY
system at time t. The gain matrices E(x,t), G(x,t), and C(x,t) are
known functions. The p~dimensional input process ﬁ(x,t) is temporally

white with a covariance

EYGGLoY (7,101 = §exay,e)6(e-1)
EV G, (v,71)] = 0

E[U(x,t)] = 0 (5.11)

The state vector at time t can be related to the state of the

system at some earlier time t, by

t
"] A"
et = Yoo, )Xot ) + [ ¥,e, 086,08, 0dr, € ooty

t
o}

(5.12)

The distributed-parameter transition matrix ¥ (x,t,t) satisfies the partial

differential equation .

ngx,t,T) " N
3t = _F_(x,t)f_(x,t,r)
¥Y(x,t,t) = L (5.13)

The covariance function of the state vector is

BXe, 0¥ (7,01 = K Gesy,0) (5.14)

Since

E[X(x, ) (7,0)]

]

jo
~
A\
rt

(5.15)
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kx(x,t;y,T) can be written from (5.12) as

_,‘qi’:(x,tﬂ) Kx(x,r;y,r) t >
R G, t5y,1) =4 (5.16)
&((X,t;y,t)i”_‘ (}':T,t) t <1
.
Note that
K;(x,t;y,r) = lqix(y,r;x,t) (5.17)

The matrix gx(x,t;y,t) in (5.16) is the solution of a partial

differential equation. Differentiating ﬁx(x,t;y,t) gives

oK (x,t3y,t) X x,t) 2% (y,t)
kx = E [————-———-— X (y,ti’ +E | X(x,t) —————

ot ot ot

(5.18)

The first term on the right hand side of (5.18) is from (5.10)

")
3_)2(}( s ) R EN
E [f—--—- Xf(y,t{} = P,k G, tsy,0) + SeG0ELeG DX (v, 0)]

ot
(5.19)
From (5.11) and (5.12)
E(X(x,t) ﬁi(y,t)] = %—@(x,t)§(x,y,t) (5.20)

Substitution of (5.20) in (5.19) and a similar procedure applied to the

second term of (5.18) gives the desired equation
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n
oK, (x,t3y,t)

e

- G OR, G, t5y,0) + K Gty 0F (v,0)

ny n T
+ G(x,0)dx,y,0)¢ (,t) (5.21)
with an initial condition at to of

gg(x,to;y;to) = ﬁo(x,y) (5.22)

From the assumption that

BlEGoe )X (v,6 )1 = 0

it follows by an argument similar to Van Trees, Baggeroer, and Collins
[15] that

E[X(,0)X (v,1)) = 0

for all x,y,t, and tT. From (5.10) the covariance for the output vector is

Ky (x,t5y,1) = B GL0Y (7,0)]
= Eeo0E 6oty 0 7,0
E[Y(x,0)¥(y,1)] = 0 (5.23)

The distributed-parameter state-variable model for the doubly-
spread channel is given by (5.10) and (5.11).. The covariance function for
the state vector is specified by (5.16) and the solution to (5.21) with

the initial condition (5.22). The output covariance is given in (5.23).
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Figure 5.1 shows a block diagram for the distributed-parameter state-
variable model.

For the special case of the WSSUS channel the output covariance
kY(x,t;y,r) can be written in the form of (5.6). That is, ?(x,t) is
spatially white and temporally stationary. From (5.23) this condition

is achieved if g(x,t) does not depend on t and if
R G t5y,1) = Kx, e-1) 6 (x-y) (5.24)

For (5.24) to hold, inspection of (5.16) and (5.21) indicates that
g(x,t), E(x,t) and ﬁ(x,y,t) should be constant with respect to t, and

furthermore that
Gx,y,t) = )6 (x-y) (5.25)

Thus the distributed state-variable model for the WSSUS doubly-spread

channel is

n,
X (x,t)
—— = FeRx,0 + Sl
Yx,t) = )X (x,t) (5.26)
with
EM G0 (v,1)] = )6 (x-y)6 (£-1)
E &, 0¥ (v,1)] = 0 (5.27)

The covariance matrices for the WSSUS model follow directly

from the more general expressions above. From (5.6), (5.24) and (5.26)
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R, eo1) = EeRe, 0l (o (5.28)

From (5.13) and (5.16)

r

8 x,0k (0, T 0
Ryt = ¢
k@ =), t <0 (5.29)
r\l .
where gjx,T) is the solution to
N,
30(x,t) n~
5t = F(x)O(x,t)
ny
Q(X,O) =1 (5.30)

The matrix go(x) is the steady-state solution of (5.21)

n, n, n, s n, "N N
0= FMK (x) + K (OF (x) + G(x)Qx)EXx) (5.31)

The scattering function for the WSSUS channel is defined by (5.9). g(x,f)
is positive and real for all x and f, since §(x) is Hermetian with a
non-negative definite real part.

For an example of the WSSUS channel model, consider a first order

system for (5.26)

Fa) = K@) = -k (0 - ;@)

Cx) = Cx) =1

N

4G = Q) (5.32)
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with
Qx) > 0
kr(x) > 0 (5.33)

From (5.29), (5.30), and (5.31)

§(x,r) = exp[—kr(x) |T|—jki(x)T]

- Q(x)
:lzﬁ)(x) 2kr (X) (5.34)
Thus
X oty = —=2& k@) [T -k, O1] (5.35)
1<D > 2kr(x) PL=R, Jry T :

and the scattering function is

$(x,£) = Q(x) (5.36)
[2mf + ki(x)]z + 1 2 ()

The scattering function in (5.36), considered as a function of
frequency at any value of x, is a one-pole spectrum centered at fo = ki(x)/Zn
and 3 dB points i.kr(x)/Zn about fo. Except for the constraints of
(5.33), Q(x) and ﬁ(x) are arbitrary. This permits considerable flexibility
in the choice of %(x,f), even for this first order model. For instance
if ki(x) is linearly proportioned to x, then g(x,f) is sheared in the
x - f plane. Also, Q(x) can be chosen so that g(x,f) is multimodal in
the x direction. Figure 5.2 shows several examples of possible scattering

functions for the first order model.
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g(x,f)
A

Qx) = ﬁ
0 elsewhere
L
Ko = k1 -5 - 5 X2

Figure 5.2b., Example of a scattering function for a first order model.
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The first order case above indicates that the class of scattering
functions which can be described by the model of (22) are those for
which g(x,f) is a rational function in f. The poles and zeros of this
particular function may depend on x in an arbitrary manner, except for
conditions such as those of (30). Thus higher order distributed-
parameter state-variable models permit more degrees of freedom in the
specification of the scattering function. For example, a g(x,f) which
exhibits multimodal behavior in f can be obtained from a second or

higher order model.

‘C. A Realizable Detector and its Performance

This section considers the implementation of the optimum
receiver for the transmission of known signals over doubly-spread
channels which are described by the distributed-parameter state-variable
model presented in the previous section. Figure 1.4 shows a realizable
version of the optimum receiver branch which can be constructed if
the minimum mean-square error (MMSE) realizable estimate of g(t) is
available. This section derives the MMSE realizable estimator for the
doubly-spread channel output when the distributed-parameter state-
variable model of Section B is wvalid.

The performance of the optimum receiver for the binary detection
or orthogonal communication problems can be computed using the techniques
of Chapter II. The moment-generating functions necessary for these
computations all involved the Fredholm determinant for the random
process g(t). The Fredholm determinant can be expressed in terms of the

MMS realizable filtering error
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~

v

8,(8) = E[]S(x) - OIS (5.37)

A by-product of the MMSE reaiizable estimator derivation of this section
is an equation for EP(t). Solving this equation permits evaluation of
the performance of the doubly-spread channel optimum receiver.

The MMSE realizable estimate of g(t) is related to the MMSE real-

izable estimate of the channel output ?(x,t) by

Sty = [ ¥-x Yx,t)de (5.38)

-0

N

The estimate %(x,t) can be obtained from the MMSE realizable estimate of
the stéte vector g(x,t) in the distributed-parameter state-variable

model of (5.10)

A A
Y(x,0) = E(x,0)X(x,t) (5.39)
Thus
s(e) = [ ¥ - x) &x,0)X(x,t)dx (5.40)

The expected value of the state vector estimation error matrix is denoted

by

£ (x,y,t) n{ X(x,t) - %_(x,t)][Z‘Rx,c)—f(x,tn} (5.41)

The error EP(t) in (5.37) is then given by

o

gw=f f ¥(£-0)8(0, )8 (0,0, )¢ (o, ) F* (t-a)doda (5.42)

=00 aO

The MMSE realizable estimate of X(x,t) is given by the linear
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. n
operation or r(t)

(ng

g(x,t) - )' :l'\{_o(x,t,c) _}J_(o)do, t > To (5.43)

o

3

AV
where go(x,t,T) is the n x 1 realizable matrix impulse response which

minimizeslz(x,y,t) in (5.41). The details of the derivation of the
estimator structure are given in Appendix III. The steps in the
derivation follow those of Van Trees [20] for the lumped-parameter state-
variable estimation problem. The result is an estimator structure which
is a modification of one given by Tzafestas and Nightingale.[33].

The results of Appendix III are that the MMSE realizable

estimate of X(x,t) is the solution of the vector partial differential

equation
aﬁ(x,t) 0y N o A
—— = e oRe 0 + B (6,0 (1) - $5(0)] (5.44)
where ‘
Eo(x,t,t) = %;— {QE(X,G,t)gf(o,t)%*(o—t)do (5.45)
A < A
s(t) = [ ¥(t-0)&(o,)X(o,t)do (5.46)
A
X(x,1) =0 (5.47)

n
In addition, the covariance matrix £(x,y,t) is the solution of a matrix

partial differential equation of the Ricatti type

Y
aé(x’y,t) ’
——— = ¥&0Eey0 + Eey, 0¥ 4,0 + 808y, 08y, o

- ’é“ [f g(x,o,t)@(o,t)}'*(t—o)dc] l:f}'(t—a)ﬁ(a t):é:(a,y,t)da:] (5.48)
o e >

-0
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with initial conditions

E(x,y,'l‘o) = Eo(x,y) (5.49)

Note that (5.48) may be considered an ordinary differential equation
with x and y as parameters. Figure 5.3 shows the estimator structure.
For the special case of the WSSUS channel model, the estimator

gain matrix E(x,t) is‘replaced by E(x). The equation for zﬁx,y,t)

becomes
n
9E (x,y,t) N n ;
——— = IRy, + Eeuy, 0F () + BGUE ()68 (xy)
- §— [f Ex,0, 008" <o)¥*<c—o>do] [f “f(tm)_ﬁ_(a)z(a,y,t)do] (5.50)
o] ~-00 -0
with

Ex,y,T) = K ()6 (x-y) (5.51)

Ko(x) is specified by (5.31).
An alternate set of equations for gﬁx,y,t) can be derived for

the WSSUS case by assuming the solution of (5.50) has the form

Fex,y,t) = E_(x,£)6(x-y) + B(x,,t) (5.52)
Substitution of (5.52) into (5.50) gives

) =K ()

B Gote) = K Gt oY 0 + 3 [ Beuo, 0t (@Y (t-o)de  (5.53)

-0
(o] 0O -~

=



DISTRIBUTED
RICATTI
EQUATION

E(e) 4@?——9 i

A A
N X(x,t) Yex,0)
h (x,t,t) Z = % jé_(x,t) > [ Ft—=x) (+)dx
+/"°~/ B
Fox, )
yd
N

Figure 5.3.

Realizable MMSE estimator for the doubly-spread channel distributed-

parameter state-variable model.

-9L1~-



-177-

n
where p(x,y,t) is the solution to

N
ap(x,y,t)
3¢ " OBy, ) + 3Gy, 0¥y
LR ¥ @ e+ [ 3o 0¥ () (to)do]
No ~\.0 -~ _wR PY oY L o [e} o
[ ENTOE () + [ E(E-0)E(0)B(o,y,t)do] (5.54)

E(x,y,'ro) =0 (5.55)

The formulation of (5.52-.55) is more attractive for numerical solution
because the effect of the spatial impulse has been removed from (5.50).

The MMSE realizable estimator for $(t) is given by (5.46). This
allows the construction of the optimum receiver configuration in Figure
1.4, which can be used in branches of the doubly-spread channel optimum
receivers for the detection or cgmmunication problems. The distributed
parameter state-variable estimator of Figure 5.3 is realizable in a
temporal sense, but it is not clear how to implement physically the
distributed-parameter system. The next section considers this problem
in more detail.

A by-product of the optimum receiver above is the error
covariance matrix gﬁx,y,t). By(5.42) the MMS estimation error for
g(t) is also available. This implies that the performance of the
optimum receivers can be found. Equation (2.85) relates this

filtering error to the Fredholm determinant. The various moment-
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generating functions which are used for computing the optimum receiver
error probabilities can all be expressed in terms of Fredholm determinants.

In order to find the error probabilities it is necessary to
solve (5.48),(5.50), or (5.52-.54) for E(x,y,t). In even the simplest
cases an analytic solution is difficult. Since these equations can be
considered ordinary differential equations with paraméters x and y,
they can be numerically integrated, however. Thus one approach is to
obtain g(x,y,t) at a set of discrete points, (Xi’yi’ti) by numerical
integration of (5.48). Such an approach may become rapidly impractical
as the number of points in the grid grows and the dimension of g(x,y,t)
increases. The next section discusses this issue in more detail.

It is worthwhile to investigate the form of the estimator in
Figure 5.3 as the model parameters are adjusted towards the limiting
doppler-spread and delay-spread cases. For the doppler-spread channel
it is sufficient to let‘g(x,y,t), the covariance of the driving noise in

(5.10), become impulsive in x and y

Y(x,y,t) = Q6(x)8(y) (5.56)

Then the error covariance_g(x,y,t) is impulsive in x and y, and both
the state variable model of (5.10) and the estimator of Figure 5.3
reduce to lumped-parameter models. The estimator of Figure 3.2 results.
For the delay-spread case it is sufficient to consider the
first order distributed-parameter state-variable model. The gain %(x,t)
is allowed to go to zero provided that 6(x,y,t) is chosen such that the
average energy in g(t) over the observation interval remains constant.

The result is the doppler spread model. 1In the diagram of Figure 5.3,
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Eﬁx,t) is set to zero.

D. A Modal Technique for Finding the Optimum Receiver Performance

The previous section derived a partial differential equation for
the error covariance matrix E{x,y,t) which is needed for the computation
of the doubly-spread channel optimum receiver error probabilities. It
was pointed out that one way to solve this equation is to integrate
it numerically on a grid in the x-y plane. As the dimension of the
state vector increaseé, this approach rapidly becomes unwieldy. It
would be useful to have a more efficient way of computing E(x,y,t)

This section proposes a modal approach to the problem. Such
approaches are commom in distributed-parameter systems [29,33,34]. Here
the method involves expanding the state vector estimates and the

covariance matrix in orthogonal series in their spatial variables.

A © A
Xx0) = [ X (6)5,00 (5.57)
i

E_(X’Ys t)

]
o~ 8
&~ 8

N OTHEOTES (5.58)

The set {¢i(x)} is an arbitrary complete orthonormal set over the

interval [Lo’Lf]

f

N %
¢i(x)¢j(x)dx = 6ij . (5.59)

He—

(o)

How to choose the set {$i(x)} will be discussed later. The time-varying
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coefficients in (5.57) are

L

n f A
X-(t) = | X(x,t)ﬁ(x)dx (5.60)
L L 1
(o]
v Lf Lf n A%k n
g£.0) = [ [ EG,y,0)¢; ()6, (v)dxdy (5.61)
J L L 1 J
[o] (o]

The series of (5.58) is substituted into the partial differential
equation for the error covariance, (5.48), to give

Y

dgi.(t)

e 5 IR ¢ v - N
igj e FICOL MO NER JCRD EJ ANOI NN

¥ .Xjﬁﬁ ©7F; 0¥ 0¥ ¢.6) + Ty, 0f o0
i,

1 v v < * vt vk
- N DJ £;5(08, () {ﬁj (0)C (o, t)f (t—O)doJ

i,j -~

[ I 3 @colen <t>?5§f<y>] (5.62)

' *
Multiplying both sides of (5.62) by xk(x)gm(y) and integrating over x
and y yields a set of ordinary differential equations for the coefficient

N
matrices éij(t)
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v
dg. . (t)
1] _ v v v At n
= géj_k(t) B0 + é_gik(t)gkj (€) + &, ()
1 [eon ot N n
- ﬁ-o- [E gik(t)hk(t)]&‘{p*(t) ﬁkj (t)] (5.63)
where
wA Lf Ak
am = E(x,t)¢i(x)¢j(x)dx (5.64)
LO
L. L ,
N £V . o
diy® = [ [ Eeu0deny, 08 (7,08 (073, ()dxdy (5.65)
LO L0
A" Lf n
B, (©) [ 3,008, t)dx (5.66)
/ .

The initial conditions for (5.63) are given by

L
nx "
{ EO(X’Y)¢1(X)¢j(y)dxdy

[}
He—

Eyy(Ty)

>
e

Foij (5.67)
The orthogonal expansion of (5.58) has reduced the partial
differential equation for £(x,y,t) to an infinite set of ordinary

differential equations. If the orthonormal set {¢i(x)} is truncated
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at the Nth member, then the system of equations (5.63) is finite.

Solution of the finite set of ordinary differential equations provides

an approximation for Eﬁx,y,t). The number of terms, N, is increased

until Eﬁx,y,t) converges. It is possible, of course, that there may

not be convergence in some situations.

The truncated set of differential equations (5.63) can be

more compactly described by defining the partitioned matrices

g, ®
o) =
L_gm(t)
ey = [E;,®]
4"
ey = [dy;(0)]

B(t)

B,

]
oo

Then (5.63) and (5.67) are given by

—oij]

—
B, o B

Eyp (©) L (©

(B, (6), B,y(e), -.os B (1))

(5.68)

L 3o = Xode + Eoko + ¥e - LYo ©¥oim
o

ra, -,

(5.69)
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The matrix differential equation (5.69) has the form of the
error covariance differential equation for a finite state, lumped-
parameter state variable estimation problem. The solution of this
equation has received considerable attention [20,24,32]. On the other
hand, the form of (5.48) is unfamiliar. With (5.48) the spatial behavior
of E(x,y,t) must be computed at many more points (x,y) than the number
of terms (submatrices) required in (5.69). This suggests that solving
(5.69) is a considerably more efficient approach than integrating (5.48).

Aﬁ approximation for the estimator equation can be derived by

applying the expansion of (5.57) to (5.44) and (5.46)

Y

X, (t) ~ A
! —— ¢ = ) Fx, )X, (£)¢, GO (x,,£) [F(6)=8(£) 1 (5.70)
’/\\: < Y §Y Y f\\:
s(t) =1 ([ £(t-0)C(9,t)8, (9)dD)X, (¥)

i ~00
-
= Ebi(t)gi(t) (5.70a)

*
Multiplying (5.70) by ¢j(x) and integrating over x gives

X, (t) A Le A
A L TR X+ [ OB ot d) [E(e) - T b ()X, ()]
e 24 (B ;2o XU xdx)lr A e

(o]

(5.71)
From (5.74)
L
ff n, % _ Z n ¥y
! b_o(x,t,t)¢i(x)dx = L l_;_ik(t) p_k(t) (5.72)

o
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The estimator equation of (5.44) has been reduced to an infinite
set of ordinary linear differential equations, (5.71). If the series

(5.57) is truncated to N terms and the composite vector z(t) is defined

—

A Fglm
Xty = ' (5.73)

.

| & ]

then the approximate set of equations can be written as

A A R A
LX) = KoFm + 2o ©rw® - s (5.74)
o
Ny NN ‘,\:
s(t) = B(£)X(t) (5.75)

The approximate estimate of %(x,t) is
)
L
X (5.76)
$G0 = (B0, +ens S 0] (5.77)

v
The covariance matrix & (x,y,t) is approximately

N

E(x,y,t) = S0 (v) (5.78)

4"
and the estimation error EP(t) is, from (5.42)

%P(t) - E(t)%_f(t)qf (t) (5.79)
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The expansions of (5.57) and (5.58) have led to ordinary dif-
ferential equation approximations for the partial differential equations
which specify the optimum state vector estimator and the error covariance
matrix. The form of the resulting equations, (5.69), (5.74) and (5.75)
is exactly that assumed by the appropriate equations in a lumped-parameter
state~variable. This suggests that the truncated orthogonal expansions
of (5.57) and (5.58) effectively reduce the doubly-spread channel model
to a finite state system. To see this, it is instructive to expand the

N,
state vector X(x,t) in (5.10) in a similar series over [Lo,Lf]

Y = Y Y
X(x,t) = [ X ()9, (x) (5.80)
i=1
Le
.i:i(t) = f g_(xst)‘b’;(x)dx (5.81)
L
[o]

If this series is truncated to M terms and substituted in (5.10) and

Ny
(5.2) the resulting approximatior - for r{t) is

() = Bo)X(t) + w(t) (5.82)

where zﬁt) is defined by adjoining the vectors gi(t), i=1l,...,N. If
one starts with the finite-state model of (5.82) and finds the MMSE
estimator for g(t), the result is just the set of equations derived
above.

Note that if the performance of the optimum delay-spread channel
receivers is desired, gp(t) in (5.79) is all that is necessary for the

computations. The matrix zﬁt) is available from (5.69). The number
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of terms in the approximation may be increased until Ep(t) converges
to a desired accuracy.

Another important observation is that (5.75) provides a way of
approximately implementing the distributed-parameter receiver of Figure
5.3. The finite state equations of (5.74) can be integrated in real
time, since z(t) can be precomputed. An indication of the dimensions
of the system (5.74) required to approximate the optimum receiver per-
formance to a desired degree can be obtained from the number of terms
required fof accurate performance evaluation.

For the WSSUS case, the equations above are modified by
replacing iﬁx,t), E(x,t), E(x,t), fo(x,y), §(x,y,t) with Eﬁx),ﬁ(x), @(x),
ﬁo(x)é(x—y), and a(x)é(x—y), respectively, in (5.64-.67). It is possible
to obtain a modal expansion for the alternate covariance matrix equations
of (5.52-.55). The result is that E(t) in the equations above is

replaced by the partioned matrices

o =% + B (5.83)
where Lf
% n
zoij - 1{ .i\éo(x)¢i(x)¢j(x)dx
(o]
Le L (5.84)
= P By, 03 00F, (r)dxd
Bi5(® ST Guy, 06 (96 (v)dxdy
(o] o

and P(t) satisfies the matrix differential equation

dB(t)
dt

= X@¥w® + BoX ) - ﬁ: @, + Ben¥ @@ Eo+¥)

By =0 (5.85)
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This alternate formulation may provide better convergence because it
separates that part of z(t) which comes from the impulsive behavior of
Ex,y,1).

There are several computational issues that must be considered
for the technique described in this section. First, the dimension of
the approximate lumped-parameter system is nN, where n is the order of
the distributed-parameter model and N is the number of terms in the
truncated series. Thus the computation required increases rapidly with
N. Also the higher order expansion functions gi(x) are likely to vary
more rapidly. This implies that the sampling intervals for integration
of gﬁt) must be shortened as N gets larger. This implies an even more
rapid rate of increase in the computation time as N increases.

Another issue that affects the desirability of using the modal
method is the effort that must be expended to calculate the matrices
z(t), g(t), and §(t), either analytically or numerically. It is not
clear how to pick the orthonormal set{¢i(x)} for the expansion. Certainly
a desirable choice is one which permits easy calculation of the system
matrices, while still providing rapid convergence. No procedure for
making such a choice is obvious, however.

It is interesting to compare the delay-spread channel finite-
state approximation of this section with one which has been suggested
for the WSSUS model [16,19]. If the transmitted signal complex envelope
?(t) is strictly bandlimited to [-W/2,W/2], the sampling theorem gives

the representation
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¥y = J Fe-dr -2 (5.86)
=—0o0 s s -n’(x— — )

where WS > W. The channel output in (5.2) can be written

n i.v, 1 1
s(0) = [ ¥e- 5OV 0% (5.87)
i=— s s s
where the random processes %( %rn t) are defined by
s
i
- - sin ﬂWs(x- ws )
y(o= 58 = [ ¥x,0) - dx  (5.88)
s - T(x - —W_
s

and have covariances

; _ i _ A
sin nws(x = ) sinmw Ws(x W )

(Y& 05 (0]
S s

J ﬁD(X,t~T) S S
e n(x - —%;)Tr(x— t)
(5.89)

This model is called a tapped delay line model for the doubly-spread
channel. If the sum in (5.87) is truncated to a finite number of terms,
g(t) is the output of a tapped delay line which has %(t) as an input
and the %(i/ws,t) as tap gains.

In order to obtain a lumped-parameter state-variable model
from (5.87-.89) it is necessary to truncate the sum in (5.87) to N
terms and to assume that the %(i/WS,t) are uncorrelated. This
assumption is not strictly valid, as (5.89) indicates. But a justification

, %
for it is provided by noting that, as WS increases, E[?(i/ws,t)§ (j/ws,t)]
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grows roughly linearly with WS for 1 = j, and remains approximately
constant when i # j. Under this condition, a state-variable model
results by specifying a state-variable representation for each tap
gain %(i/ws,t). It is not really necessary to have uncorrelated tap
gains, but if this assumption is not made, then it is not clear how to
specify the tap gain state-variable model.

The tappec delay line state-variable model derived in this
fashion is not the same as the approximate model obtained by the
modal analysis of the distributed-paramter model. However, the tapped-
delay line model converges to the distributed-parameter state-variable
model for the WSSUS doubly-spread channel as Ws -+ o, provided that the
length of the tapped delay line is held constant and the tap spacing
goes to zero. In this case, the sum in (5.87) is replaced by the
integral in (5.2). The densely tapped delay line tap gains become the
distributed process ?(x,t), with the covariance determined by holding
i/wS and j/wS constant in (5.89) as WS goes to o,

The disadvantage of the tapped delay line approach is that it
assumes strictly bandlimited signals and uncorrelated tap gains. This
modal technique presented in this section can be applied under much
more general circumstances, in particular to signals and scattering
distributions of finite duration. The set of expansion functions need
only be complete and orthonormal. When the transmitted signal is band-
limited and when the WSSUS channel scattering function g(x,f) has a
Fourier transform in the variable x which is also bandlimited, an
appropriate set of expansion functions in the modal approach is the

sin x/x set used in the tapped delay line model. However, the
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approximate system which results from the modal approach is different
than the tapped delay line model above, since the state variables in
the former are correlated.

This section has derived an approximate method for finding
the distributed-parameter state estimate and covariance matrix for the
doubly-spread channel model in Section B. This modal analysis replaces
the partial differential equations of Section C with a set of ordinary
differential equations. To determine whether this approach is useful
for analyzing the doubly-spread channel problem, it is necessary to

perform the computations in a practical example.

E. Optimum Receiver Performance: An Example

This section uses the model method of the previous section to
evaluate the doubly-spread channel optimum receiver performance for a
particular example. Some details of the computational techniques that
are used are discussed. The performance curves which are obtained also
provide some insight into the problems of signalling over doubly-spread
channels.

The example which is considered here involves the transmission

of a waveform with a constant envelope

E
r
}‘(t) =‘/:f-— 0<tx<T

0 elsewhere

(5.90)

A first order, WSSUS distributed-parameter state-variable model is

assumed for the channel. The parameters of the model of (5.26-.27) are
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Fx) = -k
Ex) =cx) =1
éﬁx) = %K (1-cos 2%5 ) 0<x<L
0 elsewhere
(5.91)
The scattering function for this channel is
f
2k 2mx
L -cos =) <x <L
g(x,f) =<
@re)? + k2 —o < f<
L 0 elsewhere
(5.92)

and is similar to the one shown in Figure 5.2a. The observation interval
is [0,T + L], the maximum that is useful. From (5.8), the average
received energy in g(t) over this interval is Er'

The binary symmetric orthogonal communication problem of Chapter
I is treated, since the bounds on the optimum receiver error probability
in (2.77) are strongly influenced by the quantity u*bc(—.S). This
function is given by (2.83), whose terms can be related to the Fredholm
determinant, (2.84). The Fredholm determinant is computed for the
example of this section by integrating the MMSE estimation error EP(t),

as indicated by (2.85). Relative performance of the optimum receiver for
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different L,T, k, and Er/No will be indicated by comparing the values of
u"cbc(_.S).
For the modal technique of the previous section the orthonormal

set used in this example is

v _ [z 21k
over the interval [0,L]. The matrices z(t), Eﬁt), anad §(t) follow

directly from (5.64)-.66). The matrices %0 follow from (5.67) by

1]

noting that go(x) = %—(l-cos 2%55) in this example. The alternate

covariance matrix computation of (5.83-.85) is used. %ﬁt) is obtained

from (5.85) by fourth order Runga-Kutta numerical integration. The

filtering error %P(t) is evaluated from (5.79). The number of terms

in the truncated series is increased in each case until the value of

u*bc(—.S) stabilizes, that is, remains constant to three decimal places.
Figure 5.4 shows u*bc(—.S), normalized by Er/No’ versus T,

with k and L each equal to .5. For Er/N0 less than 5 there is an

optimum value of T, near 1. For higher Er/No there are two relative

maxima in the curves as T is varied. Uote that for all values of

Er/No it is possible to find a value of T such that efficient performance

is obtained; that is,the normalized value of u,, (~.5) is above .120

*he
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Figure 5.4, Optimum receiver performance, binary orthogonal communication, first order

model, underspread doubly-spread channel.
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(recall that .1488 is an upper bound for this quantity). Since the
product kL is .25 in this example, the channel is said to be "under
spread" (kL << 1). The significance of this property will be discussed
shortly.

Figure 5.5 shows curves of the normalized value of u*bc(-.S) when
the channel has unity spread. That is, kL is one, since both k and L
are one. A behavior similar to that in Figure 5.4 is evident here.
However, in Figure 5.5 efficient performance is possible only for Er/No
greater than 5. Also the signal-to-noise ratio at which the double
maxima with respect to T begins to appear is higher in Figure 5.5.

Figure 5.6 shows aﬁother set of curves for k and L each equal
to 2.5. The kL product is thus 6.25,_which permits the channel to be
classified as somewhat overspread. The differences which were observed
between Figures 5.4 and 5.5 are more pronounced in Figure 5.6. For
low Er/No no value of T provides efficient performance. And the value
of Er/No at which the double maximum begins to occur is greater than
that in Figure 5.5.

Figures 5.4 - .6 provide some insight into the role of the
product kL in this example. It appears that as kL increases, the value
of Er/No required to obtain efficient performance increases. Or from
a different point of view, if Er/No an§ T are held fixed and kL is
increased, the absolute performance first increases and then decreases.

A useful interpretation of the behavior that is exhibited by
the curves of Figures 5.4 - .6 is available from the idea of implicit
diversity discussed in the first section of this chapter. For the low

time-bandwidth product signal in this example, (5.9a) gives an estimate
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of the approximate number of implicit diversity elements in the system
N.oo= (1+2)@+xD (5.94)
db T

The quantities L and k in (5.94) refer to measures of the spread of the

scattering function g(x,f) in x and f, respectively; in this example a

one-to-one correspondence may be made with these parameters. Ndb in

(5.94) is plotted versus T in Figure 5.7. Note the minimum at L/k.
Figure 5.7 is informative when it is kept in mind that, from

an optimum diversity viewpoint, the most efficient choice of L, T, and

k will provide a signal-to-noise ratio per diversity element of about

3. The fact that there is a minimum value of Ndb which may be a good

deal greater than 1 for large kL indicates that for low Er/No’ even the

minimum N&b méy spread the energy too thinly among the diversity elements.

Increasing or decreasing T increases the diversity in this situation, and

the performance worsens.

At some higher Er/No’ the minimum possible value of N, may not

db
spread the available energy enough. This increasing or decreasing T

improves the performance, unless, of course, is made too large.

Nib

is just

Note that the transition Er/No, for which the minimum Ndb

optimum, increases with Er/No'

The behavior shown by the performance curves of Figures 5.4-.6
agrees closely with the observations made from the implicit diversity
description of the channel. Although this idea is only an approximate
one, it gives quite accurately the location of the single and double
minima in Figure 5.4 and 5.6. In addition the Aifferences arising from

different kL products are easily interpreted with the implicit diversity
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argument.

The behavior of the optimum receiver performance versus kL is more
clearly shown in Figures 5.8 and 5.9. Here u*bc(—.S) is plotted without
normalization, to show relative level of performance rather than efficiency.
The dotted line shows the ultimate bound on “*bc(—'s)' Figure 5.8 shows
that for T = 1 and large signal-to-noise ratios, an overspread channel
provides better performance than an underspread channel. In this case
large implicit diversity is required to adequately spread out the avail-
able Er/No" Figure 5.9 shows the receiver performance for T = 10.

Here the implicit diversity is already too large for the underspread
channel; hence the overspread channel performance is even worse. Figures
5.8 and 5.9 indicate the importance of properly choosing the signal
parameters.

Figure 5.10 shows u (-.5) versus Er/N0 for several values of

*be
kL, with T being chosen in each case to optimize the performance. It is
evident that if there are no constraints on T it is possible, at least

in this example, to achieve efficient performance over doubly-spread channels
with a simple signal, even if the channel is overspread (kL >> 1). There

is some decrease in performance in Figure 5.10 as kL increases, but it is
moderate. For Er/No greater than 20, the kL = 25 case is only about

1.5 dB worse than when kL = 1, provided T can be chosen optimumly.

However, for overspread channels it is necessary to have a high enough

Er/No to overcome the large implicit diversity that is built into the
channel, in order to obtain efficient performance.

Table 5.1 gives the number of harmonics, Nh, in the truncated

Fourier series required to compute some of the points in Figures 5.4-.6
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1.0

T=1
k =L

kL = 6.25
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1 : 10 100

Figure 5.8. Optimum receiver performance for T = 1, constant f(t), binary orthogonal

communication over a doubly~spread channel.
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Figure 5.9. Optinum'receiver performance for T = 10, constant f(t), binary orthogonal

communication over a doubly-spread channel.
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Er/No k L T Nh
5 5 .5 .1 8
5 .5 .5 1 6
5 .5 .5 10 10
20 .5 .5 1 6
5 1 1 1 6
5 1 1 10 10
20 1 1 1 8
5 2.5 2.5 .1 12
5 2.5 2.5 1 8

20 2.5 2.5 1 8
20 2.5 2.5 10 12

Table 5.1. Number of harmonics required for at least three
place accuracy in u*bc(—.S), doubly-spread chan-

nel example.
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to three place accuracy. Note that the number of terms in the series

is actually 2Nh + 1. For L << T or T << 1/k, and the higher values of
Er/No’ more harmonics are required. It should be pointed out that for
these extremes, the doubly-spread channel model is nearly doppler-spread

or delay-spread, respectively, and then the approximate optimum receiver
performance can be found from Chapters III or IV. The computer time
required to evaluate “*bc('s) ranged from a few seconds for low Nh to about
20 seconds for the highest Nh’ on the IBM 360/65.

Direct integration of the partial differential equation for
the error covariance, (5.48), was carried out for comparison with the
modal approach. For the first order model zﬁx,y,t) was computed at a
grid of points in the x-y plane; integration was performed by the fourth
order Runga-Kutta method. The computer time required to computé
”*bc<'5) in this manner was higher by a factor of 10 over that required
by the modal approach; and often it was impossible to obtain the
equivalent accuracy. At least in this example, the modal approach is
significantly better, and in fact, the only practical way of finding
the optimum receiver performance.

This section has considered an example of the transmission of a
known signal over a doubly-spread channel, The optimum receiver performance
has been investigated for the binary symmetric communication problem by
using the modal technique of Section D to find u*bc(—.S), the exponent
in the error probability bounds. The results for the underspread,
unity spread, and overspread cases were interpreted by considering the

concept of implicit diversity. Although only one signal and scattering
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function was investigated, the modal approach to the evaluation of the
optimum receiver performance can be applied to other signals and scattering

functions with an equal effort.

F. Summary

This chapter has considered the problem of finding the optimum
receiver for the detection of known signals transmitted over doubly-spread
channels, and evaluating its perfo;mance. A distributed-parameter state-
variable model for the doubly-spread channel has been proposed in which
the random processes are generated by passing a temporally white, dis-
tributed Gaussian noise through a linear system described by partial
differential equations. The model is also valid for a particular case of
the doubly—spre;d channel, the WSSUS channel. For the WSSUS condition,
the scattering functions %(x,f) which can be represented by the distrib-
uted-parameter state-variable need only be rational function if f. This
permits a wide variety of doubly-spread channel models.

A realizable optimum receiver structure was derived by finding
the MMSE realizable estimate of the channel output, g(t). This estimate
can be obtained directly from the MMSE realizable estimate of the
distributed-parameter state-vector in the doubly-spread channel model.
The structure of this estimator was derived; it is a linear distributed-
parameter state-variable system. A by-product.of the derivation is a
partial integro-differential equation for the estimation error covariance
matrix. Solution of this equation permits the calculation of the moment-
generatiﬁg functions of the optimum receiver decision statistic and

therefore the error probabilities.
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A modal approach for the solution of the estimator and covariance
matrix equations was proposed. The method involves orthogonal expansions
of the estimate and the covariance matrix in their spatial variables. The
distributed-parameter system is effectively reduced to a lumped-parameter
model with finite states. The moment-generating functions are calculated
directly using the techniques of Chapter II. The number of states in
the truncated model is increased until the performance measure converges.

An‘example was considered in which a known signal with a constant
envelope is transmitted over WSSUS channel with a first order scattering
function. The modal technique provided the binary symmetric communication
error probability bounds with a modest expenditure of computer time. The
notion of implicit diversity was useful in interpreting the results. In
this example, proper selection of the signal duration T permitted efficient
performance of the communication system over a wide range of channel
parameters, including the overspread condition.

The example presented illustrated the feasibility of using
the modal approximation for finding the delay-spread channel optimum
receiver and its performance. It should be emphasized that other signals
and any channel which fits the distributed-parameter state-variable model
can be analyzed with this technique. The amount of computer time re-

quired for such an analysis apprears to be quite reasonable.



CHAPTER VI
SUBOPTIMUM RECEIVERS FOR TEE DOUBLY-SPREAD CHANNEL

The previous chapter presented a distributed-parameter state-
variable model for the doubly-spread channel and derived a realizable
structure for the optimum receiver when a known signal is transmitted
over the doubly-spread channel. The configuration for the resulting
optimum receiver included a distributed-parameter system, that is, a
linear system whose dynamics are described by a vector partial dif-
ferential equation. This structure, although temporally realizable,
is difficult to implement directly. This suggests using a suboptimum
receiver.

Several suboptimum receivers for the doubly-spread channel are
suggested by the results of the previous chapters. In Chapter V a
modal technique for finding the optimum receiver performance was
given. Included in the formulation was a finite state approximation,
(5.74~.76), to the distributed parameter state vector estimator which
is an essential part of the realizable optimum receiver. One possibility
is to use this approximate estimator in place of the distributed-
parameter system in the optimum receiver. This may well provide a
good suboptimum receiver, but it will not be discussed further in this
chapter.

Several other suboptimum receiver structures are suggested by
the results for the doppler-spread and delay-spread channels. 1In the
doppler-spread case a filter-squarer-integrator structure provided

good performance if properly designed, as did its dual, the two-filter

=207~
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radiometer, for the delay-spread channel. This chapter considers a
receiver for the doubly-spread channel which is closely related to both
the FSI and TFR receivers. It consists of a distributed-parameter
linear filter whose output is squared and integrated over its space
and time variables. This doubly-spread suboptimum receiver will be
called a distributed filter-squarer-integrator (DFSI) receiver. The
following section discusses the DFSI suboptimum receiver in detail and
presents a method for evaluating its performance.

Another suboptimum receiver for the doubly-spread channel
which is considered in this chapter is called a correlator-squarer-
sum (CSS) receiver. It is essentially a combination of the suboptimum
receivers of the same name that were specified for the doppler-spread
and delay-spread channels. The performance of the doubly-spread
channel CSS receiver is analyzed so that it may be compared with the
optimum receiver.

A. A Distributed Filter-Squarer-Integrator Suboptimum Receiver

This section considers a distributed filter-squarer integrator
suboptimum receiver for the doubly-spread channel. It is related to
both the FSI and TFR receivers for the doppler-spread and delay-spread
channels, respectively. The design of the DFSI receiver is investigated
and a method for evaluating its performance is presented. |

The first section of Chapter V gave the doubly-spread channel
model as a superposition of doppler-spread channels. Since the FSI
structure proved to be a good suboptimum receiver for the doppler-spread
channel, this suggests that a ''superposition" of FSI receivers would

be a reasonable choice for a doubly-spread channel suboptimum receiver.



~209-

This superposition can be accomplished by distributing the
doppler-spread FSI filter over a continuum of delays and integrating the
output over the spatial variable. That is, the received signal is
passed through a time-varying realizable, distributed linear filter
with impulse response E(A,t,u). The output is squared and integrated
temporally over the observation interval. The result is then integrated
over the spatial variable . Thus the decision statistic can be

written

L_T T
£ g . ,
= [ [ [ g0,t,u)f(udu]” dt dx (6.1)
LO TO TO

The observation interval is [To,Tf]. Figure 6.1 shows this receiver
structure. Note that the order of the integrations over A and t may be
reversed.

The choice of the distributed filter can be made in many ways.
In light of the resulté for the FSI and TFR suboptimum receivers in
the doppler-spread and delay-spread cases, respectively, it is
reasonable to look for a g(k,t,u) such that the structure of (6.1)
reduces to the FSI or TFR receivers when the doubly-spread channel
becomes singly-spread. In the limit of the doppler-spread channel,
then, the extent of g(k,t,u) in X should become negligible and the
time behavior should be a multiplication by ¥*(t) followed by a filter
which has the same order as the fading spectrum. For the delay-
spread case, the g(l,t,u) should reduce to a filter matched to %(t)
with a post-detection weighting over A.

A choice for E(A,t,u) which satisfies these conditions is
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Figure 6.1. Distributed filter-squarer-integrator suboptimum receiver for the delay-spread

channel.
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shown in Figure 6.2. The distributed parameter filter consists of
multiplication of ¥(t) by %?t—k) followed by a distributed-parameter
system which has the same order as the channel model filter in (5.10).
As the doubly-spread channel model reduces to the doppler-spread

or delay-spread cases, so-does the distributed filter in Figure 6.2.
The result is a FSI or TFR receiver structure. Another motivation
for using the particular structure of Figure 6.2 is that the optimum
receiver for the doubly-spread channel under low-energy-coherence
conditions is similar in form to the receiver of Figure 6.2 [2].

In this case the filter in Figure 6.2 should be identical to that in
the channel model, and the post-detection temporal integration
should be infinite in extent.

The receiver structure in Figure 6.2 is simpler than the
optimum receiver given in Chapter V. It does involve a distributed-
parameter system, which presents some problems in physically implementing
the DFSI receiver. However, it is still informative to compare the
performance of the DFSI receiver with the optimum receiver performance.
And in the process an approximation to the structure of Figure 6.2 will
be obtained which can be realized physically.

The evaluation of the suboptimum DFSI receiver error probabilities
is carried out by application of the modal technique which was used in
Chapter V to evaluate the optimum receiver performance. As in Chapter V,
; series expansion is applied to the receiver filter state vector.
Trﬁncation of the series effectively reduces the DFSI receiver to a
finite state FSI receiver. If the modal technique is applied to the

doubly-spread channel model as well, and the appropriate series
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Figure 6.2. A particular choice for the distributed filter-squarer-integrator suboptimum receiver.
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expansion is truncated, then the suboptimum receiver performance follows
from the state-variable FSI receiver. The number of terms in the
truncated series is increased until the performance converges.

The analysis begins by expanding the filter output, %(x,t) in

Figure 6.2, in an orthogonal series

(o]

2,0 =] Z (0F, 6 (6.2)
. 1
i=1
L
ff Y. O (x)dx = & 6.3)
J ¢i X ¢j x)dx = 15 .
(o]
Then Tf L
L = f / |2(x,t)[2dx dt
T L
(o] (o}
T
£ oo )
= [ IlZ®]%e (6.4)
T i=1

Suppose the series in (6.4) is truncated to N terms. Defining the

vector Zﬂt) as

Z() =|7Z,(t) (6.5)

2 (£)

- -

permits (6.4) to be approximated by
T

£ .
v o= [ Z(o)Zwat (6.6)
T

o
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n,
The vector process gjt) can be wvritten in a Karhunen-Loeve

expansion

Z(t) = 121 %li i"bii(t), T <t <T, (6.7)
T
f oy )
{ 3508, (e)de = & (6.8)
(o}
A, nk
E[zizj] = aijxi (6.9)

where the {Ai} are eigenvalues of the vector process z(t). Note that
the {%i(-)} are different from the {% i(')} . If (6.7) is introduced

into (6.6), the relationship of (6.9) gives

(6.10)

The moment-generating function for the right hand side of (6.10)

is given by (2.96)

v o2
szlzil o
Ele 1= - ) (- sA;) (6.11)
i=1
where the {Ai} are the eigenvalues of th) given H, or H. Fquation

(6.11) can be evaluated by the techniques of Chapter II provided
that‘z(t) has a finite (lumped-parameter) state-variable representation.

Such a model can bte obtained by treating the receiver filter
and the doubly-spread channel model with the modal technique of the

previous chapter. The receiver filter in Figure 6.2 is described by



-215-

the equations

oX_(x,t)
—§t = gr(x’t)gr(xat) + @r(x,t)?*(t-x)¥(t)
2o,y = & 600X, (,0) (6.12)

The state vector gr(x,t) is expanded in the series

Lee = T X, (0800 (6.13)
L
£ ok
X, = [ X608 dx (6.14)
o]

Substitution of (6.13) in (6.12), multiplication of both sides of the

n%
equation by ¢i(x), and integration over x gives

[~

%? zir(t) = 12< A, (t) L€ +_§ir(t)"f(t)

Z,(t) = L B (O () (6.15)

where Lf
Eikr(t) = ff(x,t)$z(x)$k(x)dx (6.16)

LO

, L
B, = [ 2 )Y (t=x)8 s () dx (6.17)

r i, e o i

(o]
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L
f
v v & Y
Bipr (8 { €, (x,t)6, (x)é, (x)dx (6.18)
(o]

If the series in (6.13) and truncated to N terms, a finite

state receiver filter results. Let

£ =[3;®]

Y
[~y
Elr(t)
g ) =
B ®
b i
B (£) = [y, (6) ] (6.19)

Then (6.15) becomes

,\'-L

X (6) =X (0X _(£) + & (£)F(r)

[aN

t

Z@e) = ¥ (X _(6) (6.20)
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The modal approach applied to the doubly-spread channel provides
a similar finite state approximation. From (5.10) the distributed-

parameter model is

Xt = o o + & enole

Ye,t) = 0¥ (1)

Sy = [ ¥e-x)¥(x,t)dax (6.21)

=00

The subscript f has been added to distinguish the channel model from

the receiver filter. The state vector X&(x,t) is expanded

Xp(x,t) = L X (O, (0

L

b ok

[ X 00, (0 (6.22)
L

(o}

X

Note that the orthogonal set here is not necessarily the same as that
which is used in the receiver expansion. The driving noise is expanded

in the same manner

[+ ]

Yex,e) = Zl 8 (0, 60 (6.23)
i=

[

f
HORS! Yex, 0¥} Gooax

o]
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f

He—
Hae— t

o O

g4 (0) 8¢e=1)

£ *
&mmnw@wauw

(6.24)

*
Substituting (6.22) and (6.23), multiplying the result bywi(x), and

integrating over x gives

d v A
o e ® = kzl 2y
s(t) = Z

k

The series in (6.22) and (6.23) are truncated at their Nth terms.

the definitions

X (0

A (t)
& (t)

B ()

)

g

Y]
L B ()& (©)

e s e

b

éc‘?

st Y 1Y
kO O + ) by (I8 ()

£(0)]

(6.25)

With

(6.26)
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the finite state approximation to the distributed parameter system of

(6.21) is written

d n " n
T X© = R (OF ) + E (0T

s(t) = B (X (1) (6.27)
e (0] = B e)se-0) (6.28)

Figure 6.3 shows the composite approximate lumped-parameter
state-variable model when signal plus noise is the input to the distributed
FSI receiver. As was the case with the doppler-spread channel FSI
receiver, the technique given by (2.86-.90) can be used to find the
moment-generating functions of (6.11). When signal plus noise is the

receiver input, the matrices of (2.86) are

-
X, (0
X(t) =
= X ()
[, ©) 0
¥y =
& ()B () X
2,0 o |
gy =




Be()={ E.(v)

Figure 6. 3.
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Finite state approximation to the DFSI receiver for the doubly-spread channel, signal

plus noise input.
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4
de (o) 0
ONE
0 NO
g = [0, B .(®)]
. V(o)
u(t) = :
W (t)
L u
P (t) = N (6.29)
0 P
= —or

The matrix gof is partitioned into submatrices

Le Lg
B o= [ [ ¥y Yol (ndxdy (6.30)
~ijf Lo Lo -0 i j

Y
and gor is any Hermetian matrix with a non-negative definite real part.

When noise alone is the input to the receiver, the model is

£(e) = X _(©)
¥ - £_(6)
&) =& (v)
€y = g (o
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n,
g = N
ut) = w(t)
n
Po= P (6.31)

Thus the semi-invariant moment-generating functions for the
finite state approximation to the DFSI suboptimum receiver can be
evaluated. These lead to the error probabilities as discussed in
Chapter II. The number of terms in each of the expansions of (6.13),
(6.22) and (6.23) is increased in some uniform fashion until the
performance converges.

The computer time required to compute the error prohabilities
for the DFSI receiver in the manner described above is considerably
greater than that needed for the evaluation of the optimum error
probabilities. The composite state variable model in Figure 6.3 has
twice the dimensions of the corresponding approximation used for the
optimum receiver calculations. Furthermore, to find the suboptimum
receiver error probability bounds, it is necessary to compute the
appropriate moment-generating function for a number of different values
of s. This implies a computation time that is greater than that used
in the optimum receiver case by a factor of 50 or 100.

For this reason no numerical results will be presented here.
More efficient programming could significantly reduce the computation

required in this problem, so that the method presented above could be
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applied. It is likely that the doppler-spread FSI receiver results in
Chapter III would provide a useful guide to the DFSI receiver optimization

in this case.

B. A Correlator-Squarer-Sum Suboptimum Receiver

This section considers a second suboptimum receiver structure
for the doubly-spread channel. It is similar to the correlator-squarer-
sum (CSS) receivers used for doppler-spread and delay-spread signals in
Chapter III and IV, respectively. Its performance is found by specifying
the moment-generating functions of the receiver decision statistic. The
performance of the doubly-spread CSS receiver is compared with the
optimum receiver in some numerical examples.

The CSS structure used for the doubly-spread channel is just
a combination of those of the doppler-spread and delay-spread CSS
receivers presented earlier. A motivation for this receiver choice is
provided by writing the decision statistic of the DFSI receiver of the

previous section as

f

©
1}
H—

T, T

£ f .
[ 1] BOLt,0F (-0)E(() | dedx
T T

o O

(o}

T

T
£ Tt .
[ dm,t,0F G-tan¥ @ | 2ae 1 (6.32)
T

=1 T
o o

i
e B

where ﬁ(x,t,r) is the impulse response of distributed filter following
the multiplier in Figure 6.2. Now each term in (6.23) is the output
of a FSI receiver. It seems reasonable to replace these FSI receivers with

the doppler-spread CSS receiver structure: a subinterval correlator
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followed by a sampler, squarer, and weighted summation.

The doubly-spread CSS structure which results is shown in
Figure 6.4. The number branches, M, is (Lf—Lg/AX- 1 ; the pumber of
correlations in each branch, N, is (Tf—To)/T. Note that some of the

., will be zero because ?(t—iAA) is

correlator output samples, riJ

non-zero only over [iAX,T + iAx]. The delayed replicas of ¥(t) uscd
for the correlations can be cbtained by passing %(t) into a tapped
delay line. The variables in the.receiver structure of Figure 6.4 are
N, M, and the weights, wij'
The structure of the CSS receiver can be simplified considerably
when the envelope ?(t) is constant and when Al= mt for some integer
m. In this case many of the sampled correlator outputs in different
branches are the same. The simple structure of Figure 6.5 results. The
number of correlators, N, and weights Wi are variable in this receiver.
The performance of the CSS receiver for the doubly-spread channel
can be obtained since the decision statistic is a finite weighted sum
of squared Gaussian random variables, the gij in Figure 6.4. If a
vector E is defined by

+ " n N L N %

Ny
R [rll, TigseeasTys Togseres rMN] (6.33)
then from (2.118) and (2.119)
uo(s) = fn det (I - SE-An)
= - I A .
ul(s) n det (I s&__s) (6.34)



13

t-1

——
<
2
[
[ 5
N
) 4

Figure 6.4.

Complex version of the doubly-spread channel C88 suboptimum receiver,

|
T (t-02) |
|
t | ~
] ]/ 24 l ,2
t=-T
. I l
HE)— ACCUMULATOR —>
Ft-200) |
|
|
| Wy
t .
s ) ¢
- t-£ 8 , lz
SAMPLE AT
T (e-M1) L= 3
1<4<N

L

-G¢¢~



1
t
3 2
T(t)—) j 7 1 l! | ACCUMULATOR —> & -f:w [“r']z
t-T i=1 i1

SAMPLE AT

t= jr

1<j<N ]

N= Tf.To

Figure 6.5. Simplified version of the doubly-spread channel CSS receiver for constant ?(t)
and mA\ = T,

-9c¢-



~227-

The weighting matrix W is diagonal with the weights wij in Figure 6.4

n
arranged in the same manner as the rij in (6.33). The covariance

matrices are

A= E[Eﬁﬁ [noise ]
A, 2

A = E[X'} |signal + noise ] (6.35)

The elements of An can be found from

(Y, ¥ 1 }
[rij L |noise]

%
[ ¥ (eiant (u—kAA)k%(t,u)dtdu
G-t~

iT 2T %
N [ ¥ (t-1a0F (u-kar) s(t-u)dtdu
° (1)t~

(6.36)
and those of A from
—S
N jt 2T &
E[ri r | signal + noise ] = f f ¥ (t—iAA)%(t—kAA)
j ke .
G-t -1t
[kg(t,u) + N_§(t-u)]dtdu (6.37)

kg(t,u) is given by (5.4).

For the simplified structure of Figure 6.5, let the vector ﬁ

be defined by

X =| . (6.38)
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and W be diagonal with elements Wi. Then the elements of An and AS
can be found by
it it

*
E[¥i¥j |noise 1 = | J  ms(t-u)dtdu =N 16, (6.39)
(1-Dt(G-Dr

it it

E[Y, ¥, |signal + noise ] = ¥n(t,u)dtdu + N 18
irj signa noise = S s u u OT ij

(i-)1(G-Dr
(6.40)
Note that the calculation of the error probabilities for the
CSS receiver does not require the distributed-parameter state-variable model
for the doubly-spread channel. The most difficult feature of the performance
calculation is finding the covariance matrix AS. The integrations
are tedious, if not impossible, so that numerical methods are required
in most cases.
For an example of the relative performances of the CSS receiver
and the optimum receiver, consider the particular doubly-spread

channel of Chapter V, Section E. The channel model is first order

2k 21X
£~(1— cos =T ) 0<x<t
g(x,f) = (2'ﬂf)2 + k2 - < f < »
0 elsewhere (6.41)

and the transmitted signal envelope ?(t) is constant over the interval

[0,T]. The error probability bound exponent, ubc(s), for binary ortho-
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gonal communication is computed for the simplified CSS receiver of Figure
6.5. The AS and An matrices are given above; the integration required to
obtain As is quite tedious.

The weights Wi in Figure 6.5 are chosen according to the formula

max[0,1it-.5~T]

1
W, = /4% (1-cos 3%5-) dx -
Nt=T + L

min[it-.5,L]
(6.42)

This choice is motivated by the weights used in the doppler-spread and
delay-spread CSS receivers. In Figure 6.4, this suggests that within
a branch, each sample be weighed equally, but that from branch to
branch the weightings should be proportional to the scattering function
profile, g(x,O). The cﬁoice of (6.42) approximates this weighting,
since the structure of Figure 6.5 is a collapsed version of the CSS
receiver in Figure 6.4.

Figure 6.6 gives a plot of the error probability bound exponents
of the optimum and CSS receivers for this example when the kL product
is less than one (kL = .25). For the optimum receilver u*bc(_‘s) is
plotted, and for the CSS receiver the minimized value of ubc(s) is
shown. The optimum receiver curves come from Figure 5.4. The number of
correlations in the CSS receiver is optimized for each point on the
curves; this value is given in parentheses in Figure 6.6. Note that
the optimized CSS receiver performance is from one to two dB less than

optimum in this example.
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Figures 6.7 and 6.8 present similar curves for the cases of
unity spread and overspread (kL = 6.25) channels. In both figures
the optimized CSS receiver performance is again from one to two dB
less than optimum. The optimum receiver curves are taken directly
from Figures 5.5 and 5.6.

In this example the CSS suboptimum receiver performed adequately,
relative to the opfimum receiver. The structure of the CSS receiver
is much simpler than that of the optimum receiver, and thus the perfor-
mance degradation may be acceptable from this point of view. It is
likely also that there exists a different choice of weights, Wi, which
would improve the CSS receiver performance in this example. Choosing
both the weights and the number of correlators is a more complicated
optimization problem, however.

The results of the CSS receiver and optimum receiver comparison
in this example suggest that it would be worthwhile to consider the
CSS structure as a subhoptimum receiver for other signals and scattering
functions. Of course, there is no guarantee that the CSS receiver
performance will always be within one or two dB of the optimum in all

cases.

C. Summary

This chapter has considered several suboptimum receiver structures
for the doubly-spread channel. The first is a distributed version of
the FSI receiver for the doppler-spread channel. The received signal
%(t) is multiplied by ¥*(t—x) and passed through a distributed linear
filter of the same order as that which is used for the channel model.

The output is squared and integrated over both its time and space



o "(10)

.080. ) T~ ‘ " . \. €SS RECEIVER \ » o ‘ .

i j i | ' ‘ j -
(8 \\ css RECEIVER TN KL = 1

! . E/N =5 ‘ ; , P

C i LN 2k 27x
L i o , ! (zmz + l‘2 0<x<L

r B(x,£) = 4
.040 ; U S U R 00 P U N B S (x,£)

IR ﬂ» 0 elsevhere
| b | j \
— L Ll A LS S
T ! , f . (N_.): CSS
S 0% TR TS NN IO N N BUUE R O opt!
i t i 1 ! |
020 U S T T R N I I 1 I | - ~ U R S B I
{ : ! | i

Figure 6.7. Relative performance of the CSS and optimum receivers, binary orthogonal

communication, doubly spread channel with unity spread.

I . e BUUD S e e e NN

.1 1 10

AN




. 120

.080

.060

. 040

.020

.1

i
i

k = 2.5
kL = 6,25
L=2.5

OPTIMUM

CONSTANT £(t)

-
2k 27x
T (1 - cos— T~ )
2 2
| S(x,£) =< (2%f) + k
CSS RECEIVER i R 0
Er/No = 20 L

(15) ‘ (N _): CSS

CSS RECEIVER
Er/No =5

—

Figure 6.8, Relative performance of the CSS and optimum receivers, binary orthogonal

communication, overspread delay-spread channel.

IA
[

0 <x

A
8

- < f

elsewhere

~£€g-



~234~

variables.

A method of finding tﬁe performance of the FSI receiver was pre-
sented. It involved reduction of the receiver distributed filter and
the channel model to finite state systems by the modal approach given
in Chapter V. The moment-generating functions of the receiver decision
statistic were found by the method used for the doppler-spread FSI receiver
in Chapter III. No numerical results were presented because the computer
time required to evaluate the performance was prohibitive without
more efficient programming.

A second suboptimum structure was considered for the doubly-
spread channel. It is a combination of the CSS receivers for the
doppler-spread and delay-spread channels. The signal %(t) is correlated
with a set of delayed replicas of %(t). Each correlator is a gated
correlator of the tyﬁe used in the doppler-spread channel CSS receiver.
The correlator samples are squared, weighted, and summed to form the
decision statistic.

The performance of the CSS receiver was compared to the optimum
receiver performance for the example treated in Chapter V. The optimized
CSS receiver performance was witﬁin two dB of the optimum over a wide
range of parameters.

The treatment of suboptimum receivers for the doubly-spread
channel in this chapter is by no means complete. Only two structures
were considered here., A number of other possibilities are attractive [6],
such as a filter-squarer-filter receiver. The techniques demonstrated in

this chapter should be useful in the analysis of these suboptimum receivers.



CHAPTER VII
CONCLUSTION

The preceding chapters have considered the problem of detecting
known signals transmitted over dispersive chamnels. This is a special
case of the Gaussian signal in white Gaussian noise detection problem.
Optimum and suboptimum receiver performance has been investigated for
the cases of doppler-spread, delay-spread, and doubly-spread channels.
A summary of the results of each chapter is presented below. Topics
for further research are then discussed.

Chapter II considered the problem of evaluating the error proba-
bilities for binary detection with a suboptimum receiver. Series
expressions for these error probabilities were developed by using
tilted probability densities and Edgeworth expansions. Bounds on the
suboptimum receiver error probability for M-ary communication with
orthogonal Gaussian signals were also found in a similar manner. In
order to evaluate these expressions, it was necessary to have the
semi-invariant moment-generating function of the receiver decision
statistic under both hypotheses.‘ The moment-generating functions for
the optimum receiver were reviewed; it was pointed out that efficient
computation of the moment-generating functions was possible when the
random processes in the problem had state-variable representations.
Moment-generating functions for two types of suboptimum receivers were
found: filter-squarer-—-integrator receivers and those with a decision
statistic which is a finite, weighted sum of squared compleX Gaussian

random variables.

-235-
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Chapter III concerned the reception of known signals transmitted
over the doppler-spread channel. The performance of the optimum
receiver was reviewed in the case when the channel fading process has
a lumped-parameter state-variable representation. Two suboptimum
receivers were suggested for the doppler-spread channel. One structure
(FSI) consisted of a filter followed by a square-law envelope detector
and an integrator. The other (CSS) was a correlator whose output
was sampled several times during the observation interval: the samples
were squared, weighted, and summed.

The performance of each of these suboptimum receivers was
evaluated by the techniques of Chapter II and compared with the optimum
receiver performance. By properly designing the suboptimum receivers,
it was possible to come within one dB of the optimum receiver performance
in a number of examples. The CSS receiver performed better for low
values of kT, and the FSI receiver was closer to the optimum for large
kT, where k was the fading bandwidth and T the transmitted signal
duration. The numerical examples also provided guidelines for optimally
choosing the FSI and CSS receiver parameters. Of course, for arbitrary
signals and channel fading, it may not be possible to do this well with
the FSI and CSS receivers.

Chapter VI investigated the delay-spread channel detection
problem. The concept of time-frequency duality was reviewed and the
relationship between a delay-spread channel and its dual doppler-spread
channel was discussed. It was pointed out that the FSI and CSS sub-
optimum receivers for the doppler-spread channel have dual structures

which are suboptimum for the delay-spread channel. In the case of the
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FSI receiver the dual structure was called a two-filter radiometer (TFR).
It consisted of a filter matched to the transmitted signal, followed by

a square law device and weighted integration. The performance of the sub-
optimum receivers was exactly that presented in Chapter III for their
duals. The use of duality is particularly suited to delay-spread

channels with scattering distributions that are infinite in duration

and transmitted signals which are strictly bandlimited.

A more direct approach was given for finding the performance of
the optimum receiver for a delay~-spread channel. It involves a series
expansion of the channel model. Truncation of the series yields an
approximation for the delay-spread channel. The optimum receiver and
its performance was found for the truncated model. The number of terms
in the series was allowed to increase until the approximate performance
converged to the optimum receiver performance for the actual delay-spread
channel. A similar technique was applied to the TFR suboptimum receiver.
Also suggested was a second suboptimum receiver which correlated the
received signal with a number of delayed replicas of the transmitted
signal. The correlator outputs were sampled, squared, weighted, and
summed. The two suboptimum receivers were compared with the optimum
receiver in several examples; their performance was within one or two
dB of the optimum. The advantage of this direct approach to the per-
formance analysis is that it is suitable for transmitted signals and
scattering distributions of finite duration. It is not clear, however,
how to obtain the orthogonal expansion to ensure rapid convergence or

easy computation of the semi-invariant moment-generating functions.
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Chapter V presented a distributed-parameter state-variahle
model for the doubly-spread channel. The scattering process was modeled
as the output of a distributed linear system whose dynamics are
described by a partial differential equation driven by a temporally
white, complex, distributed random process. The model was shown to he
valid for correlated and non-stationary scattering. The special
case of a WSSUS channel model was investigated, and the class of
scattering functions which can be described by the distributed-
parameter étate—variable model was given.

A realizahle (causal) structure for the douhly-spread chanpel
optimum receiver was specified. It made use of the (S realizahble
estimate of the distributed state vector in the channel model. The
estimation equations were partial differential equations. A by-
product of the estimator derivation was an equation which specified
the MMSE filtering error for the doubly-spread channel output. This
was used to calculate the moment-generating functions for the optimum
receiver, from which the error probabilities can be obtained.

In order to find the optimum receiver performance in this
manner, it was necessary to solve for the error covariance matrix of
the distributed parameter state-vector estimate. This matrix was the
solution of a partial integro-differential equation, with partial
derivatives in the time variable and integration over the spatial
variahles. A modal approach to the solution of this equation was given.
It involved a double orthogonal expansion of the covariance matrix
in its spatial variables. The spatial dependence was integrated out

of the equations to give a finite state approximation for the distributed
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channel model. The resulting matrix Ricatti equation was solved by
conventional techniques. The number of terms in the truncated series
was increased until the performance expression converged.

An example using this modal approach was presented. The
performance was calculated for a number of cases; the calculations
consumed a reasonable amount of computer time. An implicit diversity
description of the channel provided an interpretation of the results.

The performance of a simple signal over the doubly-spread channel of
this example was good, even when the channel was overspread.

Chapter VI investigated the performance of several suboptimum
receivers for the doubly-spread channel. One structure was a distributed
filter-squarer—-integrator (DFSI), an extension of the FSI receiver for
the doppler-spread channel. The modal technique of Chapter 5 was applied
to the DFSI receiver to reduce it to a finite state model. The techniques
used in Chapter III for the FSI receiver were used to find the DFSI
moment generating functions. No numerical examples were presented,
however, because excessive computer time was required. A second
suboptimum receiver was suggested which combined the structures of the
CSS receivers for the doppler~spread and delay-spread channels. Its
performance was evaluated and compared to the optimum receiver performance
in an example. It was suggested that there are other attractive
candidates for doubly-spread channel suboptimum receivers that could
be analyzed.

One topic for possible further research is the signal design
problem. This involves choosing %(t) for transmission over a spread

channel and minimizing the error probability or some other measure of
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performance, under some set of constraints. Whether or not such studv of
this problem is of real importance is likely to depend on the set of
constraints chosen. The numerical examples presented in the previous
chapters showed that it was possible to obhtain a performance with simple
signals within one DB of the best possible performance. This was
observed for a wide variety of channel parameters, but it was necessary
that the signal duration or bandwidth assumed the optimum value in each
case. With‘only one dB in performance to be gained, the effort spent
in studying the signal design problem might be better spent elsewvhere.
However, if the constraints on signal parameters, such as peak power,
duration, or bandwidth, are such that the simple signals no longer
provide efficient performance, then the signal design problem hecomes
more interesting.

A problem in designing signals for spread channels is finding
an approach which actually provides solutions. A signal design method
that has been successful in several detection problems [30,31] seeks to
formulate the problem so that it fits the results of optimal control
theory [32]. This approach has been attempted hv Collins [13] for the
doppler-spread channel signal design problem. In this case, the
binary orthogonal communication error probability bound exponent,
u*bc(~.5),for the optimum receiver can be expressed as several integrals
of IMS realizable filtering errors, as given in Chapter II. When the
fading has a state-variahle representation, these filtering errors are
solutions of differential equations which involve the transmitted signal
%(t). This fits the optimal control theory formulation, so that the

minimum principle can be applied to find a set of neccessary conditions
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for the minimization of u*bc(_'s)' Collins [13] did this with an

energy constraint on the signal %(t), but he could not obtain realistic
solutions. It appears that one should also impose an amplitude constraint
on %(t) or its derivative in order to make the optimal control prohlem
meaningful.

In the course of the research for this thesis, the signal optimi-
zation problem for the doppler-spread channel was considered also, this
time with a peak power constraint in addition to the energy constraint.

A set of necessary conditions on the signal waveform was derived in the
form of non-linear differential equations with mixed initial and final
conditions. Since analytic solution of this boundary value problem
appeared impossible, numerical techniques were considered [36,37]. The
necessary conditions indicated that the optimal signal either assumed
its maximum amplitude, or was off, or satisfied a ''sinpgular' condition
during the transmission interval. A numerical gradient technique [36,37]
was applied to the problem after assuming an on-off T(t). The signals
which resulted had a performance of the same order as the pulse train
signal considered in Chapter III.

In the doppler—~spread case the effort required to apply these
numerical techniques did not seem worth the performance improvement
that resulted. Of course, with different constraints on the signal
there may be a greater performance gain to be realized. Unfortunately,
this approach appears to be less attractive for the delay-spread and
doubly-spread channels. Here the approximate state-variable models of
Chapters IV and V for these channels have large dimensions; the numerical

techniques for finding the optimum signals in the control theory model
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are not well suited to this case. Tor suboptimum receivers the signal
design problem is more complicated, since ubc(s) must be minimized over
s as well as the signal shape.

There are several other topics directly related to the thesis in
which further research may be fruitful. One is the modal approach to the
calculation of the doubly-spread channel optimum receiver error probahilities.
It was pointed out in Chapter V that how to choose the orthonormal series
for fast convergence or easy computation was not clear. It would be
helpful to have an organized method for making this choice. Iore
experience in working examples should provide guidelines in this matter.

Another topic of interest is the performance of various signals
over doubly-spread channels with different scattering functions. Chapter
V discussed only one example in detail. The techniques of Chapter V
can be applied to other signals and scattering functions, however. This
would provide a better understanding of the properties and limitations
of the doubly-spread channel.

The issue of suboptimum receivers for the doubly-spread channel
is one which deserves further attention. Several structures were
considered in Chapter VI, but there are others which are attractive
candidates in the doubly-spread case [6]. The techniques of Chapters V
and VI provide an approach to the analysis of the performance of these
suboptimum receivers which may be useful.

There are other problems which lie outside the context of this
thesis but which may well permit application of the techniques developed
here. Tor example, the problem of communicating with sequences of

signals is an exzension of the single transmission problen considered
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here. Another is the detection of signals transmitted over spread
channels and received in non-white Gaussian noise. The application of the
results of this thesis to this problem should be straightforward. Also,
the doubly--spread channel model presented in Chapter V provides a useful
characterization for clutter in some problems. The modal technique

for analyzing the doubly-spread channel optimum receiver performance

can be used in the detection in clutter problem, as discussed by

Van Trees [8].



APPENDIX I
A SYSTEM RELIABILITY FUNCTIOXN FOR FILTER-SQUARLR-
INTEGRATOR RECEIVERS, M-ARY ORTHOGONAL COMMULICATIOXR

This Appendix derives the suboptimum receiver system reliability
function, Eo( %-), used in the M-ary orthogonal communication error
probability bounds of (2.58) and (2.59). The filter-squarer-integrator
receiver has all branches identical except for carrier frequency, and
all branch outputs are assumed to be statistically independent and
identically distributed when noise alone is the input. The derivation
that follows is similar in outline to Kennedy's [6] for the optimum
receiver. For suboptimum receivers the derivation is complicated by
the fact that the moment—generating functions, ulc(s) and uoc(s), of the
receiver branch outputs are not simply related, as is the case for the
optimum receiver,

To begin it is convenient to overbound (2.43) and (2.44)
using the results given by (2.14) and (2.31). Equation (2.46) is

bounded by

uy (s)-su, (s)
Pr(2 < h) <e Le le

(I-1)
s <0, h =y, (s)
Similarly, for (2.57)
wo (E)H, (r-t)-ry, (r-t)
Pr(h< & <2 ) <e Oc 1lc lc
S — 1n -
(I-2)
r>0, t>0, h=ﬁlc(r—t)
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Since ulc(s) is monotonic the conditions of (I-1) and (I-2) imply that

s =r - t. Then (2.43) is bounded by

u, (s)-su. (s)
lc lc [l + Me

uOc(t)—tﬁlc(S):]

Pr(e) < e
(I-3)

s < 0, t >0, s+t >0

The lower bound of (2.44) can be written from (I-1) and (2.14)

as

u, (s)-sti, (s)+u, (t)-ti_ (t)
Pr(e) Z.%‘B e 1lc lc Oc Oc (1-4a)

where B is the product of the bracketed terms in (2.14) and (2.31).

Also let s and t be determined by
ulc(s) = uoc(t) t>0, s <0 (I-4b)

and the further condition

Mo (E)-th . (t)
M e Oc Oc <1 (I-4c)

If (I-4c) holds, then so does (2.45), by virtue of (2.37). For upper
bounds on the value of B, see Kennedy [6].
The values of s and t will be chosen to optimize these bounds.

The results will be expressed in terms of

T =T, -T (I.5a)

R = ——— (I.5b)
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c = o (I.5¢)
T &n 2
E
r
a = No (1.54)

C is the infinite bandwidth, additive white Gaussian noise channel
capacity in bits/second, and Er is the expected value of the received

energy in Sk(t) during the observation interval.

A. Properties of u, (s) and u,. (s)
lc Oc

The semi-invariant moment-generating function of a branch
output, £, with signal plus noise as the input to the branch is, from

(2.99),

si
E [e | signal + noise ]

ulc(s)

= I 2n (1 - s\
n=1

-1
max
s < n {)\ln}:, (1.6bL)

where the {Aln} are the eigenvalues of ;(t) in Figure 2.1 given signal

ln) (I.6a)

plus noise as the input. With noise alone as the branch input

uoc(s) = E[esz l noise]

(1.7a)

< [Max 1 - (1.7b)
s n { On -*
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The {Xon} are the eigenvalues of %(t) given that white Gaussian noise
is the input to the branch.

Several properites of ulc(s) and poc(s) will be useful in the

sequel. First,

A

k o

d in

= -— 1 e et i =

d k [ uic(s)] Z . (k 1)' l - S)\, ’ k _>__ l’ 1 O’l
s n=1 in

(1.8)
Thus all the derivatives of the uic(s) are positive over values of s
given by (I.6b) and (I.7b), and each dk/dsk [uic(s)] is a monotonically
increasing function of s.
Another property concerns the first derivatiVes at the origin

L, (0) =

ic i=20,1 (.9

in

o~ 8
>

n=1
The sum on the right-hand side of (I.9) is just the average energy in
;(t) over the observation interval. It is larger when signal plus noise

is the input than when r(t) consists of noise alone. Hence

. . ﬁ )
M1 (0) > 1y (0) : (1.10)
Figure I.1 summarizes the two properties.

B. The Upper Bound .

if .
y “0c(t)'t“1c(s)
Moe

<1 (1.11a)

then the upper bound of (1.3) can be further bounded by
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uic(S)
u, (s)
ulc(S) Oc
ulc(0)>u0c(0)
1 ]
I {
-1 -1
max 1 max 0
Figure I~1l., Properties of uic(s).
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u, (s)-sn, (s)
Pr(e) < 2 e Le le

Equation (I.lla) can be rewritten using (I.5) as

(I.11b)
R L ti, (s) - u (f) (I.12a)
C o 1lc 0
s+t>0, t<0, s<0 (1.12h)
and (I.11b) similarly as

~TCEy ( %)
‘Pr(e) < 2-2
where

Eh(%> - 5

o

(1.13)
[%ﬁlc(S) - “1c(s£] s s <0

(1.14)
To tighten the bound of (I.13) the function Eh(zf) will be maximized
over s subject to the constraints of (IL.12).

From (I.14), for s < 0,

d R

ds [Eh(C)] -
and since L (B) is zero
nd sin T z

the most negative value

Q|

sti(s) < 0

for s 0, Eh(%) will be maximized by choosing
of s consistent with (I.12). This constraint
may conveniently be rewritten in terms of the function

f(s,t)

tﬁlc(S) - ”0c(t)

(I.15a)
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as
Ra
T < f(s,t), t >0, s <0, s+ t>0 (I.15b)
The nature of the function f(s,t) can be inferred from the
derivatives

O IR (o) (I.16a)
2
o £
= - (t) (I.16b)
3t2 Oc
f(s,0) = 0 (I.16c)

for t > 0 and 0 > s 2 8gs where s, is determined by

0

Hie(8g) = i, (0) (I.16d)

Oc

Equation (I.16) and Figure I.1 imply that sections of f(s,t) have the
behavior shown in Figure I.2. For the range of s given, f(s,t) has
only one inflection point, a maximum at t,.

Figure 1.2 leads to the sketch of the contours of constant
amplitude of f(s,t) in the s-t plane, shown in Figure I.3. The curve
A is the locus of the point ta in Figure I.2. The fact that t decreases

along A as s decreases is evident from the definition of A



-251-

f(s,t)

A

C 0
\ o~
ta tb
£, “1c(s) = uoc(t )
tb. tbulc(s) = 1.loc(tb)
5,° 1.(sg) = 1y (0
c = taﬁOC(ta) = Hoalty)

Figure I-2,

A section of f(s,t)
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locus of A: (s,t) such that ﬂlc(s)

and the properties of the uic(s) illustrated by Figure I.1l.

= e (8)

(1.17)

The locus

B is that given by f(s,t) = 0. Its curvature behaves similar to that

of A. Along A f(s,t) has the value

£(s,t)| =ty (8) - ug,

A

By differentiating (I.18) it can be seen that
increasing t. Hence the maximum of f(s,t) in
occurs on A at s = 0, as shown in Figure I1.3.

The constraints of (.11) imply that

(t)

(1.18)

f(s,t) increases with

A

the region of interest

f(s,t) should exceed %3 .

Thus the permissable values of s and t lie within the intersection of

the shaded area and an area like the cross-hatched area, in Figure I.3.

Since Eh( %) is maximized by the smallest s, Figure I.3 indicates that

there are two types of solutions. If

> R .
- crit
where
Rcrita .
—— = —e! A} - —_—c!
C s (87 = Ky (=8D)
. ' - —al '
Hic (81 = mg (=87, s' <0

then the contour will lie entirely within the allowable region of

(1.19)

(I.20a)

(I.20b)

the s,t plane. Then the minimum value of s lies on the intersection

of A and the contour
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maximum

Az locus of ulc(s) t)

= “Oc(

B: locus of tﬁlc(s) = I'JOC(t)

Figure I-3. Contours of constant amplitude of f(s,t).
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olm

o = tﬁOc(t) - “Oc(t)’ t >0 (I.21la)

ulc(s

[
= 2
min) uOc(t)’ Shnin =0 (1.21b)

Note that the definition of Rcrit is the rate for which the contour

and the line s = -t just touch.

When R<RC it is evident from Figure I.3 that the minimum

rit’
value of s is the lesser of the two solutions determined by the inter-

section of the line s = -t and the contour; i.e., the ninimum of

the two values of s that satisfy

R e _ -
c o= sulc(s) uOc( s) s <0 (1.22)

To summarize the preceding results, the maximized reliability

function for R i-Rcr is given by (I.14) and I.21)

it

of/R\ _ 1 . _ .
Eh(C) - l:so“lc(so) “1c(so):| (1.23a)
Ra . .
c = tohoc(tQ T Mo (tg) (1.23¢)
ty 2 0 59 < 05 R>R .. (1.23d)
For R < Rcrit’ (I.23a) still holds if SO is the minimum of the two

solutions to



Cc = _sOulc(SO) - uOc(-SO) R o< Rcrit’ SO =0 (1.24)

The value of Rcr is given by (1.20).

it
., R . .
For some values of the rate R a bhetter E( 5~) is obtainable.

From Eq. (2.70) with h = 0, the Pr(e) is bounded by

Pr(e) < 2 M e M(8)78H(S) s <0 (1.25)

where

s(&_ -2)
u(s) = n E [; S n ]

= ulC(S) + “oc("s) (1.26)

The bound of (I.25) is optimized for u(s) = 0; then (I.25) may be

written

uy (s) + u, (-s)
Pr(e) <2 Me le Oc

o/ R
-1CE (-—)
= 29 L\ C

(1.27)

by Eq. (I.5), where
ofRY __R _1 .
By (E) - C T« Ellc(s) + uOc:_(_s)] (1.25)

L.]lc(s)

1]

UOC(-S), s <0

To complete the upper bounding all that remains is to determine which of

b
EZ(%) and E;(%) is larger, as a function of R. Substitution of
R . into (I.23a) and (1.28) gives

crit



o(Rcrit> o ( Rcrit )
Eg 5 = Eh — (1.29)

/R . )
For R f‘Rcrit’ Eh(E) can be rewritten from (I.23a) and (I.24) as

b
=
~~
olx
~—
]
]
alx

- l:“.i.c(so) * “0c('so)] (1.30)

This is just E;(%) evaluated at the s, of (I.24). But the value of s

0
which maximizes E}%)is given by (1.28) and is different,; hence

0 5) o 5) =
Ez(c >Eh(C , R<Rorie (I.31)

For R > R__. , note that
crit

de®
L a1l X (1.32)
(%) C
C
From (I1.23)
de® 3s
d(g) =% SoH1c (5g) 1(1
C 3(5)
1. ‘o
o S0u

= = (1.33)



by implicit differentiation of (I.23b) and (I.23c).

Then by (I.23d)

0
dEh
-1 < — < 0, R > Rcrit (1.34a)
4(c)
C
since t > -s for R > Rcrit' Thus
o (R}, po(R ,,
2 (2)> (3 ), R >R .o (I.34b)
The final upper bound is then
o/ R
Pr(e) < 2-2 <’ (3 ) (1.35)
where —~
o R , .
Ey (E) R2 Berie
R
£ (£) =< (I.36)
© () req
Ey ( C R<Rorit

.

The reliability function Eo(%) is sketched

1 for R > R__,
slope for crit

ero at R iven b
z \max gl y

max _ ¢ a
= tulC(O) uoc(t)

(@]

0y, (0) = LOc(t>

in Figure I.4.

. . ; . R
is monotonically decreasing in

Its

Eo( %) reaches

(1.37)



)

slope =-1

Y

ol

Figure I-4, Reliability function for the suboptimum

filter-squarer-integrator receiver,
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At zero rate

£°(0) -i [}lc<s> + uOC(—s)]

(I.38)

“1c(s) = uOC(-s), s <0

C. The Lower Bound

To optimize the lower bound of (I.4a) subject to the constraints
(I.4b,c) it is convenient to recognize that (I.4c) combined with (I.4b)

is just

Ra
C

< f(s,t) (I.39)

where f(s,t) is given by (I.15a). Thus optimization results from

maximizing
h(s,t) = uy (s) - sil) (s) + ug () - tﬁOC(t> (1.40)

along the curve A in Figure I.3 for s < 0 and t > 0 such that s and t
lie inside the contour determined from (I.39).

The derivative of h(s,t) along the curve A is

dh(s,t) = it ds ...
at = sl (8) g tHg (B)
A

-(s + t)ii OC(t) (1.41)

by implicitely differentiating (I.4b). Thus h(s,t) has a maximum at

s =~-t., If R<R the contour of (I.39) encloses the point s = -t

crit’

on A. Then (I.4a) becomes
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B 'TCEX%)
Pr(e) > 7 2 , R < R (1.42)

with

0 (R - _R 1 -
Ez(c) c ~a Dhisg = sy

= "% - Z}Z E‘lc(so) - “Oc("so)] (I.43a)
Hic(sg) = Hoe (7807 55 2 0 (1.43b)

This is the same function derived for the upper bound.

For R > R » the contour of (I.39) does not enclose s= -t

crit
on A, and thus to maximize h(s,t), (s,t) is chosen as the point on A
that intersects the given contour. But this is just the point cliosen
in the upper bound case when R > Rcrit' Thus

o, R
-TCEh(E)

Pr(c)> % 2 , R>R__. (1.42)

where hﬁ(%—) is given by (I.23). The combination of (I.42) and (I.44)
gives a lower bound on the Pr(e) that has exactly the same exponential
behavior as the upper bound.

In summary, the following bounds have been derived

~tce® (%)
Pr(e) < kuz (I.45a)

-1CE® ( % )

Pr(e) > k£2 (L.45b)
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where the reliability function EO(%)is given by (I.36). The results

are expressed in terms of the moment-generating functions of the branch
outputs of the filter-squarer-integrator receiver. In the case of

the optimum receiver, the bounds reduce to those derived by Kennedy [6],
if the proper uic(s) are used. A thorough discussion of this case and

the system reliability function is contained in Kennedy [6]. Although

the derivation above was done for the filter-squarer-integrator suboptimum
receiver, the several necessary properties of the uic(s) should hold for
any suboptimum receiver whose moment generating functions Uic satisfy the

assumptions given at the beginning of this appendix.



APPENDIX II
THE OPTIMUM RECEIVER FOR A DELAY-
SPREAD CHANNEL TRUNCATED SERIES MODEL

This appendix derives the optimum receiver for the delay-
spread channel truncated series model of (4.29). The derivation is
similar to that for the problem of the transmission of known signals
over a Rayleigh fading channel. In this case the known signals are
not orthogonal and the fading is correlated.

The complex envelope of the received signal in the truncated

model is from (4.29)

N -
T) = ¥ B.(o)y, + w(t) (1I-1)
i i
i=1
The %i(t) are known signals, 3(t) is complex white Gaussian noise, and
the ; are complex Gaussian random variables. It is convenient to

i

define the vectors

B(e) = [B,(6),B,(), ..., B (6)]

71 ; (II-2)
,\J L]
y=1 -
3
In
N
and write r(t) as
T(t) = b(t)Y + w(t) (11-3)

The covariance matrix for z_is known and is denoted by

E[y 3’1 =¥ (11-4)

-262-



~263-

The derivation of the optimum receiver for (II-3) follows the
method given by (4.399-4.404) of Van Trees [20]. Given that &_in (I11-3)
has the value i, the likelihood ratio is available from the known signal

in white noise problem

H

£
AME®ID = e [+ [ T Y0
o T0
1 Tf ¥ v 1 Tf ot v
+ = [ F@bw Ya-5 [ YE (£)b(e)¥de ]
o To o To
—exp [YR+XY-YBY (11-5)
where
T
£
X=X | %o dT(vae (11-6)
— N —
o TO
T
£
b= = [ 3@ Bwa (11-7)
o T
(o]

The probability density function for the Gaussian random vector i'is [8]

pY @ - g e [-¥XY ] (11-8)
7 det K

34

Integrating (II-5) over the density (II-8) removes the unwanted variables

§_to give the likelihood ratio for the problem of (II-3):
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ALE)] = [p 3@ exp (¥R + XY - ¥R ¥ oY

=

det (X Y1)

. f 1 exp [ -(¥+— ﬁT%i%_l(§ - % k)] d%
N ¥ 220 AL
- 7 det 1

= —r e XY X (11-9)

det® ¥

where

ool o+ ¥ (11-10)

Thus the logarithm of the likelihood ratio is

=
[l

ACE(L))

R+ HT Y- tndee @+RY (1I-11)

The receiver of (II-11) can also be obtained by writing the ratio of

the probability densities of R under the signal plus noise and noise
alone hypotheses. The branch structure of the optimum receiver of (I-11)
is shown in Figure II-1. The signal %(t) is passed into a bank of
correlators, or matched filters. The outputs %i’ which are the elements
of the vector E, are combined quadratically according to (II-11). The

second term in (II-11) is a bias which does not depend on %(t).



)
ald

1 4C)

~N Tf n
() — x? |15 ¢
T
o
*
]Tf T
60~ .
(o]
X
bN(t)

Figure I1I~1.
truncated series model.

QUADRATIC
COMBINER

&n det (}_-D-B_BZ)

-Gy~

Complex version of the optimum receiver branch for the delay-spread channel



In order to compute the error probabilities for this receiver
with the techniques of Chapter II, it is necessary to find the semi-
invariant moment-generating function for 2, For either the binary
detection or the orthogonal communication problems it is sufficient to
find E[ esz] given that ?(t) is just 3(:). Then (2.41) and (2.76) give
the other moment-generating functions.

Since the decision statistic of II-11 is a finite quadratic
form, the expressions of Chapter II, Section E can be used directly to

give u*o(s). From (2.118)
u*o(s) = g¢n E[ esll noise ]

- k3B -1 .-
ne’ dec(L + E-E)E[exp(s ﬁf(g}l+ﬁ) 13) | noise ]

/4

= -s fn det(L+ K B) - tn det(L - s® M+ BTN )

(II-12)
where
Vot .
An = E[RR I noise ] (II-13)
For simple binary detection (2.41) gives
”*1(8) = u*o(s + 1) (I1-14)

and for the binary symmetric communication, (2.76) gives
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u*bc(S) = u*OC(s + 1) + “*OC('S)

u*OC(s + 1) + “*0(‘3)

[

-%n det {;+ﬁ§]t§-(s+lxgi@fﬂ¥]

(T+s L+ B 1
— — =" =
(I1-15)
The covariance matrix An is found from (II-6)
A= E[ﬁ §+|noise]
—-Tl — —
. T, T, -
= = [ ] §8(t-wb (£)b(uw)dtde
N T T
o o o
Y]
=3 (11-16)

Introduction of (II-16) into (II-12), (II-13) and (II-15) completes the
derivation of the moment-generating functions that are used to compute the

error probabilities for the truncated optimum receiver.



APPENDIX III

MINIMUM MEAN-SQUARE ERROR ESTIMATION OF

DISTRIBUTED-PARAMETER STATE-VECTORS

This apperdix derives the realizable MMSE estimator for the
state vector g(x,t) in the system of (5.10) and (5.11). The complex

envelope of the dcubly-spread channel received signal is,from (5.2)

[ Ee-x)¥(x,t)dx + w(t)

-—o0

()

g(t) + %(t), T <tx<T

. T, (I11.1)

where %(t) is white noise. The MMSE realizable estimate of g(x,t) is
obtained from %(t) by the linear operation

A t
Xx,t) = fT B (x,t,0) ¥(o)do, t > T (III.2)

(o]

Eo(x,t,r) =0, t<rt (I11.3)

The m x 1 matrix distributed impulse response ﬁo(x,t,T) is chosen to

minimize the state estimation error

F(x,y,t) = E {[X(x,w X(x,t)1[X(y,t) - X(y,t)]*} (I11.4)

The MMSE realizable estimate of ¥(t) is then

p ® a 2
§(t) = [ ¥(t-5)C(0,t)X(0,t)do (I11.5)

it

with the error

Ells(e) - syl

£p(6)

° < LY v v b vk
[ ] fe=0)C(o,0)5(0,,0)C (o,t)f (t-a)doda  (II1.6)

X
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The derivation of the realizable MMSE estimator for the distributed-
parameter state vector zﬁx,t) parallels that presented by Van Trees [20]
for the lumped-parameter state-variable estimation problem. The derivation
is extended here to the distributed-parameter case, and the complex
notation is added. The result is an estimator structure which is a
specialization of one obtained by Tzafestas and Nightingale [33] by a
different procedure.

The‘starting point of the derivation is the generalized Wiener-

n
Hopf equation [20] for ho(x,t,T)
n vk f n n
E[X(x,t)r (T)] = h (x,t,0) K¥(6,T)do, T < T <t (111.7)
T ~©° r o
o

n,
k?(c,r) is the covariance function of r(t). The left hand side of

(I11.7) is,from (III.1)

B G0 (0] = [ K 650,08 (1,008 (-0)do (II1.8)

n n n
since w(t) and r(t) are uncorrelated for T < t. KX(x,t;y,T) is given
by (5.14). Substitution of (III.8) into (III.7) and differentiation of

the result gives

Y
© BKX(x,t,o,T) ot sk N " t 9h (x,t,0) "
K y h .
{w 3t C(o,1)f (1-0)do = h (x,t,t)K (t,T) + { T K_(0,T)do
"o

TO < T <t (1I11.9)

To eliminate g%(x,t;y,r) from (I11.9), consider (5.18)
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ag&(x,t;o,r) ag(x,t) QT
ot B TR

[

ﬁ(x,t)&,(x,t;o,r) , T < t (III.10)

from (5.19), since ﬁ(x,t) and g(y,r) are uncorrelated for < t. Then

the left hand side of (III.9) becomes

T ng(x,t;o,r)

3t QT(O,T)%*(T—O)dO = | E(X,t)g&(X,t;O,T)QT(O,T)%*(T-o)do

- 00

%(X,t)go(x,t,o)g;(o,r)do R To <1<t (ITI.11)

(@)

L]
Y —

where the latter expression is derived from (III.7) and (III.8). From
(I11.1), (I1I.7), and (III.8), the first term on the right hand side of

(IT1.9) becomes

Eo(xat’t)kr(t"f)

o o0

- Ko [ ¥Feode,of @, 0,08 ©,0F (-aydoda
—“'OX” e L __’_K_Xs”__ s

}0 h (x,t t)'i\:"(t—oc)g(oc t)g' (o, t 0)1'2 (o,1)dado, T < T < t
-0 ? 2 — 9 -0 bl H T b 2 o

]
3t

- 0O

i
(I11.12)

since E[%(t) %?(r)] is zero for v < t. Substitution of (III.11) and

Y]
(I1I.12) into (III.9) yields a partial differential equation for ho(x,t,c)

a_ﬁo(x,tao)

ot

| “— 8

= Fou,of (G0 + [ B (e, 0)F(e-a)C(a,0f_(a,t,00da (TT1.13)
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Partial differentiation of (III.2) with respect to t gives an

N
equation which X(x,t) must satisfy

X (x,t)

n Y A" MY 4"
5t = F(x,0)X(x,t) + b (x,t,t)[r(t) - s(t)] (I1I.14)

n
where MMSE realizable estimate of s(t) is

s®) = | ¥e-0)0, 0¥ (s, )do (I11.15)

The initial condition for (I1I1.14) is

n

X1 ) = B[XGx,T) = 0 (IT1.16)

The MMSE estimate of iﬁx,t) is the solution to the linear
partial differential equation (III.14). The homogeneous system that
is associated with this equation is identical to that for the equations
which generate %(x,t), (5.10). The estimate of g(t) is fed back and
subtracted from ?(t) to drive the estimator. The matrix gain go(x,t,t)
is not a function of %(t).

The nest step is to obtain an equation for go(x,t,t). The

Wiener-Hopf equation given by (III.7) and (III.8),with t = T is

o]

{wﬁx(x,t;o,t)§+(0,t)?*(t-o)do = N R 6,0
t o

+ [ B a0t -8R, (a,058, 0 ()Y (t-8) dadpdo
T —00 =00
(o]

(I11.17)
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From (III.4), (I11.7), and (III.8)

t
t

E6e,Bt) = F {[X(X’t) -/ Eo(x,t,r)%'r)dr][i(e,t) -J Eo(e,tn)}’(r)dx]’?'
o] o

=
=3

rt

= KeGotse,t) - [ [ B Get,00¥(0-a)8 (K, (0,058, t)dado (I11.18)

-0

H

(¢}

*
Post-multiplying (III.18) by §i(8)¥ (t-R), integrating over £, and

combining the result with (II.17) gives

- 3
BoGot,t) = [ 2x,0,6)¢ (0,0)F (t-0)do (111.19)
o - 00

This specifies the gain Eo(x,t,t) in terms of the error covariance
matrix.

The error covariance matrix g(x,y,t) satisfies a partial differ-~
ential equation which can be derived by recognizing from (5.10) and

(III.14) that the error

A
(x,t) = X(x,t) - X(x,t) (I11.20)

AM?

satisfies the partial differential equation

8X_(x,t) o
—tat — = fﬂx,t)gé(x,t) - 5o(x,t,t) {w%(t—o)gﬁg,t)gg(T,t)dT

+ 8, )0 (x,t) - B (x,t,0)w(t) (111.21)
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Now

Qe Y AT
aé(xsy,t) oX (Xat) Nt " I (y;t)
——— . = R 7! hid -

(I11.22)

From (III.21) and (5.18), the first term in (III.22) is

Bgf(x,t)
ot

.f.

v

E [ (7,6)1 = F(x,)E(x,y,t)

d

- ﬁo(x’t’t) f ’%(t-c)_a_(oat):é)_(c’Yst)do

=00

N
1 + v vt
+5 86086,y 08 5,0 + B o600 28 (5,t,1)

(I11.23)

Fvaluating the other term in (III.22) in a like manner gives the matrix

partial differential equation for the error covariance

38 (x,v,t)

ot = i(x’t)_’é_l(xsy’t) + g_(x)y,t)_'f\:_ﬁ(}ﬂt) + E(X,t)é(x,y,t)gk (y:t)

- %?’[f gﬁX,O»t)gf(c,t)?*(t—o)d?}[f ?(t-u)g(a,t)gﬁa,y,t)d%]

(o] —00

(I11.24)

The initial condition for (III.24) is
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i}

oy
g(x,y,To) E_X(x,To;y,To)

io(x,y) (I11.25)

from (5.22).

The derivation of the MMSE realizable estimator for‘g(x,t)
is complete. The gain Eo(x,t,t) in the estimator (II1.14) is related
to g(x,y,t) by (III.19). The error covariance matrix is the solution
of (IT1.24) with the initial conditions (IIT.25). Thus K_(x,t,t)
does not depend on %(t) and can therefore be precomputed. Note that
partial differential equation (III.25) can be integrated directly,
since its right had side is only a function of Eﬁx,y,é) and integrals

of ij,y,t) over x and y.



D

10.

11.

12.

13.

~275-

REFERENCES

n

R. Price, "Optimum Detection for Random Signals in Noise, With
Application to Scatter-iultipath Communication,I'" IRE Transactions
on Information Theory, PGIT, pp.125-135, December, 1965.

R. Price and P. E. Green, '"Signal Processing in Radar Astronomy-
Communication via Fluctuating Multipath Media', M.I.T..
Lincoln Laboratory, Technical Report No.234, October, 1960.

G. L. Turin, "Communication Through Noisy, Random-Multipath
Channels', M.I.T., Lincoln Laboratory, Technical Report 116,
May, 1956.

D. Middleton, '"On the Detection of Stochastic Signals in Additive
Normal Noise'', IRE Transaction on Information Theory, PGIT-3,
pp. 86-121, June, 1957.

A. J. Viterbi, "Performance of an M-ary Orthogonal Communication
System Using Stationary Stochastic Signals'', IEEE Transactions
on Information Theory, Vol. IT-13, No.3, pp. 414-422, July, 1967.

R. S. Kennedy, Coding and Modulation Theory for Dispersive Fading
Channels, (unpublished monograph).

R. Price, '"Detectors for Radar Astronomy'', Radar Astronomy,
T. Hagfors and J. V. Evans, Eds., Wiley, 1968.

H. L. Van Trees, Detection, Estimation, and Modulation Theory,
Part II, John Wiley, New York, (to appear).

F. Schweppe, '"Evaluation of Likelihood Functions for Gaussian
Signals', IEEE Transactions on Information Theory, Vol. IT-11,
Mo.1l, pp. 61~70, January, 1965,

A. B. Baggeroer, '"A State-Variable Approach to the Solution of
Fredholm Integral Equatioms', M.I.T., Research Laboratory of
Electronics, Technical Report 459, November, 1967.

R. Price, "Output Signal to MNoise Ratio as a Criterion in Spread-
Channel Signaling'’, M.I.T., Lincoln Laboratory, Technical Report
338, May, 1965.

T. Kailath, "The Divergence and Bhattacharyya Distance Measures
in Signal Selection', IEEE Transactions on Communication
Technology, Vol. COM-15, No.l, pp. 52-60, February, 1967.

L. D. Collins, "Asymptotic Approximations to the Error Probability
for Detecting Gaussian Signals', Sc.D. Thesis, Department
of Electrical Engineering, M.I.T., June, 1968,



14.

15.

16,

23.

24,

25.

26.

27.

L. D. Collins., "“Asymptotic Approximations to the Error Probakility
for Detecting Gaussian Signals', Technical Paper 6-1, WESCON,
Los Angeles, Calif., August, 1963,

H. L. Var Trees, A. B. Baggeroer and L. D. Collins, ''Complex
State Variables: Theory and Applications', Technical Paper 6-3,
WESCON, Los Angeles, Calif., August, 1963.

P. A. Bello, 'Characterization of Randomly Time-Variant Linear
Channels', IEEE Transactions on Communications Systems, Vol.
CS-11, No.4, pp. 360-393, December, 1963.

E. J. Kelly, "Random Scatter Channels', M.I.T., Lincoln
Labkoratory, Group Report 1964-61, November, 1964.

P. A. Bello, "Time-Frequency Duality", ILEE Transactions on
Information Theory, Vol. IT-10, No.l, pp.18-33, January, 1964.

T. Kailath, "Sampling Models for Linear Time-Invariant Filters',
M.I.T., Research Laboratory of Llectronics, Technical Report
352, May, 1959.

H. L. Van Trees, Detection, Estimation, and lModulation Theory
Part I, John Wiley, Mew York, 1968.

H. Cramer, Mathematical Methods of Statistics, Princeton
University Press, New Jersey, 1965, pp. 222-231.

. Davenport and W. Root, An Introduction to the Theory of
landom Signals and Noise, McGraw-Hill, Mew York, 1958.

D. Slepian, 'Fluctuations of Random Noise Power', Bell System
Technical Journal, Vol. 37, No.l, pp. 163-184, January, 1958.

A. B. Baggeroer, 'State Variables, the Fredholm Theory, and
Optimal Communications'’, Sc.D. Thesis, Department of FElectrical
Engineering, Massachusetts Institute of Technology, January, 1968.

C. W. Tlelstrom, Statistical Theory of Signal Detection, Maclfillan,
Mew York, 1960,

L. D. Collins, 'Closed Form Expressions for the Fredholm Determinant
for State-Variable Covariance Functions'’, Proceedings of the IEEFE,
Vol. 56, No.4, April, 1968,

J. N. Pierce, "Approximate Error Probabilities for Optimal
Diversity Combining', IEFE Transactions on Communications
Systems, Vol. CS-11, No.3, pp.352-354, September, 1963.



28, J. N. Pierce, ""Theoretical Limitations on Frequency and Time
Diversity for Fading Binary Transmissions', IRE Transactions
on Communications Systems, Vol. CS-9, YNo.2, pp. 186-137, June, 1961.

29, M. Murray-lasso, ''The Modal Analysis and Synthesis of Linear
Distributed Control Systems', Sc.D. Thesis, Department of
Electrical Engineering, !Massachusetts Institute of Technology,
June, 1965,

30. M. Athans and F. Schweppe, "Optimal Waveform Design via Control
Theoretic Concepts', Information and Control, Vol. 10, MNo.4,
pp. 335-377, April, 1967.

31. A. B, Baggeroer, ''Optimal Signal Design for Additive Colored
Noise Channels Via State Variables'', Technical Paper 6.1, WESCON,
Los Angeles, Calif., August, 1968.

32. M. Athans and P. Falb, Optimal Control, McGraw-Hill Co.,
New York, 1966.

33. S. G. Tzafestas and J. M. Nightingale, ''Optimal Filtering,
Smoothing and Prediction in Linear Distributed-Parameter Systems',
Proceedings of the IEFE, Vol. 115, No.8, August, 1968.

34. S. G. Tzafestas and J. M. Nightingale, "Concerning the Optimal
Filtering Theory of Linear Distributed-Parameter Systems',
Proceedings of the IEE, Vol. 115, No.ll, November, 1968.

35. D. Snyder and L. Hoversten, "An Application of State-Variahle
Estimation Techniques to the Detection of a Spatially Distributed
Signal'. CQuarterly Progress Report, Research Laboratory of
Electronics, Massachusetts Institute of Technology, No. 93,
April, 1969.

36. A. L. Bryson and W. F. Denham, "A Steepest-Ascent Method for
Solving Optimum Programming Problems'', Transactions of the ASMF,
Journal of Applied Mathematics, pp. 247-257, June, 1962,

37. W. F. Denham and A. L. Bryson, ''Optimal Programming Problems
with Inequality Constraints II: Solution by Steepest Ascent'’,
ATAA Journal, Vol. 2, No.l, pp. 25-34, January, 1964.



BIOGRAPHY

Richard R. Kurth was born on May 27, 1942, in Asbury Park, New
Jersey. He graduated in 1960 from the Norwich Free Academy, Norwich,
Connecticut. He received the B. S. and M. S. degrees in Electrical
Engineering from the Massachusetts Institute of Technology in August,
1965, and the E. E. degree from M. I. T. in June, 1968.

He has held summer positions with the U. S. Navy Underwater
Sound Laboratory, the Institute for Defense Analyses, the RAND Corpora-
tion, and the Sperry Rand Research Center. He has done extensive
teaching while completing his graduate work and is currently an Instructor
in the Department of Electrical Engineering at M. I. T.

He is a member of Eta Kappa Nu, Tau Beta Pi, Sigma Xi, and the

Institute of Electrical and Electronics Engineers.



